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Abstract 32 

This study presents a novel integrated approach for selecting optimal combinations of global climate 33 

models (GCMs) and shared socioeconomic pathways (SSPs) to assess the impact of climate change 34 

on the aquatic environment. The method proposed in this study considers the comprehensive spatial 35 

and temporal ranges of climate projections, specifically focusing on the variability and extremeness of 36 

climate change across all accessible regions and timescales. This approach uses entropy and 37 

frequency analyses to integrate multiple climate indices related to precipitation and air temperature into 38 

a single metric representing the unique variability and extreme characteristics of each scenario. In this 39 

study, 35 GCM-SSP combinations were analyzed, yielding the following major findings. While variability 40 

and extremeness in climate scenarios tended to increase under severe global warming scenarios, this 41 

trend was not always consistent. These findings suggest that the general insights into GCMs and SSPs 42 

should be broadened. Suitable GCM-SSP combinations were selected by ranking unique 43 

characteristics using the Katsavounidis-Kuo-Zhang algorithm, enabling the capture of the full range of 44 

GCM-SSP combinations with a minimal number of combinations. Although precipitation and air 45 

temperature were the primary focus, the method can be expanded to include other weather variables, 46 

such as wind speed and solar radiation. The results demonstrate that this integrated approach 47 

effectively represents a wide range of climate scenarios, providing a comprehensive understanding of 48 

the projected climates across different regions and timescales. By transforming high-dimensional data 49 

into a single dimension, this approach simplifies interpretation, supporting a more effective identification 50 

of GCM-SSP combinations suitable for diverse climate adaptation strategies. 51 

 52 

Keywords: Climate Change, Entropy, Variability, Extremeness, Dimensionality Reduction 53 
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1. Introduction 55 

The development of climate change adaptation strategies for various sectors must be grounded in 56 

the projected future conditions. However, achieving a uniform projection of the future climate is 57 

inherently challenging owing to the randomness and uncertainty of real-world conditions. In climate 58 

change assessment research, it is a common practice to employ various global climate models (GCMs) 59 

to capture the full range of possible scenarios (Lutz et al., 2016; Najafi and Moradkhani, 2015; Seo et 60 

al., 2019). However, this approach incurs high computational and temporal costs. The Coupled Model 61 

Intercomparison Project Phase 6 (CMIP6) provides access to more than 120 published GCMs (wcrp-62 

cmip.org). Combined with the four representative shared socioeconomic pathway (SSP)–representative 63 

concentration pathway (RCP) scenarios—SSP126, SSP245, SSP370, and SSP585—this resulted in a 64 

wide range of SSP-RCP combinations across multiple GCMs. Therefore, selecting the optimal GCM-65 

SSP combination is essential to balance a comprehensive analysis with computational efficiency. 66 

The direction of GCM and SSP selections can be divided into two categories: (1) models that 67 

accurately reproduce historical climate patterns and (2) models that project plausible future climate 68 

patterns (Vano et al., 2015). The former can be evaluated based on the accuracy of reproducing daily, 69 

seasonal, and annual cycle patterns compared with observations (e. g., Biemans et al., 2013; Lutz et 70 

al., 2016; Samadi et al., 2010). Although this is an important procedure, it does not guarantee that a 71 

model with high historical accuracy will provide plausible climate projections or capture the full range of 72 

potential future events (McSweeney et al., 2015; Mendlik and Gobiet, 2016). Furthermore, although 73 

officially certified and published by CMIP6 ensures a certain level of reliability in reproducing past 74 

climate patterns (Stocker et al., 2013), the accuracy of GCMs varies across regions. Under these 75 

conditions, the selection of GCMs and SSPs is based on the evaluation of projected climate 76 

characteristics such as changes, variability, and extremeness. 77 

A simple method for selecting climate change scenarios involves using specific combinations of 78 

GCMs and SSPs. Although this approach has the lowest cost, it may lead to biased or nonuniform 79 

distributions in the projected results. The change rate can be used as a single value comparing future 80 

data to historical data; however, it has limitations in reflecting specific climate characteristics, such as 81 

variability, extremeness, and frequency. The clustering approach has been applied to reduce the 82 

number of GCMs or SSPs by grouping similar subclusters of future projections (Carvalho et al., 2016; 83 
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Lee and Kim, 2012; Mahlstein and Knutti, 2010). However, the clustering approach primarily identifies 84 

GCM scenarios that represent the central tendency of each sub-cluster rather than capturing the full 85 

range of variability within the ensemble (Cannon, 2015). To capture the range of projected climate 86 

extremeness, many researchers have applied extreme climate indices (ECIs; Cannon, 2015; Farjad et 87 

al., 2019; Hong and Ying, 2018; Lutz et al., 2016; Seo et al., 2019), which represent the 27 indicators 88 

proposed by the World Meteorological Organization’s Expert Team on Climate Change Detection and 89 

Indices (ETCCDI; Zhang et al., 2011). However, ECI results in high-dimensional combinations, leading 90 

to complexity. Additionally, cross-correlation between ECIs can cause redundancy, which is expressed 91 

as multicollinearity (Farjad et al., 2019; Seo et al., 2019). The Katsavounidis (KKZ) Zhang algorithm 92 

(Katsavounidis et al., 1994) has been widely applied (Cannon, 2015; Farjad et al., 2019; Qian et al., 93 

