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Abstract

A possible shift in climate zones in Southeast Asia (SEA) for different shared socioeconomic
pathways (SSPs) is evaluated in this study. The ability of 19 Coupled Model Intercomparison
Project (CMIP6) global climate models (GCMSs) in reconstructing the Képpen-Geiger climate
zones in SEA, estimated using reanalysis data (ERA5) for the period 1979-2014, was
analysed using five categorical evaluation metrics. The best-performing models were selected
to prepare an ensemble to project possible shifts in climate zones for different SSP scenarios
in the future. Besides, future projections in climate variables v.=re evaluated to assess the
driving factor of climate shifts in the future. The results showerl that three CMIP6 GCMs,
EC-Earth3-Veg-LR, CMCC-ESM2 and CanESM5, hac a tigher skill in classifying the
observed climate of SEA. Selected GCMs showed clir=te ~hifting in 3.4 to 12.6% of the total
area of SEA for different SSPs. The highest geographic~! shift in climate was projected in the
north, from dry winter and hot summer (Cwa) fo ».opical with dry winter (Aw), followed by
Aw to tropical monsoon (Am) in the north ar..' south, and tropical without dry season (Af) to
Am in the middle and southwest of SE/ A increase in minimum temperature was the key
to climate shifting from Cwa to Aw ii. the north, while increased rainfall was a reason for Aw
to Am transition in the north anc <. 'th. Overall, climatic shifting was higher for high
emission scenarios. The maps cr 1wture climate zones generated in this study can help to

identify the hotspots of ecolog:.ally vulnerable areas in SEA due to climate change.
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1. Introduction

Extensive changes in the world's climatic systems due to increased human activities have
caused an increase in global mean temperature, causing spatiotemporal changes in rainfall
(IPCC, 2018). It has been projected that the hydrological cycle will become more intense. As
a result, the greater difference between wet and dry places could be highly pronounced
(Hartmann et al., 2013). Because of uneven changes in climate, some regions of Earth's
surface would suffer big changes than its surroundings. The shifting in climatic variables is
likely to change ecology (Chen et al., 2011; Parmesan, 2006), water systems (Taylor et al.,
2013; Zhang and Cai, 2013), food supply chain (Lobell ar1 Gourdji, 2012) and natural
forestation (Karl et al., 2009). Due to climate shifts, the ioaryanisation of the present
distribution of animals and plants may potentially affec. ~ocial and agricultural systems,
which could be pervasive and long-lasting. It may also =2ve. Ciy affect biodiversity (Cui et al.,
2021a). Therefore, there is a growing need to quantfy \he effects of climate change on the
Earth's terrestrial bioclimate.

Studies revealed a significant shift in the regionai climate in different regions of the globe
(Belda et al., 2014; Rohli et al., 2015). “ui et al. (2021a) showed that over 5% of the total
global land had experienced a climate shift in the last 40 years. Around a quarter of the global
land would experience a further shi'c 1., the end of this century under RCP8.5. However, the
studies suggested a more preci,e nortrayal of climatic conditions for various projection
scenarios and extended tempc. | cuverage is needed to accurately detect future land shifting
to different climate zones (Rickiurd et al., 2010; Holbourn et al., 2018; Kim and Bae, 2021).

Traditional metrics e.v ae.xz.ally used in previous studies to identify temporal climatic shifts
in an area. For instancz, Loarie et al. (2009) utilised the shift velocity of isotherms to
characterise changes in climatic conditions. Williams et al. (2007) used a formulation based
on Euclidean distance that merges rainfall and temperature parameters to understand changes
in climate classification of a given area. Besides, many researchers evaluated climate
classification and shifting based on different techniques such as clustering (Netzel and
Stepinski, 2016), correlation (Hubalek and Horakova, 1988), climate mapping (Holdridge,
1947; Walter and Elwood, 1975) and dynamic time warping (Netzel and Stepinski, 2017).
Koppen's climate classification is widely used to identify spatial patterns of climates based on
monthly rainfall and temperature (Koppen, 1936). Several studies have used Koppen

categorisation schemes to assess changes in climate zonation due to probable climate (Belda



et al., 2016, 2014; Cui et al., 2021b, 2021a; Kottek et al., 2006; Kriticos et al., 2012; Peel et
al., 2007; Rohli et al., 2015). Fernandez et al. (2017) used Koéppen-Trewartha to understand
possible climate shifting in South America using historical and projected climate, based on
regional climate models. Beck et al. (2018) generated the world's future Koppen climate
classification map for different radiative concentration pathways (RCPs).

The global climate models of Coupled Model Intercomparison Project (CMIP6) provide
climate projections for new scenarios, the shared socioeconomic pathways (SSPs) (Moss et
al., 2010; Schlund et al., 2020; Taylor et al., 2012). CMIP6 GCMs are distinct from previous
CMIPs in that version 6 gives a more realistic representatior nf Earth's physical processes
(Gusain et al., 2020). These updated scenarios take suliocconomic improvements,
technological advancement, and additional environmental . ecs such as land use to project
future climate (Eyring et al., 2016). The release of - Mi~5 urges climate change impact

assessment using climate projections for new scenarics.

