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GENERAL ABSTRACT 

Climate change is one of the most significant challenges of the 21st century. Ethiopia is 

particularly vulnerable to climate change and variability because its economy relies heavily on 

climate-sensitive agriculture and has low adaptive capacity. The semi-arid agricultural 

landscapes of Ethiopia are increasingly affected by climate change, which poses significant 

challenges to staple crop production, including dry beans (Phaseolus vulgaris L.), an essential 

source of food and income. Investigating temporal and spatial changes in climate is crucial to 

assessing the impacts of climate change and identifying potential adaptation options. 

Understanding the effects of climate change and developing adaptation strategies are necessary 

to mitigate risks and sustain agricultural production. 

Most previous studies in the northeastern regions of Ethiopia have focused on short-term field 

experiments, neglecting the long-term climate variability and future climate scenarios. 

Traditional agronomic research is often time-consuming, location-specific, and resource-

intensive, which limits its ability to meet the growing demand for sustainable agricultural 
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in the Belg season were significant contributors to crop failures in the semi-arid regions of 

northeastern Ethiopia.  

Future projections indicate significant increasing trends in mean annual and seasonal rainfall and 

temperature across all periods and climate scenarios. Annual rainfall is projected to increase by 

7.77% to 13.74% under the SSP2-4.5, and 14.02% to 28.48% under the SSP5-8.5 scenario in the 

2040s and 2080s, respectively in eastern Amhara, northeastern Ethiopia. The mean annual 

temperature is expected to rise by 1.27 °C and 1.61 °C in the 2040s and by 2.21 °C and 3.92 °C 

in the 2080s under the SSP2-4.5 and SSP5-8.5 scenarios, respectively. The projected Kiremt 

season rainfall shows increasing trends, while the Belg season rainfall is expected to decrease 

under both climate scenarios and periods. Regarding spatial distribution, the most significant 

increases in rainfall and temperature are expected in the western and central parts of the study 

region.  Overall, the rise in rainfall and temperature is projected to be greater under the SSP5-8.5 

scenario compared to SSP2-4.5 across the study region. These findings identify specific regional 

hotspots that can inform potential adaptation and mitigation strategies to sustain agricultural 

production. 

All assessed rainfall extreme indices, except for extreme wet (R99p) in the baseline and 

consecutive dry day (CDD) under SSP2-4.5 and SSP5-8.5, showed significant increasing trends 

with erratic variation. Consecutive dry day (CDD),  number of heavy days (R10mm), very wet 

(R95p) and extremely wet day (R99p)showed high variation (>31%), whereas maximum one-day 

(RX1day) and consecutive five days (RX5 days), simple daily intensity index (SDII), 

consecutive wet day and annual total wet day (PRCPTOT) showed low (CV<20%) in the current 

and future projections. The western and central parts received maximum PRCPTOT, R1ady, 

R5day, SDII, R10mm, very heavy days (R20mm), CWD, moderate wet (R75p), heavy wet 

(R90p), and R99p with upward trends. Likewise, to rainfall extremes, all examined temperature 

indices like annual mean maximum temperature (TMAXmean), annual mean minimum 

temperature (TNmean), Max Tmax (TXx), Min Tmax (TXn), Max Tmin (TNx), Min Tmin 

(TNn), Summer days (SU25), cold spell duration indicator (CSDI), and warm spell duration 

indicator (WSDI), and warm day (TX90p) showed increasing trends, except for warm night 

(TN90p), cool day (TX10p), cool night (TN10p). Among these, TXmean and TNmean had 

moderate values with low variability (CV < 20%). WSDI, TX10p, TX90p, CSDI, TN10p, and 

TN90p had low levels with high variability (CV > 30%) across periods and scenarios. Increasing 
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impact on grain yield, a long-duration cultivar with high plant density, and the interaction 

between late sowing date and supplemental irrigation with the same cultivar, played a decisive 

positive adaptation role across climate periods and scenarios. To optimize dry bean productivity 

amid changing climatic conditions, it is recommended to introduce long-duration cultivars, 

increase plant density, delay sowing dates, and use supplemental irrigation. Because, the 

combination of long-duration cultivars, delay sowing dates, and use supplemental irrigation may 

enhance dry bean productivities by  43.5% in the current, 36.4% and 35.8% in the 2040s, as well 

as 35.6% and 35.6% in the 2080s under SSP2-4.5 and SSP5-8.5, respectively. Similarly, an 

interaction of high plant density and long-duration cultivars, whether applied individually or in 

combination, consistently outperformed conventional practices in terms of grain yield. 

Specifically, their combined application yielded improvements of 36.9% under baseline 

conditions, 32.7% in the 2040s, and up to 30.3% in the 2080s in the above respective climate 

scenarios.  

These findings highlight the need to implement integrated agronomic strategies tailored to 

evolving climate conditions. In conclusion, adopting a combination of late planting dates, long-

duration cultivars, supplemental irrigation, and high-density planting with these genotypes 

presents a promising strategy for stabilizing dry bean yields and ensuring food security in 

vulnerable regions, such as northeastern Ethiopia. Future research should include sensitivity 

analyses of other environmental and management factors like soil types, pest pressures, and 

nutrient availability to improve model applicability and support resilient agricultural planning. 

We also recommend using a multi-model ensemble approach to cross-validate findings and 

expanding field experiments to capture broader environmental variability. Integrating crop 

modeling with socioeconomic surveys will be essential to address adoption barriers. These steps 

will enhance the robustness of results and provide more reliable recommendations for optimizing 

dry bean production under diverse conditions. 

Keywords: Climate change adaptation, climate changes, climate variabilities, climate trends, 

climate impacts, DSSAT, Ethiopia 
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m.a.s.l. (Worku et al., 2022).  The lowland areas are known for warm to hot arid climates, while 

the highland regions are characterized by cool to cold sub-humid (humid) climates (Worku et al., 

2022). As the Region's most prominent and complex geographical factor, topography is an 

important source of spatiotemporal environmental heterogeneity. It influences temperature, 

rainfall, wind speed, and evapotranspiration changes, which are spatially redistributed and can 

cause local environmental changes (Auslander et al., 2003). Topographic factors regulate soil 

conditions, form microclimate zones, and affect vegetation growth and water availability at small 

scales across regions (Ali et al., 2019; Jucker et al., 2018). 

In addition to complex topography, the country's climate is influenced by seasonal migration. In 

this Region, the northeast and southeast trade winds converge as the overhead sun shifts north 

and south of the equator (Climate et al., 2022; Nicholson, 2017). The seasonal movement of the 

ITCZ is therefore responsible for the occurrence of dry and wet conditions across the country 

during different seasons. Its geographic position is also close to the equator and the Indian Ocean 

(Segele et al., 2009a). For this reason, the country is subjected to significant spatiotemporal 

climate changes and variabilities (Fazzini et al., 2015). The diversified climate states have 

significant socio-economic and environmental opportunities. However, empirical evidence has 

been warning that the present global climate change has shocked the ecological and livelihood 

systems of the country (Ofgeha & Abshire, 2021b), and the study region is no exception. 

Climate change and variability are emerging as the foremost environmental problems in the 21st 

century, particularly in developing countries (Birara et al., 2018; Reidmiller et al., 2018), whose 

economic activities depend on climate-sensitive sectors (Worku, 2021; Mesfin et al., 2020). Loss 

of agricultural productivity due to climate change is estimated to be 3%-16% worldwide, 17%-

28% in Africa (Bezu, 2020), and 2.5%-6% in Ethiopia (Zewdu et al., 2020). Ethiopia's economy 

is profoundly dominated by agriculture (Alemu & Mengistu, 2019; Yalew et al., 2018), 

accounting for around 40% of gross domestic product (Degife & Zabel, 2021). It is 

predominantly rain-fed (Toni et al., 2022; Asfaw et al., 2018) and subsistence (Asfaw et al., 

2018).  

Agriculture is afflicted by recurrent drought, flood, erratic rainfall, and other climate extremes 

(Alemu & Mengistu, 2019). Most of the time, drought and flooding occur regularly (World 

Bank, 2021; Wudu Abiye, 2020), resulting in low agricultural production and food insecurity 

(Aryal et al., 2019; Birara et al., 2018). Climate change will reduce Ethiopia's gross domestic 
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Its production is risk-averse strategies due to a short growing cycle (2.5 to 3 months) (Etana & 

Ameyu, 2021; Wagara & Kimani, 2007), wider adaptation to different cropping systems, and 

moderate tolerance to drought conditions (Muoni et al., 2019; Tumsa et al., 2014). Dry bean is 

the second most important source of dietary protein and the third most important source of 

calories for lower-income African households after cassava and maize (Broughton et al., 2003). 

In Ethiopia, it is an important food and nutritional security pulse crop that provides a cost-

effective source of vegetable protein, micronutrients (iron, zinc, and vitamins), and dietary fiber 

(Karavidas et al., 2022; Zewdie & Hassen, 2021; Akibode & Maredia, 2020). It serves as a main 

cash crop that contributes high-value export earnings (Gabrekiristos & Wondimu, 2022; Mutari 

et al., 2021) in many lowlands and mid-altitude zones (Mekonnen et al., 2021). Next to coffee 

and oilseeds, Ethiopia ranks third among export commodities, contributing about 9.5% of the 

total agricultural export value (FAOSTAT, 2016). Due to its desired characteristics, such as 

reduced competition for nutrients and high nitrogen fixation to improve soil fertility, 

intercropping is preferred by farmers (Etana & Ameyu, 2021; Muoni et al., 2019). Due to its 

importance as a multipurpose production area, yields increased year on year.  

