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12 Abstract: This study focusses on identifying a set of representative future climate projections for the
13 Upper Indus Basin (UIB). Although a large number of GCM’s predictor sets are nowadays available in the
14 CMIP5 archive, the issue of their reliability for specific regions must still be confronted. This situation makes
15 it imperative to sort out the most appropriate, single or small-ensemble set of GCMs for the assessment of
16 climate change impacts in a region. Here a set of different approaches is adopted and applied for a step-wise
17 shortlist and selection of appropriate climate models for the UIB under two RCPs: RCP 4.5 and RCP 8.5,
18 based on, a) range of projected mean changes, b) range of projected extreme changes, and ¢) skill in
19 reproducing the past climate. Furthermore, because of higher uncertainties in climate projection for high
20 mountainous regions like the UIB, a wider range of future GCM climate projections is considered by using all
21 possible future extreme scenarios (wet-warm, wet-cold, dry-warm, dry-cold). Based on this two-fold
22 procedure, a limited number of climate models is pre-selected, out of which the final selection is done by
23 assigning ranks to the weighted score for each of the mentioned selection criteria. The dynamically

24 downscaled climate projections from the Coordinated Regional Downscaling Experiment (CORDEX)
25 available for the top-ranked GCMs are further statistically downscaled (bias-corrected) over the UIB. The

26 downscaled projections up to year 2100 indicate temperature increases ranging between 2.3 °C and 9.0 °C and
27 precipitation changes that range, from a slight annual increase of 2.2% under the drier scenarios, to as high as
28 15.9% for the wet scenarios. Moreover, for all scenarios, the future precipitation will be more extreme, as the
29 probability of wet days will decrease, while, at the same time, the precipitation intensities will increase. The
30 spatial distribution of the downscaled predictors across the UIB also shows similar patterns for all scenarios,
31 with a distinct precipitation decrease over the south-eastern parts of the basin, but an increase in the
32 northeastern parts. These two features are particularly intense for the “Dry-Warm” and the “Median” scenarios

33 over the late 21st century.

34 Keywords: GCM, RCM, CMIP5, CORDEX, Climate change, Climate model selection, Upper Indus
35 Basin
36

37 1 Introduction

38 Future climate projections provided by general circulation models (GCMs) can serve as the basic input for
39 climate change impact studies on water resources. As the outputs from these general circulation models
40 (GCMs) have only coarse spatial resolution and so are often not suitable as direct input to distributed or
41 semi-distributed hydrologic models, they have to be downscaled in most cases, to appropriate (higher)
42 resolutions. Such a downscaling can be done either through applying statistical downscaling or through
43 dynamical downscaling via use of a regional climate model (RCMs), embedded in a larger GCM.

44 Despite the availability of a large number of GCM’s output in the CMIP5 archive, and the on-going
45 improvements in their process representations, issues of the large uncertainties about the future climate can still
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46 not be avoided up to date. The inherent uncertainties along with other factor such as time limitations, human
47 resources availability or computational constraints, make it imperative to sort out the most appropriate,
48 individual or a small ensemble of GCMs, suitable for downscaling and their subsequent use in assessment of
49  climate change impacts.

50

51 This aforementioned selection of GCM’s is not simple and straightforward, as there can be nearly an
52 unlimited number of criteria and approaches, through which climate models can be evaluated for their skills and
53 their suitability for specific purposes and regions. In most cases though, the selection may be based on a single-
54 or a set criteria. One approach may be to consider the total projected change by the GCMs, in the means and/or
55 extreme of a climate variable and its location on the overall spectrum of projected future by all GCMs. Another
56 approach may emphasize more on the success of GCM's, in simulating past climate for either the means,
57 extremes, or seasonality [1,2] of the study region. Additionally there may be approaches based on some
58 combination of the aforementioned approaches. The first approach which considers all the possible projected
59 futures (stretching from warm and wet to cold and dry, or opting for the middle path of all the possible futures)
60  becomes more relevant, especially in regions such as Hindu Kush Himalayas (HKH) and UIB, where
61 GCMSs/RCM’s have been reported to struggle in simulating past climate [3—6] and no individual model can be
62 separated as superior in simulating the past climate in the HKH region, it is, therefore, important to consider the
63 full range of possible projected futures when focusing on assessments of climate change impacts.

64

65 The criteria to be used for selecting the most appropriate model runs are also shaped based on their intended
66 purpose or the region. Both these factors are important, as a different intended uses my require consideration of
67  assessment based on totally different skills or variables, while the importance of a specific selection criteria may
68 differ for different locations and topographically contrasting areas. Additionally, as all the available models
69 may not be equally good for specific locations, regions or topographies, the need for assessment of the ability of
70 climate models in reproducing the important processes in the study region becomes vital and essential.

71

72 The current study considers a combination of these approaches along with utilizing improved data for the
73 past climate in the UIB [7] and assessment of models skills in simulating the seasonal cycles in the region.

74 2 Material and methods

75 2.1 Study area

76 In the current study, the climate change model selection procedure has been carried out for the UIB which
77 is spread over the Hindu-Kush, Karakorum and Himalayan ranges, and feeds the largest canal system in the
78 world (Figure 1). This river basin is very important due to mainly two reasons, first: the irrigated-agriculture of
79 Pakistan overwhelmingly depends on the inputs from this river basin, and second: the region is probably a
80 climate change hot-spot [8, 9] with an extremely uncertain future hydro-climatology. The future scenario data
81 from the selected models are intended to be used, after downscaling and bias correction, as input to the SWAT
82  hydrological model for quantifying possible climate change impacts on the hydrological dynamics of the basin.

83 Climatic variables are usually strongly influenced by topographic altitude. Thus the northern valley floors
84 of the UIB are arid and warm, with an annual precipitation of only 100-200 mm. These totals increase to 600
85 mm at 4400 m altitude, and glaciological studies suggest annual accumulation rates of 1500-2000 mm at 5500
86  m height [10]. The UIB draws more than 50% of its water from melting of seasonal and permanent snow cover
87 in the Himalaya, Karakoram and the Hindu Kush (HKH) mountains [5, 11-14]. A rise in temperature in the UIB
88 will, therefore, result in elevated melt rates with huge impacts on the timing and magnitude of the generated
89 flows. This will not only lead to a higher average stream flow, but also to an increase in the occurrence and
90 magnitude of extremes, especially, during high-precipitation events [15]. There is also the possibility that the
91 peak flows may shift to earlier months or other seasons, with a rise in temperature [5] in the UIB.

