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Abstract

This study evaluates the performance of seven Global Climate Models (GCMs) from the Coupled Model Intercom-
parison Project Phase 6 (CMIP6) and their Ensemble mean in reproducing historical maximum (Tmax) and minimum
(Tmin) temperatures across five agro-ecological zones (AEZs) of Ethiopia during 1995-2014. The assessment covers
daily to annual time scales using observational and GCM datasets. Model performance was evaluated using Percent Bias
(PBIAS), Root Mean Square Error (RMSE), and correlation coefficient (r), while the Comprehensive Rating Index (CRI)
was applied for ranking. Results show substantial spatial and temporal variability in model performance. For Tmax,
the Ensemble mean and EC-Earth3-veg performed best at the daily scale, while EC-Earth3-veg, MPI-ESM1-2-LR and
BCC-CSM2-MR excelled at the monthly scale across most AEZs. Seasonally, top-performing models included Ensemble
mean, MPI-ESM1-2-LR and MRI-ESM2-0 during Bega (October-January), EC-Earth3-veg, CNRM-CM6-1 and Ensemble
mean during Belg (February-May) and CNRM-CM6-1 and MPI-ESM1-2-LR during Kiremt (June-September). For Tmin,
CNRM-CM6-1, BCC-CSM2-MR and Ensemble mean ranked highest at both daily and monthly scales in most AEZs. At
the annual scale, MRI-ESM2-0, Ensemble mean, MPI-ESM1-2-LR and CNRM-CM6-1 excel for Tmax, while EC-Earth3-
veg, BCC-CSM2-MR and Ensemble mean lead for Tmin across most AEZs. MIROC6 consistently exhibited the weakest
performance for both Tmax and Tmin across most AEZs and time periods. Thus, the Ensemble mean of all evaluated
models does not consistently rank among the top three performers across all AEZs and time scales. The identified best-
performing CMIP6 models provide valuable tools for assessing climate change impacts and developing region-and time-
specific adaptation strategies in Ethiopia. Given the variability in GCM performance across AEZs and time scales, national
or large-scale studies would benefit from using the Ensemble mean derived from the best-performing models. This study
provides crucial insights into the strengths and weaknesses of different GCMs, supporting evidence-based decision-making
and enhancing efforts to build climate resilience and adaptation strategies in the region.
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1 Introduction

Global Climate Models (GCMs) are advanced mathematical
representations of the climate system, which includes the
atmosphere, ocean, land surface, and cryosphere (Eyring et
al. 2016; Randall et al. 2007). These models are invaluable
tools for studying the global climate system across historical
and future timelines (Gebrechorkos et al. 2023a; Rettie et al.

Extended author information available on the last page of the article

2023). Since 1995, researchers from various global institu-
tions have been refining GCMs to enhance their efficiency
and reliability in simulating the climate system (Edwards
2011). Outputs from these models are aggregated by the
World Climate Research Program (WCRP) Working Group
on Coupled Modeling (WGCM) to facilitate climate model
experiments within the framework of the Coupled Model
Intercomparison Project (CMIP) (Eyring et al. 2016). The
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latest iteration, the CMIP Phase 6 (CMIP6) GCMs, rep-
resents a significant advancement over its predecessors
in many parts of the globe (Cruz-Gonzalez et al. 2025;
Gulakhmadov et al. 2025; Tanimu et al. 2025; Wang et al.
2025; Bagcaci et al. 2021; Kamruzzaman et al. 2021). Thus,
analysis of CMIP6 data enables researchers to gain deeper
insights into climate variability, change, and its impacts on
society and the environment (Kawai et al. 2019).

Nevertheless, most climate model evaluation studies
conducted in Ethiopia have primarily focused on climate
models predating CMIP6 (Demessie et al. 2023; Worku et
al. 2018). In addition, the majority of previous studies in
Ethiopia have concentrated on evaluating the performance
of climate models in simulating rainfall (Ersado and Awoke
2024; Demessie et al. 2023; Worku et al. 2018). This focus
on rainfall may stem from the common assumption that
climate models can more accurately simulate temperature,
whereas capturing rainfall patterns is considerably more
challenging (Peng et al. 2023). Nevertheless, recent research
conducted in Ethiopia (Gashaw et al. 2024; Lebeza et al.
2024; Demessie et al. 2023; Alaminie et al. 2021) and other
regions (Belazreg et al. 2022) suggests that models capable
of accurately simulating observed rainfall may not necessar-
ily perform well in simulating temperature, highlighting the
complexity and variability of climate model performance
across different variables.

Previous evaluations of climate models in Ethiopia have
also primarily been conducted using areal averages com-
parisons (Gashaw et al. 2024), with most studies focusing
on sub-basin or basin scales (Alaminie et al. 2021; Worku
et al. 2018). Consequently, there is a noticeable gap in com-
prehensive national studies that assess the performance of
CMIP6 models in simulating temperature across the coun-
try’s diverse agro-ecological zones (AEZs). In contrast, a
significantly larger body of research exists globally on the
performance evaluation of climate models for temperature
simulation (Belazreg et al. 2022; Hamed et al. 2022; Lovino
et al. 2021; Yang et al. 2021; Jia et al. 2019). In addition,
most of the GCMs evaluation studies in different water-
sheds of the country for simulating Tmax and Tmin did not
evaluate the Ensemble mean of their chosen GCMs. This
disparity highlights the urgent need for studies in Ethiopia
to identify the most effective climate models for various
AEZs. Such efforts are critical for informing and enhancing
climate adaptation strategies tailored to the country’s unique
ecological and climatic conditions.

This study evaluates the ability of seven GCMs from the
CMIP6 and the Ensemble mean of those GCMs in simu-
lating historical maximum temperature (Tmax) and mini-
mum temperature (Tmin) across daily to annual temporal
scales for all five AEZs of Ethiopia. The study leverages
the advancements of CMIP6 and addresses a critical gap,
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as there has been no comprehensive national-level evalu-
ation of climate models for Tmax and Tmin using CMIP6
data. Identifying the best-performing GCMs is essential
for enhancing our understanding of climate change and its
future characteristics (Cruz-Gonzalez et al. 2025; Meliho
et al. 2025; Shah and Sharifi 2025; Song et al. 2025;
Gebrechorkos et al. 2023a). It also provides a foundation
for assessing climate change impacts on water resources
(Waheed et al. 2024; Getachew and Manjunatha 2022;
Worku et al. 2021), and drought propagation (Tadase and
Tekile 2025). Given Ethiopia’s strong dependence on agri-
culture, identifying the best-performing climate models is
vital for evaluating climate change impacts on crop produc-
tion (Chen et al. 2019), planning adaptation measures based
on future climate projections, determining future growing
season lengths, and selecting suitable crop types for spe-
cific AEZs. Overall, this study provides a crucial foundation
for climate-resilient modeling aimed at achieving water and
food security (Zhang et al. 2023) by utilizing the most reli-
able GCMs tailored to each AEZ.

The novelty of this study lies in the following key
aspects: (1) Evaluation of seven CMIP6 GCMs and their
Ensemble mean across a full range of temporal scales, from
daily to annual, 2) Performance assessments of CMIP6
GCMs across distinct AEZs, 3) Independent evaluations of
GCMs for Tmax and Tmin, and 4) Application of the Com-
prehensive Rating Index (CRI) to rank GCM performance.
The best-performing GCMs for Tmax and Tmin in each
AEZ can be utilized to understand future temperature pat-
terns under different climate change scenarios and to evalu-
ate the impacts of climate change on various environmental
components. Additionally, the outputs of these models can
serve as critical inputs for climate-resilient modeling efforts
in Ethiopia, supporting sustainable adaptation and mitiga-
tion strategies.