Among pulse crops, it takes the largest share (17%) in terms of area coverage next to faba bean 

(36%) (Zewdie & Hassen, 2021; Yirga et al., 2019), increasing trends have been shown for the 

last ten years (CSA, 2016), with a high degree of climatic fluctuation (FAOSTAT, 2015). 

Productivity increased by 4% in the country from 2014 to 2020 (CSA, 2021). However, the 

national average yield (1.3t ha-1) on smallholder farms and (1.7t ha-1) on commercial farms 

(CSA, 2017) is estimated far below the grain yield (3.5 to 4.5 t ha-1) of the genetic potential 

(Amare & Kassahun, 2021).  

Significant yield gaps existed between smallholders and commercial farms relative to potential 

yield (Mohammed & Feleke, 2022; Amare & Kassahun, 2021). The yield gap is mainly 

attributed to climate change and variability such as erratic and insufficient rainfall (Mohammed, 

2021) and drought (Yitayal & Lema, 2019), poor cultural practices, disease and environmental 

degradation (Kenea et al., 2021; Merga, 2020; Silva et al., 2021; Silva et al., 2021), soil 

management factors (Etana & Ameyu, 2021; Nyamangara et al., 2020; Agyin-Birikorang et al., 

2019), and low adaptation of improved technologies (Amanuel & Girma, 2018). 
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have begun to incorporate CMIP6 models (Alaminie et al., 2021; Dyer et al., 2022; Fetene et al., 

2022), there remains a notable gap in the detailed evaluation of future climate conditions for 

northeastern Ethiopia. Specifically, the region has yet to be thoroughly assessed using the latest 

CMIP6 GCMs to evaluate model performance, project climate impacts, and inform adaptation 

strategies for key crops such as dry beans (Bogale et al., 2021). 

Predict climate impact on crop production at the local level (Asefa et al., 2021; Bogale et al., 

2021), and adaptations are also not adequate (EPCC, 2015). Most dry bean studies focused on 

technology development without considering the impacts of projected climate change and local-

level adaptation or optimization strategies in Ethiopia (Asefa et al., 2021; EPCC, 2015). 

Agronomic practices of annual crops are usually recommended based on field experiments 

conducted in specific fields (small plots) with some seasons repeated (MOA, 2016). In Ethiopia, 

over 50 dry bean varieties have been released to date (MoARD, 2014). Despite this genetic 

diversity, a national blanket recommendation of 40 cm × 10 cm plant spacing (Polania et al., 

2016) and a uniform sowing window from late June to mid-July (MOA, 2016) has been applied 

across diverse locations, soil types, and climatic conditions under both rain-fed and irrigated 

systems. However, such uniform recommendations may not be optimal, as agronomic 

requirements can vary significantly depending on variety growth habit (determinate vs. 

indeterminate), seed size, and specific local environmental conditions. (Polania et al., 2016; 

MOA, 2016). 

Traditionally, agronomic experiments are conducted at points in time and space, making results 

site and season-specific, time-consuming, and expensive (Getnet et al., 2022). Controlling and 

manipulating environmental factors in the field make it difficult to investigate their effects with 

traditional field experiments (Egli & Bruening, 1992). Field experiments are essential for directly 

measuring the effects of different agronomic practices under real-world conditions and provide 

valuable data on crop responses to local soil, weather, and management factors. However, it is 

nearly impossible for field trials alone to capture all the multi-year and multi-location variability 

needed for a comprehensive understanding of crop production systems (Issn & Paulista, 2016). 

Due to these limitations, field trials can be time-consuming, resource-intensive, and limited in 

scale and duration (Issn & Paulista, 2016). Conversely, crop simulation models can integrate data 

from multiple sources and simulate a wide range of scenarios across years and locations, 
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Simulation models of crop growth enable the estimation of crop yield and water balance 

components at a low cost and with high precision (Issn & Paulista, 2016). 

Combining results from short-term field/laboratory experiments with strong, well-calibrated, and 

evaluated dynamic crop simulation models has been a common strategy for studying the effects 

of long-term climatic and edaphic variability, as it avoids the costs and time-consuming nature of 

such experiments (Holzworth et al., 2014; Rezzoug et al., 2008). Several cropping system 

models (CSMs) have been adapted globally to predict the impacts of climate change and the 

potential for crop yields (e.g., rice, wheat, maize, soybean, and dry bean) across various 

environments (Kumara et al., 2023). However, CSMs have several constraints, especially from 

researchers and growers involved in tropical conditions. A significant constraint is inadequate 

data quality and comprehensiveness (Jones et al., 2017), parameterization, and validation of 

CSMs, which depend on a complete set of climatic and phenological data for accurate 

performance (Kephe et al., 2021). Prediction of crop performance using available CSMs requires 

not only a model that predicts potential production (i.e., crop yields in the absence of abiotic and 

biotic stresses), but also sub-models that quantify yield reductions due to biotic (e.g., pests, 

diseases, and weeds) and abiotic (e.g., water and nutrients) limitations. The modeling of complex 

soil processes involving water, nutrient, and carbon dynamics (Jones et al., 2017). 

To minimize such problems, the Decision Support System for Agro Technology Transfer 

(DSSAT) crop simulation model is currently used. The DSSAT crop model was selected because 

it has been successfully used worldwide in various conditions and for various purposes (Harb et 

al., 2016). It consists of independent programs (crop, weather, soil, and water modules) that 

operate together, with the cropping system model embedded in its heart (Hoogenboom et al., 

2019; Jones et al., 2003).  It is process-oriented and can work independently of location, season, 

cultivar, and management practices (Mohammed, 2022). The DSSAT package provides models 

for 42 crops, along with new tools that facilitate the creation and management of experimental, 

soil, and weather data files (Hoogenboom et al., 2021; 2019). The model requires daily weather 

variables, soil physical and chemical characteristics, cultivar coefficients, cultivar parameters, 

and detailed crop management data (Hoogenboom et al., 2021; Hoogenboom et al., 2012; Jones 

et al., 2010; Jones & Tornton, 2003). It is important to extrapolate results from short-season field 

experiments to other years and locations using soil information and long-term weather data 

(Mathews et al., 2002). It simulates crops' growth, development, and yield under prescribed or 
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simulated management, soil water, carbon, and nitrogen (Habte et al., 2022). It is one of the 

valuable tools for making viable decisions on crop management practices that are related to soil, 

water, nutrient dynamics during the crop growing season, and their transfer to any point in space 

and time (Hoogenboom et al., 2021; Hoogenboom et al., 2019; Jones et al., 2003). 

Despite the release of many dry bean varieties in Ethiopia, locally tailored agronomic 

recommendations remain limited. Environmental variability and diverse cultivar traits challenge 

the effectiveness of blanket management practices. Field trials alone cannot capture the full 

range of growing conditions. Crop models like DSSAT can efficiently simulate crop 

performance and adaptation strategies under different scenarios (Abedinpour & Sarangi, 2018; 

Bhupinde, 2018; He et al., 2018). However, these models require calibration and validation with 

local data and genetic coefficients specific to Ethiopian bean cultivars (Hoogenboom et al., 

2019b; Wondafrash et al., 2021). There is a critical need for reliable model calibration and 

evaluation to support informed decision-making and improve dry bean productivity under 

changing climates. 

The CROPGRO-Dry bean model is a process-oriented crop simulation model embedded within 

the DSSAT version 4.8. It can simulate the growth and development on a daily time step from 

sowing to maturity and ultimately predict yields under various environments (Hoogenboom et 

al., 2021) at either local or regional scale (Thorp et al., 2008). More specific management is 

essential to increase sustainability in areas cultivated with dry bean, helping to optimize the use 

of water and nutrients, sowing dates, and applying remote sensing in cultivars with contrasting 

growth habits (Coelho, 2022). The model is sensitive to cultivar characteristics, sowing dates, 

crop spacing, and irrigation management options (Meirelles et al., 2003). In addition to soil 

characteristics and climate data, the CROPGRO model application will require calibrated 

cultivar genetic coefficients if they are unavailable in the system database. Thus, models must be 

properly calibrated and evaluated before applying them (Adem, 2022; Mote et al., 2016). 

Measured data from contrasting growing environments for a crop cultivar are more suitable for 

model calibration and evaluation (He et al., 2017). 

Specific genetic coefficients of cultivars (calibrated for the genotype of interest) enable 

simulations of further responses of a given cultivar under varied environmental conditions (Issn 

& Paulista, 2016).  The cultivar coefficients define the traits of each cultivar in the DSSAT 
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physiological maturity of dry bean in the 2030s and 2050s, while positively affecting grain yields 

in Northeastern Ethiopia. In contrast, Gebre Hadgu et al. (2015b) analyzed climate change in 

Northern Ethiopia and reported annual rainfall reductions of 70% and 60% at 70% of stations by 

2030 and 2050, respectively, with potentially harmful effects on crop yields. The elevated CO2 

may also increase in future climate scenarios, which facilitate increasing C3 legume crop yields, 

including dry bean (Adireddy et al., 2024); however, the benefits from climate change can only 

be achieved when other conditions of crop growth are better and at optimum levels (Food et al., 

2023). 