92
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Figure 1: Upper Indus Basin (UIB): Main Catchments, meteorological stations, streams and
tributaries

93 All these facts make UIB a very sensitive region to possible climate change and is even, according to some
94 [16] a climate-change “hotspot”. But despite the necessity of intensified investigations on different aspects of
95 climate change and its possible implications, the task is hindered by the harshness of the environment
96  andunavailability of representative data. The climatic data available in the UIB lacks suitable coverage, since
97  the in situ meteorological observations in the UIB are sparse and mostly taken at valley stations. Furthermore,
98  the complex orography of the UIB region also affects the amounts, spatial patterns and seasonality of the
99  precipitation. Therefore, neither the sparsely observed station data and gridded data products based on them, nor
100 the sensors-based data, fully represent the precipitation regime of the region [6].

101 2.2 Data used

102 2.2.1GCM’s Outputs

103 In the IPCC 5" assessment report, four representative concentration pathways (RCPs) are normally used as
104  basis for future climate modelling: one very high baseline emission scenario (RCP8.5), two medium
105 stabilization scenarios (RCP4.5 and RCP6) and one mitigated scenario (RCP2.6) (Table 1).

106 Out of the remaining three RCP’s, the high baseline emission scenario (RCP8.5) and one
107 medium-stabilization scenario (RCP4.5) were selected for the current study. The RCP8.5 was included, because
108 it covers the higher end of the radiative forcing as well as the temperature change and is also in line with the
109  observed trend of around 3% in the average annual CO2 emission growth rates for 2005-2012 [19, 22].

110 For the medium-stabilization scenarios, both RCP4.5 and RCP6 are equally acceptable, but due to time
111 constraints and because RCP4.5 shows a better match (=1.5%) of the trends of the average annual CO, emission
112 growth rates for the period of 2005-2012 than RCP6 (=1.0%) [19, 22], RCP4.5 was picked along RCP8.5 for the
113 GCM- selection procedure.

114 Additionally, in the current study, only the available GCM- runs for the ensemble member rIplil in the
115 CMIPS repository [23] are included in the initial list. This is done, so as to keep open the possibility of using
116  dynamically downscaled projections (driven by the selected GCM’s as boundary conditions) by Regional
117 Climate Models (RCM’s), which in most cases have utilized boundary conditions from the ensemble member
118  riplil of the GCM’s.
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119
120 In the current study a total number of 42 available model runs (ensemble member rIplil) are evaluated for
121  RCP4.5 and of 39 for RCPS.5.
122 Table 1: Representative concentration pathways (RCPs), their radiative forcing, emissions (CO2
123 equivalent and growth rate %) and temperature increase.
RCP Radiative forcing CO: equiv. Temperature Pathway CO: - growth
(ppm) increase (°C) rate (%)
RCP8.5 8.5 Wm2in 2100 1370 4.9 Rising 2.5
Stabilization
RCP6.0 6 Wm™ post 2100 850 3.0 without ~1
overshoot
2 Stabilization
RCP4.5 4> W Post 650 2.4 without ~1.5
, overshoot
3 Wm™ before
(ﬁ‘glgzl;f)) 2100, declining to 490 15 Peak and ~1.6
2.6 Wm? by 2100

Sourse: [17]; [18]; [19]

124 2.2.2 Extremes indices

125 For the assessment of model runs for extremes, the ETCCDI extremes indices are utilized. The annual
126 extremes of the daily CMIP5 data were acquired from the ETCCDI extremes indices archive [24, 25], provided
127 at the “Canadian Centre for Climate Modelling and Analysis”. This data was indirectly obtained and
128 downloaded through the “KNMI Climate Explorer”, which is a web based research tool to investigate climate
129  and climate change.

130  2.2.3Observed data

131 The climate station network in the UIB has historically been comprised of only a few low-altitude,
132 valley-based stations. Although the number of in-situ observational points has increased since the mid-nineties,
133 with the installations of a few higher altitude automatic weather stations, the coverage is still very thin and the
134 data is often not very representative, especially, for different elevation zones. Similarly, while most of the
135 weather stations have become operational after the mid-nineties, long-term data is a rare commodity and only
136  available at limited locations.

137 Similarly, owing to the complex orography of the UIB region and to the co-action of different
138 hydro-climatic, neither the sparse observed station data or gridded data products based on them, nor the
139 sensors-based climatic datasets, fully represent the precipitation regime of the region [26, 6, 27, 15]. Several
140 studies have pointed out that precipitation and other climatic variables in the HKH region exhibit large changes
141 over short distances and considerable vertical gradients [28-32, 10, 33].

142 In the absence of long-term climate data with acceptable representation of UIB climate, most of the
143 climate-change studies have relied on either the very thin climatic observation network records or the gridded
144 datasets based on them. In all these cases, either the data have acceptable quality, but shorter duration, or have
145 huge biases, especially, in case of precipitation in regions with higher altitudes. These biases are further
146  amplified when this data is used as reference for bias correction or downscaling of climate projections, making
147  the results questionable.

148 In the current study, therefore, a new long term climate dataset has been prepared (Figure 2). The work
149 related to this new long-term gridded data product [7], is not included in this paper, but we have utilized this
150 new dataset, instead of the readily available global or regional gridded historical climate datasets, for bias
151 correction, downscaling and assessment of the reliability of climate models for the simulations of the past
152 climate in the region.

153 This gridded precipitation and temperature data is derived, based on all the available in-situ observations
154 available in the UIB, through reconstruction for the periods before the mid-nineties, interpolation and correction
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155 for the orography and elevation-induced effects guided by available data for runoff, actual evapotranspiration
156  and glacier mass-balance [7].
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158 Figure 2: Reference climate data: a) Mean annual precipitation (mm), b) mean temperature- maximum (°C)
159  and c) mean temperature- minimum (°C)

160  2.2.4RCMs’ outputs

161 Five CORDEX-SA experiments (Table 6), including IPSL-CM5A-MR_RCA4; MPI-ESM-LR_RCA4;
162 NorESM1-M_RCA4; Can ESM2 RegCM4-4, and GFDL-ESM2M_RCA4 were downscaled and bias
163 corrected. These five GCM’s, have been dynamically downscaled by CORDEX, using two different RCMs
164 (RCA4 and RegCM4). Their RCM outputs are at considerably finer scale (0.44°) then the source GCM’s.

165 2.3 Methods

166  2.3.1Selection and shortlisting of GCM’s / RCM’s

167 The full spectrum of GCM-projections is wide and attached with large uncertainties [34-36] and which
168 cascades to even a larger spectrum when downscaled or translated in to possible impacts. Furthermore, the
169  available future projections differ vastly from each other and may range from ““very wet to drier” or very warm
170  to colder future climate, so that the models can be categorized as representing either Warm-Wet, Warm-Dry,
171 Cold-Wet and Cold-Dry corners of the full spectrum, in addition to the projections which are around the median
172 tendency of future model projections.