2 Materials and methods
2.1 Description of the study area

This research was conducted within the geographical con-
fines of Ethiopia situated between 3°00" N to 15°00" N
latitudes, and 33°00" E to 48°00’ E longitudes in the east-
ern segment of Africa (Fig. 1). The nation’s climate is pre-
dominantly tropical, characterized by significant spatial
and temporal variability in rainfall patterns. The Ethiopian
highlands, areas located above 1500 m above sea level (m
a.s.l), experience relatively stable temperatures, whereas
the lowlands (<1500 m a.s.l), exhibit greater tempera-
ture fluctuations. A diverse landscape that includes moun-
tains, expansive plateaus, profound gorges, extensive river
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Fig. 1 The location of Ethiopia and its different AEZs

valleys, and plains distinguishing it from other African
nations, marks Ethiopia’s topography. It shares borders with
Somalia and Djibouti to the east, Kenya to the south, Eritrea
to the north and northeast, and Sudan to the west, with South
Sudan lying to the west and southwest.

Ethiopia experiences three distinct climatic seasons: the
primary rainy season from June to September (JJAS), the
dry season from October to January (ONDJ), and the sec-
ondary rainy season from February/March to May (FMAM),
locally known as Kiremt, Bega, and Belg, respectively (Ani-
ley et al. 2023; Gashaw et al. 2023; MoA 1998). The climate
varies from semi-arid deserts to humid and temperate zones
(Gashaw et al. 2023). The long-term mean annual rainfall
(1981-2016) of the country is 620 mm (Gebrechorkos et
al. 2018). Mean annual temperatures range from 15 °C in
the highlands to 25 °C in the lowlands (NMSA, 2001).
Ethiopia’s rich agroecological diversity supports a wide
array of crops and livestock. The country is categorized into
five AEZs based on altitude and climate: desert (Bereha),

tropical (Kolla), sub-tropical (Weyna Dega), temperate
(Dega), and alpine (Wurch) AEZs (MoA 1998) (Fig. 1).

2.2 Data source
2.2.1 Observational data

Temperature data spanning two decades (1995-2014) was
sourced from the Ethiopian Meteorology Institute (EMI).
This dataset encompasses daily recorded temperatures from
37 meteorological stations across Ethiopia and contains less
than 25% missing values. Like our study, due to the sparse
distributions of meteorological studies, preceding studies in
Ethiopia also used stations that contain missing values up to
30% (Gashaw et al. 2023, 2024; Mohammed et al. 2022).
The distributions of stations were well-balanced throughout
Ethiopia, with a denser presence in the central, southern,
northern, and eastern regions, and fewer in the southeastern
and western regions (Fig. 1).

@ Springer



121 Page 4 of 19

A. B.Tagele et al.

To fill the gaps in the observed climate data, the Mul-
tivariate Imputation by Chained Equations (MICE) algo-
rithm was employed (Buuren et al. 2022), utilizing the R
statistical software. The MICE algorithm outperforms other
methods like inverse distance weighting (IDW) and mul-
tiple linear regressions (MLR) by leveraging the complete
observed values from all stations as predictors for imputing
missing values at a single station (Worku et al. 2018). It gen-
erates multiple imputations for each missing value, incorpo-
rates uncertainties, and calculates standard errors (Buuren et
al. 2022). Outliers in daily Tmax and Tmin were identified
through the quality control procedure using RClimDex 1.1
(Zhang and Yang 2004). Detailed information regarding the
selected meteorological stations is available in Supplemen-
tary Table 1.

2.2.2 GCM’s data

This study evaluates the performance of seven GCMs from
CMIP6 and the Ensemble mean of those GCMs. Table 1 pro-
vides detailed information about these GCMs, whose histor-
ical simulation outputs from 1995 to 2014 were used for this
analysis. The corresponding data are archived and can be
accessed using the following criteria: the Source ID, which
corresponds to the GCM names listed in Table 1; the vari-
ables Tmax and Tmin; Frequency set to daily; and Experi-
mental ID specified as amip-historical. Additionally, each
model’s variant label, which uniquely identifies ensemble
members based on realizations, is critical for locating and
distinguishing the data (Papalexiou et al. 2020).

The selection of GCMs for this study was based on the
proven performance of their CMIP6 phase in simulating
key climate variables (temperature, precipitation, and large-
scale circulation) in different watersheds or basins of Ethio-
pia (Gashaw et al. 2024; Lebeza et al. 2024; Alaminie et
al. 2021), the broader East African region (Gebrechorkos et
al. 2023b), and other global locations (Zabihi and Ahmadi
2024; Shiru and Chung 2021; Karim et al. 2020). For
instance, EC-Earth3-veg, MPI-ESM1-2-LR, and CNRM-
CM6-1 were selected due to their superior ability to simulate

temperature in the Bale Eco-Region (Gashaw et al. 2024).
Similarly, MPI-ESM1-2-LR, BCC-CSM-2-MR, and MRI-
ESM2-0 demonstrated strong performance in the Lake Tana
sub-basin (Lebeza et al. 2024), while MRI-ESM2-0 excelled
in the Upper Blue Nile Basin (Alaminie et al. 2021). In addi-
tion, the selected models have also been widely applied in
previous studies within Ethiopia under CMIPS (Demessie
et al. 2023; Worku et al. 2018). Furthermore, these models
were chosen due to their use in generating high-resolution
climate data for Ethiopia (Gebrechorkos et al. 2023b; Ret-
tie et al. 2023), ensuring their relevance and applicability to
this study’s objectives.

Although the performance of the selected climate models
has been evaluated in previous studies (Woldemariam et al.
2025; Gashaw et al. 2024; Lebeza et al. 2024; Alaminie et
al. 2021), this research is essential because earlier assess-
ments were primarily conducted at watershed or basin scales
within Ethiopia, and thus did not provide a comprehensive
understanding of GCM performance at the national level.
Furthermore, studies conducted in other global regions
such as in Algeria (Belazreg et al. 2022), China (Wang et
al. 2025), and Thailand and nearby areas (Kamworapan et
al. 2021) may not accurately represent climatic conditions
in Ethiopia. In addition, previous evaluations were not per-
formed at the AEZ scale (Gashaw et al. 2024; Lebeza et
al. 2024), focusing instead on areal averages of the study
domains. Given that the performance of climate models can
vary across regions, evaluating these models at different
AEZs is therefore essential to capture spatial variability in
model performance.