Optimizing management: changing crop cultivar, plant density, planting dates, and applying 

supplemental irrigation are the most important adaptation options for climate change and 

variability impacts (Hijmans, 2003). Different cultivars responded differently to climate change 

conditions (Kimani, 2022) because of differences in growth properties, including the duration of 

the phenological stages and resistance to elevated temperatures (Hesam Arefi et al., 2017). Filla 

et al. (2020) and Nunes et al. (2020) reported that late-cycle dry bean cultivars yield higher than 

intermediate or early-cycle cultivars. Longer varieties with larger thermal requirements could 

contribute to higher yields in a warming climate (Singh et al., 2014). It also contributed to yield 

recovery when switching to a longer cultivar under warmer conditions (Lobell, 2014). The 

higher yield at later planting times may be explained by optimal temperatures and less variable 

rainfall, which could reduce heat and drought stress compared with earlier planting times 

(Martínez et al., 2021; Dereje Ademe et al., 2020; Li et al., 2019). 

Adapting supplemental irrigation during critical crop stages is important to minimize the impact 

of terminal water deficit and achieve optimal crop yields (Nikolaou et al., 2020). Kouam and 

Tsague-Zanfack (2020) and Musana et al. (2020) report that higher plant densities were 

associated with reduced yield components and final grain yields. High plant densities ensured 

early canopy coverage and maximized light interception (Muasya et al., 2002), resulting in 

greater crop growth rate and biomass and increased soybean yield (Ejigu & Tulu, 2021). 

Correctly selecting improved cultivars for an irrigated production system can increase yield by 

more than 50% (Acosta-Díaz et al., 2009) and water-use efficiency by 15% (Santos et al., 2020). 

Mohammed and Feleke (2022a) reported that combining early sowing and supplemental 

irrigation may increase dry bean grain yield by 89%, 71%, and 56% for the baseline period, 

2030s, and 2050s, respectively, in northeastern Ethiopia. 
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Assessment of climate change adaptation options: Bean demand in East Africa is expected to rise 

throughout the 21st century (Beebe, 2020; Gouel & Guimbard, 2019), yet climate change 

threatens to reduce yield and nutritional quality (Taba-Morales et al., 2020). In addition to 

climate change, cultural practices could significantly hinder the attainment of sustainable 

agriculture due to a lack of modern agricultural knowledge (OECD, 2021). Previous studies 

suggest that bean-growing areas will substantially decrease by 2030 and 2050 unless adaptation 

actions are pursued (Taba-Morales et al., 2020; Beebe et al., 2011). Crop simulation models are 

the most suitable tools to investigate the effect of management practices on crop yield (Rahimi-

Moghaddam et al., 2018; Amiri et al., 2016), the effect of genotypes in combination with sowing 

windows on crop productivity (Liu et al., 2013; Zheng et al., 2012), and the impacts of climate 

change on grain yield of field crops (Eyni-Nargeseh et al., 2019; Deihimfard et al., 2018). 

Adaptation is essential for responding to climate change and is required for sustainable food 

production to meet growing food demand (Adzawla, 2021). Developing specific adaptation 

strategies at the local scale helps offset the negative impacts of climate change, capitalize on its 

positive impacts (Adzawla, 2021), and enhance crop productivity and livelihoods (Nhemachena 

et al., 2020). Adaptation matters because dry bean is a vital crop for food security and a source of 

income in Ethiopia (Karavidas et al., 2022; Mutari et al., 2021; Zewdie & Hassen, 2021). 

Adaptation gains vary by crop type, region, and climate conditions; however, they can enhance 

crop yields by up to 10% compared to non-adapted conditions (IPCC, 2007).   

Evaluating crop cultivars by maturity group and specific agroecologies under climate change, 

and choosing those with greater adaptability, is an efficient way to enhance productivity (Bekana 

et al., 2021; Zone et al., 2021; Hesam Arefi et al., 2017). Various studies found that shifting the 

planting date is one of the most straightforward and least costly adaptation strategies (Ludwig & 

Asseng, 2010; Smit & Skinner, 2002). Inaccurate sowing time can cause severe damage or limit 

plant growth and development (Angel et al., 2019). It influences the duration of the vegetative 

and reproductive phases and the timing of potential heat and drought stress (Freduah et al., 

2019). This approach holds promise in alleviating the detrimental effects of heat stress on crop 

growth and productivity (El-sadek, 2024). 

Plant density is also a vital factor that significantly affects the growth and development of grain 

crops by modifying the canopy light interception and interplant competition for water and 

nutrients (Karavidas et al., 2022; Ricaurte et al., 2016). Previous studies have explored the 
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effects of sowing density on dry bean growth traits (Clavijo et al., 2019; Nurk et al., 2017), but 

mostly under non-limiting management conditions and without considering future climate 

change. Further exploration is needed, especially in semi-arid production systems (Begna & 

Asrat, 2021). Coelho (2022) reported that combining irrigation management and cultivar choice 

is essential for irrigated production systems, helping farmers increase production and income. 

Kimani (2022) used simulation models and reported that shifting sowing time, providing 

supplementary irrigation, and adopting improved varieties can serve as adaptation options to 

mitigate climate change impacts on kidney bean to sustain in future climates. Adem et al. (2016) 

also suggested that changes in cultivars, sowing dates, and supplemental irrigation are effective 

management strategies for sustaining chickpea production under future climate conditions in 

northeastern Ethiopia. 

In this regard, several global, regional, and local findings have been reported over the last few 

decades, generating important information using different methodologies (Soltani et al., 2020; 

Beza et al., 2017). This can be achieved by smallholder farmers taking adaptive actions or 

governments implementing policies to promote appropriate and effective adaptation measures 

(Kenea, 2020). Thus, without such models, it is unlikely to predict future crop yields under 

various scenarios or to forward appropriate adaptation options under a changing climate. 

Therefore, adopting adaptation strategies appropriate to current and projected climate change 

(Assan et al., 2018) is needed to enhance the productivity of dryland crops, including dry bean, 

through integrated crop management (Nyamangara et al., 2020). 

Generally, model-based crop simulation research has been conducted to quantify the impact of 

climate change, explore adaptation/optimization strategies, and inform yield reductions or 

increases across different areas with varying intensities. Most of these studies were conducted at 

the global (Najafi et al., 2018; Iizumi et al., 2017) or national scales (Yalew et al., 2018; Wubie, 

2015), and the results are difficult to extrapolate to specific regions with diverse local variability. 

Moreover, before applying the model, properly calibrating genetic coefficients and evaluating 

the model's performance in the target area are essential (Adem, 2022; Mote et al., 2016). 

Predicting the impact of climate change is important for designing management options and 

technological improvements to address current and future climate challenges at the local level 

(Megersa et al., 2019). Therefore, this study aimed to address these research gaps by examining 

current and future climate conditions, assessing the impacts of climate change, and exploring 
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Climate variability: variation in the mean state and other statistics (such as standard deviations, 

occurrence of extremes, etc.) of climate on temporal and spatial scales beyond that of individual 

weather events. Variability may be due to natural processes within the climate system (internal 

variability), or due to anthropogenic forcing (external variability). 

Vulnerability: The degree to which a system is susceptible to, or unable to cope with, adverse 

effects of climate change, including climate variability and extremes. 

Uncertainty: An expression of the degree to which a value (e.g., the future state of the climate 

system or its impact) is unknown. 

Crop growth simulation: Simplified representation of the complex relation between crop 

growth and environmental factors (climate, soil, and management). Crop growth modeling 

involves model calibration and model evaluation. Model calibration refers to the adjustment of 

the parameters of a model so that simulated results reach a predetermined level, usually that of 

observation. In contrast, model evaluation involves the comparison of outputs of a calibrated 

model with an independent data set and determining suitability for an intended purpose. 

Adaptation: adjustment in natural or human systems in response to actual or expected climatic 

stimuli or their effects, which moderates harmful impacts and exploits beneficial opportunities. 

Climate scenarios: Plausible and often simplified representations of the future climate based on 

an internally consistent set of climatological relationships that have been constructed for explicit 

use in investigating the potential consequences of anthropogenic climate change. The difference 

between a climate scenario and the current climate provides a climate change scenario. 

Emission scenarios/shared socioeconomic pathways (SSPs): The SSPs denote an integrated 

scenario of possible future climate and societal change, which would be employed to assess 

topics such as the mitigation and adaptation efforts needed to attain a particular climate outcome 

(O'Neill et al., 2016). They provide a plausible representation of the future development of 

emissions of greenhouse gas concentrations based on a coherent and internally consistent set of 

assumptions about driving forces (such as demographic and socioeconomic development and 

technological change) and their likely relationships. 

The Scenario Model Inter-comparison Project (MIP) is divided into two tiers (Tier 1 and Tier 2) 

to guide the prioritization of computing resources. 
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concepts related to climate change and approaches for estimating and managing its impacts. The 

chapter also discusses previous work in the field and highlights key achievements. Additionally, 

it states the objectives and hypotheses of the study. 

