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Abstract

Accurate selection of Global Climate Models (GCMs) is essential for reliable climate
projections and water-resource planning. This study evaluates the full CMIP6 ensemble (51
models) for monthly precipitation at 31 synoptic stations across Iran (1970-2014) to identify
suitable models, then projects precipitation for 2025-2069 under SSP2-4.5 and SSP5-8.5 at five
representative stations. Model performance used five statistical indices: R?, ANMBD),
NRMSE, NNSE, NKGE. Ranking proceeded in two stages: an unweighted Simple Additive
Weighting (SAW) baseline, then objective weights from the Entropy method to derive four
weighted MCDM methods (WAT, Compromise Programming, Cooperative Game Theory, and
TOPSIS). A group decision-making (GDM) approach reconciled method differences to yield a
unified ranking. For future projections, a weighted ensemble used the top three GDM-ranked
models per station; outputs for 2025-2069 were statistically downscaled via the change factor
(CF) method. Evaluation shows NRMSE and R? are the most informative objective criteria,

while ANMBD contributes least. The final GDM ranking identified ITM-ESM and MIROC-
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ES2L as the most reliable GCMs for precipitation in the study area. Among single-method
alternatives, WAT correlated most strongly with the integrated GDM results, indicating it can
serve as an efficient approximation. Future projections display spatially heterogeneous
precipitation trends across stations and scenarios, underscoring the local nature of climate
impacts. The results imply no single model is optimal across all regions and support combined
MCDM approaches and region-specific GCM selection for robust precipitation projections.

Keywords: Adaptive Planning, Climate Change, Climate Models, Entropy, TOPSIS

Introduction

The twenty-first century is marked by accelerating climate change, necessitating precise
scientific inquiry to mitigate its profound environmental and socioeconomic consequences
(Mukheef et al. 2024). Driven primarily by the sustained rise in anthropogenic greenhouse gas
emissions since the Industrial Revolution (Muhaisen et al. 2024), these changes have
fundamentally altered global hydrological cycles. According to the [IPCC ARG6, the global land-
surface temperature for 2011-2020 reached 1.09 °C above the pre-industrial baseline (Masson-
Delmotte et al. 2021), while the World Meteorological Organization identified this period as
the warmest decade on record (WMO 2021). If current emission trajectories persist, further
temperature increases and intensified precipitation anomalies—ranging from severe droughts
to flash floods—are projected to undermine the reliability of domestic and agricultural water
supplies globally (Cheng et al. 2019; Yilmaz et al. 2024).

As a primary driver of the hydrological cycle, precipitation dictates water quantity and quality,
making its reliable projection essential for climate adaptation and water resource management
(Roshani and Hamidi 2022). This need is particularly acute in arid and semi-arid regions like
Iran, where large climatic gradients and spatially heterogeneous water-use patterns heighten

vulnerability to rainfall variability (Ashraf et al. 2021). To address these complexities, General
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Circulation Models (GCMs) serve as the principal tools for projecting future hydro-climatic
conditions. The latest Coupled Model Intercomparison Project Phase 6 (CMIP6) represents a
significant advancement over previous generations, incorporating enhanced algorithmic
representations of biogeochemical and oceanic processes to improve simulation fidelity (Zhu
and Yang 2020; Carvalho et al. 2022).

Despite the advancements in CMIP6, evaluating model performance remains a critical
challenge due to substantial regional uncertainties (Mohsen et al. 2020). Previous evaluations
of CMIP6 over Iran have yielded divergent results: for instance, Yazdandoost et al. (2020)
observed higher reliability in arid regions compared to humid areas, while others projected
varying shifts in precipitation ranging from -12% to +19% depending on the basin and emission
scenario (Ansari Mahabadi et al. 2022; Babaeian et al. 2023). Furthermore, model selection
remains sensitive to the choice of performance metrics and the reference datasets used (Zareian
et al. 2022). These discrepancies highlight a persistent need for a more systematic, multi-
dimensional framework that can reconcile conflicting model rankings and reduce predictive
uncertainty.

This study addresses these challenges by introducing a comprehensive evaluation and decision-
making framework characterized by four distinctive features. First, it utilizes the complete
ensemble of 51 CMIP6 GCMs from the Copernicus Data Store, ensuring an exhaustive
assessment beyond the scope of preliminary model subsets. Second, the evaluation incorporates
an expansive suite of five normalized performance metrics—including coefficient of
determination (R2), absolute normalized mean bias deviation (ANMBD), normalized root mean
square error (NRMSE), normalized Nash—Sutcliffe efficiency (NNSE), and normalized Kling
Gupta efficiency (NKGE)—to provide a holistic capture of bias, error, and efficiency. Third,
the research adopts an objective weighting scheme derived from Shannon Entropy, integrated

with multiple Multi-Criteria Decision-Making (MCDM) techniques (SAW, WAT, CP, CGT,
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and TOPSIS) to rigorously prioritize criteria. Finally, the robustness of the results is
underpinned by long-term, continuous records from strategically selected synoptic stations
across Iran’s diverse geographical regions.

To achieve a consensus ranking, a Group Decision Making (GDM) procedure was employed
to aggregate results from the various MCDM methods, thereby identifying the most reliable
models for each station. These superior models were then used to form a weighted ensemble
(following the Brekke et al. 2012 scheme) to project precipitation changes for the 2025-2069
period under SSP2-4.5 and SSP5-8.5 scenarios. By integrating multi-stage evaluation with an
ensemble strategy, this work aims to: (1) identify the most reliable CMIP6 models for
precipitation simulation across Iran, (2) quantify future changes at representative stations across
diverse cardinal directions, and (3) provide a transparent, reproducible regional model-selection

framework to support climate-informed water resource planning.