2.3 Evaluation methods

The historical outputs of seven CMIP6 GCMs and their
Ensemble mean were assessed for their ability to simulate
Tmax and Tmin across daily to annual temporal scales over
Ethiopia’s five AEZs: desert, tropical, sub-tropical, temper-
ate, and alpine AEZs. Observational data from 37 meteo-
rological stations were used for this evaluation (Fig. 1).
The GCM data for Tmax and Tmin were extracted for each

Table 1 Basic information of the

CMIP6 models Institute Country Resolution Variant
studied CMIP6 GCMs (Lon. by lat.)  label
in degrees
ACCESS-ESM1-5  Australian Community Climate and Australia 1.9°x1.2° rlilplfl
Earth System Simulator
BCC-CSM2-MR Beijing Climate Center (BCC) China 1.1°x1.1° rlilplfl
CNRM-CM6-1 Recherches Météorologiques France 1.4%x1.40 rlilplf2
EC-Earth3-veg EC-Earth-Consortium Sweden 0.7° x 0.7° rlilplfl
MIROC6 Japan Agency for Marine-Earth Science Japan 1.4°x1.4° rlilplfl
and Technology (JAMSTEC)
MPI-ESM1-2-LR Max-Planck-Institute fiir Meteorology =~ Germany 1.9°x1.9° rlilplfl
MRI-ESM2-0 Meteorological Research Institute Japan 1.1°x1.1° rlilplfl
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meteorological station using the CMhyd tool (Rathjens
et al. 2016), which is specifically designed for extracting
and bias-correcting GCM data. In this study, CMhyd was
employed only to extract GCM data corresponding to each
observed climate station. Of the 37 meteorological stations,
20, 7, and 8 are located in the sub-tropical, tropical, and
temperate AEZs, respectively. The alpine and desert AEZs
are each represented by a single meteorological station due
to the unavailability of other stations with long-term data
and minimal missing values in these regions. To represent
each AEZ, the average values of the meteorological stations
within the same AEZ were calculated. Therefore, a point-to-
pixel approach (Gashaw et al. 2024; Lebeza et al. 2024) was
applied to evaluate the performance of the GCMs, ensuring
alignment between station-based observations and the GCM
grid outputs.

This study utilized three statistical metrics to evaluate
the performance of the GCMs: Percent Bias (PBIAS), Root
Mean Square Error (RMSE), and correlation coefficient (r).
The selection of these performance measures is supported
by extensive literature (Cruz-Gonzalez et al. 2025; Hoseini
et al. 2025; Tadase and Tekile 2025; Abdulsahib et al. 2024,
Hassan et al. 2023). For example, Tadase and Tekile (2025)
employed PBIAS, RMSE, and r exclusively to assess the
performance of GCMs. The computations of these metrics
were performed using the “hydroGOF” package (Zam-
brano-Bigiarini et al. 2017) in R software, a widely utilized
tool for performance assessments in many studies (Wolde-
mariam et al. 2025; Gashaw et al. 2024; Lebeza et al. 2024).

PBIAS (Eq. 1) evaluates the tendency of a model to
under- or overestimate observed data, with optimal perfor-
mance indicated by values near zero. A negative PBIAS
value suggests overestimation, while a positive value indi-
cates underestimation. RMSE (Eq. 2) measures the magni-
tude of error between the GCM outputs and observed data,
providing a summary of errors in terms of magnitude. Lower
RMSE values denote a better simulation with reduced error
(Gashaw et al. 2024). The correlation coefficient (r) (Eq. 3)
quantifies the degree of relationship or similarity between
the GCM and observed data. A correlation coefficient of —1
indicates a perfect negative correlation, while+ 1 signifies a
perfect positive correlation between the model outputs and
the observed temperature data. These metrics collectively
provide a robust framework for assessing the performance
of GCMs across spatial and temporal scales.

_ 2 (G=9)

PBIAS = S = x 100 (1)
_ X (@-9)

RMSE = || =" )

o X(G-GG) (8-55)
VX (G -GG T (8- 59)°

)

Where G is the observed temperature, GG is the average
observed temperature, S is the GCM’s temperature estimate,
SS is the average of GCM’s temperature estimate, and N is
the number of data pairs compared.

The GCMs were subsequently ranked based on their abil-
ity to simulate Tmax and Tmin for each of the studied AEZs
and temporal scales. This ranking was conducted using the
three previously mentioned metrics (PBIAS, RMSE, and r)
and applying the Comprehensive Rating Index (CRI), fol-
lowing methodologies outlined in prior studies (Baig et al.
2025; Woldemariam et al. 2025; Gashaw et al. 2024; Leb-
eza et al. 2024; Rivera and Arnould 2020). CRI (Eq. 4) is
a robust and widely adopted ranking method that provides
a comprehensive framework for evaluating and compar-
ing the performance of GCMs across multiple metrics and
conditions.

1
I=1-—3S " RANK;, 4
CR nm Z zflR ( )

Where n is the number of indices used to evaluate model
performance, m is the total number of GCMs. The rank
value of the model with the best performance is assigned as
1. Therefore, the closer to 1 the value of CRI is the better the
model performs. Figure 2 demonstrates the methodological
flows used in this study.

3 Results and discussions
3.1 Performance of GCMs for simulating Tmax

The performance of the seven GCMs and the Ensemble
mean of those GCMs for simulating Tmax from daily to
annual temporal scales during the 1995-2014 period in the
five AEZs of Ethiopia, namely: desert, tropical, sub-trop-
ical, temperate and alpine AEZs are presented in Figs. 3
and 4 and Supplementary Tables 2—4. The results indicated
that the performances of the studied GCMs vary with AEZs
and temporal scales. The top-ranked GCMs for simulating
the daily Tmax over desert AEZ are Ensemble mean, EC-
Earth3-veg and MRI-ESM2-0 while Ensemble mean, MPI-
ESM1-2-LR and EC-Earth3-veg ranked highest over the
tropical AEZ (Fig. 3). Ensemble mean, ACCESS-ESM-1-5
and MPI-ESM1-2-LR in the sub-tropical AEZ, and EC-
Earth3-veg, Ensemble mean and MRI-ESM2-0 over tem-
perate AEZ are the best-performing GCMs for simulating
daily Tmax. The best-performing models over the alpine
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Fig. 2 The methodological flows implemented in our study

AEZ are EC-Earth3-veg, CNRM-CM6-1 and Ensemble
mean. Thus, the Ensemble mean of the studied GCMs is
among the best three datasets for estimating daily Tmax
over the five AEZs of the country. EC-Earth3-veg over the
four AEZs is among the three best GCMs for simulating
daily Tmax. The poorest dataset for estimating daily Tmax
across all AEZs is MIROCS6.

Consistent with the findings of this study, EC-Earth3-
veg has demonstrated strong performance in simulating
daily Tmax over the Bale Eco-Region in southern Ethiopia
(Gashaw et al. 2024). In our study, MPI-ESM1-2-LR is not
among the three best-performing GCMs across most AEZs.
However, this model has shown superior performance over
the Lake Tana sub-basin (Lebeza et al. 2024) and the Bale
Eco-Region (Gashaw et al. 2024). The apparent discrep-
ancy between our findings and previous studies highlights
that the performance of MPI-ESM1-2-LR is likely region-
dependent, shaped by the interaction of local climatic con-
ditions, topography, and atmospheric processes. On the
other hand, MIROC6 consistently exhibited the poorest
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performance across all five AEZs in this study. This result is
supported by previous findings, where MIROC6 was among
the weakest GCMs for simulating daily Tmax in the Lake
Tana sub-basin (Lebeza et al. 2024) and performed poorly
across all scenarios (land-only, sea-only, and combined
land-sea cases) in Thailand (Shiru and Chung 2021).

The best-performing models for simulating Tmax at
the monthly temporal scale include MRI-ESM2-0, EC-
Earth3-veg, BCC-CSM-2-MR and CNRM-CM6-1 over
the desert AEZ, MPI-ESM1-2-LR, BCC-CSM-2-MR and
MRI-ESM2-0 over tropical AEZ, and ACCESS-ESM-1-5,
MPI-ESM1-2-LR and BCC-CSM-2-MR over the sub-trop-
ical AEZ (Fig. 3). The GCMs that are defined as best per-
forming for simulating monthly Tmax over the temperate
AEZ include EC-Earth3-veg, CNRM-CM6-1, MPI-ESM1-
2-LR and MRI-ESM2-0 while EC-Earth3-veg, Ensemble
mean and CNRM-CM6-1are effective GCMs over alpine
AEZ. Thus, EC-Earth3-veg, MPI-ESM1-2-LR and BCC-
CSM-2-MR are among the three best-performing models in
the three AEZs. Unlike the daily time scale, the Ensemble
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Fig. 3 (continued)

mean is not among the three best datasets in the four AEZs.
Similar to its performance on the daily time scale, MIROC6
showed the weakest simulation accuracy on the monthly
time scale across all AEZs.