Chapter two: General materials and methods include descriptions of the experimental site, 

planting materials, data acquisition techniques, and methods for ensuring data quality control. 

Chapter three: discusses climate trends and variability in the semi-arid region of eastern 

Amhara, northeastern Ethiopia, with implications for agricultural production. It employs the 

Modified Mann-Kendall trend test and Sen's slope estimator technique to analyze climate trends. 

To assess climate variability, it uses several methods, including the coefficient of variation, 

rainfall concentration index, rainfall anomaly index, temperature anomaly, rainfall 

characteristics, and rainfall and temperature extremes. 

Chapter four: addresses the projected spatiotemporal climate changes and trends in 

agriculturally relevant climate conditions. The Modified Mann-Kendall trend test and Sen's slope 

estimator technique were used to analyze climate trends. This analysis covers both historical data 

from 1984 to 2014 and projected data for the periods of 2030 to 2060 and 2070 to 2100 under 

SSP2-4.5 and SSP5-8.5 climate scenarios in the eastern Amhara region of northeastern Ethiopia. 

Chapter five: assess the spatiotemporal of rainfall and temperature extremes using CMIP6 climate 

model to advice for agricultural communities. Time series were analyzed using Rclimdex tool in 

the current and future-period, while spatial distributions were analyzed using the inverse distance 

weighted (IDW) interpolation technique in ArcGIS for both temperature (maximum and 

minimum) and rainfall from grid points at different temporal scales. This analysis covers both 

historical data from 1984 to 2014 and projected data for the periods of 2030 to 2060 and 2070 to 

2100 under SSP2-4.5 and SSP5-8.5 climate scenarios in the eastern Amhara region of 

northeastern Ethiopia. 

Chapter six: evaluates how various management practices contribute to climate change 

adaptation and address current and future climate impacts. Genetic coefficients were estimated, 

and model performance was assessed to inform subsequent analyses. The chapter also 

investigates the impacts of climate change on the phenology, growth, and yield of dry beans, and 

evaluates crop management strategies tailored to each site and climate period. The analysis 

incorporates historical data spanning 1984 to 2014, as well as projected multi-model ensemble 
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spatial scales in most parts of the country (Dendir, 2022; Toni et al., 2022; Ofgeha & Abshire, 

2021). Banerjee et al. (2020) and Seneshaw et al. (2021) reported a declining trend of annual 

rainfall patterns in different parts of the country.  In contrast, no significant trends were reported 

by Marie et al. (2021), while other studies depicted increasing rainfall trends (Alemayehu et al., 

2020). Furthermore, the seasonal and monthly rainfall states have shown remarkable 

spatiotemporal variability (Wagaye & Endalew, 2020; Melkamu & Getnet, 2019). Studies on the 

Belg and Kiremt season rainfall have shown no significant trends (Marie et al., 2021; Matewos, 

2019), while decreasing trends were reported by Asfaw et al. (2018). According to the study by 

Tesfaye (2018), the seasonal rainfall variability was higher than the annual rainfall variability, 

and the distributions were strongly inconsistent over the country (Kew et al., 2017). On the other 

hand, increasing trends of monthly and annual maximum and minimum temperatures were 

observed in different parts of the country (Belay et al., 2021; Marie et al., 2021; Berhane et al., 

2020). 

Climate variability poses a considerable challenge in Ethiopia.  Several studies have shown that 

climate variability and change have significantly impacted the Ethiopian economy, particularly 

in the agriculture sector, which is rainfall-dependent (Matewos, 2019; Mersha & van Laerhoven, 

2018). Changes in climate variability and the frequency of extreme events may substantially 

impact on the prevalence and distribution of pests, weeds, and crop and livestock diseases 

(Hayelom et al., 2017). The Amhara region is one of the most climate-sensitive areas in Ethiopia 

(World Bank, 2018), which showed high variability in seasonal rainfall, causing droughts and 

floods over different years (Meseret &Taye, 2020).  A few studies conducted in the region have 

indicated that erratic rainfall, floods, and drought affected the agriculture sector (Zewdu et al., 

2020; Philip et al., 2018). The region is faced with increasingly unpredictable and sometimes 

complete failure of seasonal rainfall, which is linked to climate change and variability. The 

severe drought of 1983/84 that resulted in the famine of immense proportions in northern 

Ethiopia (Sadoff, 2008) and a recent drought that devastated the livelihoods of farmers of 

Eastern Ethiopia in 2015 are typical examples of climatic challenges the country faces (Funk et 

al., 2018). 

Farmers in the eastern Amhara depend on rain-fed subsistence agriculture (Simane et al., 2012), 

and rainfall variability causes significant loss of yield and food insecurity (Eggen et al., 2019; 

Brown et al., 2017). These subsistence farmers are particularly vulnerable to climate variability 
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calculated as a difference between the end date and onset of rainy season (Hadgu et al, 2014; 

Kassie et al., 2014). Dry spell length is the maximum number of consecutive dry days with 

rainfall less than 1mm per day, exceeding 5, 7, 10, and 15 days (Tesfaye & Walker, 2004). Dry 

spell length was analyzed by first-order Markov Chain model (Stern & Cooper, 2011; Stern et 

al., 2006) using INSTAT v3.37 software. 

3.2.4.3. Rainfall and temperature trends  

A trend analysis of rainfall and temperature was conducted using the modified Mann-Kendall 

trend test. The test statistics (Z) and Sen's slope (Q) were computed using XLSTAT 2023, 

INSTAT, and R software, specifically the 'modifiedmk' package (version 4.5.0). The Mann-

Kendall (MK) test is commonly utilized to identify the presence of monotonic trends, whether 

increasing or decreasing (Alemu & Dioha, 2020; Kendall, 1975). Details are found in Chapter 2, 

Section 2.3.1. 

3.2.4.4. Rainfall and temperature extremes 

The temperature and rainfall extremes were calculated from 1991 to 2020 using the average daily 

weather data from sampled stations. Extreme climate indices were defined by the Expert Team 

on Climate Change Detection and Indices (ETCCDI). According to ETCCDI, eight rainfall 

extreme indices were considered for this study: consecutive dry days (CDD), consecutive wet 

days (CWD), maximum rainfall over five days (RX5days), maximum rainfall in one day 

(RX1day), very heavy rainfall days (R20mm), extremely wet days (R99p), simple daily rainfall 

intensity index (SDII), and annual total wet day rainfall (PRCPTOT). Additionally, eight 

temperature extreme indices were selected: warm days (TX90p) and nights (TN90p), cool days 

(TX10p) and nights (TN10p), warm spell duration indicator (WSDI), cold spell duration 

indicator (CSDI), maximum temperature (TXx), and minimum temperature (TNN). The 

RClimDex tool was used to measure the temperature and extreme rainfall indices (Zhang & 

Yang, 2004). 

3.2.4.5. Relationship between climate variables and yield of rain-fed crops  

Correlation and regression techniques are vital to indicate the relationship between rainfall 

events and temperature variabilities with yield of rain-fed crops, as well as to identify the most 

yield predictors.  
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The analysis of Kiremt rainfall onset and cessation dates across eight stations revealed low 

temporal variability (CV < 10%), indicating stable seasonal boundaries within each station. 

However, this temporal stability does not imply spatial uniformity, as mean onset and cessation 

dates differed among stations. Most stations exhibited non-significant trends in onset and 

cessation dates, aligning with recent findings in northern Ethiopia (Feleke & Abera, 2020). 

Notably, over 95% of crop moisture-scarcity risk occurred when planting before mid-June or 

after mid-September (NMA, 2019; Beebe, 2020). Since rainfall onset and cessation vary by 

location, agricultural recommendations, such as planting dates and crop selection should be 

tailored to local rainfall patterns rather than applying a uniform approach across all stations 

(Gummadi et al., 2018; Elzopy et al., 2021). The rainfall variability of onset and cessation dates 

across the eight stations is heterogeneous, reflecting significant spatial differences that require 

location-specific agricultural planning and adaptation. The LGP is the time (in days) that soil 

moisture conditions are suitable for crop growth, and the mean daily temperature is above 5°C 

(Feleke & Abera, 2020). The median potential LGP ranged from 46.5 to 62.5 days in the Kiremt 

season (Table 3.4). The shortest LGP occurred at Kobo and Artuma Farsina, possibly due to the 

late onset and early cessation date of the Kiremt season. 

Likewise, the CV values for LGP in the Kiremt season showed moderate variability in all 

stations (20-30%) except Artuma Farsina (>30%). Regarding trends (Table 3.4 and Figure 3.3), 

only the Kombolcha station showed a significant increasing trend, while others showed non-

significant declining trends. Kobo station revealed neither a decreasing nor an increasing trend, 

which was relatively constant during the last 30 years. Higher CV (> 20%) of the LGP implies 

that patterns could not be easily understood and less confidence in crop selection based on the 

maturity period and related activities will be made with high risk. 

The analysis of Kiremt rainfall onset, cessation, length of growing period (LGP), and seasonal 

rainfall highlights the climatic suitability and agricultural potential of semi-arid eastern Amhara. 