2021; Ross and Najjar, 2019; Seo et al., 2019). Unlike k-means clustering, the KKZ algorithm recursively 94 

selects models that best cover the range of an ensemble, effectively representing high-density regions 95 

within multivariate space (Katsavounidis et al., 1994). Model selection is based on the model furthest 96 

from the previously selected one; therefore, there is no guarantee that the most extreme scenario will 97 

be chosen during this process (Farjad et al., 2019). For suitable scenario selection, the datasets for the 98 

KKZ algorithm should be prepared in the analysis direction. 99 

Many studies using established methodologies for scenario selection have focused on either a single 100 

or integrated site based on averages and specific future periods. Because this approach emphasizes a 101 

particular region or period of interest, the method of integrating a region or time can vary significantly 102 

across studies. In response to these variations, this study proposes a novel integrated approach for 103 

selecting plausible climate change scenarios. This approach focused on the variability and extremeness 104 

of climate change across all accessible regions and over the entire period. Specifically, the inclusion of 105 

accessible GCMs, SSPs, regions, time periods, and indices results in a high-dimensional dataset, 106 

increasing the complexity and making interpretation more challenging. The method proposed in this 107 

study integrates these high dimensions into a single dimension, creating integrated values that uniquely 108 

represent the variability in diverse weather information and the extremeness of weather conditions for 109 

each climate change scenario. This process simplifies the understanding of the characteristics of each 110 

scenario. Additionally, analyzing the distribution range of these quantified characteristic values provides 111 

valuable insights into the expected future climate impacts, aiding the development of climate change 112 
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adaptation strategies. 113 

 114 

2. Material and methods 115 

2.1.  Frameworks 116 

This research was conducted to identify suitable GCM-SSP combinations for climate change 117 

assessment in aquatic environments. The determination procedure consisted of five steps, as shown 118 

in Figure 1. The first step involved identifying a representative site for determining ECIs. This was 119 

accomplished by selecting a site with minimal fluctuations in historical climate data and using Entropy 120 

Analysis to ensure stable historical conditions. This site provides a robust basis for correlation analyses 121 

between the identified ECIs derived from historical data. Second, the number of ECIs at the identified 122 

site was optimized. In this step, specific ECIs that exhibited a high correlation and multicollinearity with 123 

other ECIs were excluded. The third step quantifies the future variability of the spatiotemporal ECIs for 124 

each GCM-SSP combination. The high-dimensional state arising from the ECI type, time, and location 125 

was reduced to a single value using two approaches: (1) the Entropy Weight method and (2) the 126 

Multivariate Entropy method. The fourth step quantifies the future extremeness of the spatiotemporal 127 

ECIs for each GCM-SSP combination. Similar to the third step, the high-dimensional state was reduced 128 

to a single value using a frequency analysis, which quantified the occurrence of extreme events across 129 

multiple regions and over extended periods. The fifth step determines suitable GCM-SSP combinations 130 

using the KKZ algorithm, incorporating the results of the third and fourth steps. These procedures 131 

integrate uncertainty and extremeness across time and space within a large climate-data environment. 132 

Determining the optimal GCM-SSP combinations reduces the need to analyze numerous scenario 133 

combinations. 134 

 135 

 136 
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 137 

Figure 1. Frameworks for characterizing and selecting GCM-SSP combinations. 138 

 139 

2.2.  Study area: Republic of Korea 140 

The spatial range for the proposed approach to determine the GCM-SSP combinations was the 141 

Republic of Korea (hereafter, South Korea). South Korea covers an area of approximately 100,000 km² 142 

and includes five main river basins, as shown in Figure 2(A). The country is primarily influenced by the 143 

climatic conditions of the Asian monsoon, with approximately two-thirds of the annual precipitation 144 

occurring during the flood season, which spans from July to September. In contrast, severe dry periods 145 

occurred during the drought season from October to June. Figure 2-(B) shows the Thiessen polygons 146 

for the precipitation gauges (Thiessen, 1911). In this study, the projected data were extracted from the 147 

center of each polygon, totaling 601 sites collectively covering South Korea. 148 

 149 
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 150 

Figure 2. Study area: South Korea. (A) 5 river basins and subbasins, and (B) Thiessen polygons for 151 

rain gauges. 152 

 153 

2.3.  GCM data sets 154 

In this study, seven GCMs and five SSP scenarios were used, including SSP119. The selected GCMs 155 

are CanESM5 (Can), EC-Earth3 (EC), GFDL-ESM4 (GFDL), IPSL-CM6A-LR (IPSL), MIROC6 (MIR), 156 

MPI-ESM1-2-LR (MPI), and MRI-ESM2-0 (MRI), while the SSP scenarios include SSP119, SSP126, 157 

SSP245, SSP370, and SSP585. Under these conditions, 35 GCM-SSP combinations were created. 158 

Table 1 presents detailed information on the GCMs and SSP scenarios. Large-scale data from each 159 

GCM were downscaled to a regional scale of 1 km × 1 km using the method developed by Eum et al. 160 