Aligned with the findings of this study, EC-Earth3-
veg and MPI-ESM1-2-LR are among the best-performing
GCMs for simulating monthly Tmax over the Bale Eco-
Region (Gashaw et al. 2024). Additionally, MPI-ESM1-
2-LR has demonstrated strong performance over the Lake
Tana sub-basin (Lebeza et al. 2024). Similarly, BCC-CSM-
2-MR has been found to perform exceptionally well in the
Rift Valley Basin (Woldemariam et al. 2025). In contrast,
MIROC6, which exhibited poor performance on a daily
temporal scale, also ranks as the weakest GCM for simu-
lating monthly Tmax across the five AEZs in this study
(Fig. 3). This finding is consistent with previous studies in
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Ethiopia (Lebeza et al. 2024) and other regions in the world
(Belazreg et al. 2022), further underscoring its limitations
in temperature simulation. Although the Ensemble mean
was not among the top three models for simulating monthly
Tmax in this study in most AEZs, the Ensemble of 27 mod-
els was ranked among the best-performing models in the
Rift Valley Basin (Woldemariam et al. 2025), underscoring
that the performance of the Ensemble mean varies depend-
ing on the set of models included and the region considered.

Regarding the estimation bias of the studied GCMs across
AEZs, a greater number of GCMs have an underestimation
bias for simulating daily and monthly Tmax over the desert,
tropical, and sub-tropical AEZs (Supplementary Table 2). In
contrast, the entire GCMs in alpine AEZ and the majority/
entire GCMs in the temperate AEZ have overestimation bias
for estimating daily and monthly Tmax. However, a study in
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the Bale Eco-Region indicated that six out of the ten studied
GCMs exhibited overestimation bias during the daily and
monthly Tmax estimates (Gashaw et al. 2024). At both daily
and monthly temporal scales, the alpine AEZ exhibits the
highest extent of biases in simulating Tmax compared to the
other four AEZs (Supplementary Table 2).

The long-term monthly average (1995-2014) Tmax val-
ues of the observed and studied GCMs over the five AEZs
of Ethiopia are demonstrated in Fig. 4. The results indicated
that ACCESS-ESM-1-5 over the desert AEZ and MIROC6
over the remaining four AEZs displayed the highest devia-
tion from the observed Tmax (Fig. 4). Most of the GCMs
underestimated the long-term monthly average Tmax over
the desert and tropical AEZs. In contrast, all GCMs over the

alpine and the majority of GCMs over the temperate AEZs
overestimated the observed Tmax (Fig. 4).

During Bega season, MRI-ESM-2-0, Ensemble mean
and Ec-Earth3-veg over desert AEZ, Ensemble mean, MPI-
ESM1-2-LR and CNRM-CM6-lover tropical AEZ, and
Ensemble mean, MPI-ESM1-2-LR and BCC-CSM2-MR
over the sub-tropical AEZs are the best models for simu-
lating Tmax (Fig. 3). In temperate AEZ, MRI-ESM-2-0,
CNRM-CM6-1 and MPI-ESM1-2-LR ranked from one to
three, respectively. The best-performing models over the
alpine AEZ are MRI-ESM-2-0, Ec-Earth3-veg and Ensem-
ble mean. Thus, the Ensemble mean over the four AEZs, and
MPI-ESM1-2-LR and MRI-ESM-2-0 over the three AEZs
are among the three best-performing climate models for
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Fig. 4 (continued)

simulating Tmax during Bega season. The poor-performing
GCMs include ACCESS-ESM-1-5 and BCC-CSM2-MR
over the desert AEZ, ACCESS-ESM-1-5 and Ec-Earth3-
veg over tropical, Ec-Earth3-veg and MIROC6 over sub-
tropical, and BCC-CSM2-MR and MIROC6 over the
temperate and alpine AEZs.

During Belg season, Ensemble mean, CNRM-CM6-1
and Ec-Earth3-veg in desert AEZ, and Ec-Earth3-veg, MPI-
ESM1-2-LR and Ensemble mean in tropical and sub-tropical
AEZs are the best performing three models (Fig. 3). CNRM-
CM6-1, Ec-Earth3-veg and MRI-ESM-2-0 over temperate
and alpine AEZs showed superior performance. Therefore,
Ec-Earth3-veg over the five AEZs, and CNRM-CM6-1 and
Ensemble mean over the three AEZs are among the three
best climate datasets. The poor-performing GCMs include
MPI-ESM1-2-LR, MRI-ESM-2-0 and ACCESS-ESM-1-5
in desert AEZ, MIROC6 and CNRM-CM6-1 in tropical
and sub-tropical AEZs, MIROC6, ACCESS-ESM-1-5 and
BCC-CSM2-MR in temperate AEZ, and BCC-CSM2-MR
and MIROCS in alpine AEZ (Fig. 3).

During the Kiremt season, GCMs such as CNRM-
CM6-1, MIROC6 and Ensemble mean perform best for
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simulating Tmax during the Kiremt season in desert regions
(Fig. 3). In tropical AEZ, the better models are Ensemble
mean, MPI-ESM1-2-LR and MRI-ESM-2-0. For sub-
tropical AEZ, the best models include MPI-ESM1-2-LR,
ACCESS-ESM-1-5, and BCC-CSM2-MR. CNRM-CM6-1,
MPI-ESM1-2-LR and Ec-Earth3-veg in the temperate AEZ,
and Ec-Earth3-veg, ACCESS-ESM-1-5, and CNRM-
CM6-1 in alpine AEZ stood as the leading best GCMs for
simulating Kiremt season Tmax. The GCMs that exhibited
poor performance for simulating Tmax during Kiremt? sea-
son include ACCESS-ESM-1-5 and MRI-ESM-2-0 over
the desert AEZ, MIROC6 and ACCESS-ESM-1-5 over the
tropical and temperate AEZs, MIROC6 and Ec-Earth3-veg
over sub-tropical AEZ, and MIROC6 and BCC-CSM2-
MR over alpine AEZ (Fig. 3). Hence, CNRM-CM6-1 and
MPI-ESM1-2-LR are the best models for estimating Kiremt
season Tmax over the three AEZs. MIROC6 over the four
AEZs and ACCESS-ESM-1-5 over the three AEZs are the
poorest climate datasets.

Concerning the estimation bias of the GCMs, most GCMs
in desert, tropical and sub-tropical AEZs underestimated
Bega season Tmax (Supplementary Table 3). In contrast,
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most GCMs in the temperate AEZ and all GCMs in alpine
AEZ overestimated Tmax during Bega season. During Belg
season, the majority of GCMs in desert and tropical AEZs
underestimated Tmax, but most GCMs over sub-tropical
and temperate AEZs overestimated Tmax. In alpine AEZ, all
GCMs overestimated the observed Tmax during Belg sea-
son (Supplementary Table 3). During Kiremt, all the studied
GCMs overestimated Tmax over temperate and alpine AEZ
(Supplementary Table 4). In addition, most GCMs over
desert AEZ overestimated Tmax, but most GCMs underes-
timated the Kiremt season Tmax in tropical and sub-tropical
AEZs. In general, the findings indicated a higher estimation
bias in climate models over the alpine AEZ during the Bega,
Belg, and Kiremt seasons (Supplementary Tables 3—4).