The LGP is closely tied to rainfall timing, directly influencing the window for rainfed crop 

production (Abraham & Muluneh, 2022). This finding aligns with studies across Ethiopia, which 

show that rainfall onset, cessation, and LGP are critical for crop planning, affecting planting 

dates, crop choices, and the likelihood of crops reaching maturity (Gebrehiwot et al., 2023). 





 

50 
 

Compared to previous research, this study provides more location-specific evidence by jointly 

considering Kiremt onset, cessation, LGP, and rainfall across stations in eastern Amhara, 

emphasizing the need for locally derived LGP information rather than generalizations from other 

regions (Gbangou et al., 2021). The results support adopting crop diversification, early-maturing 

and drought-tolerant varieties, and small-scale irrigation as key adaptation strategies (Habte et 

al., 2021; Abraham & Muluneh, 2022). Details of Kiremt season rainfall and LGP characteristics 

are summarized in Appendix Table 3.3. 

3.3.4.2. Probability of dry spell length  

The probability of dry-spell (SP) length beyond 5, 7, 10, and 15 consecutive days that occurred 

during the Kiremt and Belg growing season is presented in Appendix Table 3.4 and Figure 3.4. 

The results showed that the probability of SP occurring within the growing seasons varied from 

month to month. The 10 and 15-day SPs from the end of June until the peak rainy period (July 

and August) were less than 18% in almost all sampled stations except Artuma Farsina, whereas, 

on average, 5-day dry spells were more than 50% for all stations during the Kiremt season. 

Sirinka and Artuma Farsina stations showed relatively high probabilities of 5 and 7 days of SP in 

most of the years during the middle (July and August) of the growing season. The risks of SPs 

were higher at Sirinka, Kobo, and Artuma Farsina stations. In almost all study periods, the Kobo 

station was highly vulnerable during SP days. The risks of a dry spell were greater at Sirinka, 

Kobo, and Artuma Fursi areas than at other stations. Hence, crop production during these 

particular stations could need special care concerning variety selection and crop management 

practices. In addition, the probability of dry spells at 5 and 7 days was above 65% during the 

peak rainfall months of the Belg season (March and April) in almost all the study stations. 

The probabilities of 5 and 7-day dry spell lengths were rapidly increased, whereas 10 and 15-day 

dry spell lengths gradually increased during the Belg and Kiremt seasons (Figure 3.4). Mean dry 

spells of 5, 7, 10, and 15 days above 59%, 43%, 27% and 13% probabilities were observed 

during the Kiremt growing season, while 96%, 87%, 68% and 36% were observed during the 

Belg season. The Belg season had a higher probability of dry spells than the Kiremt season and is 

liable to meteorological drought. Previous studies by Abegaz and Jemaneh (2020) also showed 

that the probability of dry spells in the Belg season with 5, 7, 10, and 15 days was above 40% in 

all sampled stations of central Ethiopia. 
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Figure 3.4 Probability of dry spell length at 5, 7, 10 and 15 days of Belg and Kiremt season 

In the selected stations, curves of dry spell probability at different lengths converge to their 

minimum during months of peak rainfall periods of Belg and Kiremt and then turn upward again 

from the second week of April to September, signaling the end of the growing season. This 

implies that the predictability of dry spell occurrence should be more than 10 days, making it 

easy for decision makers, especially in the main rain season. The dry spells of 10 days in length 
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Generally, the lowest mean monthly temperature was shown in December with standard 

deviation (SD) =0.49 and CV 2.84% while the highest was in June with SD=0.50 and CV=2.17% 

for the last 30 years. Mean monthly and annual temperature results showed low variabilities and 

a significantly increasing trend in semi-arid areas of eastern Amhara, Ethiopia. 

The mean annual and seasonal temperature anomaly index (AI) is shown in Figures 3.5a and b. 

Positive and negative anomalies accounted for 53.3% and 46.7% of annual observations, 

respectively. High negative anomalies characterized 1991 to 2008 due to recorded low minimum 

temperatures. Kiremt season anomalies were positive since 2008, except for 2012, 2018, 2019, 

and 2020. The mean maximum numbers of positive anomalies were observed in the Bega and 

Belg seasons (46.7%); however, observing the cooling conditions (maximum numbers of 

negative anomalies), were for the Kiremt (56.7%) season. Slight perturbations, such as 

temperature fluctuations at critical points in crop growth, could affect crop productivity.  

 
Figure 3.5 Area-average a) annual b) seasonal temperature anomalies (0C) (1991-2020) 
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values suggest that variability in Kiremt season rainfall events and temperature variability are the 

most significant determinants of tef and sorghum production (Table 3.10). 

Table 3.10 Regression analysis for Tef and Sorghum yields with rainfall events (2011-2020) 
Stations Crop R2 
Dawa Cheffa Tef 0.22 
 Sorghum 0.62 
Kalu Tef 0.98 
 Sorghum 0.80 
Tehuledari Tef 0.69 
 Sorghum 0.78 
Ambasel Tef 0.88 
 Sorghum 0.82 
Note: *, **, *** statistically significant at 0.1, 0.05 and 0.01 alpha levels   

The effects of various factors on crop yields varied across different regions and types of crops. 

Specifically, in the Dawa Cheffa, Kalu, and Tehuledari districts, the minimum temperature 

emerged as the most significant factor influencing tef yield. In contrast, for sorghum yield in 

Dawa Cheffa, Kalu, and Ambasel districts, the number of rainy days was the most crucial 

variable, while in Tehuledarie; the maximum temperature played a prominent role (Figure 3.8). 

The multiple linear regression analysis results indicate that rainfall and temperature significantly 

impact sorghum production more than Tef production. This finding is crucial for identifying 

constraints in crop production and designing management strategies and technological 

innovations to address current and future climate challenges at local, regional, and global levels 

(Megersa et al., 2019; Addisu et al., 2015). Adopting improved Tef and sorghum varieties and 

early planting techniques could be a viable solution for farmers in areas vulnerable to climate 

change.  
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is important to identify its impacts and take mitigation and adaptation measures to sustain 

agricultural production as the Earth's climate is changing (Biotechnology, 2019). 

Most climate studies in Ethiopia are based on simulations from climate modeling centers or 

scarce ground-based meteorological stations (Gebrechorkos et al., 2018). The multi-model 

ensemble average of high-resolution regional climate models (RCMs) provides future projections 

of climate suitable for analysis (Taylor et al., 2012) and the use of these models beyond the 

scientific community for climate impact applications and decision-making (Wainwright et al., 

2019). The Coupled Model Intercomparison Project Phase 5 (CMIP5) climate models have 

shown exemplary performance in capturing the region's temperature and rainfall characteristics 

based on the few available studies, but considerable spatial and seasonal biases still exist (Zabaze 

et al., 2019). The latest Coupled Model Intercomparison Project Phase 6 (CMIP6) climate 

models (Eyring et al., 2016) include updates to the existing parameterizations, new physical 

processes, and somewhat higher resolution. It is commonly used for projecting temperature and 

rainfall change (Her et al., 2019).   Ensembles of more appropriate GCMs reduce uncertainty in 

mean changes of variables (Hamed et al., 2022; Salehie et al., 2022) under different climate 

scenarios. 

Most previous studies focused on the northern and central highlands, and some on the arid and 

semi-arid parts of eastern and southeastern Ethiopia (Ofgeha & Abshire, 2021). Few studies have 

utilized CMIP6 models (Alaminie et al., 2021; Dyer et al., 2022; Fetene et al., 2022). However, 

northeastern Ethiopia did not address the future climate conditions well using the recently 

released CMIP6 GCMs (Bogale et al., 2021; Eyring et al., 2016). In addition, selecting well-

performing CMIP6 models is essential to analyzing spatial and temporal climate projections. 

However, no sub-regional studies considered the performance of CMIP6 models relevant to 

impact studies of different sectors. Thus, it is necessary to evaluate the capabilities of GCMs and 

select those with better performance in describing the local and spatial climate (Khayyun et al., 

2020). Hence, climate change and trend analysis are crucial in the eastern part of the Amhara 

region of northeastern Ethiopia using the CMIP6 MME mean and scenarios for future periods. 

Therefore, this study addressed the gaps in future projections of rainfall and temperature in the 

Region, particularly using CMIP6 GCMs in the eastern Amhara, Northeastern, Ethiopia:  Thus, 

the main outputs of this study were (1) To select CMIP6 GCMs which perform well over the 

study area, and (2) To project the spatiotemporal rainfall and temperature changes and trends 
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However, the model MRI-ESM2-0, INM-CM4-8, FGOALS-g3 is the ranks of 9th, 7th and 11th, 

respectively (Table 4.1). 