Materials and Methods

Study area

Iran (=1,648,000 km?) in Southwest Asia displays diverse topography and climates—from
arid/semi-arid central plateau to Mediterranean and mountainous conditions in the Alborz and
Zagros ranges (Heydarizad et al. 2019). The national mean annual precipitation is =281 mm,
classifying Iran as overall arid (Choobeh et al. 2025). Rainfall is spatially and temporally
uneven: highest in the Caspian Sea region and Zagros Mountains, declining generally from west
to east and from north to south (Ahmadi and Kamangar 2023). Recent shifts in precipitation
regimes have increased vulnerability, challenging water-resource management and agricultural
stability. Figure 1 shows Iran’s topography and the selected synoptic stations in provincial

capitals. Figure 2 summarizes the study workflow.
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Figure 1. Map of Iran with elevation contours and locations of synoptic stations in provincial

capitals.
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Figure 2. Flowchart of the study’s research methodology.



109 Observational and Simulated data and preprocessing
110  Monthly precipitation observations from 31 synoptic stations in provincial capitals (primarily
111  Iran Meteorological Organization) were used for April 1970-December 2014 to match

112 available historical GCM simulations. Table 1 lists station details.

114 Table 1. Characteristics of synoptic stations in provincial capitals.
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S01 Ahvaz Khuzestan 31.3 48.7 23 1970 S17 Urmia West Azerbaijan 37.7 45.1 1328 1970
S02 Arak Markazi 34.1 49.8 1703 1970 S18 Qazvin Qazvin 36.3 50 1279 1970
S03 Ardebil Ardebil 382 48.3 1335 1976 S19 Qom Qom 34.8 50.9 879 1986
S04 Bandarabbas Hormozgan 27.2 56.4 10 1970 S20 Rasht Gilan 37.3 49.6 -9 1970
S05 Birjand South Khorasan 329 59.3 1491 1970 S21 Sanandaj Kurdistan 353 47 1373 1970
S06 Bojnourd North Khorasan 37.5 57.3 1065 1977 S22 Sari Mazandaran 36.5 53 23 1999
S07 Bushehr Bushehr 28.9 50.8 8 1970 S23 Semnan Semnan 35.6 53.4 1127 1970
S08 Esfahan Esfahan 325 51.7 1550 1970 S24 Shahrekord Chaharmahal Bakhtiari 323 50.8 2049 1970
S09 Gorgan Golestan 36.9 54.4 0 1970 S25 Shiraz Fars 29.6 52.6 1488 1970
S10 Hamedan Hamedan 349 48.5 1741 1976 S26 Tabriz East Azerbaijan 38.1 46.2 1361 1970
S11 Tlam Tlam 33.6 46.4 1337 1986 S27 Tehran Tehran 357 51.4 1419 1970
S12 Karaj Alborz 358 51 1293 1985 S28 Yasuj Kohgiluyeh and Boyerahmad 30.7 51.6 1821 1987
S13 Kerman Kerman 30.3 57 1754 1970 S29 Yazd Yazd 31.9 54.3 1230 1970
S14 Kermanshah Kermanshah 344 472 1319 1970 S30 Zahedan Sistan and Baluchestan 29.5 60.9 1370 1970

S15 Kh bad Lorest: 334 48.3 1148 1970
oramaba orestan s31 Zanjan Zanjan 367 485 1659 1970
S16 Mashhad Razavi Khorasan 36.2 59.6 999 1970

116 ~ Simulated monthly precipitation from 51 CMIP6 GCMs were obtained from the Copernicus
117  Climate Data Store (.nc files), preprocessed and converted to station-level time series via
118  ArcGIS spatial processing and time-series scripts. For each station a data matrix of 52 rows (51
119  GCMs + observations) and up to 537 monthly records (1970-2014) was assembled; Table 2
120  summarizes model metadata. Datasets were checked for units and temporal alignment and

121  regridded/interpolated to station locations as needed.

122

123 Table 2. Characteristics of CMIP6 climate models.
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GO1 ACCESS-CM2 Australia 250 | G27 FGOALS-g3 China 100
G02 ACCESS-ESM1-5 Australia 250 | G28 FIO-ESM-2-0 China 100
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GO03 AWI-CM-1-1-MR Germany 100 | G29 GFDL-ESM4 USA 100
G04 AWI-ESM-1-1-LR Germany 250 | G30 GISS-E2-1-H USA 250
G05 BCC-CSM2-MR China 100 | G31 HadGEM3-GC31-LL UK 250
G06 BCC-ESM1 China 250 | G32  HadGEM3-GC31-MM UK 100
GO07 CAMS-CSM1-0 China 100 | G33 OTM-ESM India 250
GOS8 CanESMS5 Canada 100 | G34 INM-CM4-8 Russia 100
G09 CanESMS5-CanOE Canada 500 | G35 INM-CMS5-0 Russia 100
G10 CESM2 USA 100 | G36 IPSL-CM5A2-INCA France 500
Gl1 CESM2-FV2 USA 100 | G37 IPSL-CM6A-LR France 250
Gl12 CESM2-WACCM USA 100 | G38 KACE-1-0-G South Korea 250
Gl13 CESM2-WACCM-FV2 USA 100 | G39 MCM-UA-1-0 USA 250
Gl4 CMCC-CM2-HR4 Italy 100 | G40 MIROC6 Japan 250
G15 CMCC-CM2-SR5 Italy 100 | G41 MIROC-ES2H Japan 250
Gl16 CMCC-ESM2 Italy 100 | G42 MIROC-ES2L Japan 500
G17 CNRM-CM6-1 France 250 | G43 MPI-ESM1-2-HR Germany 100
GI18 CNRM-CM6-1-HR France 50 | G44 MPI-ESM1-2-LR Germany 250
GI19 CNRM-ESM2-1 France 250 | G45 MRI-ESM2-0 Japan 500
G20 E3SM-1-0 USA 100 | G46 NESM3 China 100
G21 E3SM-1-1 USA 100 | G47 NorCPM1 Norway 250
G22 E3SM-1-1-ECA USA 100 | G48 NorESM2-MM Norway 100
G23 EC-Earth3-AerChem Europe 100 | G49 SAMO-UNICON South Korea 100
G24 EC-Earth3-CC Europe 100 | G50 TaiESM1 China 100
G25 EC-Earth3-Veg-LR Europe 100 . .