Southeast Asia (SEA) is globally the most vulne.a:.le region to climate change (Raitzer et al.,
2015; Vinke et al., 2017). The mean temperc-ure in SEA has risen by 0.1 °C/decade during
the previous 50 years (IPCC, 2007). In & ‘dit’on, extreme weather events in the region showed
significant fluctuations over time !Nasional BPP 2012). GCM simulations showed a
temperature rise of 1.99 °C and 4 2+ °(. for SSP 4.5 and 8.5 by the end of the century
(Supharatid and Nafung, 2021). Cesides, climate change is anticipated to increase the
frequency of extremes in the ! ture, putting SEA at risk of ramifications (Ge et al., 2019).
This has made four SEZ couatries among the ten top climate hotspots of the globe
(Harmeling and Eckstei.\, 2L13). A recent study showed that SEA's gross domestic product
(GDP) would be reduced by 11% at the end of the present century due to climate change
(Raitzer et al., 2015). Agriculture and ecological services are believed to experience
devastating impacts (Li et al., 2014; Valentin et al., 2008; Zhao et al., 2006). There would be
a significant decline in crop yield due to the heating of the land surface in a changing climate
(Tomaszkiewicz, 2021). A significant biome shift might affect millions' ecosystems and
livelihoods (Woetzel et al., 2020). Evaluation of a possible shift in climate zones over SEA
is, therefore, crucial to the sustainable development of the region (Bickford et al., 2010;
Holbourn et al., 2018; Kim and Bae, 2021).

SEA climate simulations have proven difficult due to the difficult land-ocean border and

irregular spatial variability, especially when utilising coarse resolution GCMs (Robertson et



al., 2011). Projections of CMIP6 GCMs are also prone to uncertainty (Almazroui et al., 2020;
Deng et al., 2021; Ombadi et al., 2020), which is largely owing to insufficient model
explanations of the physical processes controlling the climate system and climatic scenarios
(Weigel et al., 2010). An ensemble of GCMs is generally used to reduce uncertainties linked
with their projections (Chhin and Yoden, 2018). Many researchers also suggested making an
ensemble of GCMs depending on their ability to replicate observed climate to minimise
uncertainty in climate projection (Jiang et al., 2015; Lutz et al., 2016; Ahmed et al., 2019;
Hamed et al., 2022a).

This research aims to evaluate a possible shift in climatic zones in SEA under different SSPs
and future periods. The ability of GCMs to replicate the gecyionnical extents of the present
climate classes is evaluated to select the GCMs. An Z.."ennle mean of the GCMs is
employed to estimate a possible shift in climate zones in the ‘uture. This is the first attempt to
select the most suitable CMIP6 GCMs that raphcated the Koppen-Geiger climate
classification in SEA. Besides, uncertainty in clmaw shifting is evaluated to provide
information on possible spatial extents of the st.**¢<s n upper and lower limits. The novelty of
this study is the use of readily avai'au’e ture climate zones maps to provide an
understanding of the possible shift in clim.te. The maps generated in this study can also be
used to identify the ecologically vulneichle areas in SEA due to climate change for further

studies for developing effective clima e >hange mitigation and adaptation measures.

2. Data
2.1. Study area

SEA is made up of ten sovereign members of the Association of Southeast Asian Nations
(ASEAN) and Timor-Leste. The region's total population is 563 million, with a land area of
4,330,079 km? (Fig. 1). It has 173,251 km of coastline. SEA is one of the world's most
vulnerable regions to the effects of climate change due to its unique geographic and climatic
circumstances and demographic, economic, and social conditions. SEA comprises oceans,
lands and islands spread across eleven nations. The region is divided into two major areas,
i.e., Mainland and Maritime Southeast Asia. Except for Myanmar and Indonesia, where
elevation can be more than 4000 m above sea level, SEA is largely a flat landscape. The

region's average temperature is 25 °C, while the mean annual rainfall varies between 750 and



5000 mm (Peel et al., 2007; Yang et al., 2021). Climate-related disasters have occurred at
different spatiotemporal scales, such as floods, droughts and other weather-related disruptions
(Kuo et al., 2020; Mukherjee et al., 2018). SEA is classified as tropical and warm temperature
zones based on the Koppen-Geiger climate classification (Kim and Bae, 2021). The tropical
rainforest climate (Af) covered around 47% of the total area, with a temperature higher than
18 °C. Large-scale ocean-atmospheric phenomena such as Madden-Julian Oscillation (MJO),
the El Nino-Southern Oscillation (ENSO), equatorial waves, Cross-Equatorial Northerly
Surge (CENS) and the Indian Ocean Dipole (I0OD) had significant impacts on the amount and
extreme rainfall events over SEA (Harjupa et al., 2022; Hattori et al., 2011; Xavier et al.,
2014).
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Fig. 1 The location and topography of Southeast Asia