(2018). This method incorporates an adaptive radius of influence that is adjusted based on the density 161 

of available climate stations, enabling high-resolution interpolation that accounts for local physiographic 162 

factors, such as elevation and proximity to coastlines. By employing this approach, downscaling 163 

achieved a 1 × 1 km resolution, effectively capturing regional climate variability and improving accuracy 164 

in areas with complex topography, as demonstrated by Eum et al. (2018). The downscaled projected 165 

data of the GCM-SSP combinations included historical simulations for 1981–2010 and future projections 166 

for 2011–2100. These combinations included daily datasets of (1) precipitation, (2) maximum 167 

temperature, (3) minimum temperature, (4) relative humidity, (5) solar radiation, and (6) wind speed. In 168 

this study, precipitation and air temperature data extracted from 601 sites within the Thiessen polygon 169 

were used to determine GCM-SSP combinations, considering that precipitation and air temperature are 170 
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the dominant factors affecting water resource management. 171 

 172 

Table 1. Detailed information of GCMs and SSPs used in this study. 173 

No. GCM model 
SSP 

Scenario 
Original resolution 
(Number of grids) 

Downscaled 
resolution 

Reference 

1 
CanESM5 

(Can5) 

SSP119 

SSP126 

SSP245 

SSP370 

SSP585 

128 x 64 

1 km x 1 km 

Swart et al., 2019 

2 
EC-Earth3 

(EC3) 
512 x 256 

Döscher et al., 
2021 

3 
GFDL-ESM4 

(GFDL) 
360 x 180 Dunne et al., 2020 

4 
IPSL-CM6A-LR 

(IPSL) 
144 x 143 

Boucher et al., 
2020 

5 
MIROC6 
(MIR6) 

256 x 128 Tatebe et al., 2019 

6 
MPI-ESM1-2-LR 

(MPI) 
192 x 96 

Mauritsen et al., 
2019 

7 
MRI-ESM2-0 

(MRI) 
320 x 160 

Yukimoto et al., 
2019 

 174 

2.4.  Extreme Climate Index 175 

The ECIs of the ETCCDI for precipitation and air temperature are useful for analyzing climate 176 

extremes. They provide a comprehensive understanding of climatic conditions by focusing on the 177 

extreme aspects (Zhang et al., 2011). Therefore, ECIs have been applied in various studies on climatic 178 

conditions, including climate change research (Cooley and Chang, 2021; Hong and Ying, 2018; Seo 179 

and Kim, 2018; Seo et al., 2019). This study used ECIs, which include 26 indices for extreme aspects 180 

of precipitation and air temperature, as shown in Table 2. 181 

Each ECI can explain extreme climatic conditions; however, their explanations can be redundant if a 182 

strong correlation exists between them. Therefore, it is not necessary to consider every ECI unless all 183 

ECIs are independent (Seo et al., 2019). In this study, correlation analysis and the variance inflation 184 

factor (VIF) were used to determine suitable ECIs. If the Pearson correlation between two ECIs was 185 

greater than 0.7 or less than -0.7, the ECI with the least correlation with the other ECIs was selected 186 

(i.e., the most independent ECI). Subsequently, to prevent multicollinearity among ECIs, a final ECI 187 

combination with a VIF of < 5 was determined. Through this procedure, representative ECIs were 188 

identified, and the ECI values of the ECIs are calculated annually from 2021 to 2100, spanning 80 years. 189 

 190 
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Table 2. Definitions of the 26 ECIs for precipitation and air temperature. 191 

Variable Index Definition 

Precipitation 

Rx1day Annual maximum 1-day precipitation 

Rx5day Annual Maximum consecutive 5-day precipitation 

SDII 
Simple precipitation intensity index: mean precipitation amounts on wet days (≥ 
1 mm) 

R10mm Annual count of days with precipitation ≥ 10 mm 

R20mm Annual count of days with precipitation ≥ 20 mm 

R50mm Annual count of days with precipitation ≥ 50 mm 

CDD 
Maximum length of dry spell: maximum number of consecutive days with < 1 
mm precipitation 

CWD 
Maximum length of wet spell: maximum number of consecutive days with ≥ 1 
mm precipitation 

R95ptot Annual total precipitation when daily wet day amount > 95th percentile 

R99ptot Annual total precipitation when daily wet day amount > 99th percentile 

PRCPTOT Annual total precipitation in wet days 

Air 
temperature 

SU Annual count of days when maximum temperature > 25°C 

ID Annual count of days when maximum temperature < 0°C 

TXn Annual minimum value of maximum temperature 

TXx Annual maximum value of maximum temperature 

TX10p Percentage of days when maximum temperature < 10th percentile 

TX90p Percentage of days when maximum temperature > 90th percentile 

WSDI 
Annual count of days with at least 6 consecutive days when maximum 
temperature > 90th percentile 

FD Annual count of days when minimum temperature < 0°C 

TR Annual count of days when minimum temperature > 20°C 

TNn Annual minimum value of minimum temperature 

TNx Annual maximum value of minimum temperature 

TN10p Percentage of days when minimum temperature < 10th percentile 

TN90p Percentage of days when minimum temperature > 90th percentile 

CSDI 
Annual count of days with at least 6 consecutive days when minimum 
temperature < 10th percentile 

DTR 
Daily temperature range: mean difference between maximum and minimum 
temperature 

 192 

  193 
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2.5.  Information entropy for quantifying variability 194 