] G51 UKESM1-0-LL United Kingdom 250
G26 FGOALS-f3-L China 100

Evaluation indices

Model performance was quantified using five statistical indices: coefficient of determination
(R?) for linear association; absolute normalized mean bias deviation (ANMBD) as a normalized
bias metric (smaller = less systematic error); normalized root mean square error (NRMSE) for
overall error magnitude; normalized Nash—Sutcliffe efficiency (NNSE), obtained by
transforming NSE to a bounded normalized from following Nossent and Bauwens (2012) to
retain all models for ranking; and normalized Kling—Gupta efficiency (NKGE), defined

analogously to bound KGE and facilitate multi-criteria processing.

2

R2 — Yi=1(0; — 0)(5; —3)

= = = (1)
VEizi(0: —0)* Xis(s; — 5)?
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s denotes simulated values, S the mean of simulated values, o observed values, 0 the mean of
observed values, n the number of observations, i the observation index, yg and y, the simulated
and observed means, R the Pearson correlation coefficient, and o; and o, the standard
deviations of simulated and observed series. Explicit formulae for each index and the
normalization transformations (Nossent and Bauwens 2012) are provided in Methods (see

Index computation and normalization).

Multi-criteria decision making
Criteria were standardized to a common scale using a non-linear normalization method (Ersoy
2020), with separate formulas for benefit (larger is better) and cost (smaller is better) criteria to

improve standardization accuracy and flexibility (Zavadskas and Turskis 2008).

k...
K, = ka;ch for Benefit criteria (6)
zij

min
kzi j

Kzij =—=
ki

for Cost criteria (7)
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K,;j denotes the normalized j-th index for the i-th model at station z; k;; is the original value,

and k;’iljl:" and kz;™ are its minimum and maximum. Indices z, i, and j enumerate stations,
models, and indices.

Objective index weights were derived via the entropy method (Shannon 1948): compute the
normalized decision matrix, calculate each criterion’s entropy, and determine final weights

(Equations 8-10). Greater dispersion yields higher weight; lower dispersion yields lower

weight, making the entropy approach a data-driven method for MCDM weighting (Zeleny

1998).
1 T
En,; = —m; Kij In(Ky5) 3
Dd,; =1—Eny; ©)
__ Ddy;
Ty = m (10)

Eng; is the entropy of the j-th index at station z, T the number of models, Dd,; the degree of
divergence (importance) of index j at station z, J the total number of indices, and 7,; the final
weight of index j at station z.

Model ranking used SAW as a baseline and four additional MCDM methods: WAT,
Compromise Programming (CP), Cooperative Game Theory (CGT), and TOPSIS. In SAW, S,;

is the weighted sum of standardized indices; higher S,; denotes better models.

Y K
§y, = 22 (11)

In WAT, W,; equals the sume of each criterion’s weighted multiplied by its standardized value;

higher W,; is preferable (Raju and Kumar 2015).

J
Wy = zrzszij (12)
=
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CP ranks by distance to an ideal solution, C;; denoting that distance; K; is the ideal value and

P (commonly 2) the exponent; indices where smaller is better (e.g., NRMSE and ANMBD)
were multiplied by —1 so desirable direction matches others, and smaller C,; implies higher

rank (Moghaddas et al. 2024).

1
J P

. P
Cpi = Zrzpﬂsz — Ky (13)

j=1
CGT evaluates distance from a non-ideal (worst) solution, G,; denoting that distance; K;; are

non-ideal values (minimum after direction adjustments), and larger G,; is preferred (Vassoney

et al. 2021).

" (14)

zi = H}=1|Kzij - Kz*j*
TOPSIS ranks by relative distances to ideal and non-ideal solutions: DS; (distance to ideal),

DS; (distance to non-ideal), and CR,; (relative closeness), with larger CR,; indicating higher

rank (Sharma and Kale 2022; Raju and Kumar 2015).

J
DS} = Z 12j% (Kzij — K;;)? (15)
j=1
J
DSz = | ) (K = K3} (16)
j=1
DS,;

CRy = ———
“ 7 DS, + DS}, (17)

Group decision making
Because different MCDM methods can yield varying rankings, results were consolidated via a
Group Decision-Making (GDM) approach to produce a final ranking (Morais and Almeida

2012). Models were partitioned into high-rank and low-rank groups based on the total number
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of models T: for even T, the lower bound of the high-rank group X = T/2; for odd T, X = (T +
1)/2; the upper bound of the low-rank group Y = X + 1.

The “power” of each model ST,; at station z quantifies membership in the higher-rank group
across M decision methods: for each method h, q?l- =1if1< L}il < X, and 0 otherwise; ST,;

aggregates these contributions across methods.

ST, = Y (X, — L' + 1)ql fori<Il<x, (18)

M
h=1
The “weakness” WE,; is defined analogously using q/; = 1 if ¥, < L' < T (and 0 otherwise),
measuring membership in the low-rank group across methods.
M
WE,; = Z(U; —Y,+1)ql  forY,<I'<T (19)
h=1

Net power NS,; is computed as ST,; — WE,;; models with higher NS,; are deemed more

suitable.

Ensemble model development

The Global Decision Model (GDM) was utilized to identify the top-performing models for each
station, followed by the extraction of future projections for five representative locations: Ahvaz
(southwest), Bandar Abbas (south), Esfahan (central), Mashhad (northeast), and Tabriz
(northwest). These specific stations were selected to ensure a comprehensive representation of
the country’s diverse geographical regions and spatial distribution. Future monthly data for
April 2025-December 2069 under SSP2-4.5 and SSP5-8.5 were obtained from the Copernicus
Data Store for the top three ranked models per station; the future period length matches the
historical period (1970-2014). Outputs from the three top models were preprocessed into time

series for ensemble development and analysis.
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To reduce uncertainty, ensemble models were constructed at each station by integrating the
three top-ranked models using Brekke et al. (2012) rank-based weights. For each superior
model, the sum of its ranks across the five indices is divided by (T x J) where T = 3 (number
of superior models) and J = 5 (number of indices); this quotient is subtracted from one to yield
the model weight Rj;. Better-ranked models therefore receive higher weights. The same
weighting approach was applied to historical data (performance evaluation) and future
projections (ensemble forecasts).