2.2. Reanalysis gridded rainfall and temperature datasets

The European Centre for Medium-Range Weather Forecasts (ECMWF) has issued its fifth
atmospheric, oceanic, and land-surface reanalysis product, ERA5 (Hersbach et al., 2020). The
Integrated Forecasting System (IFS) cycle 41r2 was improved by including high-quality
global data to develop ERAS. This study employed ERA5 monthly cumulative rainfall and



monthly average Tmax and Tmin datasets with a 0.25-degree resolution, spanning from January
1979 to December 2014. Fig. 2 depicts the spatial distribution of mean annual rainfall, T max
and Tmin over SEA. The maximum annual rainfall (>5000 mm) occurs in the Hkakabo Razi
Mountains in the north and Papua in the south, with a heterogeneous distribution of T yax and
Tmin. Contrarily, the lowest rainfall takes place in the middle of Myanmar (Fig. 2a). Both T max
(Fig. 2b) and Tmin (Fig. 2c) exhibit the lowest values at the Hkakabo Razi Mountains to the
north with 4 and —4 °C, respectively. High Tmax (=34 °C) occurs in Thailand and Cambodia
(Fig. 2b).



Fig. 2 Geographical distribution of long-term (1979 - 2014) (a) annual rainfall (mm), (b)

mean maximum and (c) mean minimum temperatures (°C) over SEA, derived from ERAS.

2.3. CMIP6 Global Circulation Models (GCMs)

Several working groups developed historical and future CMIP6 GCMs projection (Table S1).
The model results are acquired from the open-access platform (https://esgf-node.linl.gov),
which contains monthly historical (1979-2014) and future (2015-2100) rainfall, Tnax and



Tmin. CMIP6 offers new future scenarios, socioeconomic shared pathways (SSPs),
considering the future change in earth's climate along with global economic and demographic
changes, based on eight scenarios. This study investigated the future projections of the
CMIP6 according to SSP 2.6, 4.5, 7.0 and 8.5 simulations. These SSPs represent a range of
the lowest to highest emission scenarios and available different socioeconomic pathways.
Only the first variation label, rlilplfl, is selected to facilitate the assessment process
(Mabhlstein et al., 2013). Therefore, nineteen monthly CMIP6 GCMs (historical, SSP 2.6, 4.5,
7.0 and 8.5 simulations) are employed to evaluate their ability to replicate ERA5 Koppen-
Geiger climate classification over SEA and to project their future climate. Both ERAS5 and
GCMs are interpolated to a common grid resolution (1.0°+2 0°) to guarantee that the
comparison is not biased to GCMs' spatial resolution only.

2.4. Koppen-Geiger climate classification

Wiladimir Koppen was the first to introduce the Koppen climate classification scheme,
followed by a modification by Wladimir KAp~en and Rudolf Geiger (Kdppen, 1936). It
defines the world's climate zones into fiv. pimcry climatic classes and 30 sub-classes based
on the elements of warmth and aridity. Th. five primary climatic zones are delineated as A)
Tropical, B) Arid, C) Temperate, D) Boreal and E) Polar. All of them are based on
temperature; however arid climate zcnf is based on the precipitation threshold (Sanderson,
1999).

The scheme of Kdppen-Geige+ ¢.:mate classification used in this study (Peel et al., 2007) is
presented in Table S2. Clima.l type A (hottest) is classified according to the seasonality of
rainfall as no dry szao0n {Af), short dry season (Am) and winter dry season (Aw). Dry
climate is classified as zcid (BW) and semiarid (BS), while temperate and boreal climate
zones are classified as no dry season (Cf or Df), winter dry (Cw or Dw) and summer dry (Cs).
Finally, climate type E (coldest) is classified as tundra (ET). A detailed description of the
Kdppen-Geiger climate classification can be found elsewhere (Alvares et al., 2013; Cui et al.,
2021a; Park et al., 2019; Peel et al., 2007).

3. Methodology

This study investigates GCMs selection based on the similarity of the Képpen-Geiger climate
classification of historical observation data (ERA5) and historical CMIP6 GCMs from 1979-



2014. Fig. 3 illustrates the workflow for implementing the working procedures of this study.
Rainfall, Tmax and Tin are considered to classify climate according to Képpen-Geiger criteria
using observed climate and each GCM. Then, the reference and simulation zoning of each
GCM are compared to assess their similarity using different categorical metrics, detailed in
the following sections. The GCMs in the upper rank are deemed to be mostly similar to the
ERAS5S Kdppen-Geiger climate classification. Therefore, the best GCMs in SEA are chosen to
create a multi-model ensemble (MME) that is used in the projection of climate change in the

study area. The following sections detail the approaches of this work.
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Fig. 3 Flowchart showing methodology used in this study



3.1. GCM ensemble selection

The presented study employed an approach based on five categorical evaluation metrics to
assess the similarity between the reference climate zones produced using ERAS and each
GCM, Percent Correct (PC), Heidke skill score (HSS), Pierce Skill Score (PSS), Pearson's
Chi-squared test and Lambda test. These metrics are based on a multi-category contingency
table (Brooks and Doswell, 1996) (Table 1), which shows the frequency of the observations
and estimations in different climate zone bins. In the table, n(M;,0;) denotes the number of
grids in a climate zone i modelled by a GCM in climate zone * based on ERA5S data. n(M;)
represents the total number of grids in a climate zone i mode!iea y a GCM, whereas n(Qj) is
the total number of grids originally observed in category i. n s the total number of grids, and
the numbers 1 to K represent different climate zones (A: to £T). A perfect GCM should have
a non-zero value along the diagonal and zeros for c*her entries along the off-diagonal. The
off-diagonal entries provide information about tie type of bias or error in the GCM
estimation of the climate zone.