173 These issues have led to a lot of diverse views on how to select or use these climate model projections, or if
174  at all, these climate models or their downscaled outputs should explicitly even be used, or should only be
175 indirectly used instead as guides to generate a range of plausible scenarios, more suited for targeted impact
176  studies and practical adaptation planning [37].

177 In mountainous regions, such as the Upper Indus Basin (UIB), the issue of how to proceed with the climate
178 change impact studies becomes more complicated, because not only may the uncertainties shown by the climate
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179 models for these regions even be greater [38, 4], but also because of the lower margin for error, as lives and
180 livelihood of millions of people purely depend on the water resources generated in these basins.

181 The usual approach of selecting results of a certain model or group of models or opting for a scenario with
182 the mean trend of future projection may not be practical, as the full range of possible future climatic conditions
183 needs to be covered, in order to assess the full range of expected impacts, required for climate adaptation needs.

184 As mentioned earlier, the selection of GCMs can be done following different approaches and may be based
185 on a single- or a set of criteria. These approaches may include criteria such as: the total amount of change in
186 mean and/or extreme of a projected climate variable; the success of a GCM in simulating the past climate for
187 means or extremes; or maybe the skill in presenting the same pattern of tele-connections that drive the climate
188  of the study region, and so on.

189 The current study adopts a combination of some of these approaches and applies a step-wise shortlisting
190 of climate models based on a range of projected change in the a) mean, b) extremes, and c) skill in reproducing
191  the past climate.

192 2.3.2 Shortlisting based on changes in the means

193 As a first step, the total number of available model runs (ensemble member r1plil) for RCP4.5 (42) and
194 RCP8.5, (39) were evaluated and shortlisted based on the change presented by them, in terms of the mean
195 annual precipitation sum (AP) and the mean air temperature (AT), averaged across the UIB, between the
196 simulated reference period historical data (1975-2005) and the late 21%- century projected data (2071-2100).
197  The calculations were done using the web-based application “Climate Explorer” managed by the Royal
198  Netherlands Meteorological Institute (KNMI) (http://climexp.knmi.nl).

199 As our intention was to identify fewer model runs which best represent the four corners of the full
200 spectrum, as well as the central and middle tendencies, we first determined the 10th, 50th and 90th percentile
201 values of AP and AT for the entire ensemble considered for each RCP, to explore the extent of the full spectrum
202 of the projected changes in temperature and precipitation under that RCP. This was followed by determining the
203 four (4) closest projections to each of the corners as well as the centre of the spectrum. The total number of
204  shortlisted model runs for each of the two RCPs amounted then to 20.

205 Details of the different parts of the full spectrum considered during this study are as follows:

206 1. the Dry-Cold corner, represented by the 10" percentile AP as well as 10" percentile value of AT;

207 2. the Dry-Warm corner, represented by the 10" percentile AP but the 90" percentile value of AT;

208 3. the Wet-Cold corner, represented by the 90" percentile AP and the 10™ percentile value of AT;

209 4.  the Wet-Warm corner, represented by the 90" percentile values for both AP as well as AT; and finally
210 5.  the median projected future climate, represented by the 50" percentile values of both AP and AT

211 The identification of the closest model runs to any corner point was done according to the procedure

212 suggested by 18 [18]. It should be noted that 10th and 90th percentiles were selected as the central points of the
213 corners, rather than the maximum or minimum values, in order to avoid selection of any outlier projections.

214 2.3.3Ranking based on changes in climate extremes

215 To ascertain that preference will be given to those climate model runs that represent the full range of
216  projected change in extremes, all the 20 shortlisted model runs, each for RCP4.5 and RCPS.5, were further
217 scrutinized and ranked based on their projected changes in climatic extremes. To that avail, the ETCCDI indices
218 [24] (Table 2) were used to evaluate changes in climatic extremes for air temperature as well as precipitation.
219  For the former, changes in the extremes were ranked and evaluated based on two indices: the warm spell
220 duration index (WSDI); and the cold spell duration index (CSDI), while for the latter, consecutive dry days
221 (CDD) and the precipitation due to extremely wet days (R99pTOT) were considered.

222
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223 The changes in these indices, averaged over the UIB and over 30 years, between the reference period
224 (1975-2005) and the late 21"- century projections (2071-2100), were calculated using the database available at
225 the ETCCDI extremes indices archive (http://climexp.knmi.nl), constructed by [25, 39].

226 Only the relevant index for the air temperature or for the precipitation was considered for each of the
227  previously selected group of models (a set of four! initially shortlisted models for each corner or the centre), so
228  that for the models in the Wet-Warm corner only the R99pTOT index for precipitation and the WSDI index for
229 temperature were considered, because they were the only relevant indices, as R99pTOT indicates extreme
230 precipitation events, while WSDI indicates warm spells (Table 2). The other two indices, i.e. CDD and CSDI,
231 were not considered in this case, however, they were the only indices considered for models in the Dry-Cold
232 corner. For each corner the relevant indices were given scores based on the ratio of the extreme index to the
233 mean of that index, for all the four models in a corner. For example, in the wet-warm corner, the % change in
234 R99pTOT for a single model is divided by the mean of the % change in R99pTOT for all the four models in that
235 corner. The same procedure was applied for WSDI and, finally, both scores are averaged to obtain a final score.

236  Table2: List of ETCCDI extreme indices used during the GCM- selection procedure:

Climate variable ETCCDI index Description of the ETCCDI index
L R99pTOT Precipitation due to extremely wet days (>99th percentile)
Precipitation . .
CDD Consecutive dry days: maximum length of dry spell (P <1 mm)
WSDI Warm spell duration index: count of days in a span of at least 6
) days where TX > 90th percentile
Air Temperature .. .
CSDI Cold spell duration index: count of days in a span of at least 6
days where TN < 10th percentile
237 For each of the extreme indices, a weighted rank / skill score (Skz;) was calculated, with the highest value

238 among the group getting the highest weighted rank / skill score of 1, while the others getting rank according to
239  their difference to this highest value, i.e:

ElI —EI
Sk, =1-—2 =20
240 £, (1)
241 where Sk is the weighted rank for the specific extreme index EI, & denotes the highest index value in a
242 group and ¢ denotes the target index to be ranked.
243
244 Similarly, in case of the change in means, i.e. A T (°C) and A P (%), the ranking (Skm) was done based on

245 the difference AT (°C) or AP (%) shown by each member, with the percentile value, relevant to that group,
Sk =1- (A r or A P)IO, 50 or 90" percentile _(A r or A P)target
" (AT or AP)

246

10, 50 or 90" percentile (2)