At annual time scale, the leading best-performing GCMs
for simulating Tmax are MRI-ESM-2-0, Ensemble mean
and CNRM-CM6-1 over desert AEZ, Ensemble mean, MPI-
ESM1-2-LR and MRI-ESM-2-0 in tropical AEZ, Ensemble
mean, MPI-ESM1-2-LR and ACCESS-ESM-1-5 over
sub-tropical AEZ (Fig. 3). CNRM-CM6-1, MRI-ESM-2-0,
Ec-Earth3-veg, MPI-ESM1-2-LR and Ensemble mean in
temperate AEZ, and CNRM-CM6-1, Ec-Earth3-veg, MPI-
ESM1-2-LR, and MRI-ESM-2-0 over the alpine AEZ are the
other best-performing climate models. The GCMs with poor
simulation performance include ACCESS-ESM-1-5 and
BCC-CSM2-MR in the desert, Ec-Earth3-veg and MIROC6
in sub-tropical AEZ, and BCC-CSM2-MR and MIROC6
over tropical, temperate and alpine AEZs (Fig. 3). In gen-
eral, MRI-ESM-2-0, Ensemble mean and MPI-ESM1-2-LR
over four AEZs, and CNRM-CM6-1 over three AEZs are
among the best three GCMs for simulating annual Tmax.
On the other hand, BCC-CSM2-MR and MIROCG6 are the
poor-performing GCMs in the four AEZs of the country.
Related to the findings of our study, the better performance
of CNRM-CM6-1 and the poor performance of MIROC6
were reported over Thailand (Kamworapan et al. 2021).
Likewise, the better performance of the Ensemble mean of
18 GCMs for estimating annual Tmax was also reported in
Bangladesh (Kamruzzaman et al. 2023). The poor perfor-
mance of MIROC6 was also stated over the Lake Tana sub-
basin in Ethiopia (Lebeza et al. 2024).

Concerning the estimation bias of the studied GCMs for
simulating annual Tmax, the finding revealed that the major-
ity of the GCMs over the desert, tropical, and sub-tropical
AEZs exhibited an underestimation bias (Supplementary
Table 4). In contrast, the analyzed GCMs displayed an over-
estimation bias in temperate and alpine AEZs. A study in the
Bale Eco-Region, which took the areal average values of the
GCMs and observed data, indicated that most of the studied
GCMs overestimated annual Tmax (Gashaw et al. 2024).
Thus, the findings from this study clearly indicated that per-
formance evaluations of GCMs over the different AEZs are

imperative to identify the direction of the estimation biases
of the GCMs, which will provide inputs for future model
development. Like the daily, monthly and seasonal temporal
scales, the greatest estimation bias of the GCMs is obtained
over the alpine AEZ (Supplementary Table 4).

The finding also indicated that there are significant differ-
ences between the models, and no single model could ade-
quately represent every characteristic of the observational
datasets. For example, CNRM-CM6-1, which ranked first
for Belg season Tmax over alpine and temperate, showed
lowest ranking over the sub-tropical AEZ (Fig. 3). Similarly,
ACCESS-ESM-1-5, which is a leading GCM for simulat-
ing monthly Tmax over the sub-tropical AEZ of Ethiopia,
is among the lowest performing GCMs over the desert AEZ
(Fig. 3). Moreover, MIROC6, which is one the poorest per-
forming models for simulating daily and monthly Tmax in
the entire AEZs of the country, is among the best three mod-
els for simulating Kiremt season Tmax over the desert AEZ.
Furthermore, EC-Earth3-veg is one of the top three per-
forming GCMs for simulating daily Tmax across the alpine,
temperate, tropical and desert AEZs and monthly Tmax in
the three AEZs. However, it performs poorly in simulating
the Bega season in both tropical and sub-tropical AEZs. Our
results are in agreement with the findings reported for the
Middle Awash sub-basin (Tesfaye et al. 2023), which indi-
cated that no single GCM could accurately reproduce the
spatial pattern in different temporal scales.

Therefore, it is essential to evaluate climate models to
identify the most accurate ones tailored to specific AEZs
and temporal scales. The inconsistency of GCMs in sim-
ulating Tmax across different AEZs can be attributed to
various factors. One potential explanation is the quality of
the observed data, which may be compromised by inho-
mogeneities caused by station malfunctions, changes in
measurement techniques, station relocations, or evolving
environmental conditions over time (Ducré-Robitaille et al.
2003). Another critical factor is the influence of topography
and climatic variability. Research conducted in the Tibetan
Plateau (Lun et al. 2021) highlighted significant differences
in how GCMs simulated various climatic variables, under-
scoring the impact of complex terrain. Similarly, Ethiopia’s
rugged topography and substantial altitudinal variations are
likely to influence the performance of GCMs across differ-
ent AEZs, further emphasizing the need for region-specific
evaluations.

3.2 Performance of GCMs for simulating Tmin
The performances of the studied GCMs for simulating
Tmin at different temporal scales over the five AEZs of

the country are shown in Figs. 3 and 4 and Supplemen-
tary Tables 5-7. The result indicated that Ensemble mean,
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BCC-CSM-2-MR and CNRM-CM6-1 are the top-ranking
GCMs for daily Tmin across the desert and temperate AEZs
while Ensemble mean, ACCESS-ESM-1-5 and EC-Earth3-
veg record the highest over the tropical AEZ (Fig. 3).
CNRM-CM6-1, EC-Earth3-veg, and BCC-CSM-2-MR in
sub-tropical AEZ are the top-performing GCMs for simulat-
ing daily Tmin. The best-performing GCMs for simulating
daily Tmin over alpine AEZ include CNRM-CM6-1, BCC-
CSM-2-MR, MRI-ESM2-0 and Ensemble mean. Therefore,
CNRM-CM6-1 and BCC-CSM-2-MR over four AEZs, and
Ensemble mean over three AEZs are among the three top
performing datasets for estimating daily Tmin. Like Tmax,
the poorest performing GCM for simulating daily Tmin
across all AEZs is MIROCG (Fig. 3).

The top-ranking GCMs for monthly Tmin in the alpine,
temperate and desert AEZs include CNRM-CM6-1, BCC-
CSM-2-MR, and Ensemble mean, while the GCMs with
the greatest rankings across tropical AEZ are Ensemble
mean, CNRM-CM6-1, ACCESS-ESM-1-5 and EC-Earth3-
veg (Fig. 3). In the sub-tropical AEZ, CNRM-CM6-1,
BCC-CSM-2-MR and EC-Earth3-veg exhibited the high-
est performance for simulating monthly Tmin. In general,
CNRM-CM6-1 is one of the three best-performing GCMs
for simulating monthly Tmin over the five AEZs while
BCC-CSM-2-MR and Ensemble mean are among the
top three outclassing GCMs over the four AEZs (Fig. 3).
MIROCSE is the poorest performing GCM for monthly Tmin
across all AEZs.