Shannon (1948) introduces the concept of information entropy for information diversity and 195 

uncertainty. In this theory, data disorder provides a large amount of information that can be expressed 196 

as high entropy. In other words, inconsistent events provide a wide range of experiences and 197 

information. The Shannon entropy is defined as follows: 198 

 199 

  𝐻(𝑋) = −∑ 𝑝(𝑥𝑖) log2 𝑝(𝑥𝑖)
𝑛
𝑖=1     Equation 1 200 

 201 

Where 𝐻 is Shannon entropy, 𝑋 is a variable, 𝑝 is the probability of the 𝑖th event, and 𝑥𝑖 is the 𝑖th 202 

value of the variable. The diversity or uncertainty of data can be quantified as a single value using the 203 

entropy method. Furthermore, it can reduce the dimensionality of the datasets. In this study, two 204 

methods were used for dimensionality reduction: (1) the entropy weight method and (2) the multivariate 205 

entropy methods. 206 

The entropy weight method integrates datasets for multiple variables into one integrated variable by 207 

using the entropy weight value for each variable. The calculation procedure for the entropy weight 208 

method consists of four steps. 209 

 210 

① Data normalization 211 

The dataset for each variable was normalized to a range of 0 to 1, ensuring uniform dimensions 212 

among the variables. This procedure was conducted using min–max normalization. 213 

 214 

② Calculation of Information entropy for each variable 215 

𝐻𝑗 = −
1

ln𝑚
∑ 𝑣𝑖𝑗 ln 𝑣𝑖𝑗
𝑚
𝑖=1      Equation 2 216 

 217 

Where 𝐻𝑗 is the entropy value of 𝑗th variable, 𝑚 the number of data points, and 𝑣𝑖𝑗 the probability 218 
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of 𝑗th variable for 𝑖th event. 219 

 220 

③ Entropy weight calculations 221 

𝑊𝑗 =
𝐻𝑗

∑ 𝐻𝑗
𝑚
𝑗=1

      Equation 3 222 

 223 

Where 𝑊𝑗 denotes the entropy weight of 𝑗th variable. In general, entropy weight is calculated using 224 

1 − 𝐻𝑗 instead of 𝐻𝑗. This implies that data with low uncertainty have a high weight. However, in this 225 

study, it was assumed that the data with high uncertainty had a high weight. This approach is intended 226 

to include as much information as possible regarding climate change scenarios. 227 

 228 

④ Variable integration 229 

In this step, the normalized data were multiplied by the entropy weight of each variable. Subsequently, 230 

all multiplied-normalized data were added. This procedure results in an integrated dataset that accounts 231 

for all the variables and their respective weights. 232 

For instance, the multivariate entropy for three variables is defined as follows: 233 

 234 

 𝐻(𝑋, 𝑌, 𝑍) = −∑ 𝑝(𝑥𝑖 , 𝑦𝑖 , 𝑧𝑖) log2 𝑝(𝑥𝑖 , 𝑦𝑖 , 𝑧𝑖)
𝑛
𝑖=1    Equation 4 235 

 236 

Equation 4 calculates the integrated entropy for variables 𝑋, 𝑌, and 𝑍. The multivariate entropy was 237 

calculated based on the joint probability distribution, reflecting the correlations and interactions among 238 

multiple variables. In this procedure, the datasets for the three variables are reduced to a single value, 239 

thereby achieving dimensionality reduction. 240 

In this study, the entropy weight method was used to integrate representative ECIs into a single 241 

integrated ECI (i.e., a single index) to reduce the dimensionality of the representative ECIs. In this step, 242 
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each GCM-SSP combination had datasets for the integrated ECI spanning 80 years and covering 601 243 

locations. Subsequently, the multivariate entropy method integrated the time and location data for the 244 

integrated datasets of each GCM-SSP combination and calculated the final entropy value representing 245 

each GCM-SSP combination. 246 

 247 

 248 

Figure 3. Procedures for quantifying the variability of each GCM-SSP combination using the entropy 249 

weight and multivariate entropy methods. 250 

 251 

2.6.  Katsavounidis-Kuo-Zhang (KKZ) algorithm for scenario selection 252 

The KKZ algorithm (Katsavounidis et al., 1994) was used to select the GCM-SSP combination based 253 

on its entropy value. Unlike k-means clustering, the KKZ algorithm recursively selects models that best 254 

span the spread of an ensemble, effectively characterizing high-density regions in a multivariate space 255 

(Katsavounidis et al., 1994; Seo et al., 2019). Scenario selection using the KKZ algorithm consisted of 256 

four steps. 257 

 258 

① The first scenario is the closest to the ensemble centroid. The location was calculated using 259 

the sum of the squared errors, as shown in Equation 5: 260 

𝑆𝑆𝐸 = ∑ ∑ (𝑦𝑖𝑝 − 𝑦𝑝)
2𝑁

𝑖=1
𝑃
𝑝=1      Equation 5 261 

 262 

where 𝑦𝑖𝑝 is the value of the pth variable for the ith scenario and 𝑦𝑝 is the centroid value of the pth 263 
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variable across all scenarios. 264 

 265 

② The second scenario is the one that is located furthest from the first scenario. The location 266 

was calculated using the Euclidean distance. 267 

 268 

③ The distances between the remaining scenarios and the previously selected models were 269 

calculated. For each remaining scenario, only the shortest distance from any previously 270 

selected model was retained. The scenario with the longest retention distance was 271 

determined as the next scenario. This procedure was repeated until the final scenario was 272 

obtained. 273 

 274 

The KKZ algorithm selects suitable GCM-SSP combinations, enabling the capture of the full range of 275 

GCM-SSP combinations with a minimal number of combinations. 276 

  277 
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3. Results and Discussion 278 

3.1.  Determination of representative site and ECIs 279 

3.1.1. Representative site 280 

This section focuses on determining the representative sites for the selection of representative ECIs. 281 