Because GCMs lack local-scale resolution, we applied statistical downscaling using the change-
factor (CF, delta) method. For precipitation, the multiplicative change factor equals the ratio of
the long-term monthly mean for the future period (2025-2069) to that of the base period (1970—

2014). For each station and scenario: compute ensemble mean historical (BEM) and future

(FEM) series; calculate the multiplicative change factor = %; and generate downscaled

precipitation LFEM? by applying this factor to observed historical precipitation in .

Results and Discussion

Model evaluation

We evaluated 51 CMIP6 GCMs’ ability to simulate monthly precipitation using five
performance indices (R?, ANMBD, NRMSE, NNSE, NKGE) against observations from
synoptic stations in Iranian provincial capitals for April 1970-December 2014. Indices were
computed per station for all models; Table 3 reports maximum, mean, and minimum values.
Performance is highly heterogeneity across stations due to diverse climates, complex

topography, and model differences.

Table 3. Station-wise ranges (Maximum, Mean, Minimum) of climate model evaluation

indices.
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Station R? ANMBD NRMSE NNSE NKGE

S01 (0, 0.063, 0.188) (0.019,0.44,1.262)  (1.585,1.939,3.037)  (0.222,0.419,0.512)  (0.329,0.512, 0.614)
S02  (0.002,0.119,0.243)  (0.002,0.376,1.519)  (1.086, 1.405,2.653)  (0.158,0.416,0.528)  (0.375,0.552, 0.637)
S03  (0.001,0.078,0.176)  (0.042, 1.047,4.408)  (1.1,2.033,5.502)  (0.029,0.231,0.429)  (0.181, 0.46, 0.595)
S04 (0,0.019, 0.097) (0.011,0.419,0.923)  (2.345,2.716,3.392)  (0.324,0.431,0.501)  (0.374, 0.489, 0.568)
SO5  (0.004,0.121,0.264)  (0.002,0.502,1.458)  (1.517,1.915,2.872)  (0.204, 0.38,0.479)  (0.388,0.528, 0.641)
S06 (0.057,0.151,0.24)  (0.01,0.333,1.173)  (0.906, 1.244,2.144)  (0.171,0.393,0.535)  (0.427, 0.573, 0.651)
S07  (0.001,0.051,0.158)  (0.052,0.399,0.825)  (1.889,2.159,2.994)  (0.29,0.443,0.507)  (0.415,0.517, 0.622)
S08  (0.007,0.082,0.174)  (0.017,1.087,3.528)  (1.553,2.754,5.837)  (0.055,0.249, 0.451)  (0.217, 0.445, 0.59)
S09 (0.001, 0.048,0.1)  (0.048,0.511,1.463)  (0.805,0.973,2.087)  (0.101,0.348,043)  (0.349, 0.486, 0.575)
S10  (0.001,0.145,0.267)  (0.002,0.419, 1.657)  (1.025, 1.406,2.684)  (0.133,0.38,0.513)  (0.364, 0.554, 0.642)
S11  (0.001,0.103,0.236)  (0.064,0.595,0.959)  (1.211,1.404,1.99)  (0.292, 0.456,0.527)  (0.365,0.514, 0.653)
S12 (0,0.102, 0.203) (0.005,0.465,2.436)  (1.21, 1.599, 3.495) (0.1, 0.366, 0.48) (0.283, 0.536, 0.642)
S13 (0,0.052, 0.127) (0.004, 0.687,4.923)  (1.559,2.375,7.776)  (0.039,0.341,0.499)  (0.167, 0.48, 0.593)
S14  (0.001,0.156,0.296)  (0.003,0.358,1.562)  (1.11,1.366,2.658)  (0.159, 0.433,0.52)  (0.377,0.573, 0.652)
S15 (0.006, 0.144, 0.25) (0.04,0.456,233)  (1.109, 1.372,3.663)  (0.091,0.434,0.521)  (0.295, 0.548, 0.654)
S16  (0.028,0.193,0.383)  (0.015,0.332,0.999)  (1.07,1.284,1.976)  (0.269, 0.47,0.557)  (0.466, 0.593, 0.693)
S17  (0.007,0.125,0.205)  (0.006,0.547,2.465)  (1.074,1.55,3.809)  (0.074,0.351,0.503)  (0.282,0.531,0.618)
S18 (0.001,0.12,0.225)  (0.002, 0.459, 1.651)  (1.055, 1.486,3.478)  (0.089,0.377,0.515)  (0.359, 0.54, 0.636)
S19  (0.001,0.081,0.189)  (0.022,0.995,2.249)  (1.38,2.427,3.871)  (0.104, 0.253,0.479)  (0.293, 0.453, 0.602)
S20 (0, 0.05, 0.207) (0.151,0.584,0.843)  (0.867, 1.05,1217)  (0.324,0.394,0.485)  (0.41, 0.492, 0.609)
S21  (0.001,0.172,0.333)  (0.014,0.378,1.704)  (1.004,1.27,2.772)  (0.132,0.44,0.536)  (0.359, 0.573, 0.665)
S22 (0, 0.058, 0.271) (0.077,0.596, 1.852)  (0.855, 1.05,2.738)  (0.07,0.361,0.438)  (0.343, 0.485, 0.581)
S23  (0.003,0.072,0.128)  (0.002,0.93,3.95)  (1.393,2.317,5.624)  (0.05,0.278, 0.461) (0.199, 0.465, 0.6)