Consistent with the findings of this study, CNRM-CM6-1
ranks among the top-performing GCMs for simulating both
daily and monthly Tmin over the Bale Eco-Region in Ethio-
pia (Gashaw et al. 2024). Similarly, BCC-CSM-2-MR and
CNRM-CM6-1 are identified as two of the four best-per-
forming GCMs for estimating monthly Tmin in the Rift Val-
ley Lakes Basin (Woldemariam et al. 2025). Furthermore,
CNRM-CM6-1 has been reported as the highest-performing
GCM for simulating daily Tmin over Thailand (Shiru and
Chung 2021). Similarly, the Ensemble mean of 27 GCMs
is among the top performers for simulating monthly Tmin
in the Central Rift Valley region of Ethiopia (Woldemar-
iam et al. 2025). Although MRI-ESM2-0 is not among the
three best climate models in any of the AEZs for estimating
monthly Tmin in our study, it is recognized as one of the
top-performing GCMs in Ethiopia’s Upper Blue Nile Basin
(Alaminie et al. 2021). Conversely, the poor performance of
MIROCS6 in simulating monthly Tmin in this study aligns
with findings from the Lake Tana sub-basin, where it was
also identified as a weak performer (Lebeza et al. 2024).

Most studied GCMs underestimated Tmin over the desert
AEZ, while many GCMs overestimated it over the tropical
AEZ on daily and monthly temporal scales (Supplemen-
tary Table 5). In sub-tropical, temperate, and alpine AEZs,
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the entire GCMs illustrated an overestimation bias when
simulating daily and monthly Tmin. In alignment with the
findings of this study, an evaluation of 13 CMIP6 GCMs
conducted across East Africa-including Kenya, Rwanda,
Tanzania, Uganda, and Burundi-indicated that most GCMs
tended to overestimate daily Tmin, with only a few instances
of underestimation (Ayugi et al. 2021). Similarly, a study
conducted in the Bale Eco-Region of Ethiopia found that the
majority of the evaluated GCMs overestimated both daily
and monthly Tmin during the 1995-2014 period (Gashaw
et al. 2024). Compared to the remaining four AEZs, the
greatest estimation bias of the GCMs for simulating daily
and monthly Tmin in our study was attained over the alpine
AEZ (Supplementary Table 5).

The long-term monthly average Tmin (1995-2014) val-
ues of the observed dataset and studied GCMs are depicted
in Fig. 4. As illustrated in the graph, CNRM-CM6-1, EC-
Earth3-veg, the Ensemble mean and BCC-CSM-2-MR
closely align with the observed monthly average Tmin
over the desert AEZ during the June-September period. In
the sub-tropical and temperate AEZs, CNRM-CM6-1, EC-
Earth3-veg, and BCC-CSM-2-MR show closer agreement
with observations across most months. Similarly, over the
alpine AEZ, these three models demonstrate better corre-
spondence with observed Tmin during June-September.
Except for CNRM-CM6-1 for temperate AEZ in January,
all GCMs overestimate the monthly average Tmin for all
months over sub-tropical, temperate, and alpine AEZs.
Across the desert and tropical AEZs, some GCMs exhib-
ited underestimation biases, whereas the remaining models
showed overestimation biases. Overall AEZs, MIROCG is
far from the observed line graph, hence not recommended
for all months.

During Bega season, Ec-Earth3-veg, Ensemble mean and
CNRM-CM6-1 over desert, BCC-CSM2-MR, Ensemble
mean and CNRM-CM6-1 over tropical, and Ec-Earth3-veg,
BCC-CSM2-MR and CNRM-CM6-1 over sub-tropical and
temperate AEZs are the best-performing GCMs for simulat-
ing Tmin (Fig. 3). The climate models that showed lead-
ing performance for simulating Tmin during Bega season
over the alpine AEZ are CNRM-CM6-1, Ec-Earth3-veg,
MRI-ESM2-0 and ACCESS-ESM-1-5. Therefore, CNRM-
CM6-1, Ec-Earth3-veg and BCC-CSM2-MR over the five,
four and three AEZs, respectively, are among the three
best-performing GCMs for simulating Bega season Tmin.
Similar to our study, CNRM-CM6-1 and Ec-Earth3-veg are
among the best-performing GCMs in the Bale Eco-Region
(Gashaw et al. 2024). BCC-CSM2-MR and MIROC6 over
desert AEZ, MPI-ESM1-2-LR and MIROCG6 over tropical,
MIROC6, MPI-ESM1-2-LR and ACCESS-ESM-1-5 over
sub-tropical, MIROC6 and ACCESS-ESM-1-5 over tem-
perate, MIROC6, MPI-ESM1-2-LR and BCC-CSM2-MR
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over alpine AEZs are the poor-performing GCMs (Fig. 3).
Thus, MIROCG6 over the five AEZs and MPI-ESM1-2-LR
over the three AEZs are among the poorly performing GCMs
for simulating Tmin during Bega season. Comparable to our
finding, the poor-performance of MIROC6 for simulating
dry season Tmin was reported over the Lake Tana sub-basin
(Lebeza et al. 2024).

On the other hand, the best performing GCMs for
simulating Belg season Tmin include CNRM-CM6-1,
Ensemble mean and MPI-ESM1-2-LR over desert AEZ,
ACCESS-ESM-1-5, Ensemble mean, CNRM-CM6-1 and
Ec-Earth3-veg over tropical AEZ, and CNRM-CM6-1,
BCC-CSM2-MR, and MRI-ESM-2-0 over sub-tropical and
alpine AEZs (Fig. 3). The GCMs that displayed better per-
formance for estimating Tmin over the temperate AEZ are
CNRM-CM6-1, BCC-CSM2-MR, Ec-Earth3-veg, MRI-
ESM-2-0 and Ensemble mean. Thus, CNRM-CM6-1 over
the five AEZs, and Ensemble mean, BCC-CSM2-MR and
MRI-ESM-2-0 over the three AEZs are among the three best
preforming models for simulating Tmin during Belg season.
The least performing GCMs during Belg season over the
tropical, sub-tropical, temperate, and alpine AEZs include
MIROC6 and MPI-ESM1-2-LR. In addition, ACCESS-
ESM-1-5 and MRI-ESM-2-0 over the desert AEZ are also
the poor-performing GCMs during this season (Fig. 3).

The best-performing GCMs for simulating Tmin dur-
ing Kiremt season over desert AEZ are BCC-CSM2-MR,
Ensemble mean, CNRM-CM6-1 and Ec-Earth3-veg while
Ec-Earth3-veg, CNRM-CM6-1 and Ensemble mean are
leading performing models in tropical and temperate
AEZs (Fig. 3). The other leading climate models include
Ec-Earth3-veg, CNRM-CM6-1 and BCC-CSM2-MR over
sub-tropical AEZ, and Ec-Earth3-veg, CNRM-CM6-1 and
MRI-ESM-2-0 over alpine AEZ (Fig. 3). Therefore, Ec-
Earth3-veg and CNRM-CM6-1 over the five AEZs, and the
Ensemble mean over the three AEZs are among the three
best datasets for simulating Kiremt season Tmin. Similarly,
Ec-Earth3-veg and CNRM-CM6-1are also among the best-
performing GCMs for simulating wet rainy season Tmin
over the Bale Eco-Region, Ethiopia (Gashaw et al. 2024).
In contrast, MIROC6 over the tropical, sub-tropical, tem-
perate, and alpine AEZs and ACCESS-ESM-1-5 in the des-
ert AEZ are the poorest-performing GCMs for simulating
Tmin during Kiremt season (Fig. 3). Likewise, the poor per-
formance of MIROCS6 for simulating Tmin during the main
rainy season was also reported over the Lake Tana sub-basin
(Lebeza et al. 2024).