The GCMs were ranked based on their perforniance in terms of each metric. The models
ranked above 50-the percentiles or media.> for all indicators were finally selected. The
median value was used as a threshol~ as (he above median value indicates the better than the

average performance of the mode'- in *<rms of an evaluation metric.

Table 1 Multi-category continygncy table

\ Observed (ERAB)
|
N 1 2 K Total
1 n(Ml,Ol) n(Ml,Oz) n(Ml,Ok) n(Ml)
s
8 2 n(Mz,Ol) n(Mg,Og) n(Mz,Ok) n(Mz)
=1
e
©
3
> K n(Mk,Ol) n(Mk,Oz) n(Mk,Ok) n(Mk)
Total | n(O) n(Oy) ... | n(Oy) n




The PC is an intuitive metric that tells the correct estimation of climate zone fraction by a
GCM compared to the reference ERA estimation Eqg. (1). It ranges from O to 1, where 1 is a
perfect score.

k

PC = %Z n(Mi, 0i) Eq. (1)

i=1

The HSS is a generalised skill score that measures the accuracy of a GCM in predicting the
correct climate zone class relative to that of a random chance (Jolliffe and Stephenson, 2008)

Eqg. (2). It ranges between —oo to 1, where 0 denotes no skill an~ 1 defines a perfect score.

1 .o 1 ) )
1 ZZﬁln(Ml,Ol) — ?Zf‘zln(Ml)n(Ol)

1 Eq. (27
1-— ?Zfﬂn(Mi)n(Oi)

PSS is a true skill metric where the score in the nu~erator is the number of the correct
climate class prediction, and the denominator i t"e fraction of the correct prediction due to
random chance for unbiased predictions (Wo. dcock, 1976). Thus, it can provide how well a
GCM can persistently estimate a correc* ciimate class. It is expressed in Eq. (3), and like

HSS, the perfect score is 1 but ranges -om —1to 1.

1 .o 1 « g . )
- ﬁ‘zl n(Mi, 0i) — ?Zllen\Ml)n(Ol)
PSS = TN Eq. (3)
1- S (2(010))?

Pearson's Chi-square s'atis.’c is used to determine if there is a significant relationship

between two sets of data. The formula for determining the Chi-squared statistic is as follows:
(0i — Mi)?
2 — "’ Eq4
= Yy q. (4)
The computed Chi-square statistic is compared to the critical value (obtained from statistical
tables) for the degree of freedom (df),

df = (r— D —-1) 46

where r is the number of rows in the contingency table and c is the number of column in the

contingency table.



Lambda test (A) quantifies the correlation between nominal variables using model
probabilities and provides a measure of error reduction proportionate to size in cross-
tabulation research. Lambda may take on values between 0 and 1, with larger ones indicating
stronger ties. Lambda test coefficient is determined as:

_ Dk=1Max;Cyj — Max; Y-y Cij Eq. (6)

A
n
N —max; Y-, ¢ij

where ¢;; is a contingency matrix and i and j are the groups (n) in ERAS climate zones and
GCM climate zones, respectively; max j is the maximum number of groups in the rainfall

simulations.

3.2. Future projection

Potential future climatic changes in SEA are assessed ..:* comparing CMIP6 GCM projections
of annual rainfall, Tmax and Tmin compared to £RA5 data for the period 1979-2014. The
present study separated the future into tw» aistinct periods for in-depth analysis: the
relatively close future (2020-2059) ai 4 t.ie more distant future (2060-2099). Seasonal
variability of rainfall, Tmx, and Tmi. simulated by each GCM was analysed over different
climatic zones. Finally, maps were ye’. *ated to show the relative changes in rainfall and the

absolute changes in temperature.

4. Results
4.1. Performance asse..ment of historical GCMs

Based on monthly rainfall, Trnax and Tmin 0f ERA5 and historical CMIP6 GCM from 1979 to
2014, Kdppen-Geiger climate classification was performed over SEA. Fig. 4 represents
climate classification for the historical period using ERA5 and 19 GCMs, where ERA5
estimated 10 different Kppen climate zones across the study area. The dominant climate in
SEA using ERA5 was tropical without dry season (Af), covering 49% of the study area;
followed by tropical with dry winter (Aw) covering 23%, tropical monsoon (Am) covering
17% and temperature dry winter and hot summer (Cwa) in 7% of total land. For mainland
SEA, the dominant zone was Aw to the south and Cwa to the north, covering Myanmar and

Laos. The dominant maritime SEA climate was Af, except ‘Aw’ in the south. The visual



identification of the difference between the derived zones using GCMs and ERAS5 was very
hard due to the many climate zones. Thus, three categorical evaluation metrics (PC, HSS and
PSS) were used to measure consistency similarity between ERA5 and each GCM.