247  2.3.4Ranking based on skill in reproducing the reference climate

248 The models were also evaluated for their skills in simulation the past climate during the reference period
249 (1976-2005). The selected models simulations were compared to reference temperature and precipitation
250 gridded dataset [7] and were assigned skill scores. We did not use the same method for assigning skill score to
251 temperature and precipitation. For assessing the performance of models in simulating past temperature, the
252 method we applied is adopted from Perkins et al. [40]. In this method the skill score for temperature is
253 calculated based on the identification of similarities between PDFs of modelled data and the reference observed
254  data. A metric is generated to calculate the cumulative minimum value of each binned value for the two
255 distributions, which represent the common area between two PDFs. This skill score ( Skrmp) can be expressed as

256  follows:


http://dx.doi.org/10.20944/preprints201809.0528.v1
http://dx.doi.org/10.3390/cli6040089

Preprints (www.preprints.org) | NOT PEER-REVIEWED | Posted: 27 September 2018

257

258
259
260

261

262
263
264

265

266

267

268

269

270
271
272
273

274
275
276
277

278
279

280

281
282
283

284

285
286

287
288
289
290

8 0f 20

Sk = Y, minimum (Zey,, Zgy,)
: A3)
where 7 is the number of bins used to calculate the PDF, Zcyis the frequency of values in a given bin from

the model while Zcu is the frequency of values in a given bin from the observed data. This skill score is 1, when
there is a perfect match between simulated and the observed data, while a score of 0 means no similarities at all.

The number of bins used in this study to generate the PDFs was 50.

In case of precipitation, the skill score is calculated by a method proposed by [41] as the product of five
skill functions, each assessing similarities between modelled and observed data, while covering different
aspects of precipitation behaviour. These five skill score functions for a particular model j are listed below:

0.5

f —1- |ACMj_A0bs|
Y 2'A0bs 4)
+ + 0.5
f _1_ | ACM;’ - Aom |
Y 2- Agbs (5)
_ _ 0.5
f 11— | ACM;’ _AObs |
Y 2. A(;bs (6)
— —— \05
fio=1- | PCM/‘ __PObs |
Y 2 ’ PObs (7)
|G P | 0.5
f —1— CMj Obs
N 2-04,
‘ (®)

where Acy; and Aoy are the areas below the climate model j* s simulated and the observed precipitation
cumulative density function (PDF) curves, respectively, and A+ and A— are the fractional areas over (+) and
under (—) the 50" percentile. P denotes the average annual precipitation over UIB and o is the standard
deviation of the probability distribution function.

Each of the above factors, is intended to cover different aspects of the model probability distribution
characteristics, so that the distribution as a whole is taken into account through the mean and the total arca (eq-4
and eq-7); the smaller and higher precipitation amounts through the 50™- percentile limit (eq-5 and eq-6); while
the shape of the distribution is defined through the variance (eq-8).

These five factors are multiplied together to yield a single final skill score (Skp..) for precipitation estimated by

each model ;:
SkPrec :ﬁj .f%j ' f;j .‘f;‘j .fgj ©)

As a final step, all the rankings/scores, based on the changes in the means and in the extremes, as well as the
skill scores for reproducing reference temperature and precipitation are multiplied together to get the final
overall skill or rank as follows:

Final Skill Score = Sk, - Sky, Sk, ;- Sk, , Sk

Temp ’

SkPr ec ( 1 O)

Under this skill score a higher value indicates better performance, while a lower value indicates otherwise.
These skill scores can be further translated to simple ranking of 1 to 4 for each group of climate models.

The climate model selection procedure adopted in this study is in line with the approach and methods
suggested by [20;40; and 41], although with certain modifications in the evaluation criteria. For assessing the
performance of models in simulating past temperature, the method applied is adopted from [40], while in case
of precipitation, guidance is taken from [41]. A major difference from [20], for assessing model performances

d0i:10.20944/preprints201809.0528.v1
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291 in simulating past climate, is the use of new long-term climate data set and an additional evaluation step for
292 assessing model runs for their skill in reproducing the annual cycle of precipitation and temperature as well.

293  2.3.5Downscaling and bias correction

294 After the shortlisting and ranking of the GCM’s, the next step was to address the two primary issues
295 inhibiting impacts studies: firstly, the coarse spatial scales represented by the GCM may not be as fine as
296  required by regional and local-scale environmental modelling or impact studies, and secondly, the GCM’s raw
297 output or their downscaled versions, are deemed to contain biases of certain magnitude, relative to the
298 observational data, and therefore it had to bias corrected before further use in environmental modelling or
299  impact studies.

300 The downscaling can be done either through applying statistical downscaling methods or through
301 dynamical downscaling via application of a regional climate model (RCMs). We decided to explore if any
302 dynamically downscaled, RCM projections are available for the already shortlisted and ranked GCM’s. The
303 Coordinated Regional Downscaling Experiment (CORDEX) has generated fine-scale climate projections for
304 different regions of the world, out of which CORDEX-South Asia experiments cover the UIB region. We found
305 that for four of the selected GCM’s at 1st rank and one GCM at 2nd rank, CORDEX-RCM model projections
306 are available. These RCM- projections provide dynamically downscaled data at a resolution of ~ 50 km for all
307 our selected GCM’s. The data for the relevant GCM-RCM combinations were downloaded, but needed further
308 downscaling, as the scale was still not fine enough, and also needed to undergo bias correction, before further
309  use in hydrological modelling.

310 This downscaling and bias correction was achieved by the “Distribution Mapping method (DM) [42] and it
311 was selected out of five different bias correction methods for the precipitation climate variable. These methods
312 include: 1) Linear scaling (LS); 2) Local intensity scaling (LIS); 3) Power transformation (PT); 4) Distribution
313 mapping (DM); and 5) Distribution mapping followed by Intensity & Frequency scaling (DM-IS).

314 For the temperature the selection was made after evaluating the performance of the following three bias
315 correction methods, namely, 1) Linear scaling (LS); 2) Variance scaling (VS); and 3) Distribution mapping
316  (DM). Further details of these methods can be found in [42].

317 The calibration and validation statistics, along with brief explanations, are provided as appendices
318  (supplementary material: Appendix-A- Table-Al & A2).

319 3  Results

320 3.1 Selection of climate models

321 3.1.1 Shortlisting of models: changes in climatic means

322 The results of the initial shortlisting of the GCM-model runs are given in Figure 3 and Figure 4. In this
323 step, only those GCM-runs were retained which showed minimal difference with the 10%, 50" and 90®
324 percentile values of A T (°C) and A P (%), so that, for each RCP, we were left with sets of 4 GCM runs at each
325 corner and 4 in the middle, while the remaining model runs were not processed any further. In this way, a total
326  of 20 model runs were selected for each RCP.