Table 4.1 Statistical performance metrics and ranking of CMIP6 climate models using the CP 
method (case of rainfall) 

CMIP6 GCMs Performance metrics Differences in metrics and 
 
Sum 

CP_ 
Rank RM 

value 
ideal values 

R2 MBIAS RMSE R2 MBIAS RMSE 
ACCESS-CM2 0.71 -41.09 76.34 0.27 40.59 53.12 93.98 17 0.19 
BCC-ESM1 0.82 -23.24 58.75 0.16 22.74 35.53 58.43 15 0.38 
CanESM5-0 0.74 -36.75 72.02 0.24 36.25 48.8 85.29 16 0.24 
CMCC-ESM2 0.79 -3.05 50.66 0.2 2.55 27.44 30.19 10 0.57 
EC-Aerth3-CC 0.96 6.48 29.64 0.02 5.98 6.42 12.42 5 0.72 
EC-Aerth3 0.97 0.5 23.22 0.01 0 0 0.01 1 0.93 
EC-Aerth3-Veg 0.97 5.69 28.68 0.01 5.19 5.46 10.66 4 0.7 
EC-Aerth3-Veg-LR 0.96 12.1 34.84 0.02 11.6 11.62 23.24 6 0.61 
FGOALS-g3 0.93 2.7 30.28 0.05 2.2 7.06 9.4 3 0.76 
GFDL-ESM4 0.96 2.45 27.15 0.02 1.95 3.93 5.9 2 0.87 
INM-CM4-8 0.82 9.85 42.18 0.16 9.35 18.96 28.47 8 0.54 
INM-CM5-0 0.76 -5.56 52.5 0.22 5.06 29.28 34.56 12 0.5 
IPSL-CM6A-LR 0.89 4.53 44 0.09 4.03 20.78 24.9 7 0.63 
MIROC6 0.89 73.24 90.1 0.09 72.74 66.88 139.71 18 0.24 
MPI-ESM1-2-HR 0.93 -25.67 44.19 0.05 25.17 20.97 46.19 13 0.4 
MRI-ESM2-0 0.98 23.65 29.98 0 23.15 6.76 29.91 9 0.63 
NESM3 0.93 -18.29 38.41 0.05 17.79 15.19 33.03 11 0.5 
TaiESM1 0.66 8.82 66.81 0.32 8.32 43.59 52.23 14 0.35 
Ideal values 0.98 0.5 23.22            
Note: Bold indicates selected best-fitted model.  
Abbreviations: MBIAS = mean bias; R2 = coefficient of determination; RMSE = root mean 
square error. 

For rainfall, assessed models generally demonstrate low to high acceptable performance levels 

based on statistical indices. For instance, all 18 assessed models show relatively acceptable 

performance levels regarding R2 (> 0.66).  The EC-Aerth3-CC, EC-Aerth3, EC-Aerth3-Veg, EC-

Aerth3-Veg-LR, GFDL-ESM4, and MRI-ESM2-0 models accurately represent gridded rainfall 

in the region with R2 values greater than 0.95. The MBIAS values in the region vary from -41.09 

to 73.24, indicating both overestimate (11GCMs-61%) and underestimate (7GCMs-39%) 

compared to the gridded dataset. EC-Aerth3, FGOALS-g3, and GFDL-ESM4 models show 

relatively good performance with low-magnitude MBIAS values of 0.5, 2.45, and 2.7, 

respectively. However, BCC-ESM1, CanESM5-0, MPI-ESM1-2-HR, ACCESS-CM2, and 

NESM3 models exhibit high levels of systematic bias, specifically underestimating, while 

MIROC6 and MRI-ESM2-0 overestimate gridded rainfall in the region. These results are 

consistent with other previous studies over the IGAD region of Eastern Africa (Omay et al., 

2023) and the Abaya-Chamo sub-basin, Ethiopia (Laelago & Gebeyehu, 2024). In different parts 
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of Ethiopia, various studies confirmed that the same models show over/underestimation (Terefe 

& Dibaba, 2023); all 37 sampled models revealed a positive correlation with gridded rainfall 

patterns during the whole period (Berhanu & Alamirew, 2023). 

The performance of CMIP6 models in terms of root mean square error (RMSE) - specifically 

EC-Aerth3, GFDL-ESM4, EC-Aerth3-Veg, EC-Aerth3-CC, and MRI-ESM2-0 values indicates 

favorable results over the region. Conversely, the models ACCESS-CM2, CanESM5-0, and 

MIROC6 scored the highest RMSE values, indicating poorer performance than the others. The 

top 12 ranked models based on RMSE are EC-Aerth3, INM-CM5-0, EC-Aerth3-Veg, EC-

Aerth3-CC, MRI-ESM2-0, FGOALS-g3, EC-Aerth3-Veg-LR, NESM3, INM-CM4-8, IPSL-

CM6A-LR, CMCC-ESM2 and GFDL-ESM4 (Table 2). The model ACCESS-CM2, BCC-ESM1, 

CanESM5-0, MIROC6, TaiESM1, and MPI-ESM1-2-HR scored low values of RMSE over the 

region and were unable to simulate monthly, annual, and seasonal rainfall patterns accurately. 

The evaluation results of CMIP6 GCMs revealed that MRI-ESM2-0 (R2-0.98), EC-Aerth3 

(MBIAS-0.5 and RMSE-23.22) performed the best for future rainfall projections in the study 

region. Individual models exhibited variation in skill within the three indexes analyzed. For 

example, MRI-ESM2-0 performed well regarding R2, but poorly regarding RMSE and MBIAS. 

Similarly, EC-Aerth3 performed better in MBIAS and RMSE, but poorly in R2. 

Similarly, the performance evaluation results of monthly area-averaged maximum surface air 

temperature and the final ranks are presented in Table 4.2. Of those evaluated models, most 

GCMs indicate underestimates, while the same tend to overestimate in the study area. Individual 

models exhibited variation in skill within the three indexes analyzed. For example, INM-CM4-8 

performed well in R2 but poorly in RMSE and MBIAS. Similarly, CMCC-ESM2 performed 

better in MBIAS and RMSE, but relatively poor in R2. The CMCC-ESM2 model proved to be 

the most reliable model for maximum temperature, while MPI-ESM1-2-HR also displayed 

strong predictive ability. In contrast, MIROC6 and CanESM5 exhibited substantial deviations 

from gridded data, making them less suitable for temperature forecasting (Table 4.2). 

 

 

 



 

74 
 

 

Table 4.2 Statistical performance metrics and ranking of CMIP6 climate models using the CP 
method (case of maximum temperature) 

CMIP6 GCMs 
Performance metrics Differences in metrics and 

ideal values 
  

CP_ 
Rank 

 
 

Sum 
RM 

value R2 MBIAS RMSE R2 MBIAS RMSE 
ACCESS-CM2 0.88 1.69 1.9 0.06 1.67 1.04 2.77 10 0.59 
BCC-ESM1 0.85 3.27 3.4 0.09 3.25 2.54 5.88 15 0.37 
CanESM5 0.79 6.26 6.38 0.15 6.24 5.52 11.91 17 0.24 
CMCC-ESM2 0.92 -0.02 0.86 0.02 0 0 0.02 1 0.93 
EC-Aerth3-CC 0.88 1.69 1.9 0.06 1.67 1.04 2.77 9 0.59 
EC-Aerth3 0.90 -0.94 1.27 0.04 0.92 0.41 1.37 4 0.81 
EC-Aerth3-Veg 0.92 -0.96 1.28 0.02 0.94 0.42 1.38 5 0.81 
EC-Aerth3-Veg-LR 0.91 -1.37 1.63 0.03 1.35 0.77 2.15 7 0.69 
FGOALS-g3 0.74 -0.41 1.42 0.2 0.39 0.56 1.15 3 0.70 
GFDL-ESM4 0.85 -3.05 3.17 0.09 3.03 2.31 5.43 14 0.41 
INM-CM4-8 0.94 1.89 2.01 0 1.87 1.15 3.03 11 0.59 
INM-CM5-0 0.92 2.47 2.54 0.02 2.45 1.68 4.15 12 0.50 
IPSL-CM6A-LR 0.90 -2.7 2.85 0.04 2.68 1.99 4.7 13 0.48 
MIROC6 0.53 5.01 5.26 0.41 4.99 4.4 9.8 18 0.24 
MPI-ESM1-2-HR 0.92 -0.57 1.29 0.02 0.55 0.43 1 2 0.63 
MRI-ESM2-0 0.85 -1 1.37 0.09 0.98 0.51 1.58 6 0.69 
NESM3 0.91 -4.69 4.89 0.03 4.67 4.03 8.73 16 0.38 
TaiESM1 0.92 -1.55 1.96 0.02 1.53 1.1 2.65 8 0.65 
Ideal values 0.94 0.02 0.86            

Note: Bold indicates selected best-fitted model.  
Abbreviations: MBIAS = mean bias; R2 = coefficient of determination; RMSE = root mean 
square error. 
 
Likewise, the evaluated and ranked results of minimum temperature were presented in Table 4.3. 

It is clear that the highest R2 is consistent with the FGOALS-g3 model, but it is not in the first 

order. EC-Aerth3-Veg-LR is the best-performing model, corresponding to the ideal value of 

RMSE=0, MBIAS =0.05%, and R2= 0.96. Additionally, GFDL-ESM4 showed strong predictive 

performance. However, GFDL-ESM4 performed better in MBIAS but poorly in RMSE and R2. 

Similarly, NESM3 and BCC-ESM1 had relatively low R2 values and high MBIAS and RMSE 

scores, indicating poor agreement with gridded data (Table 4.3). 