EC-Eartt.R-Veg EC-Earth3-Veg-LR

b .
\ AR

MIROC6 MPI-ESM1-2-HR MPI-ESM1-2-LR MRI-ESM2-0
BAf mAm ®Aw EBWh®BSh Csa mCsb = Cwa ®mCwb Cfa #=Cfob ®mDwb®EDwc mDfb EDfc WET

Fig. 4 Koppen-Geiger climate classification for observed data (ERA5) and 19 CMIP6 GCMs,
during 1979 to 2014

A GCM with high and consistent PC, HSS, PSS and Lambda values (close to one) with the

lowest chisq test results throughout the evaluation period indicates its high potential to



recreate the past Koppen-Geiger classifications. Table 2 shows the rank results obtained
using five performance indicators. Most GCMs' efficiency was acceptable, except for the
INM-CM4-8 and INM-CM5-0. The PCs were more than 0.55 for all GCMs, with the highest
value of 0.77 for EC-Earth3-Veg. EC-Earth3-Veg showed the highest value for the other two
metrics (0.68 and 0.69 for HSS and PSS, respectively), while INM-CM4-8 (0.31 for HSS and
0.29 for PSS) was the worst model in replicating Képpen-Geiger climate classification. The
best-performing models above 50 percentiles in all indicators were CanESM5, CMCC-ESM2
and EC-Earth3-Veg-LR, respectively. Thus, mean MME was created from these top-ranked
GCMs.

Table 2. Ranking of the GCMs according to their ability tc cla: sify the observed climate zone
using PC, HSS, PSS, chisq test and Lambda test. Bold *‘alues indicate GCM’s ranked above
50 percentiles in all indices.

PC HSS | PsT chisq test Lambda

Value | Rank | Value Ra“ﬂ\_L V.lue [ Rank | Value [ Rank | Value | Rank

ACCESS-CM2 0.67 10 0.52 ‘ 9 0.54 9 99.49 10 0.45 9

ACCESS-ESM1-5 | 0.69 7 n.55 7 0.56 7 102.00 | 13 0.46 8

AWI-CM-1-1-MR 0.63 16 04 | 15 0.44 15 91.60 6 0.37 14

BCC-CSM2-MR 0.64 1< ‘ .47 13 0.48 13 99.49 11 0.36 15

CanESM5 0.696 L 0.56 6 0.57 6 86.50 4 0.46 7

CAS-ESM2-0 0.F° | 3 0.51 10 0.51 10 |112.24 | 17 0.44 11

CMCC-ESM2 Q740 | 4 0.61 4 0.59 4 88.46 5 0.53 4

EC-Earth3 0.750 3 0.64 3 0.67 3 112.00 | 16 0.55 3

EC-Earth3-Veg 0.771 1 0.67 1 0.69 1 128.00 | 19 0.59 1

EC-Earth3-Veg-LR | 0.763 2 0.65 2 0.66 2 92.29 7 0.58 2

FGOALS-g3 0.68 8 0.53 8 0.52 8 72.00 1 0.45 10
GFDL-ESM4 0.66 11 0.51 11 0.52 11 | 10347 | 14 0.47 6
INM-CM4-8 0.55 19 0.30 19 0.29 19 96.00 9 0.35 17
INM-CM5-0 0.58 18 0.36 18 0.35 18 | 114.80 | 18 0.34 19

IPSL-CM6A-LR 0.63 15 0.44 16 0.43 16 80.00 2 0.35 18




MIROC6 0.65 12 0.48 12 0.48 12 84.44 3 0.35 16

MPI-ESM1-2-HR 0.58 17 0.43 17 0.46 17 |103.47 | 15 0.40 13

MPI-ESM1-2-LR 0.63 14 0.46 14 0.48 14 94.93 8 0.40 12

MRI-ESM2-0 0.713 5 0.59 5 0.61 5 101.94 | 12 0.49 5

Koppen-Geiger climate classification was performed using the ensemble (Fig. 5b). The
output MME was tested using the same metrics. The results showed better performance of
MME in PC (0.78), HSS (0.67), PSS (0.66), chisq test (98.6) and Lambda (0.58) than
individual members in most cases. Although a high similarity between the Kdppen-Geiger
classifications was obtained using MME and historical refere. e (ERA5), some differences
were also noted. Some climate zones were obtained using EF.AC but not using the MME like
BSh, Cfa, Dfb and ET. Overall, the major climate zones i ~otn models were Af, Aw, Am,

and Cwa.