S24  (0.014,0.118,0.246)  (0.016,0.486,2.189)  (1.227, 1.644, 3.43) (0.122, 0.4, 0.521) (0.306, 0.532, 0.659)
S25  (0.001,0.067,0.182)  (0.03,0.433,1.585)  (1.628,1.965,3.12)  (0.215,0.417,0.502)  (0.363,0.517, 0.609)
S26 (0.003,0.144,023)  (0.019,0.636,1.722)  (1.046, 1.514,2.566)  (0.126,0.308,0.464)  (0.349, 0.521, 0.626)
S27 (0,0.099, 0.198) (0.021,0.532,3.102)  (1.183, 1.69,4.295)  (0.07,0.354,0.497)  (0.238, 0.527, 0.618)
S28 (0,0.101, 0.252) (0.029, 0.595,0.924)  (1.317, 1.538, 1.969)  (0.348,0.468,0.544)  (0.402, 0.511, 0.65)
S29  (0.004,0.044,0.159)  (0.147,2.249,5.217)  (2.579,4.919,8.789)  (0.041, 0.149,0.33)  (0.159, 0.332, 0.558)
S30 (0,0.031,0.119) (0.018,0.913,3.141)  (2.118,3.365,6.715)  (0.073,0.278,0.442)  (0.236,0.44, 0.551)
S31  (0.003,0.134,0.254)  (0.026,0.522,2.746)  (0.991,1.442,3.56)  (0.069, 0.344, 0.488)  (0.259, 0.544, 0.642)

R? values were often near zero (e.g., Ahvaz, Tehran, Zahedan), with Mashhad showing the
highest individual R? (0.383) and highest mean R? (0.193). ANMBD peaked at Yazd (5.217)
while Mashhad had the lowest mean ANMBD (0.332). NRMSE was maximal at Yazd (8.789)
and lowest mean at Gorgan (0.973). NNSE ranged from a minimum at Ardabil (0.029) to an
individual maximum at Mashhad (0.557), with Mashhad also having the highest mean NNSE
(0.470). NKGE spanned from a low at Yazd (0.159) to an individual high at Mashhad (0.693),
and Mashhad had the highest mean NKGE (0.593). Overall, Mashhad consistently exhibits the
best mean agreement CMIP6 outputs and observations.

Figure 3’s spatial maps confirm no uniform spatial pattern in CMIP6 precipitation accuracy
across Iran. Mean R? is generally low (=0.02-0.19), highest near Mashhad and Sanandaj and

lowest in arid/semi-arid areas (Yazd, Kerman, Zahedan) and parts of the Caspian coast (Gorgan,



232 Rasht). ANMBD varies markedly (=0.33-2.25): lowest deviations occure in central-western,
233 southwestern, and some northern regions (including Mashhad, Bojnourd, and the Zagros
234  foothills), while largest biases appear in central-arid areas (Yazd, Esfahan) and parts of the
235  northwest (Ardabil). NRMSE ranges widely (=0.97—4.92), with lowest errors mainly in the

236  northeast and the western half of the country and highest errors at Zahedan and Yazd.
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Figure 3. Spatial distribution of mean monthly precipitation evaluation indices from CMIP6

models: (a) R?, (b) ANMBD, (c) NRMSE, (d) NNSE, (e) NKGE.

Efficiency indices NNSE (Figure 3d) and NKGE (Figure 3e) show generally low performance
at most stations but with regional clusters of better performance. High NNSE values occur in
the western half (e.g., Kermanshah, Sanandaj) and the Persian Gulf basins. NKGE (=0.33-0.59)
is highest in the northeast (Bojnourd, Mashhad) and parts of the western half, while Yazd
exhibits the poorest performance across both efficiency metrics. Overall, CMIP6 models
perform relatively better (lower error, higher efficiency) in the northeast (Mashhad/Bojnourd)
and central-western regions (Zagros foothills) and worse (lower correlation, higher error) at

highly arid central stations (e.g., Yazd) and some coastal areas.

Ranking of models by the SAW method

We ranked the 51 CMIP6 models at each station using the Simple Additive Weighting (SAW)
on standardized indices with equal weights for the five performance metrics as a baseline. Table
4 lists the top three models per station: [ITM-ESM (G33) is the strongest single performer
across the most stations, ranking first at Ardabil, Bandarabbas, Birjand, Shahrekord, and Shiraz
and appearing among the top three at seven additional locations (Ahvaz, llam, Kermanshah,
Khorramabad, Qazvin, Sanandaj, Yasuj). FGOALS-f3-L (G26) ranked first in Bushehr, Ilam,
and Yasuj, and MIROC-ES2L (G42) ranked first in Bojnourd, Gorgan, and Mashhad. Figure 4

maps the spatial distribution of the top-ranked precipitation model per station under SAW.

Table 4. Top three precipitation models by the SAW method.

Station Rank 1 Rank 2 Rank 3 Station Rank 1 Rank 2 Rank 3
S01 Gs1 G33 G26 S17 G27 G38 G39
S02 G48 G42 G23 S18 G36 G33 GI13
S03 G33 G42 Gl1 S19 G04 G36 G32




S04 G33 GO05 G29 S20 G32 G28 G24
S05 G33 G25 G38 S21 GO01 G32 G33
S06 G42 G30 G47 S22 G30 G18 G47
S07 G26 G48 G10 S23 G25 Gl15 G438
S08 G31 G24 G32 S24 G33 G438 Gl1
S09 G42 G07 G06 S25 G33 G31 G48
S10 G23 G06 G48 S26 G27 GO03 G48
S11 G26 G37 G33 S27 G51 G47 GI13
S12 G47 G38 Gl6 S28 G26 G17 G33
S13 G30 G38 G04 S29 G04 G32 G46
S14 GO01 G33 GO05 S30 G24 G438 GO01
S15 G32 G33 G48
S31 G47 G48 G49
S16 G42 G10 G20
261
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265  The SAW analysis found 16 different models in the top position across 31 stations; about 31%
266  of the 51 models achieved best performance at least once. This diversity indicates no single
267  model is superior nationwide and that optimal model choice depends on regional characteristics.
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Index weighting

Objective weights for the five evaluation indices were computed via the entropy method (Table
5). NRMSE received the highest weight at 17 stations and was the most decisive criterion. R?
had the highest weight at nine stations. ANMBD obtained the lowest weight at all stations,
contributing least to discrimination. NKGE, R?, NRMSE, and NNSE showed similar weights

across most stations, so none of these four overwhelmingly dominated the assessment.