327 It is worth mentioning that the range of projections for AT and AP for the RCP8.5 model pool was much
328  larger than for the RCP4.5 model pool. For the latter, more extreme RCP, APranges from -5.42 % to 19.56%
329  while AT ranges from 1.26 °C to 5.41 °C, while for the former (RCP4.5) these ranges are much higher, with AP
330  ranging between -12.01% and 35.12% and AT between 1.48 °C and 8.57 °C.

331 The shortlisted GCM-runs were also ranked according to their differences with the 10th, 50th or 90th
332 percentile values in the respective corner or centre. This ranking was intended for use in the final selection step,
333 so that those model runs which show closest representation of the group of models or type of scenarios
334 (Warm-Wet, Warm-Dry, Cold-Wet, Cold-Dry or the Median) get preference during the final selection.

335 It should be noted that the term Cold used in the “Wet-Cold” and “Dry- Cold” scenarios does not mean that
336 the future temperatures will be colder than those of the reference period, but rather indicates that the warming
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337  will be less than that of the Warm scenarios. Similarly, the term Dry, in the scenarios “Dry-Cold” and
338 “Dry-Warm” is also only indicative of its comparative position, relative to other climate models.
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Figure 3: Similar to Figure 3 but for RCP8.5 GCM runs.
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339  3.1.2Ranking based on changes in climatic extremes

340 The 20 shortlisted model runs for each RCP were further scrutinized based on their projected changes in
341 climatic extremes. The details of the projected changes in selected extreme indices are given in Table 3. The
342 darker colours indicate the higher values while the lighter indicates lower values. These indices were given a
343 weighted rank/score based on their difference with the highest value in the group of four model runs in a corner.

344 Similar to the rank assigned based on changes in the means, this ranking was also intended for use in the
345 final selection step, so that the model runs, which show the largest changes in the extreme indices for each of the
346  corner: Warm-Wet, Warm-Dry, Cold-Wet or Cold-Dry, get preference during the final selection. Unlike the
347 four corners, evaluation based on the extreme indices was not carried for the central or the mean scenario.

348 The ranking and scores for means, extreme indices as well as the skill scores for simulating reference
349  climate are presented in Table 4 and Table 5 for RCP4.5 and RCP8.5 respectively.

350 In most cases the model run with the highest or the lowest changes in mean precipitation or temperature are
351 coincided by the highest change in relevant extreme index as well.

352 The index 4 R99pTOT (%) was evaluated to represent the “Wet” scenarios, while the 4 CDD (%)
353 represented the “Dry ” scenario. Similarly 4 WSDI (%) was considered for the “Warm ” scenarios while 4 CSDI
354 (%) for the “Cold” scenarios. In this way a set of two (2) indices out of the four (4), were evaluated for each of
355  the scenario: Warm-Wet; Warm-Dry; Cold-Wet; and Cold-Dry.

356  Table3: Percentage change in ETCCDI indices (R99pTOT, CDD, WSDI, and CSDI) along with changes in
357 mean precipitation (AP, %) and temperature (AT, °C), for all corners/scenarios (Warm-Wet, Warm-Dry,
358  Cold-Wet and Cold-Dry) and both RCP’s (RCP4.5 & RCPS.5) .

Projection | Model ["AR99pTOT (%) ACDD (%) AWSDI(%) ACSDI(%) AP(%) AT(C)
RCP 4.5
CanESM2 29.0 72 96.2 3.6
, HadGEM2-ES 28.6 12,5 987 3.6
Wet-Warm
MIROCS 8.8 -96.3 12.1
MIROC-ESM-CHEM 19.8 22 -89.9
bee-csml-1-m -1.0 298
GFDL-ESM2M 424 49 202
Wet-Cold | o6t cMSB-LR 322 117 293
MRI-CGCM3 1.5 471
ACCESSI-0 46.4 0.9
| CMCC-CMS 61.9
[PSL-CM5A-MR 54.5
MIROC-ESM 26.8
CCSM4 48
GFDL-ESM2G 162
-Cold inmcm4 2.0
MPI-ESM-LR 423
RCP 8.5
CanESM2
Wet-Warm GFDL-CM3
MIROCS
MIROC-ESM-CHEM
GFDL-ESM2G
GFDL-ESM2M
Wet-Cold CNRM-CMS5
MRI-CGCM3
IPSL-CM5A-LR
e | IPSL-CMSA-MR
MIROC-ESM
CMCC-CMS
MPI-ESM-LR
-Cod | CESM4
inmem4
NorESM1-M
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359 3.1.3 Ranking based on skill in reproducing the reference climate
360 After checking the model runs for their projected changes in means and extreme indices, they were finally
361 evaluated for their skill in reproducing the reference precipitation and temperature data.
362 The ranking for past performance utilized a new set of reference precipitation and temperature data [7],

363 averaged over the UIB. The skill scores were calculated following the procedure of Section 2.3.4, and are
364 presented in columns g & h in Tables 4 and 5. For most scenarios, the same models performed better than the
365  others for both RCPs, in simulating past climate.

366 After allocating the skill score based on the past performance, the final skill scores and ranks were
367 calculated by multiplying all the relevant skill scores allocated to each model run. The final ranks were allocated
368  to each scenario, with the highest rank allotted to the model run with highest final skill score, and so on.

369 It is interesting to note that for the 4 scenarios, Warm-Dry, Cold-Wet, Cold-Dry and Median, for both
370 RCP’s, the same GCMs get the highest skill scores and ranks. The only exception is the Warm-Wet scenario,
371 where different models top the ranking. In this scenario, for RCP4.5 the GCM “MIROCS” is at the top rank,
372 followed by “CanESM2”, while for RCPS.5, the ranking of these two GCMs is reversed.