To calculate the information entropy for precipitation and air temperature, past daily data from 601 sites 282 

covering 2000 to 2019 were used. Figure 4 shows the calculated multivariate entropy for the variability 283 

of past precipitation and mean air temperature, with values ranging from 6.71 to 7.44 and an average 284 

of 7.08. The representative ECI site was identified as the site with the lowest entropy value. A low 285 

entropy indicates low variability and uncertainty, signifying stable data conditions. These stable 286 

conditions facilitate statistical significance due to low variance, resulting in narrower confidence 287 

intervals (Greenland et al., 2016; Poole, 2001). Therefore, the procedures for determining ECIs at a 288 

representative site can be considered reliable owing to the robustness of past data. 289 

 290 

 291 

Figure 4. Information entropy for past precipitation from 2000 to 2019. 292 

 293 

3.1.2. Representative ECIs 294 

The 26 ECIs related to precipitation and air temperature were calculated from past data of a 295 
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representative site. Figure 5 shows the results of the correlation analysis among these ECIs, revealing 296 

that most ECIs exhibited strong correlations with one another. In particular, the PRCPTOT and SDII 297 

were strongly correlated with the other ECIs. 298 

Based on these results, multi-collinearity among these ECIs could diminish the explanatory power of 299 

the representativeness of the GCM-SSP combinations. To address this issue, ECIs with correlation 300 

values greater than 0.7 or less than -0.7 with other ECIs were identified and sorted. Among these, the 301 

ECI with the most connections to other ECIs were excluded. The excluded ECIs related to precipitation 302 

were Rx1day, SDII, R20 mm, R50 mm, R95ptot, R99ptot, and PRCPTOT. The excluded ECIs related 303 

to air temperature were SU, ID, TXn, TX10p, TX90p, FD, TR, TNx, TN10p, TN90p, and CSDI. multi-304 

collinearity among the selected ECIs was then checked using the VIF method, yielding the following 305 

values: (1) precipitation-related ECIs: Rx5day 1.88, R10mm 1.64, CDD 1.48, and CWD 1.72, and (2) 306 

four air-temperature-related ECIs: TXx 1.36, TNn 1.16, WSDI 1.34, and DTR 1.20. Therefore, the 307 

representativeness of each GCM-SSP combination was evaluated based on the eight ECIs that 308 

satisfied statistical significance. 309 

 310 

 311 

Figure 5. Correlation coefficient table across 26 ECIs for precipitation and air temperature. 312 
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3.2.  Characteristic quantification for GCM-SSP combinations 313 

3.2.1. Variability quantification 314 

In the concept of information entropy, data variability refers to the extent to which information related 315 

to the projected precipitation and air temperature is diverse. Projected data with high entropy values 316 

can provide a substantial range of information regarding future weather conditions. In this study, entropy 317 

calculations for the data variability of each GCM-SSP combination consisted of three steps. In the first 318 

step, the eight selected ECIs were calculated for 80 years and 601 sites within each GCM-SSP 319 

combination. In this step, each combination resulted in a total of 8 x 80 x 601 data points. 320 

Second, the eight ECIs were integrated into a single index using the entropy weight method. In this 321 

step, each combination yields 80 × 601 data points. To integrate a single index, the entropy weight for 322 

each ECI was calculated based on individual entropy values. An ECI with a high entropy value 323 

corresponded to a high-entropy weight. Table 3 presents comprehensive information regarding the 324 

entropy weights of the eight ECIs. The ranks in Table 3 indicate the order of the highest weights, while 325 

the number corresponding to each rank represents the count of values where the weight of each ECI 326 

for each GCM-SSP combination falls. Individual ranking was assigned to the maximum number of 327 

combinations, which was 35. Among the eight ECIs, DTR was mostly ranked 1st, with an average 328 

weight of 0.146, indicating that DTR provides the most information on climate change scenarios. 329 

Rx5day was mostly ranked 2nd, also with an average weight of 0.146, although its value was slightly 330 

different from the DTR when considering the decimal points. This similarity suggests that the 331 

explanatory powers of the two ECIs were comparable. TNn and TXx ranked 3rd and 4th, respectively, 332 

with average weights of 0.145. This result was comparable to the similarity observed between DTR and 333 

Rx5day. The next-ranked ECIs were WSDI, CDD, R10mm, and CWD. Notably, the WSDI had the 334 

highest distribution range of 0.055 between its maximum and minimum values, although its weight was 335 

not the highest. This suggests that the WSDI can still be considered a key index for characterizing each 336 

GCM-SSP combination, while its distribution stands out in contrast to the relatively stable differences 337 

observed in the other ECIs.  338 
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Table 3. The number of rank and statistical values for entropy weights of 35 GCM-SSP combinations. 339 

Rank 
Precipitation Air temperature 

Rx5day R10mm CDD CWD TXx TNn WSDI DTR 

1 14 0 0 0 0 0 0 21 

2 21 0 0 0 0 0 0 14 

3 0 0 0 0 6 29 0 0 

4 0 0 0 0 29 6 0 0 

5 0 1 5 0 0 0 29 0 

6 0 12 21 0 0 0 2 0 

7 0 22 9 1 0 0 3 0 

8 0 0 0 34 0 0 1 0 

Mean 0.146 0.106 0.108 0.082 0.145 0.145 0.121 0.146 

Diff.* 0.012 0.008 0.014 0.018 0.011 0.011 0.055 0.012 

Diff.: Difference (Maximum – Minimum) 340 

 341 

In the final step, a single entropy value for the integrated index encompassing all time periods and 342 

sites within each GCM-SSP combination was calculated using the multivariate entropy method. In this 343 

step, the spatiotemporal data variability was consolidated into a representative value. Figure 6 shows 344 

the entropy values for the variability of the integrated ECI for each GCM-SSP combination. As shown 345 

in Figure 6(A), the mean entropy for MPI was the highest at 2.16, compared to the other GCMs. 346 