Table 5. Index weight values computed by the Entropy method.

Station R*> ANMBD NRMSE NNSE NKGE | Station R> ANMBD NRMSE NNSE NKGE
S01 0.19 0.08 0.27 0.24 0.23 S17 0.25 0.056 0.26 0.25 0.18
S02 0.26 0.06 0.26 0.23 0.2 S18 0.25 0.057 0.25 0.23 0.21
S03 0.23 0.06 0.25 0.24 0.22 S19 0.22 0.055 0.25 0.25 0.23
S04 0.16 0.07 0.28 0.24 0.25 S20 0.14 0.116 0.26 0.24 0.24
S05 0.25 0.06 0.24 0.22 0.24 S21 0.28 0.075 0.24 0.2 0.2
S06 0.26 0.06 0.26 0.25 0.18 S22 0.16 0.09 0.26 0.24 0.26
S07 0.2 0.1 0.24 0.21 0.25 S23 0.25 0.054 0.24 0.24 0.22
S08 0.24 0.06 0.24 0.24 0.22 S24 0.22 0.072 0.25 0.23 0.23
S09 0.24 0.07 0.25 0.23 0.21 S25 0.21 0.081 0.25 0.23 0.23
S10 0.26 0.06 0.25 0.24 0.2 S26 0.23 0.059 0.26 0.25 0.2
S11 0.22 0.08 0.24 0.21 0.26 S27 0.25 0.077 0.25 0.24 0.19
S12 0.26 0.06 0.24 0.23 0.21 S28 0.22 0.063 0.25 0.21 0.26
S13 0.21 0.06 0.26 0.25 0.23 S29 0.18 0.072 0.25 0.24 0.26
S14 0.3 0.06 0.24 0.21 0.2 S30 0.17 0.072 0.26 0.26 0.24
S15 0.24 0.09 0.24 0.21 0.22
S16 0.27 0.06 0.25 021 021 S31 0.25 0.073 0.25 0.24 0.19

Ranking of models using multi-criteria decision-making (MCDM) methods

Entropy-derived weights were applied in four MCDM methods (WAT, CP, CGT, TOPSIS) to

produce weighted rankings; Table 6 lists the top three models per station. Methods largely

agreed though spatial variability in performance persisted.

Table 6. Top three climate models per station based on MCDM.

Stati CP CGT TOPSIS WAT
aton Rank1 Rank2 Rank3 | Rank1 Rank2 Rank3 | Rank1 Rank2 Rank3 | Rank1 Rank2 Rank3
S01 G27 G51 G26 G51 G26 G27 G27 G51 G26 G51 G26 G27



S02 G42 G48 G31 G48 G42 G31 G42 G48 G31 G48 G42 G31
S03 G33 G42 Gl11 G42 G33 G11 G33 G42 Gl11 G33 G42 Gl1
S04 GO5 G33 G13 GO5 G33 G13 GO5 G33 G13 GO5 G33 G13
S05 G33 G38 Gl11 G33 G38 G11 G33 G38 Gl11 G33 G38 Gl1
S06 G42 G47 G15 G42 G47 G15 G42 G47 G15 G42 G47 G15
S07 GO05 G26 G30 G26 G48 GO05 GO5 G26 G48 G26 G48 GO5
S08 G24 G32 G36 G24 G43 G23 G24 G32 G36 G24 G32 G36
S09 G06 GO07 G29 G42 GO07 G06 G06 GO07 G42 G42 GO07 G06
S10 G06 G48 G47 G06 G48 G47 G06 G48 G47 G06 G48 G42
S11 G26 G17 G20 G26 G17 G33 G26 G17 G20 G26 G33 G17
S12 G16 G50 G49 G38 G16 G50 G16 G50 G49 G38 G16 G50
S13 G30 G38 G04 G38 G30 G11 G30 G38 G04 G30 G38 G04
S14 GO05 G29 G33 G33 G29 GO05 GO5 G29 G33 G33 GO05 G29
S15 G33 G24 G21 G33 G48 G24 G33 G24 G21 G48 G33 G24
S16 G42 G10 G20 G42 G10 G20 G42 G10 G20 G42 G10 G20
S17 G27 G42 G39 G27 G43 G42 G27 G42 G39 G27 G42 G39
S18 G48 G13 G33 G33 G13 G438 G48 G13 G33 G33 G36 G13
S19 G36 G32 G48 G32 G36 G04 G36 G32 G48 G36 G32 G04
S20 G32 G25 G24 G24 G32 G25 G32 G25 G24 G32 G28 G24
S21 G32 G10 GO5 G33 G32 G10 G32 G10 GO5 G33 G32 G51
S22 G30 G32 G43 G30 G47 GO08 G30 G32 G43 G30 G18 GO07
S23 G48 G15 G09 G15 G48 G51 G48 G09 G15 G15 G48 G51
S24 G48 G33 G42 G33 G48 G43 G48 G33 G42 G48 G33 G42
S25 G33 G438 G32 G33 G48 GO07 G33 G48 G32 G33 G31 G48
S26 G27 G48 G26 G27 G48 G50 G27 G48 G26 G27 G48 G50
S27 G13 G51 G24 G51 G13 G24 G13 G51 G24 G51 G13 G24
S28 G17 G26 G45 G17 G26 G45 G17 G26 G45 G26 G17 G33
S29 G04 G32 G46 G32 G04 G43 G04 G32 G46 G04 G32 G46
S30 GO1 G31 G48 GO1 G48 G33 GO01 G31 G48 GO1 G48 G31
S31 G47 G48 G39 G47 G48 Gl1 G47 G48 G39 G47 G48 G39

284

285 At Mashhad the top three models were identical across all four MCDM methods, and the first-
286  ranked model was consistent across all four methods at nine stations (Birjand, Bojnurd, Ilam,
287  Mashhad, Urmia, Sari, Shiraz, Tabriz, Zanjan). Figure 5 maps these MCDM top-ranked
288  distributions.
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Figure 5. Best precipitation models acroos MCDM methods.