BAf HMAMm MAw “Zi@a "Cfb Csa Cwa®mCwb®Dfb mDfc mDwbEDwc ®ET

Fig. 5 Koppen-Geiger climate classification for: (a) ERAS historical data (1979 - 2014), (b)
CMIP6 historical ensemble (1979-2014)

4.2. Projections of climate zones

The MME was also used to project Kdppen-Geiger climate classification, for two future
periods, the near future (2020 — 2059) and far future (2060 — 2099), with respect to the base
period 1979 — 2014. The classification was calculated for four SSPs and shown in Fig. 6. The

projection showed 13 different climate zones in the SEA region. The climate around half of



the study area was classified as Af for all scenarios, followed by Aw, Am and Cwa. The

other climate zones were covered by a small number of grids ranging between 1 and 6 grids.
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Fig. 6 Koppen-Geiger climate classification maps for SEA for two future periods (2020-2059
and 2060-2099) for four SSPs



Fig. 7 describes projected changes in Koppen-Geiger climate classification transitions during
four different scenarios in the near (2020-2059) and far (2060-2099) periods over SEA. The
results revealed 14 different climate transitions from one climate zone to another. Most
scenarios showed a transition from temperature dry winter and hot summer (Cwa) to tropical
with dry winter (Aw) in the north region, especially in the far future. This shift would happen
in the north of mainland SEA. Another projected transition was from tropical with dry winter
(Aw) to tropical monsoon (Am) in the south part of Vietnam, Laos and Indonesia. This
transition would be mainly due to increased rainfall in the driest month. A decreased rainfall
in the driest month over Banten, Indonesia, and the Philippines would cause a climate
transition from tropical without dry season (Af) to tropical mci.coon (Am). The central part
of Myanmar would experience an increase in temperature d.'rin¢c the coldest months, with a
small increase in rainfall during the driest months. Gener.lly, :limate transition over a larger
area was noticed in the far future for SSP 8.5. The ~lu.>ates at 82 grids were transformed
from one class to another in the far future for SSP 8.5. '\ contrast, the climate transition over
a small area was projected in the near future for 3P 4.5. The climates at only 34 grids were
projected to transform in the near future for 'SP 4.5. The transition in each scenario ranged
from 4.9 to 12.6% of the total land area ~f S=A. The result indicates climate transition over a
larger area in SEA for the higher emission scenario and vice-versa. A higher increase in
temperature and rainfall for highrr CS%s causes the transformation of more lands into

different climates.
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Fig. 7 Projected Kdppen-Geiger climate types of transitions for SEA for two future periods
(2020-2059 and 2060-2099) under four future scenarios.

The bias in estimated change (%) using each of the selected GCMs for different climate
zones and future scenarios in the near and far future is presented in Fig. 8. It shows the main
four different Koppen-Geiger climate zones. High positive change was projected in climate
zone 'Am'’ for SSP 7.0 and SSP 8.5, while the lowest negative change in zone 'Af' was for the

same scenarios. Cwa was the only zones that experienced a negative change for all scenarios.
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and far future) under (SC® 2.5, 4.5, 7.0 and 8.5) scenarios based on 4 CMIP6 GCMs

The mean change in the rea of different climatic zones using the MME is shown in Fig. 9.
The change ranged from -2 to 2% for the near future and between -4.5 and 4% for the far
future. In the near future, the highest decrease was for SSP 7.0 in climate zone Af, while in
the far future, the biggest decline was in Cwa for SSP 8.5. In the far future, both Am and Aw
could experience an increase of up to 4% for most of the scenarios. In contrast, Cwa might
experience a decrease in all scenarios. Other climate zones would experience low or no

change in both future periods.
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4.3. Drivers of climate shift

Fig. 10 presents the spatial distribution of the mean MME changes in annual rainfall for SEA
for different scenarios compared to the historical period (1979-2014). Similarly, Fig. 11 and
Fig. 12 represent the mean annual absolute changes in Tmax and Tmin, respectively. The
change in annual rainfall was between —20 and 20 %, while the changes in Tmax and Tmin
ranged from 0 to 6 °C. For SSP 2.6 and SSP 4.5, the changes in annual rainfall ranged from -
14 to 15%. The biggest change was for SSP 8.5, while the lowest was for SSP 2.6. Less than
65% of the study area would face an increase in annual rainfa’. while a small region in the
south and southwest would experience a decrease for all sc2nai‘os and future periods. The
pattern of increase for both Tmaxand Tmin was similar for ¢ (1 SCPs. SSP 2.6 showed the lowest
change in both Tmax and Tmin (<2.0 °C), while the hiyhest was for SSP 8.5 (>6.0 °C). A
greater rise in temperature was projected in the noru. (>£.0 °C per decade for SSP 8.5). Due
to rainfall variability over SEA, many regions v..:2 projected to shift from one climate zone
to another, especially in the higher rainfall ar=as. " ur instance, projected two main shifts; one
from Aw to Am due to a small increase In r.riest month rainfall and another from Af to Am
due to a rainfall decrease in the drinst monun. The shift in climate due to temperature rise