Concerning the estimation bias of the GCMs for esti-
mating Tmin during the three seasons, all GCMs, except
CNRM-CM6-1 in sub-tropical and BCC-CSM2-MR in
alpine AEZs during Bega season, overestimated Bega, Belg
and Kiremt seasons Tmin over the sub-tropical, temperate

and alpine AEZs (Supplementary Tables 6—7). Over the des-
ert and tropical AEZs, half of the GCMs overestimated while
the remaining half of them had underestimation bias during
Bega season, but the majority of GCMs overestimated Tmin
during Kiremt season (Supplementary Tables 6—7). For Belg
season, most GCMs underestimated Tmin over the desert
AEZ, while a large number of GCMs overestimated Tmin
over the tropical AEZ (Supplementary Table 6). Our finding
is related to the results reported for the Bale Eco-Region,
which indicated an overestimation of most GCMs for simu-
lating seasonal Tmin (Gashaw et al. 2024). In all three sea-
sons, the highest number of estimation bias was recorded
over the alpine AEZ. In addition, the estimation bias of the
GCMs is greater in the temperate AEZ during Kiremt season
compared to the desert, tropical, and sub-tropical AEZs.

For simulating annual Tmin, Ec-Earth3-veg, Ensem-
ble mean, BCC-CSM2-MR over desert, Ec-Earth3-veg,
ACCESS-ESM-1-5 and Ensemble mean over tropical,
Ec-Earth3-veg, BCC-CSM2-MR and CNRM-CM6-1 over
sub-tropical and temperate, and BCC-CSM2-MR, CNRM-
CM6-1 and Ensemble mean over alpine AEZs are the top
performing GCMs (Fig. 3). Therefore, Ec-Earth3-veg and
BCC-CSM2-MR over four, and Ensemble mean over the
three AEZs are among the three best performing datasets
for estimating annual Tmin. Aligned with the findings of
our study, Ec-Earth3-veg has also shown superior perfor-
mance over the Bale Eco-Region (Gashaw et al. 2024).
The poor-performing GCMs are MIROC6 and MPI-ESM1-
2-LR over the tropical, sub-tropical and alpine AEZs, and
MIROC6 and ACCESS-ESM-1-5 over the desert and tem-
perate AEZs. Likewise, ACCESS-ESM-1-5 is also among
the poorest performing GCMs over the Bale Eco-Region
(Gashaw et al. 2024). Similarly, the superior performance
of the Ensemble mean of 18 GCMs in estimating annual
Tmax was also reported in Bangladesh (Kamruzzaman et al.
2023). In addition, MIROCS6 is among the poor-performing
GCMs for simulating Tmin over the Lake Tana sub-basin at
an annual temporal scale (Lebeza et al. 2024).

Regarding the estimation bias of the considered GCMs
for simulating annual Tmin, all GCMs over the sub-tropi-
cal, temperate, and alpine AEZs and most GCMs over the
tropical AEZs have overestimated annual Tmin (Supple-
mentary Table 7). In the desert AEZ, half of them exhibited
overestimation bias while the remaining half of the GCMs
demonstrated underestimation bias. Likewise, the overesti-
mation of most GCMs for simulating annual Tmin was also
reported over the Bale Eco-Region (Gashaw et al. 2024).
Compared to the remaining AEZs, the estimation bias is
generally higher in the alpine AEZ. The result also indi-
cated that, except for CNRM-CM6-1 over temperate AEZ,
the estimation bias is greater in temperate AEZ compared
to desert, tropical and sub-tropical AEZs (Supplementary
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Table 7). Therefore, the result indicated the presence of
greater estimation bias in high altitude areas.

3.3 Implications of the findings

Our study found that no single model consistently per-
formed well in simulating both Tmax and Tmin across
the studied spatial and temporal scales, a result consistent
with previous studies conducted in Ethiopia (Legass et al.
2025; Gashaw et al. 2024; Lebeza et al. 2024; Demessie
et al. 2023) and other regions globally (Cruz-Gonzalez et
al. 2025). Consequently, Gashaw et al. (2024) identified the
best-performing climate models for Tmax and Tmin sepa-
rately for their future climate change analysis of the Bale
Eco-Region, while Legass et al. (2025) adopted a similar
approach for the Awash Basin. The primary reason a climate
model may perform well in estimating Tmax but poorly for
Tmin, or vice versa, may be attributed to its representation
of cloud processes (Chen et al. 2022; Lobell et al. 2007).
These findings underscore the importance of using the
best-performing models for Tmax and Tmin in analyzing
a future climate. Employing the same GCM for both vari-
ables without performance assessment could introduce sig-
nificant uncertainties in future climate projections. This, in
turn, could affect the reliability of studies on climate change
impacts on critical sectors such as water resources, agricul-
ture, sediment transport, and ecosystem services, as well as
efforts to climate-resilient modeling.

The Ensemble mean of the evaluated GCMs failed to dem-
onstrate superior performance across some temporal scales
and AEZs. Specifically, the Ensemble mean is not among
the three best climate models for estimating Tmax across
most AEZs for monthly and Kiremt temporal scales, and for
simulating Tmin during Bega season. This may be due to
the fact that the Ensemble mean contains all the 7 climate
models studied, including the lowest performing GCMs
such as MIROCS6, for Tmax and Tmin across most AEZs
and temporal scales. Therefore, using the Ensemble mean
of all climate models for climate change analysis without
prior performance evaluation could introduce greater uncer-
tainties compared to employing the Ensemble mean of the
best-performing models. In this context, Woldemariam et al.
(2025) found that, in the Rift Valley Lake Basin of Ethiopia,
the Ensemble mean of 27 CMIP6 GCMs underperformed
compared to the Ensemble mean of the four best-perform-
ing models for estimating Tmax and Tmin. In addition,
Berhanu et al. (2023) reported that, for simulating rainfall
over Ethiopia, the Ensemble mean of four selected models
outperformed the Ensemble mean of all models. Moreover,
Yang et al. (2023) reported that the Ensemble mean of all
models for future climate change analysis should be used
with caution, as it may incorporate information from poorly
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performing models. This highlights the importance of
selecting and prioritizing well-performing models to ensure
more reliable and accurate climate change projections.

Given the variability in GCM performance across AEZs,
using the same set of models for future climate analyses in
studies that rely on point-based data, such as most hydro-
logical models, across an entire region may introduce sub-
stantial uncertainty. Instead, selecting the best-performing
climate models for each specific region would provide more
reliable projections. For grid-based studies such as coun-
try-level studies, it would be more appropriate to use the
Ensemble mean of the best-performing models from differ-
ent regions, ensuring a more nuanced and accurate repre-
sentation. Similarly, as the performance of climate models
varies across temporal scales, employing a single model for
an entire temporal scale without prior performance assess-
ment can introduce significant uncertainties. Selecting the
best-performing models for each temporal scale, depending
on the study’s objectives, is a more robust approach. For
studies spanning multiple temporal scales or the entire tem-
poral range, using the Ensemble mean of the best-perform-
ing models for each temporal scale is advisable (Gashaw
et al. 2024). This approach ensures greater accuracy and
reduces uncertainties in climate projections.