Frequency analysis across the 31 stations identifies a subset of consistently performing CMIP6
models. ITM-ESM (G33) is most frequent: top-ranked six times under WAT and seven times
under CGT, and appears four times under CP and TOPSIS. MIROC-ES2L (G42), NORESM2-
MM (G48), FGOALS-g3 (G27), and BCC-CSM2-MR (GO05), each appearing three times
among top ranks. Their repeated selection across MCDM algorithms indicates robust,
generalizable precipitation-simulation performance across diverse climatic conditions.
Comparative rankings analysis reveals strong methodological correlations in some cases: CP
and TOPSIS (both distance-based) agreed on top-model selections at 28 of 31 stations
(exceptions: Bushehr, Gorgan, Semnan) and SAW (unweighted) corresponded with WAT
(weighted) at eight stations including Ardabil, Kerman, Mashhad, and Shiraz.

Although CP, TOPSIS, and WAT identified 17 distinct top models (CGT identified 16),
consensus was substantial: the same top-ranked model occurred across all four MCDM methods
at 13 stations and across all five methods (including SAW) at 10 stations. Notably, the
unweighted SAW top-ranked model differed from weighted MCDM results at 21 stations,
supporting objective index weighting (entropy) and weighted MCDM for more accurate,

spatially robust, and scientifically defensible model selection.
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Ranking of models by the Group Decision-Making (GDM) method

Although individual MCDM methods (WAT, CP, CGT, TOPSIS) produced consistent top-
ranked models at some stations, their overall rankings differed due to distinct calculation
procedures. To generate a single integrated prioritization, we applied a Group Decision-Making
(GDM) technique to aggregate the MCDM results statistically.

GDM combined the individual MCDM rankings for T = 51 models, defining the Power group
as ranks 1-26 and the Weakness group as ranks >27; final ranks were the Net Power score
(Power minus Weakness). Table 7 lists each station’s top model and Figure 6 maps the top three
GDM-selected models. GDM identified ITM-ESM (G33) and MIROC-ES2L (G42) as overall
superior performers: IITM-ESM (G33) placed first at five stations (Birjand, Shiraz,
Khorramabad, Qazvin, Ardabil) and MIROC-ES2L (G42) at three stations (Mashhad, Bojnurd,
Arak). Overall, GDM selected 18 different top models across 31 stations; ITM-ESM (G33)
was second at three additional stations and NorESM2-MM (G48) was second at six stations,
indicating a core subset of CMIP6 models that consistently perform well across Iran’s climatic

regimes.

Table 7. Characteristics of the best model at each station determined by GDM.

Top model rank in Top model rank in
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g £
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Figure 6. Summary map of best precipitation-simulation models from GDM.
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A spatial analysis of top-ranked models shows that model spatial resolution alone does not

determine performance: the best-performing model had nominal resolution 100 km? at 13

stations, 250 km? at 14 stations, and 500 km? at 4 stations, indicating finer resolution does not

consistently guarantee superior precipitation-simulation skill. Other factors—such as physical

parameterizations, representation of atmospheric processes, and local climatic and topographic

complexity—Ilikely exert stronger influence on predictive accuracy than resolution alone.
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Comparing our final GDM rankings with previous studies reveals substantial discrepancies
attributable to methodological differences. Examples include ACCESS-CM2 (ranked 30 at Sari
here) and MIROC-ES2L (ranked 41 at Birjand in a prior study) previously reported as top
performers (Roshani and Hamidi 2022; Chamanehfar et al. 2023; Niroumand et al. 2023), and
MRI-ESM2-0 ranking poorly at Kerman in Mianabadi et al. (2023). These divergences stem
from variations in ensemble size and composition, model versions, choice and normalization of
evaluation indices (e.g., ANMBD, NNSE, NKGE), use of objective weighting (entropy) and
GDM aggregation here, and differing historical reference periods, underscoring the need for
locally tailored, multi-criteria evaluation frameworks when selecting GCMs for regional impact

assessments.

Correlation of Ranking Methods

When resources or time constrain application of multiple MCDM methods, a practical
alternative is selecting a single method that approximates the integrated GDM result. To
identify such a proxy, we computed correlation coefficients among ranking methods; results
are summarized in Table 8 and mapped in Figure 7, which indicates the single best alternative
per station based on highest correlation with GDM. Accordingly, the single MCDM method
exhibiting the highest correlation with the integrated Group Decision-Making (GDM) ranking
can serve as a robust, streamlined proxy for full GDM aggregation at a given station. The
correlation analysis found GDM correlated most strongly with WAT (p = 0.982) and least with
CGT (p = 0.924). CGT generally showed the lowest correlations with other techniques. High
correlations included SAW (unweighted ) with WAT (weighted) (p = 0.992) and CP with
TOPSIS (p = 0.998). Station-wise, WAT was the most frequent single-best alternative (16

stations), followed by CP (8) and SAW (5). TOPSIS and CGT were each best at one station.
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Table 8. Correlation matrix of ranking results for precipitation climate models.

R CP CGT TOPSIS WAT SAW GDM
CpP 1
CGT 0.836 1
TOPSIS 0.998 0.826 1
WAT 0.935 0.924 0.932 1
SAW 0.920 0.917 0.916 0.992 1
GDM 0.974 0.924 0.970 0.982 0.969 1
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Figure 7. Spatial dispersion of the selected ranking method for precipitation climate models.

Future projection and ensemble trend analysis

Future precipitation analysis focused on five representative synoptic stations (Ahvaz,
Bandarabbas, Esfahan, Mashhad, Tabriz) to cover major Iranian climatic regimes while limiting
computational load.

Projections cover 2025-2069, matching the historical baseline length (1970-2014), under

SSP2-4.5 and SSP5-8.5. For each station, ensembles combined the three top-ranked GDM



372 models with weights from the rank-based scheme of Brekke et al. (2012), giving greater weight
373  to better historical performers.