373 Table 4: Weighted ranks for all shortlisted RCP4.5-GCM runs based on change in means (e & f),
374 change in extremes (a,b,c & d) and their skill scores for simulating reference precipitation and air
375 temperature(g & h).
a b c d e f g h —_
(=]
—_~ —_~ L ;T
= Q g E 3%
2 o 22 = _ - 2 2 m & e S S %y 2
= Climate ES| 55| 58| 58| 5~ % E8 | £8 28| E
133 - = = = =0 = 2 0 o o = = % -
S Model TS|t Ta| EE | TS TS| 55 sE #i| %
= ode 2 E8 Ef2 | E@ | E=| E~| 2% 23 3T | £
A 20 200 TS 20 20 4 20« = 5 == £ 2
52| 52 52| 53 3 ] ZE2 FE| £k
=2 = = = = = ng| ©g e
= &~ =
CanESM2 0.38 0.85 097 | 063 | 079 | 036 | 057 2
HadGEM2-ES 0.37 1.00 094 | 039 | 073 | 029 | 929 3
Wet-Warm
MIROCS 1.00 0.94 095 | 072 | 081 0.38 1.93 1
MIROC-ESM-CHEM | 0.26 0.61 1.00 | 071 0.71 025 | 020 4
bee-csml-1-m 0.74 0.93 077 | 053 | 071 040 | 0.80 3
GFDL-ESM2M 0.71 0.75 097 | 052 | 079 | 041 0.88 2
Wet-Cold
IPSL-CM5B-LR 0.54 100 | 094 | 055 | 071 0.14 | 028 4
MRI-CGCM3 1.00 090 | 082 | 096 | 078 | 035 1.91 1
ACCESS1-0 007 | 091 093 | 078 | 077 | 035 | 0.14 2
CMCC-CMS 059 | 0.75 097 | 081 070 | 031 0.75 4
Dry-Warm
IPSL-CM5A-MR 1.00 1.00 097 | 059 | 079 | 033 1.52 1
MIROC-ESM 0.15 | 081 087 | 092 | 074 | 022 | 0.16 3
CCSM4 0.05 100 | 064 | 034 | 079 | 026 | 0.02 3
GFDL-ESM2G 0.00 077 | 058 | 056 | 075 | 032 | 0.00 4
Dry-Cold
inmem4 0.24 0.53 089 | 076 | 066 | 035 | 020 2
MPI-ESM-LR 0.98 097 | 075 | 072 | 075 | 032 1.23 1
NorESM1-M 094 | 058 | 079 | 043 1.83 1
bee-csml-1-m 076 | 070 | 076 | 044 1.76 2
Mean
GFDL-ESM2G 087 | 085 | 075 | 032 1.77 2
CMCC-CMS 056 | 020 | 070 | 031 0.24 4

376
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377 Table 5:  Similar to Table 4 but for RCP8.5.
a b c d e f g h
—_~ —_~ §
= B
= x2S | ¢ 24 24 ~ = E o é’ g % ~
(=} e —_~ —_~ —_~ =Y
£ Climate E; §°\° §§ §=\° EA E? f@ f@, :i- E
g 39 E5 | Tz | Ts T TS| 5@ 5z Z:&| =
3 Model ES 22| 22| £E8 | Er | E~ | 22| 22| Z= =
A Shy | B0 | Bz | BIY | g | M« | =8| =& g o =
G a S 4 ° S 5 G ] g5 23 £ 5
B2 | B = = = = ngl A3 %
g 2 2
= ~
CanESM2 0.40 0.72 0.93 1.00 0.79 0.36 0.76 1
GFDL-CM3 0.04 0.87 0.80 0.48 0.71 0.39 0.04 3
Wet-Warm
MIROCS 1.00 1.00 0.86 0.10 0.81 0.38 0.27 2
MIROC-ESM-CHEM 0.11 0.80 0.94 0.36 0.71 0.25 0.05 3
GFDL-ESM2G 0.49 0.97 0.89 0.68 0.75 0.32 0.69 4
GFDL-ESM2M 0.50 1.00 1.00 0.73 0.79 0.34 0.97 2
Wet-Cold
CNRM-CMS5 0.35 1.00 0.98 0.76 0.81 0.41 0.87 3
MRI-CGCM3 1.00 0.98 0.90 0.70 0.78 0.35 1.65 1
IPSL-CM5A-LR 1.00 0.67 0.98 0.41 0.79 0.33 0.71 2
IPSL-CM5A-MR 0.40 0.89 1.00 0.84 0.78 0.34 0.79 1
Dry-Warm
MIROC-ESM 0.19 1.00 0.98 0.60 0.74 0.22 0.18 4
CMCC-CMS 0.81 0.65 0.84 0.78 0.70 0.31 0.74 2
MPI-ESM-LR 1.00 0.86 0.73 0.96 0.75 0.31 1.42 1
NorESM1-M 0.12 0.85 0.64 0.01 0.79 0.50 0.00 2
Dry-Cold
CCSM4 0.24 0.84 0.64 0.48 0.79 0.26 0.13 4
inmemé4 0.16 1.00 0.57 0.42 0.66 0.34 0.09 2
NorESM1-ME 0.93 0.91 0.79 0.50 3.34 1
GFDL-ESM2G 0.95 0.09 0.75 0.32 0.21 2
Mean
CCSM4 rlilpl 0.93 0.13 0.79 0.26 0.25 2
bee-csml-1 0.92 0.86 0.77 0.28 1.70 4
378  3.1.4Limitations of the model selection procedure
379 In the previous section the step-wise shortlisting of the various climate models was based on range of

380 projected change in a) mean, b) extremes, and c) skill in reproducing the past climate. Although the main aim of
381 this approach was to combine the strengths of two different methodologies, i.e. the selection of the GCMs based
382 on the properties of the full range of projections and the selection procedures based on past-performance, certain
383  limitations are unavoidable and need to be discussed.

384 First of all, the analysis considered only selected models based on the changes in the means and only the
385 ensemble member rIplil, resulting in a reduced number of GCM runs for evaluation and possibly a smaller
386 range of the climatic extremes. This may also have led to screening out, possibly the models which may have
387  better past-performance.

388 Similarly, another issue is concerned with the scale at which the method was applied. During the
389 shortlisting step and also during the evaluation of extreme indices, the projected changes or ETCCDI extremes
390 indices were averaged over the entire UIB, which have the capability to decreased the spatial variation in
391  projected changes.

392 Additionally the weighting of different skill scores in this study also differed for the similar work, such as
393 [20]. In our study, the final skill score was a combination of scores allocated for change in mean, change in
394 extremes as well as performance in reproducing past climate. This may have reduce the chances of selection of
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395 the climate model with the best past-performance, but increase the chance of better spread of scenarios over the
396 entire range while still taking past-performance as a key factor in selections. Our model selection approach also
397 assumes that all the evaluated model runs, are independent of each other, which may not be the case as some
398  models use same forcing and validation data or may share similar model code [43, 44].

399 Despite these limitations, the adopted approach made it possible for us to identify a limited number of
400 model runs, representative of the full range of future projected means and extremes while given due preference
401 to models which perform better in simulating reference climate.