In general, EC-Earth3 demonstrates the most satisfactory performance for rainfall, with an R2 of 

0.97, MBIAS of 0.5, and RMSE of 23.22, followed by GFDL-ESM4. The results align with prior 

research (Girma et al., 2022), indicating EC-EARTH-3's accuracy in simulating mean annual 

rainfall in parts of Ethiopia. CMCC-ESM2 and EC-Aerth3-Veg-LR perform best for maximum 

and minimum temperature, followed by MPI-ESM1-2-HR and GFDL-ESM4, respectively. 
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throughout the study periods. Most central parts of North Shewa, South and North Wollo 

administrative zones showed a medium rise of rainfall under both SSP2-4.5 and SSP5-8.5 

scenarios and periods (the 2040s and 2080s) (Figure 4.1). 

In contrast, under both SSPs, low rainfall change is projected over the eastern parts of North 

Shewa, North and South Wollo, the westrn parts of Wag Himra and and the whole areas of 

Oromia special zones. On the other hand, persistent lower rainfall change is projected around the 

lowland areas of the Afar and Tigray regions under both SSPs and periods (Figure 4.1). This 

result is consistent with Sun et al. (2018), who reported a regional difference in projecting 

rainfall using GCMs ensemble mean. The monthly spatiotemporal distributions of projected 

rainfall are presented in Appendix Figure 4.1. 

High variability with a low amount of annual rainfall is projected in the northern and eastern 

parts while desirable in the Western, Southern, and central parts of Northeastern Ethiopia (Figure 

4.1). As the most prominent and complex geographical factor in the study region, topography is 

an important source of local environmental heterogeneity. The eastern and northern parts of the 

study areas are lower elevations (lowland) with arid and semi-arid environments. The central, 

southern, and western parts are higher elevations (highlands) with mountain chains. High 

elevations receive more rainfall than low-lying areas because as air is forced over the higher 

ground, it cools, causing moist air to condense and fall out as rainfall. 

The higher the place is above sea level, the colder it will be. Mountainous areas also tend to have 

more extreme weather because it is a barrier to air movements and moisture. Elevated terrain 

often pushes air into the atmosphere, acting as a lifting mechanism that creates even more 

rainfall. Similarly, Tesfamariam et al. (2019) reported that spatial rainfall variability coincides 

with the profound effect of topography divergence across regions by creating numerous 

microclimates with different amounts of rainfall. Supporting this idea, Birara et al. (2018) 

reported that stations near mountainous topography and higher elevations receive higher rainfall 

than stations found in lower elevations. 

The enhancement of projected rainfall in high-elevation areas may have positive and negative 

impacts. High rainfall can enhance soil moisture levels, benefiting crop and pastoral production 

that requires consistent hydration. It allows effective exploitation of the high annual rainfall for 

double-cropping.  Then again, the increase in future rainfall implies a high risk of flood and 
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landslide that may cause land degradation. High moisture levels may create favorable conditions 

for fungal infections and other plant diseases. 

 
Figure 4.1 Spatial distribution of projected monthly mean rainfall change (%) for CMIP6 MME 
under SSP2-4.5 and SSP5-8.5 scenarios over the 2040s and 2080s compared to GPCC 

On the other hand, the spatial distribution of rainfall in the highly elevated areas of the study 

region (Figure 4.1) tends to limit double-cropping due to high seasonality despite high annual 

rainfall. Conversely, low seasonality (bimodal regime) is problematic in arid and semi-arid 

climates such as north and eastern lowlands because low rainfall over an extended period can 

constrain the relevance of the rainy season for crop production. The low-elevation areas could 

suffer from water scarcity and recurrent drought. Exploring the spatial distribution of rainfall is 

important for determining the suitability of different areas for agricultural production based on 

their environmental requirement. Furthermore, such information generated on a spatial base 

could be important to agricultural experts and policymakers who develop interventions according 

to the climatic conditions of different locations (Alemayehu et al., 2020).  

4.3.3.2.  Maximum temperature  

The projected annual and seasonal maximum temperature over east Amhara, northeastern 

Ethiopia, is presented in Table 4.5. In the 2040s, the mean annual maximum temperature may 
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Southeastern parts of the Wag Himra zone. The projected maximum temperature may increase 

steadily from 30 to 33.5°C, reaching a maximum in the Eastern, North, and Southeastern parts 

(almost by 4.5°C increment in 2100) and moving towards the Central, West, and Southwestern 

parts of the east Amhara region. The lower maximum temperature changes are projected over the 

study area's Western, Northern, and southern tip under both assessed time periods and SSPs. The 

monthly spatiotemporal distributions of projected maximum temperature (oC per month) is 

presented in Appendix Figure 4.3  

   
Figure 4.2 spatial distribution of projected monthly mean maximum temperature change (0C) for 
CMIP6 MME under SSP2-4.5 and SSP5-8.5 scenarios over 2040s and 2080s compared to CRU 

4.3.3.3. Minimum temperature  

The projected annual and seasonal minimum temperature change over the east Amhara region, 

northeastern, Ethiopia is presented in Table 4.6. The results showed that the projected annual 

mean minimum temperature could increase by 1.62oC in the 2040s while increasing by 2.56oC 

for the 2080s under the SSP2-4.5 scenario. Similarly, the annual minimum temperature may 

increase by 1.97oC and 4.48oC in the 2040s and 2080s under the SSP5-8.5 scenario, respectively. 

Based on seasonal projection, the Belg season minimum temperature may increase by 1.12oC 

and 2.13oC under SSP2-4.5 while increasing by 1.5oC and 4.16oC for the 2040s and 2080s under 
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periods and scenarios showed an increasing trend. The maximum projected rainfall for the study 

area was shown in the Kiremt season (from June to September) (Figure 4.5). The results are 

similar to those of Gebresellase et al. (2022), who reported that monthly rainfall is expected to 

increase under SSP2-4.5 and SSP5-8.5 scenarios in the upper awash basin, Ethiopia. 

  

Figure 5.5 projected monthly rainfall from 2015 to 2100 under SSP2-4.5 and SSP5-8.5 of the 
GPCC (1984-2014) over east Amhara, northeastern Ethiopia 

Generally, the projected monthly, seasonal, and annual rainfall showed an increasing trend in the 

2040s and 2080s under SSP2-4.5 and SSP5-8.5 climate scenarios. However, the magnitude of its 

trend varies according to the differences in time periods and climate scenarios. The finding is 

aligned with Teshome et al. (2022), who predicted that annual rainfall may increase by 2.5% and 

29% in 2030, and 12% and 32% in 2050 under mid and high emission scenarios, respectively, in 

the eastern and western Hararghe zones, Ethiopia. Further, studies conducted by Almazroui et al. 

(2020), Gebisa et al. (2023), Getachew & Manjunatha (2021), and Moges & Bhat (2021) 

anticipated increasing trends of annual rainfall under different climate scenarios and regions in 

Ethiopia. 

While some East African studies show decreasing rainfall trends, projections for Ethiopia remain 

inconsistent. For instance, studies project rainfall increases in the Awash River basin (Tessema et 

al., 2021) but decreases in the Baro-Akobo River basin (Mengistu et al., 2023) by the end of the 

century. Other studies anticipate insignificant trends in the UBNB region, both increasing 

(Alaminie et al., 2021) and decreasing (Takele et al., 2022). These discrepancies likely arise 

from variations in scenarios, time periods, model uncertainties (Gudmundsson et al., 2012; 

Sarvina et al., 2019), seasonal migration, and complex topography (Gebremeskel et al., 2019; 
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Kifle et al., 2019). The mixed projections necessitate tailored, local-scale GCM adaptation for 

sustainable water use and agricultural productivity in East Africa, including Ethiopia. Regions 

anticipating decreased rainfall require water conservation, while those expecting increased 

rainfall need flood management strategies. 

Projected rainfall trends are crucial for identifying climate change indicators and guiding water 

resource management policies. An increasing trend of projected rainfall due to climate change 

may positively and negatively impact rain-fed agricultural production. While increased rainfall 

can benefit rain-fed agriculture by enhancing soil moisture and enabling multiple cropping 

cycles, it poses risks, including root damage, water pollution, infrastructure damage, and reduced 

oxygen availability for crop growth. The heightened risk of floods and landslides, particularly in 

elevated areas, can cause land degradation, while high moisture levels may favor plant diseases. 

Irregular rainfall patterns can disrupt sowing and harvesting dates, impacting crop cycles and 

productivity, potentially altering agricultural systems and affecting food security (Muluneh et al., 

2016). Both medium and high-emission scenarios necessitate focusing on flood mitigation and 

climate resilience. Spatiotemporal rainfall data enable local communities to develop adaptation 

and mitigation strategies for sustainable agriculture. Integrating these findings into regional 

climate adaptation plans empowers policymakers, farmers, and stakeholders to address the 

projected impacts of climate change. 