3.4 Limitations and contributions of the study

A key limitation of this study is the reliance on a relatively
small number of meteorological stations to represent a
country spanning ~ 1.12 million km?. This limitation arises
primarily from the criterion of permitting no more than
25% missing data. Furthermore, the selection of stations
was influenced by the corresponding authors’ familiar-
ity with specific locations. Similar challenges have been
reported in many temperature studies conducted in Ethio-
pia, where reliance on a relatively small number of meteo-
rological stations has been common due to data availability
constraints (Tadesse et al. 2025; Gashaw et al. 2023; Tes-
faye et al. 2017). For example, Gashaw et al. (2023) and
Tadesse et al. (2025) used the same number of meteoro-
logical stations for their study in Ethiopia. In addition,
Tesfaye et al. (2017) also used data from 15 meteorologi-
cal stations to evaluate gridded temperature products in
Ethiopia. However, if there are many stations that contain
less than 25% missing values and the selection of stations
is not influenced by the corresponding authors’ familiarity
with specific locations, incorporating additional stations,
selected to represent the spatial coverage of the country,
can improve the strength of the findings when evaluating
the performance of CMIP6 GCMs. The evaluation of the
climate models merely using station data is also another
limitation of the study.



Evaluating the performance of selected CMIP6 GCMs for simulations of historical temperature over Ethiopia

Page 150f 19 121

Another limitation relates to the number of GCMs
employed in this study. It is noted that our evaluation
assessed the performance of these models across six tempo-
ral scales (daily, monthly, Bega, Belg, Kiremt, and annual),
five AEZs (desert, tropical, sub-tropical, temperate, and
alpine), and for Tmax and Tmin separately. Given this mul-
tidimensional evaluation framework, the decision to focus
on a smaller set of models was deliberate, as expanding the
number of GCMs would considerably increase analytical
complexity. Unlike many previous studies that were con-
ducted without considering AEZs scale (Gashaw et al. 2024;
Lebeza et al. 2024; Alaminie et al. 2021) and focused on
a few of the temporal scales, our study provides a more
comprehensive assessment by covering the full temporal
spectrum, multiple AEZs, and separate analyses of Tmax
and Tmin. However, considering that more than 40 CMIP6
GCMs are available, evaluating the full suite of models, or
at least more than half of them, would further enhance the
robustness of the findings. In addition, this study did not
assess the performance of CMIP6 GCMs for rainfall, which
represents another limitation. Conducting evaluations for
Tmax and Tmin alongside precipitation would provide a
more complete assessment, especially given that models
performing well for temperature variables may not neces-
sarily exhibit similar skill in simulating precipitation.

Another limitation of this study is that we did not sepa-
rately evaluate the performance of the best-performing
GCMs. Conducting evaluations of the raw GCMs, the
Ensemble mean of all models, and the Ensemble mean
derived only from the best-performing GCMs together
would provide quantitative evidence on whether the Ensem-
ble mean of the best-performing models typically outper-
forms or underperforms the Ensemble mean of all models.
Further, the lack of exploration for Regional Climate Mod-
els (RCM), mainly the Coordinated Regional Climate
Downscaling Experiment (CORDEX)-Africa runs, which
were downscaling CMIP6 models, is another limitation of
the study. However, because RCMs better capture local
climatic processes than GCMs, evaluating the downscaled
GCMs used to drive the CORDEX RCMs would offer more
meaningful guidance for future climate studies than assess-
ments based solely on the raw CMIP6 GCMs.

Despite these limitations, this study makes important
contributions. It demonstrates the performance of multi-
ple datasets across different temporal scales and evaluates
climate models within distinct AEZs, highlighting perfor-
mance variations across regions and temporal scales. The
findings underscore the importance of carefully assessing
climate models for specific temporal scales and locations.
Furthermore, the study emphasizes the need to evaluate cli-
mate models separately for Tmax and Tmin, offering valu-
able insights for future climate research and applications.

4 Conclusion

This study evaluated the performance of seven CMIP6
GCMs and their Ensemble mean in simulating historical
(1995-2014) Tmax and Tmin across Ethiopia’s five AEZs
on daily to annual temporal scales. The analysis revealed
significant variations in GCM performance across differ-
ent AEZs and time scales. For instance, EC-Earth3-veg
emerged as one of the best-performing models for simulat-
ing daily, monthly, and Belg season Tmax across temperate,
alpine and desert AEZs. However, it performed poorly in
simulating Tmax during the Bega season over tropical and
sub-tropical AEZs and Kiremt season Tmax over sub-tropi-
cal AEZ. Conversely, while MIROCS6 is one of the poorest-
performing GCMs for simulating daily and monthly Tmax
across all AEZs, it demonstrated strong performance for
simulating Tmax during Kiremt season in the desert AEZ.

The results of this study revealed that the Ensemble mean
and EC-Earth3-veg models at the daily scale, and EC-Earth3-
veg, MPI-ESM1-2-LR and BCC-CSM2-MR at the monthly
scale, are among the most reliable GCMs for estimating
Tmax across most AEZs. Furthermore, Ensemble mean,
MPI-ESM1-2-LR and MRI-ESM2-0 during the Bega season,
EC-Earth3-veg, CNRM-CM6-1 and Ensemble mean during
the Belg season, CNRM-CM6-1 and MPI-ESM1-2-LR dur-
ing the Kiremt season, and MRI-ESM2-0, Ensemble mean,
MPI-ESM1-2-LR and CNRM-CM6-1 at the annual scale
performed best for Tmax estimation in most AEZs. Similarly,
for Tmin, the CNRM-CM6-1, BCC-CSM2-MR and Ensem-
ble mean models demonstrated superior performance at both
daily and monthly time scales across the majority AEZs.
The CNRM-CM6-1, EC-Earth3-veg and BCC-CSM2-MR
models during the Bega season, CNRM-CM6-1, Ensemble
mean, BCC-CSM2-MR and MRI-ESM2-0 during the Belg
season, EC-Earth3-veg, CNRM-CM6-1 and Ensemble mean
during the Kiremt season, and EC-Earth3-veg, BCC-CSM2-
MR and Ensemble mean at the annual scale performed best
in most AEZs. In contrast, MIROC6 consistently exhibited
the weakest performance in simulating both Tmax and Tmin
across most AEZs and temporal scales.

The findings indicated that one of the best models for
simulating Tmax in tropical and sub-tropical AEZs, the MPI-
ESM1-2-LR, performed poorly when simulating Tmin over
most studied temporal scales (daily to annual). This find-
ing suggests the need to evaluate climate models for Tmax
and Tmin independently. Additionally, the study found that
biases in simulating both Tmax and Tmin were relatively
higher in alpine AEZs compared to other regions, highlight-
ing the challenges climate models face in accurately cap-
turing temperature dynamics in high-elevation areas. This
finding calls for further research to understand the underly-
ing reasons for these biases in mountainous areas.
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The findings indicate that the Ensemble mean of the
evaluated GCMs did not consistently achieve superior
performance across certain temporal scales and AEZs.
Consequently, relying on the Ensemble mean of all mod-
els may introduce greater uncertainty compared to using
an Ensemble mean based solely on the best-performing
models. The identified top-performing CMIP6 mod-
els serve as valuable tools for assessing climate change
impacts and developing region- and season-specific
adaptation strategies in Ethiopia. For studies encom-
passing the entire country and multiple temporal scales,
employing the ensemble of the best-performing GCMs
is recommended, given the variability in model perfor-
mance across AEZs and time periods. These results pro-
vide practical guidance for climatologists, hydrologists,
and water resource managers in selecting suitable GCMs
for sectoral applications and offer a useful reference for
regions with hydro-meteorological conditions similar to
Ethiopia. Climate models that perform well for Tmax or
Tmin may not necessarily perform well for precipitation.
Therefore, this study recommends further research focus-
ing on the evaluation of CMIP6 GCMs for precipitation,
Tmax, and Tmin.
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