374  GCM outputs were downscaled to station scale via the Change Factor (CF) method, applying
375  projected relative change (future ensemble mean / historical ensemble mean) multiplicatively
376  to station’s historical observations. Table 9 summarizes the selected GDM models per station,

377  ensemble weights, and key historical and projected statistics for SSP2-4.5 and SSP5-8.5.

378
379 Table 9. Projected precipitation changes for the future period.
Station Top models Model weight Obs 55245 SSP3-85
Avg Max CV  Avg Max CV  Avg Max
UKESMI-0-LL 0.4
Ahvaz FGOALS-g3 0.27 18.87 223.11 | 1.03 1942 22958 | 1.11 21.01 248.34
FGOALS-f3-L 0.33
BCC-CSM2-MR 0.47
Bandarabbas ITM-ESM 0.53 14.86 263 1 1483 262.54 | 0.89 13.16 232.94
HadGEM3-GC31-LL 0
EC-Earth3-CC 0.6
Esfahan UKESMI-0-LL 0.2 1089 9441 | 1.1 12.02 10415 | 1.19 1294 112.14
HadGEM3-GC31-LL 0.2
MIROC-ES2L 0.6
Mashhad CESM2 0.27 2121 132 | 1.06 2243 139.59 | 1.06 2248 139.88
ITM-ESM 0.13
FGOALS-g3 0.47
Tabriz NorESM2-MM 0.4 2204 12843 | 0.99 21.81 127.09 [ 098 21.62 125.96
TaiESMI 0.13
380

381  According to Table 9, the highest-weighted models in each station ensemble were: UKESM1-
382  O-LL for Ahvaz (weight = 0.40); IITM-ESM (G33) for Bandarabbas (weight = 0.53); EC-
383  Earth3-CC for Esfahan (weight = 0.60); MIROC-ES2L (G42) for Mashhad (weight = 0.60);
384  and FGOALS-g3 (G27) for Tabriz (weight = 0.47). In Bandarabbas, the third-ranked model
385  received zero weight and thus did not contribute to the ensemble. Observed mean monthly
386  precipitation during the baseline (1970-2014) ranged from 10.89 mm at Esfahan to 22.04 mm

387  at Tabriz.
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Under SSP2-4.5, Ahvaz, Esfahan, and Mashhad are projected to have increased mean
precipitation for 2025-2069; Tabriz is projected to decrease, and Bandarabbas shows no
significant change. The largest relative increase under SSP2-4.5 is ~10% at Esfahan. Under
SSP5-8.5, Ahvaz, Esfahan, and Mashhad again show increases, while Bandarabbas and Tabriz
are projected to decrease; the largest increase is ~19% at Esfahan and the largest decrease is

~11% at Bandarabbas. These directions align with Niroumand et al. (2023).

Conclusion

Accurate assessment and selection of reliable global climate models (GCMs) are essential for
credible climate-change projections. This study evaluated the full CMIP6 ensemble (51 models)
for monthly precipitation against observations from 31 Iranian synoptic stations (1970-2014)
to identify best-performing models and analyze future precipitation trends using multiple
statistical indices and advanced multi-criteria decision-making (MCDM) techniques.

The evaluation sequence standardized five performance indices (R>, ANMBD, NRMSE,
NNSE, NKGE), derived objective weights via the Entropy method, applied multiple MCDM
ranking methods (SAW, WAT, CP, CGT, TOPSIS), and aggregating results using a Group
Decision-Making (GDM) procedure to produce a final, robust ranking.

Entropy weighting identified NRMSE and R? as the most influential indices for discriminating
model skill, receiving the highest objective weights across stations, while ANMBD consistently
received the lowest weight, indicating limited discriminatory power; thus ANMBD is not
recommended as a sole evaluation metric. GDM-aggregated rankings show substantial spatial
heterogeneity: no single CMIP6 model is uniformly optimal nationwide, although IITM-ESM
(G33) and MIROC-ES2L (G42) are the most accurate and robust across the largest number of

stations.
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A key implication is the need for regionally tailored model selection: local climatic and
geographic characteristics (e.g., topography, proximity to moisture sources, regional circulation
patterns) strongly modulate model performance; so local evaluation yields more reliable
regional impact assessments than reliance on global-average metrics.

For future projections, weighted ensembles were constructed per station from the three top-
ranked GDM models. Projections for 2025-2069 (matching the historical baseline 1970-2014)
under SSP2-4.5 and SSP5-8.5 were downscaled using the Change Factor (CF) method. Trend
analysis shows marked spatial variability-for example, Esfahan projects the largest increase
(+19% under SSP5-8.5) and Bandarabbas the largest decrease (—11%)-supporting the station-
specific, MCDM-driven selection approach.

Remaining uncertainties stem from intrinsic GCM limitations, observational data quality,
downscaling assumptions, and methodological choices. To improve robustness, we
recommend: (1) applying objective MCDM approaches (notably GDM) to synthesize multiple
rankings; (2) using normalized, complementary performance indices (e.g., NNSE, NKGE,
NRMSE, R?); and (3) constructing weighted ensembles based on historical skill to reduce
projection uncertainty.

For operational use, GDM results identify CMIP6 models recommended and not recommended
for regional precipitation studies in Iran; this resource aids practitioners and researchers in
selecting models likely to yield more reliable regional projections.

Suitable models are: NorESM2-MM (G48); IITM-ESM (G33); MIROC-ES2L (G42);
HadGEM3-GC31-MM (G32); FGOALS-f3-L (G26); EC-Earth3-CC (G24); NorCPM1 (G47);
BCC-CSM2-MR (GO05).

Unsuitable models are: ACCESS-ESM1-5 (G02); CESM2-WACCM (G12); CMCC-CM2-

HR4 (G14); CNRM-ESM2-1 (G19); E3SM-1-1-ECA (G22); AWI-CM-1-1-MR (G03); INM-
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CM35-0 (G35); MIROC6 (G40); MIROC-ES2H (G41); MPI-ESM1-2-LR (G44); IPSL-CM6A-

LR (G37); CanESMS5 (GO8).
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