would be from dry winter and hot su.inmer (Cwa) to a tropical with dry winter (Aw).
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Fig. 10 Projections of annual rainfall during 2020-2059 and 2060-2099 under different SSPs.
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Fig. 11 Same as Fig. 10, but for Tmax.
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Fig. 13 presents the seasonal variability for the three main climate shifts (Cwa to Aw, Aw to
Am and Af to Am) in rainfall, Tmax and Tmin. The figure presents the month-to-month
viability of the historical, SSP 2.6, SSP 4.5, SSP 7.0 and SSP 8.5 CMIP6 MME. Overall, all
SSPs projected an increase in rainfall. The highest increase in rainfall was for SSP 8.5, while
all other SSPs showed the same increase. For climate shift Aw to Am, the rainfall had the
same pattern in the wet season, while the rainfall in the dry season ranged between 50 to 120
mm. Finally, the rainy season was opposite to the other two climate shifts for the transition
from Af to Am. The seasonal rainfall was decreasing for almost all SSPs, except for SSP 2.6
and 4.5, which showed an increase in some months. The temperature pattern in the historical
MME was similar in all climate shifts, with a similar chang: “etween SSPs. The highest
temperature increase was during April and May for all SSPs. The lowest change was SSP 2.6

and the highest for SSP 8.5, indicating a higher rise in temr.nera ure for higher SSPs.
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Fig. 13 Seasonal variability in (a, d and g) rainfall, (b, e and f) Trax and (c, fand i) T, for
three main climate shifts in historical and four SSPs

5. Discussion

This study evaluated possible geographical shifts in climate in SEA for different SSPs.
Several studies have been conducted in different regions worldwide to compare observed and
possible future shifts in climate for various climate change scenarios (Huang et al., 2016; Li
et al., 2021; Rubel and Kottek, 2010; Wang et al., 2017). These studies showed a shift in



climate zones mostly in the arid and semiarid regions (Huang et al., 2016; Li et al., 2021). For
example, Li et al. (2021) showed that 10.5% of the global drylands might face a climate shift
for RCP8.5 scenario. Higher susceptibility of dryland to climate shift has encouraged most
previous climate shift studies on arid to dry-humid regions.

The present study used three categorical evaluation metrics for GCM skill assessment. The
metrics were selected as they are not dependable on the data for which they are designed
(Appleman, 1960). Generally, the lack of hits causes spiky and inaccurate results in different
categorical metric (Isaac et al., 2014). The metrics used in this study can overcome this
drawback.

Our study is one of the few that evaluated climate shifts in hu...’d tropical regions. Besides,
all previous studies used RCPs to project future shifts in c.'ma2 zones. The present study
revealed that 4 to 12% of the land of SEA would experi.'nce a shift in climate for different
SSPs. The shifts would be towards a more tropic2! - tropical monsoon for all SSPs,
indicating that changes in the tropical region are op.~cite to those in the dry regions. The
geographical coverage of dry climate is expanui-g in the dry region, while the geographic
coverage of wet climate is increasing in the tropical region. A significant amount of land
would transform from dry winter and hc. suramer to tropical with dry winter. It was due to an
increase in the coldest month's tempc-ature, which would cause a rise in the coldest month's

mean temperature above the thres'io.' of 18 °C. Besides, the climate over a significant
amount of land would transform (ro.™ tropical dry winter to tropical monsoon climate. At the
same time, some regions with .» dry season may experience a climate with a short dry season
in the future.

The topical humid renio 1 is 1e most biodiverse region in the world (Sa'adi et al., 2017). It is
also most vulnerable to ¢'imate change (Eguiguren-Velepucha et al., 2020). SEA has one of
the dense species distributions per unit area in the world. Most of the species have a very
narrow climatic niche. Climate change can severely affect biodiversity in the region.
Therefore, it can be remarked that climate change may be devastating for the ecological
conditions of SEA. The tropical species might experience migration and extinction (Bellard
et al., 2012). Higher rainfall projected in SEA may lead to higher impermanence of
dipterocarps (Deb et al.,, 2018). Climate change may also reduce growth rates and
significantly affect crop productivity in the region.

Analysis of rainfall and temperature projection revealed that the climate of SEA is changing
in line with global climate change. Temperature is rising all over SEA. However, the rise in

SEA temperature is relatively less than the global average (IPCC, 2018). The present study



showed an increase in Tpax IN SEA in a range of 0.65-5.05 °C by 2100 and Tpin by 0.63-6.30
°C. A higher increase in minimum temperature compared to maximum temperature indicates
a decrease in the diurnal temperature range (DTR), suggesting the impact of high atmospheric
greenhouse gas concertation in SEA. The rainfall was projected to increase and decrease in
different parts of SEA. The highest increase would be in the northern SEA, up to 20% by
2100. It would also increase in most of the other parts, except in the southern region. Overall,
a sharp rise in rainfall was a notable impact of climate change in SEA. The increasing rainfall
pattern projected in this study using SSPs is similar to that projected for RCPs (Tangang et
al., 2020). A previous study showed an increase in the average rainfall in SEA in the range of
10-20%, with a higher increase over mainland SEA and Borneo 1~ different RCPs. The study
also projected a higher increase in rainfall during wet mont.»s (!ecember to February) like
the seasonal projection of rainfall observed over the Indochinz. region in this study (Tangang
et al., 2020).