Simultaneously, the minimum entropy was observed for MPI-SSP119, whereas the maximum entropy 347 

was recorded for IPSL-SSP370. This indicates that the model provides the most information in terms of 348 

data variability. The entropy values for IPSL were widely and evenly distributed with a maximum entropy 349 

value. This suggests that IPSL combinations provide information on a diverse range of events as well 350 

as on the recurrence of similar or identical events. 351 

The entropy values for the integrated ECI of each GCM-SSP combination were normalized to the 352 

range of one–two, as shown in Figure 6(B). The values steadily decreased from IPSL-SSP370 to MIR6-353 

SSP245, followed by a significant decline. The highest value was observed for IPSL-SSP370, while the 354 

lowest was observed for MRI-SSP119, suggesting that MRI-SSP119 can project stable climatic 355 

conditions. Most entropy values for the same GCM increased as the scenario progressed from SSP119 356 

to SSP585. However, these trends were not consistent across all the GCMs. The maximum entropy 357 

was observed for IPSL-SSP370, and for MRI, the highest entropy was observed for SSP370. The EC3 358 

value for SSP119 was higher than that for SSP126. Additionally, the entropy values for MIR6 did not 359 
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follow a consistent trend across SSP scenarios. This suggests that the SSP585 scenario, which is 360 

associated with severe global warming, does not always result in the greatest variability in extreme 361 

precipitation and air temperature for all the GCMs. Similarly, the SSP119 scenario, which emphasizes 362 

the mitigation of global warming, does not always lead to low variability. Previous studies on the 363 

variability of projected climate conditions have shown that (1) variability increases significantly in the 364 

SSP585 scenario (Almazroui et al., 2021; de Vries et al., 2024; Zarrin and Dadashi-Roudbari, 2021; 365 

Zhu et al., 2021), and (2) variability does not always increase under the SSP585 scenario and is region-366 

dependent (Chen and Sun, 2021; Ghazi and Jeihouni, 2022; Wei et al., 2023; Zou and Zhou, 2022). 367 

Therefore, relying solely on the most severe level of global warming (e.g., SSP585) is not always 368 

suitable for providing a complete picture of potential changes in precipitation and air temperature.  369 

 370 
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Figure 6. Entropy analysis results for variability of integrated ECI. (A) Entropy values and (B) 371 

Normalized entropy values. 372 

 373 

3.2.2. Extremeness quantification 374 

To quantify the extremeness of each GCM-SSP combination, a frequency analysis method using eight 375 

ECIs was applied. In Section 3.2.1, eight ECIs were calculated for 80 years and 601 sites within each 376 

GCM-SSP combination. The average of each ECI across 601 sites was obtained, resulting in 8 × 80 377 

data points for each GCM-SSP combination. The dataset was then divided into 10 groups, with the "1st" 378 

group representing the lowest extremeness and the "10th" group representing the highest extremeness. 379 

Table 4 shows the decile distribution for the eight ECIs of all GCM-SSP combinations (80 × 35 data 380 

points for each ECI). The ECIs related to precipitation were primarily distributed within the 1st to 5th 381 

deciles, with a significant decrease observed as the values approached the highest extreme levels, as 382 

represented by the 10th decile. For the ECIs related to air temperature, TXx and DTR were primarily 383 

distributed in the 3rd to 5th deciles, whereas TNn was primarily distributed in the 5th to 8th deciles. The 384 

WSDI was predominantly distributed in the 1st decile and then decreased substantially. The total 385 

number of ECIs was primarily distributed within the 1st to 5th deciles and gradually decreased toward 386 

the 10th decile. Consequently, the distribution of the 35 GCM-SSP combination datasets approximated 387 

a right-skewed distribution, suggesting a structured pattern with statistical significance rather than 388 
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random variability. 389 

 390 

Table 4. Decile distribution of extremeness for eight ECIs of all GCM-SSP combinations. 391 

ECI/Decile 
Precipitation Air temperature 

Total 
Rx5day R10mm CDD CWD TXx TNn WSDI DTR 

1st [Min] 489 9 214 725 23 4 1533 22 3019 

2nd 1300 176 939 1370 190 21 575 133 4704 

3rd 626 657 802 511 654 55 277 499 4081 

4th 233 981 471 134 914 134 145 992 4004 

5th 97 635 215 39 640 418 103 735 2882 

6th 32 263 91 14 251 736 55 271 1713 

7th 14 59 42 6 84 755 34 105 1099 

8th 6 18 20 0 36 453 34 37 604 

9th 2 1 4 0 5 191 25 4 232 

10th [Max] 1 1 2 1 3 33 19 2 62 

 392 

Extremeness scores were calculated using the number of grouped ECIs and their corresponding 393 

weights. Group weights were assigned as follows: the first group weighed 1 and the final group weighed 394 