402 3.2 Bias correction and downscaling of future climate scenarios

403 The future climate projections of the selected climate models needed to be downscaled and corrected for
404 biases, before further use in hydrological model simulation. Therefore, as a first option, all the
405 dynamically-downscaled climate projections available for UIB were checked if any Regional Climate Model
406 (RCM) projections were available, which have dynamically downscaled projections (Table 6) for the already
407 shortlisted GCM, of first or second position in the ranking. We found that, for both RCP’s, the outputs of at least
408 three (3) CORDEX-SA experiments were based on our selected GCM’s, ranking 1% in our study
409  (IPSL-CM5A-MR_RCA4, MPI-ESM-LR RCA4 and NorESM1-M_RCA4). The GSM CanESM2, which is at
410 2" rank for RCP4.5 and at 1% for RCP8.5, has dynamically downscaled projections under CORDEX-SA
411 experiments, “CanESM2_ RegCM4-4. The output of one CORDEX-SA experiments (GFDL-ESM2M_RCA4)
412  isbased on GFDL-ESM2M, which is ranked at 2™ position for both the RCP’s, in our study (Table 4 or 5).

413 It was decided to utilize the available dynamically downscaled data for our selected GCM’s, ranked at 1% or
414 2" positions in our study. Therefore, five CORDEX-SA experiments (Table 6), including
415 IPSL-CM5A-MR_RCA4; MPI-ESM-LR RCA4; NorESMI1-M_RCA4; Can ESM2 RegCM4-4, and
416  GFDL-ESM2M RCA4 were opted for further processing and bias correction. These five GCM’s, have been
417 dynamically downscaled by CORDEX, using two different RCMs (RCA4 and RegCM4). Their RCM outputs
418 are at considerably finer scale (0.44°) then the source GCM’s.

419  Table.6: List of CORDEX South Asia experiments for RCP8.5 and their CMIP5-GCM forcing

Nr|Scenario |Experiment Name-Short Form Driving AOGCM RCM RCM Description

Abdus Salam International Centre
for Theoretical Physics (ICTP)
Regional Climatic Model version 4
(RegCM4; [45]

1 [Wet-Warm |CanESM2_RegCM4-4  |CAN CCCma-CanESM2 (1) RegCM4

NOAA-GFDL-GFDL-ESM2M

9 |Wet-Cold |GFDL-ESM2M_RCA4 |GFDL (2n)

3 [Mean NorESM1-M_RCA4 NOR Nor-ESM1-M (1%) RCA4 |Rossby Centre regional atmospheric model
version 4 (RCA4; [46])

4 Dry- Cold |MPI-ESM-LR_RCA4 MPI MPI-ESM-LR (1%)

5 Dry-Warm (IPSL-CM5A-MR_RCA4 |IPSL IPSL-CM5A-MR (1%)

420 3.3 Projected changes in temperature and precipitation

421 The five (5) selected (CORDEX-SA) RCM outputs were further bias-corrected using the “distribution
422  mapping technique” [42] for RCP4.5 and RCP8.5 for two sets of durations i.e. mid-century (2041-2070) and
423 end-century (2071-2100). Major properties of the downscaled projections are given in Table 7,

424 The downscaled projections show changes in temperature, ranging from 2.3 °C to 6.33 °C for RCP4.5 and
425 0f2.92 °C 10 9.0 °C for RCP8.5. The downscaled and bias- corrected precipitation ranges from a minor increase
426 of 2.2% for the drier scenarios to as high as 15.9% for the wet scenarios. Thus, both temperature and
427 precipitation show increases, as do the extremes, since the probabilities of the wet days are projected to
428 decrease, while the precipitation intensities are projected to increase unanimously for both RCPs.

429 The spatial distribution of the projected future changes for precipitation and temperature across the UIB
430 also show certain distinct trends. Thus, the precipitation (Figure 5) over the mid-century (2041-2070) as well as
431 the late century (2071-2100) reveals for all scenarios a remarkable decrease in the south-eastern parts of the
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basin, but an increase in the northeastern parts. This decrease/increase is particularly intense for the
“Dry-Warm” and the “Median” scenarios over the late 21% century.

Table 7:  Future precipitation- and temperature projections from 5 GCM- models, 2 RCP’s and 2

periods
Precipitation (mm) Temperature (C°)
RCP 4.5 RCP 8.5 RCP 4.5 RCP 8.5
Values and (change %) Values and (change %) Values and change || Values and change
=
) S
< | 5 2 |, 2 |, ks
S | £ e |8 & : & |& | T T 53
= = = 7y 7y g g
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E (6.2%) \(42.1%) | (-7.8%) | (17%) || (-4.2%) | (18%) |(-1.9%) | (22%) ||(6.33)!(5.34)(7.44)} (9.0) 1(8.17)!(9.82)
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_E" g (2.3%) |(29.1%) | (-4.8%) | (5.2%) || (2.0%) |(29.1%) | (-6.9%) | (7.3%) ||(2.64)1(2.44)1(2.85) | (3.08)1(2.99) 1(3.27)
S
a = 71-00 537 18.7 | 109.1 4.7 559 20.3 | 106.1 | 5.1 55 11741 -6.5 73 119.2 1 4.9
= (2.4%) \(41.1%) | (-6.4%) | (7.7%) || (6.7%) |(41.1%) | (-8.9%) |(15.5%)||(4.11)1(3.67) 1 (4.48) || (5.86) 1(5.51) | (6.09)
EI 41-70 536 20.3 | 109.0 4.9 555 21.1 | 1113 | 4.9 3.8 | 16.8 | -8.0 43 1179 ;| -7.5
E’ g (2.4%) |(46.1%) | (-6.4%) |(10.7%)|| (6.0%) |(46.1%) | (-4.5%) |(12.3%)||(2.36)}(3.03) | (3.02) | (2.92)} (4.2) 1(3.53)
wn Y
Ig = 71-00 537 20.3 | 109.0 4.9 548 22.2 | 107.0 | 5.2 49 |17.7 ;,-6.76 | 6.6 | 19.9 ;| -5.1
= (2.5%) |(54.4%)| (-6.4%)| (12%) || (4.6%) |(54.4%) |(-8.2%) |(17.5%)||(3.50)!(3.99) ! (4.23) || (5.23) 1 (6.16) ! (5.93)
EI 41-70 540 17.9 | 111.9 4.7 578 20.5 | 1149 | 4.9 38 1160! -7.8 41 116.2 ! -7.0
g g (3.1%) |(42.6%)| (-4%) | (7%) [(10.4%)|(42.6%)|(-1.4%) |(11.1%)}|(2.41)1(2.31)1(3.22) | (2.73)1(2.43) 1(4.02)
2o
) = 71-00 536 194 | 112.8 4.7 612 22.0 | 1147 | 5.2 5.1 117.141 -6.4 6.6 1188 1 -4.8
a2 -
© (2.2%) |(52.8%) | (-3.2%) | (5.7%) |(16.8%)|(52.8%) | (-1.5%) |(18.6%)||(3.70)1(3.42) 1 (4.57) || (5.22) | (5.03) | (6.17)
| 41-70 560 21.1 | 119.6 4.7 557 20.7 | 115.6 | 4.6 4.5 | 16.8 | -7.8 49 169 | -7.2
< -
g g (6.9%) |(43.8%)| (2.7%) | (6.4%) || (6.3%) |(43.8%) |(-0.8%) | (5.5%) ||(3.14)}(3.08) }(3.20) | (3.51)}(3.16) 1 (3.75)
]
5 E 71-00 607 23.2 | 117.2 | 5.05 590 21.8 | 1149 | 5.0 5.6 ;175 | -6.5 7.4 | 20.0 | -5.1
(15.9%)|(51.6%) | (0.6%) |(14.8%)(12.5%)|(51.6%) | (-1.3%) |(13.2%)||(4.24)! (3.8) 1(4.47) | (6.03)!(6.24) ! (5.89)
Observe |1976-200
d 524 | 14.4 | 116.5| 4.4 | 524.1 | 144 |116.5| 4.4 1.4 113.71-11.0| 1.4 113.71-11.0
5