The present study showed that although rainfall amo.=c would increase, a large portion of
land in the region would shift from monsoor.-rfluenced humid subtropical climate to a
tropical wet and dry or savanna climate. Re.des, the climate in some regions with no dry
season was projected to shift to a clima*e *vith a short dry season. The seasonal pattern of
projected rainfall showed an increase in rainfall mostly in the high rainfall months, and no
change was observed in the dry mcat’i.. This would make the dry season drier than the wet
season, which is consistent with Jthe~ studies (Wang et al., 2014). The high seasonal rainfall
variability would cause a lary> land to shift to drier climates within a short period. The
temperature rise was notice' at :ne same rate for all months. The results indicated the shift in
SEA climate would he maily due to the increase in Tnin in the north, followed by the
increase in rainfall in the horth and south.

Increased rainfall in the wet month would increase the probability of floods. Monsoon-driven
flood is the major natural hazard in SEA. Increased frequency and severity of floods due to
climate change have also been reported in Southeast Asia (Cabrera and Lee, 2018; Januriyadi
et al., 2018; Mishra et al., 2018; Supharatid, 2016). Mishra et al. (2018) evaluated the impacts
of climate change on floods in the Ciliwung River Basin, Jakarta, Indonesia. They projected
an increase in flood inundation areas and depths ranging from 6% to 31%. Januriyadi et al.
(2018) assessed flood risk for Jakarta, Indonesia, under climate change scenarios and reported
a 322-402% increase in flood risk in 2050 at a significance level of 0.05. Supharatid, (2016)

showed increased vulnerability to floods in Bangkok, Thailand, by nearly 100% due to



increased peak rainfall. Cabrera and Lee, (2018) reported a 50% increase in flood magnitude
due to a 69% increase in rainfall intensity in Davao Oriental, Philippines. The findings of this
study collaborated with previous studies.

Many researchers used ERAS as a reference dataset for studying SEA climate (Khadka et al.,
2022; Zhai et al., 2020). Khadka et al. (2022) compared four reanalysis climate datasets and
showed ERADS as the best product for SEA. It has also been found to simulate the observed
climate reliably in nearby regions. Xin et al. (2021) showed ERAS5 as the best product for
replicating monthly rainfall in China's coastal cities and mountainous vegetation areas. Jiang
et al. (2019) compared eight reanalysis datasets in Central Asia and found better performance
ERAJ5 than others. ERA5 has some limitations, like it failed tc <~scribe the hourly and daily
rainfall. This indicates uncertainty in ERA5 data representing cli nate at the grids with land-
ocean interactions. ERA5 often underestimate the frequei cy ¢ f no/trace rain due to the high
misdetection rate (Beck et al., 2017). It also showe scme inaccuracies in describing the
frequency and size of high-intensity rain at microscop:~ scales (Beck et al., 2017). However,
the literature review indicates the overall reliab.y of ERAS5 in climatic studies (Xin et al.,
2021; Khadka et al., 2022).

The different rainfall amounts between ‘he wet and dry seasons would lead to seasonality.
The changes in precipitation patterr.> may influence the population distribution of species
depending on the wet or dry condit’or.. 4n alteration in rainfall seasonality may also affect
human comfort (Pour et al., 202C). Cverall, changes in seasonality may affect land suitability
for agriculture, ecology and pu.lic niealth in the region. The present study identified hotspots
of ecologically vulnerable creas in SEA to climate change. More detailed studies with high-
resolution climate projection data should be taken in the regions by considering climate shifts
to mitigate the adverse in nacts of climate change. Future studies can be conducted to identify

necessary interventions to aid biosphere resilience to climate change in SEA or elsewhere.

6. Conclusions

A possible shift in climate zones in SEA for different SSPs and future periods was evaluated
in this work through the selection of a suitable set climate model. In most regions of SEA, we
found a rise in both rainfall amount and temperatures. As a result, climate shift may occur in
4 10 12% of land areas of SEA for different climate change scenarios. Overall, there will be a
shift towards a more monsoon-dominated climate. The major shift would be in the northern

part of SEA due to increased rainfall in the wet season. As one of the richest biodiversity



regions of the world, SEA may be severely affected by climate shifts. Ecology, agriculture
and water would be the key sectors expected to be affected by the climate shift. The countries
in the region need to undertake a detailed assessment of climate change in the identified
hotspots of ecologically vulnerable regions to streamline their adaptation measures and
development planning. In the future, the GCMs can be downscaled to a higher resolution to
provide a more accurate estimation of a land shift from one to another climate zones. Besides,
implications for such changes in atmospheric water balance and bioclimate can be evaluated

to aid the need for climate adaptation.
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Highlights
e Upto 12.6% of the SEA area is likely to face a climate shift in the future.
e North SEA’s climate would shift to tropical with dry winters.
e There will be a shift towards a more monsoon-dominated climate.
e Arapid rise in Tmin is responsible for the climate shift in the north SEA.

e Region-specific adaptation policy is needed for climate resiliency in SEA.