10. For example, if the number of ECI in the 10th group is two, the extremeness score would be 20. 395 

Similarly, if the number in the 4th group was 3, the score was 12. In the final step of extreme 396 

quantification, only the top 50% of the distribution (6th–10th groups) were used. This top 50% criterion, 397 

covering approximately 17% of the 22,400 ECIs, ensured that all the GCM-SSPs were included and 398 

designed to reflect the most extreme situations. Figure 7 presents the results of the extremeness 399 

quantification for each GCM-SSP combination. 400 

In Figure 7(A), the GFDL has the highest mean extremeness at 1045, although it exhibits a narrow 401 

distribution range. Similarly, narrow distributions were observed in the EC3, MPI, and MRI models, 402 

suggesting that despite high extremeness levels, information about extremeness across the five SSP 403 

scenarios was less diverse. In contrast, Can5 had the second highest mean extremeness at 917, along 404 

with the maximum extremeness value, and its extremeness values were widely distributed. This 405 

suggests that Can5 combinations provide information about a diverse range of extreme events. For 406 

EC3, the mean extremeness was 533, which was the lowest among the models with a narrow 407 

distribution range. Consequently, EC3 can be considered to have low extremeness and diversity. 408 

Overall, the GCM with high extremeness were Can5, GFDL, and MPI, whereas those with low 409 



22 

extremeness were EC3, IPSL, MIR6, and MRI. Compared with the variability of each GCM-SSP 410 

combination, the characteristics of each combination were more distinct in terms of extremeness. 411 

The integrated extremeness values for all GCM-SSP combinations were normalized to a range of one 412 

to two, as shown in Figure 7(B). The highest value was observed for Can5-SSP585, whereas the lowest 413 

was observed for MIR6-SSP585, followed by a significant increase. Notably, no consistent features 414 

were observed across SSP scenarios in terms of extreme values. For each GCM, maximum 415 

extremeness generally occurred at SSP585 in Can5, GFDL, IPSL, and MPI. Because extremeness 416 

values tended to align with more severe scenarios, such as SSP585 or SSP370, these results were 417 

expected. However, the highest extreme values for MRI, MI6, and EC3 occurred under SSP119 or 418 

SSP126, which represents a strong mitigation of global warming. Interestingly, the second-highest 419 

extremeness for the GFDL also occurred at SSP119. Similar to the variability observed in Section 3.2.1, 420 

the SSP scenario type did not necessarily produce the expected extreme patterns. These findings were 421 

consistent with those of previous studies. Extreme weather and related climate indices are generally 422 

higher under SSP585 than under other SSP scenarios (Almazroui et al., 2021; de Vries et al., 2024; 423 

Zarrin and Dadashi-Roudbari, 2021; Zhu et al., 2021). However, studies have shown that although 424 

SSP585 often exhibits the greatest extremeness, it does not necessarily lead to the highest variability 425 

in all cases (Chen and Sun, 2021; Ghazi and Jeihouni, 2022; Wei et al., 2023; Zou and Zhou, 2022). 426 

Therefore, it is important to consider all SSP scenarios for each GCM to capture a comprehensive 427 

spectrum of possible climate behaviors, including variability and extremeness. 428 
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Figure 7. Extremeness score analysis results across all GCM-SSP combinations. (A) Weighted 429 

extremeness scores and (B) Normalized weighted extremeness scores. 430 

 431 

3.2.3. Integration of variability and extremeness 432 

To quantify the characteristics of each GCM-SSP combination, their variability and extremeness were 433 

integrated, as shown in Figure 8. Integrated values ranging from one to four, were calculated by 434 

multiplying the normalized variability and extremeness. A higher value indicates both high variability and 435 

extremeness in the GCM-SSP combination, suggesting more severe future precipitation and air 436 

temperature conditions. The highest integrated values were observed for Can5-SSP585 and GFDL-437 
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SSP585, which were distinct from those of the other combinations because of their significantly higher 438 

values. In contrast, a lower value indicates low variability and extremeness, suggesting more mitigated 439 

future conditions for precipitation and air temperature. The lowest integrated value was observed for 440 

MIR6-SSP370, with no exceptionally low integrated values. 441 

One notable observation in Figure 8 is that, above the median of the integrated values, the values 442 

generally increased from SSP119 to SSP585. However, this trend was less pronounced below the 443 

median, with some cases showing even higher MIR6 values under SSP119 or SSP126. These results 444 

suggest that the SSP scenarios can be clearly distinguished based on their high variability and 445 

extremeness, whereas their characteristics may appear less distinct under conditions of low variability 446 

and extremeness. Although it was initially expected that both the variability and extremes would 447 

increase under the SSP585 scenario, this was not always the case. Similarly, SSP585 did not 448 

necessarily produce the highest values for integrated variability and extremeness. 449 

These findings indicate that it may not be appropriate to select climate change scenarios for aquatic 450 

environmental impact assessments based solely on a specific GCM or SSP. Each GCM-SSP 451 

combination should be treated as a distinct model scenario, as relying on a single GCM or SSP may 452 

overlook the inherent uncertainties in climate projections (Pirani et al., 2024; Poole, 2001). Different 453 

GCMs and SSPs can yield varied outcomes, even under similar boundary conditions, leading to distinct 454 

impacts on the aquatic environment. Therefore, treating each GCM-SSP combination as a unique 455 

scenario is critical for capturing the full range of potential futures. 456 

In this study, variability and extremeness were integrated across multiple regions over long periods. 457 