The spatial distribution of the projected changes for in temperature (Figure 6) also shows similarities
across all scenarios, with the northern and north-western parts of the basin exhibiting higher increases, while the
eastern and southern parts experience a comparatively smaller temperature increase.

For RCP8.5, the projected temperature changes appear to be very high over the late 21th century and this
occurs under all scenarios, especially for the “Warm”  scenarios, with an almost uniform spread across the
whole UIB. The projected temperature changes range for all RCP’s and the two 20th —century periods from a
minimum increase of 3.76 °C (NorESM1-M_RCA4, RCP4.5, Period: 2041-2070) to a maximum increase as
high as 10.4 °C (IPSL-CM5A-MR_RCA4, RCP8.5 and period: 2071-2100).
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Figure 5: Spatial distribution of projected precipitation change across the UIB over the mid
(2014-2070) and the late- (2071-2100) 21th century for 5 models and 2 RCP’s. The figure is arranged
in a tabular form where 1+ and 27 column represent projected change in Precipitation for RCP 4.5,
for the mid-century (2014-2070) and the late-century (2071-2100), respectively, while columns 3 and
4™ show the projected change in mid-century and the late-century precipitation for RCP 8.5,
respectively. The rows represent the climate models used.
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451 4  Conclusions

452 It is essential to have representative future climate projections of appropriate quality for climate change
453 impact studies, especially, in the water resource sector. Despite the availability of an increased number of
454 GCM’s output in the CMIPS5 archive, and the on-going improvements in their process representations, issues of
455 large uncertainties in their future climate predictions cannot be avoided. This situation, along with other factors,
456 such as time, human resources or computational constraints, make it imperative to sort out the most appropriate,
457  individual or a small ensemble of GCM’s for a more reliable assessment of climate change impacts.

458 The approach presented in the present study seeks the most suitable set of climate model runs, while
459 considering not only the full ranges of projected changes in terms of means and extremes by different climate
460 models, but also their skills in simulating the past climate in a reference period.

461 This selection procedure was applied for future climate projections over the Upper Indus Basin for two
462 representative concentration pathways (RCPs), the RCP 4.5 and RCP 8.5. All available model runs for the
463  rlplil ensemble member of each GCM in the CMIPS5 repository were included in the initial list. The total
464  number of model runs available for RCP4.5 is 42 and 39 for RCPS.5.

465 Based on the huge uncertainties reported in the GCM runs for the UIB, all possible future extreme
466 scenarios (Wet-Warm, Wet-Cold, Dry-Warm, Dry- Cold) were considered, in addition to the selection of
467 GCMs representing the mean future climate change, with respect to both changes in the projected means and the
468 extremes. This procedure made it possible to arrive at a limited number of climate models, out of which the final
469 selection was carried by assigning ranks based on the weighted score for each of the mentioned selection

470  criteria.

471 Finally, the precipitation and temperature time series of the selected GCM model runs were bias corrected
472  and further downscaled to the scale of the reference data by means of a distribution mapping technique. The
473 ensembles of the selected GCM runs for RCP4.5- and RCP8.5- scenarios show that the uncertainty of future
474 climate in the study region is very large for the raw data as well as their downscaled versions.

475 The downscaled projections indicate increases of the temperature ranging between 2.3 °C and 9.0 °C and
476 changes for the precipitation that range, from a slight annual increase of 2.2% under the drier scenarios, to as
477 high as 15.9% for the wet scenarios. Thus, for both temperature and precipitation, the future projections under
478 all scenarios and both RCP’s only show increases in the mean annual values, with no negative trend.
479 Moreover, for all scenarios, the future precipitation is projected to be more extreme, as the probability of wet
480 days will decrease, while, at the same time, the precipitation intensities will increase unanimously.

481 The spatial distribution of the downscaled predictors, namely, the precipitation, also shows distinct patterns
482 across the UIB, such that this variable shows for all time periods/scenarios considered a distinct decrease in the
483 south-eastern parts, but an increase in the northeastern parts of the basin. This decrease/increase is particularly
484  intense for the “Dry-Warm” and the “Median” scenarios over the late 21 century.

485 Overall, the future climate of the UIB region remains very uncertain, which justifies the selection
486 procedure proposed here to arrive at a wider range of possible climate scenarios that can then be further utilized
487 and translated into a wider spectrum of climate change impact scenarios.

488 Supplementary Materials: The following are available online at www.mdpi.com/xxx/s1:

489 e  Appendix.A: Description of bias correction Methods 1

490 Appendix A.L: Linear scaling of precipitation and temperature (LS)

491 Appendix AIl:  Local Intensity Scaling (LIS)

492 Appendix AIIl: ~ Power transformation of precipitation (PT)

493 Appendix A.IV:  Variance scaling of temperature (VS)

494 Appendix A.V: Distribution mapping of precipitation and temperature (DM)

495 Appendix A.VI:  Distribution mapping and Intensity/Frequency scaling of precipitation (DM-IS)

496 e  Appendix.B: Calibration and validation statistics for bias correction Methods:

497 Appendix B.I Observed precipitation vs Historical-GCM (IPSL) Calibration Period
498 Appendix B.IT: Observed precipitation vs Historical-GCM (IPSL)-Validation period
499 Appendix BIII: ~ Observed Temperature (minimum) vs Historical-GCM (IPSL)
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Appendix B.IV: Observed Temperature (maximum) vs Historical-GCM (IPSL)

Appendix B.V: Exceedance probability plots of observed Temperature and Historical-GCM (IPSL),
uncorrected and bias-corrected/downscaled with three methods (Astor, Bunji & Chilas)

Appendix B.VL: Exceedance probability plots of observed Temperature and Historical-GCM (IPSL),
uncorrected and bias-corrected/downscaled with three methods (Gilgit, Gupis & Skardu)
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