This approach can be followed by a thorough analysis of the scenario characteristics for specific local 458 

areas after the scenario selection. This is because even if the overall variability and extremeness are 459 

high, some parts of the time and spatial domains can have relatively lower values of variability and 460 

extremeness. As reported in numerous studies, the variability can vary across regions (Almazroui et al., 461 

2021; Das et al., 2022; Wei et al., 2023; Zarrin and Dadashi-Roudbari, 2021; Zhu et al., 2021; Zou and 462 

Zhou, 2022). Additionally, when downscaling from global-scale to local-scale models, issues such as 463 

bias, non-stationarity, overfitting, and uncertainty propagation can occur (Chokkavarapu and Mandla, 464 

2019), making it important to evaluate variability and extremeness at the global scale. Similarly, as 465 

climate model uncertainties increase over longer timeframes (Kundzewicz et al., 2018), uncertainties in 466 
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both variability and extremeness may also increase when analyzing long-term trends. 467 

 468 

 469 

Figure 8. GCM-SSP characterization by integrating variability and extremeness, and selected 470 

combinations using the KKZ algorithm. 471 

 472 

3.3.  Selection of SSP scenarios using the KKZ algorithm 473 

The selection of climate change scenarios for the water environment impact assessments was 474 

conducted using the KKZ algorithm. Figure 8 shows the six selected GCM-SSP combinations. MPI-475 

SSP126 was chosen as the first model because it was closest to the centroid of the model ensemble, 476 

representing the average behavior of all models (Seo et al., 2019). Can5-SSP585, selected as the 477 

second model, and MIR6-SSP370, as the third, represent the maximum and minimum extremes, 478 

respectively. These models are the most distinctive in terms of variability and extremeness. Using only 479 

these three combinations makes it possible to capture the fullest range of precipitation and air 480 

temperature variability and extremes across climate scenarios while also reflecting the average 481 

conditions. Nonetheless, the fourth, fifth, and subsequent combinations provided complementary 482 

information, bridging the gap between the second and third models.  483 

One important consideration is whether to include or exclude values that appear to be outliers when 484 

selecting scenarios. As shown in Figure 8, Can5-SSP585 and GFDL-SSP595 had slightly larger values 485 
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than the other combinations. If these two combinations are considered outliers and excluded, the model 486 

selection results obtained using the KKZ algorithm will change. This is particularly relevant because the 487 

KKZ algorithm uses the centroid model as a reference point to determine the next model. Therefore, it 488 

is crucial to consider circumstances that may influence the selection of a central model. In most other 489 

studies (Cannon, 2015; Farjad et al., 2019; Qian et al., 2021; Ross and Najjar, 2019; Seo et al., 2019), 490 

the KKZ algorithm was applied using multidimensional data. However, as the number of dimensions 491 

increased, visually identifying outliers became significantly more difficult. In this study, although only 492 

two variables—variability and extremeness—were used, the dimensionality was reduced by integrating 493 

them into a single value, making outlier detection easier. In the future, even if more characteristics 494 

explaining climate change scenarios are introduced, reducing the dimensionality to an integrated value 495 

could provide an integrated understanding of the scenarios and identify outliers.  496 
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4. Conclusion 497 

This study aimed to develop an approach for identifying suitable GCM-SSP combinations for climate 498 

change assessments in aquatic environments. Each GCM-SSP combination was treated as an 499 

individual scenario without assigning any special significance to either the GCM or SSP. The key 500 

components of this approach are variability and the extremeness of climate-change projections. These 501 

two components were integrated into a single value to represent the unique characteristics of each 502 

GCM-SSP combination. The KKZ algorithm was then used to determine the optimal selection of GCM-503 

SSP combination. This approach captures the largest range of climate change impacts on aquatic 504 

environments by selecting an appropriate number of scenarios, that is, a small part of all GCM-SSP 505 

combinations. 506 

Several other studies selected climate change scenarios based on specific GCMs, SSPs, and 507 

statistical calculations. These include methods such as change rates, averages, and variances of 508 

precipitation and air temperature as well as composite approaches such as clustering, Principal 509 

Component Analysis, and the KKZ algorithm combined with ECIs (Cannon, 2015; Carvalho et al., 2016; 510 

Farjad et al., 2019; Hong and Ying, 2018; Lee and Kim, 2012; Lutz et al., 2016; Qian et al., 2021; Seo 511 

et al., 2019). In addition to these established methods, the approach proposed in this study integrates 512 

extensive climate change data across multiple sites, time periods, and indices by characterizing the 513 

variability and extremeness of precipitation and air temperature. Additionally, while this study focused 514 

on ECIs related to precipitation and air temperature, it is also possible to include other weather indices 515 

such as wind, relative humidity, and solar radiation. That is, the approach is expandable and includes 516 

both spatial and temporal dimensions. Overall, the suggested approach focuses on diverse situations 517 

and extreme events that climate change can trigger. Based on this approach, the impact assessment 518 

of aquatic environments using selected climate change scenarios can provide comprehensive 519 

information for adaptation strategies from the perspectives of variability and extreme climate change. 520 

Furthermore, this methodology can be applied to other environmental domains such as agriculture or 521 

infrastructure by adopting relevant climate proxy variables. Thus, future studies could expand this 522 

approach by incorporating additional climate variables or focusing on specific climate impacts, thereby 523 

enhancing its applicability to broader climate adaptation efforts. 524 

 525 
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