4.3.5.2. Maximum temperature  

Projected maximum temperatures for the 2040s and 2080s consistently increase under SSP2-4.5 

and SSP5-8.5 scenarios (Table 4.8). Variance correction primarily affected the baseline period, 

where Belg, Kiremt, and annual temperatures showed higher Z statistics after correction. Serial 

correlation was detected in the gridded and projected data; therefore, the modified Z statistic (Zc) 

with a new p-value was used to determine trend significance. The projected Belg season 

maximum temperature shows a significantly increasing trend, with the highest increase in the 

2080s under SSP5-8.5 (0.07 °C per year in the baseline, 0.01-0.03 °C per year in SSP2-4.5, and 

0.05-0.07 °C per year in SSP5-8.5). Similarly, the Kiremt season maximum temperature shows a 

significantly increasing trend, with the highest increase in the 2080s under SSP5-8.5 (0.03 °C per 

year in the baseline, 0.01-0.04 °C per year in SSP2-4.5, and 0.04-0.05 °C per year in SSP5-8.5). 

Annual temperature trends also exhibit a significantly increasing trend, with the highest increase 
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scenarios. This result is similar to that of Getahun et al. (2020), who reported that an increasing 

trend of minimum temperature for all GCMs was generally higher than the maximum 

temperature in the Awash Basin, Ethiopia. Rising minimum temperatures could cause crop heat 

stress, lower yields, and increase pest and disease pressure, posing challenges to agricultural 

production and food security (Moges & Bhat, 2021). 

Overall, the projected monthly, seasonal, and annual maximum and minimum air temperature 

showed consistently increasing trends in the 2040s and 2080s under SSP2-4.5 and SSP5-8.5 

scenarios. The unprecedented rise in temperature has led to the sustainability of agricultural 

production by affecting the overall water balance. Catchment and Guyasa (2024) reported that 

water balance components like evapotranspiration and potential evapotranspiration may increase 

with increased temperature. On the contrary, surface runoff, lateral flow, and water yield may 

decrease with increased temperature under future climate scenarios. The evapotranspiration 

process profoundly impacts the water balance's scale and composition. The rise in 

evapotranspiration strains available water resources, leading to increased frequency and severity 

of hydrological droughts, especially in lowland areas. The increasing evapotranspiration and 

potential evapotranspiration rate result in more water demand for the crops (Teshome et al., 

2022), which in turn causes reduced soil water content and, finally, crop yields (Dibaba et al., 

2020; Megersa et al., 2019). Soil moisture is a key factor that is linked to the influence of the 

atmosphere, soil character, and vegetation on the water cycle process. Due to the impact of 

increasing temperatures on soil moisture, surface and groundwater, streamflow, and water 

availability, crops will require more water through evapotranspiration. Soil water content in the 

ecosystem will be reduced through increasing evapotranspiration, inhibiting the region's plant 

growth and agricultural sustainability. 

Increasing temperatures could impact agricultural productivity through multiple processes (Elahi 

et al., 2022), including increased water stress, changed crop phenology, and increased pest and 

disease pressure. Moreover, heat stress can reduce crop yields, degrade crop quality, and 

interfere with pollination at crucial growth phases (Nawaz et al., 2024). According to IPCC 

(2007), an increase in temperature will adversely affect crops, especially in semi-arid regions, 

where heat is already a limiting factor of production. Heat stress can reduce photosynthesis and 

water use efficiency, affecting energy production and nutrient assimilation. It may accelerate 

metabolic processes, shortening the growing period and potentially reducing biomass 
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accumulation. The elevated temperature forced crops to shift from growing long-duration 

cultivars to short-maturing with lower yield potential (Wylie, 2008). The increase in temperature 

not only impacts crops but also has a profound effect on the production of livestock. According 

to Garnett (2009), livestock production faces detrimental consequences as temperatures rise due 

to intensified competition for natural resources, loss of biodiversity, and diminished feed quality 

and quantity. The increase in projected temperature is quite drastic, particularly under the SSP5-

8.5 scenario. To minimize the risks associated with severe projected temperatures, adaptation 

strategies such as crop and livelihood diversification, adjusting sowing dates, use of drought and 

heat-tolerant crop types and varieties, and water management should be prioritized for 

sustainable agricultural production. 

Generally, historical observations indicate substantial variability and mixed trends, while the 

selected CMIP6 ensemble projects a clearer future warming and rainfall-change signal in the 

study region. Ethiopia is found in the equatorial region, including the study areas. The reason 

that potential feedback mechanisms between rainfall and temperature change could be attributed 

to increased climate projections in the equatorial region. The sun rises over the head all year 

round. It serves as a high evaporation and transpiration. As average temperatures at the Earth's 

surface rise, more evaporation and transpiration occur from vegetation and water bodies, adding 

more moisture to the air; this, in turn, increases overall rainfall. Consequently, a warming climate 

is expected to increase rainfall in many areas.  

On the other hand, increased evapotranspiration could result increased in atmospheric humidity 

and cloud cover. Elevated relative humidity and cloud cover may increase the atmospheric 

temperature by influencing the reflection of solar radiation from the Earth's surface. In addition, 

if air temperatures warm, it should warm the oceans. The oceans are an important sink for CO2 

because they absorb the gas into the water's surface. The ability of the ocean to remove CO2 from 

the atmosphere decreases with increasing temperature. As CO2 increases, the warming potential 

of the atmosphere increases. These occurrences may increase future rainfall and temperature 

projections.   

The rise of projected rainfall and temperature may reduce agricultural production and cause food 

insecurity through changes in rainfall patterns, temperature, heat waves, droughts, floods, pests 

and diseases, cropping calendar, and shift the suitability of farmlands (Filho et al., 2021). 
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et al., 2024) using the latest version CMIP6 models with long-term multi-indices (Zeleke et al., 

2025; Wubaye et al., 2023).  

In areas with limited and uneven station observations, high-resolution gridded datasets and 

climate model outputs play a crucial role in evaluating and projecting climate extremes (Lafferty 

& Sriver, 2023). However, coarse-resolution global climate models often struggle to capture 

local climate variability, especially in regions with complex topography and sharp climate 

gradients (Alemayehu & Bewket, 2017a; Lafferty & Sriver, 2023). While CMIP6 models offer 

advancements over CMIP5 in terms of model physics and experimental design (Eyring et al., 

2016), notable biases in simulating rainfall and temperature extremes remain (Thackeray et al., 

2021), highlighting the continued need for model evaluation and bias correction. 

Accurate climate projections are essential for effective climate-risk management and adaptation 

in regions like eastern Amhara, where agriculture is highly sensitive to rainfall and temperature 

extremes. However, in Ethiopia and similar regions, the scarcity of long-term, spatially 

distributed station observations limits our understanding of local-scale climate variability and 

extremes. Previous climate assessments have relied mainly on coarse-resolution gridded datasets 

and CMIP5-generation global climate models (GCMs). While these methods provided important 

insights into climate change and extremes at broad scales, they exhibit significant limitations in 

capturing sub-regional or local-scale variations, especially in areas with complex topography and 

strong climate gradients (Kim et al., 2020; Lafferty & Sriver, 2023). Existing studies based on 

CMIP5 models often fail to represent the spatial heterogeneity, intensity, and frequency of 

rainfall and temperature extremes at the district or sub-regional level due to model biases and 

insufficient spatial resolution (Eyring et al., 2016; Kim et al., 2020). As a result, adaptation 

strategies based on these projections may not be locally appropriate or effective. 

The recent transition from CMIP5 to CMIP6 offers an opportunity to address these gaps. CMIP6 

models include updated physics, improved representations of climate processes, and a broader 

set of experiments (Eyring et al., 2016), which are expected to enhance the simulation of climate 

extremes. However, recent evaluations show that improvements in CMIP6 are not consistent 

across all variables or regions, and substantial biases persist, especially in the simulation of 

rainfall intensity, frequency, and temperature extremes (Thackeray et al., 2021). Furthermore, 





https://power.larc.nasa.gov/data-access-viewer/
http://agrimetsoft.com/calculator/












 

106 
 

low CDD (48.01-59.97mm). The low CWD (13.02-30.77days) was found at northern, eastern, 

and southeastern parts; inversely, the western parts showed relatively high CWD (48.53-

66.27days).  

Table 5.2 Variabilities of rainfall and temperature extremes in the East Amhara, Northeastern 
Ethiopia 

Extreme 
indexes 

Baseline 
SSP2-4.5 SSP5-8.5 
2040s 2080s 2040s 2080s 

Mean SD CV Mean SD CV Mean SD CV Mean SD CV Mean SD CV 
CDD 40 11 27 63 24 39 53 24 46 61 24 39 38 16 43 
CWD 49 19 38 181 21 12 176 28 16 184 21 12 183 25 14 
PRCPTOT 834 87 10 905 53 6 956 48 5 955 57 6 1058 62 6 
SDII 5.5 0.6 10 3.9 0.2 4 3.9 0.2 5 4 2 4 4.1 0.2 4 
R10 23 6 24 2 2 78 3 2 77 3 3 87 7 4 53 
R20 3 2 67 0 0 0 0 0 0 0 0 0 0 0 0 
R95P 150 69 46 108 44 41 115 48 42 112 45 41 138 58 42 
R99P 39 38 95 26 19 76 29 28 97 27 22 83 36 35 97 
RX1DAY 27 6 21 11 1 11 12 2 20 12 2 20 14 2 17 
RX5DAYS 81 17 21 43 4 9 44 4 9 44 4 9 50 6 12 
SU 233 54 23 314 21 7 352 10 3 329 26 8 365 1 0 
TMAXMEAN 26 1 3 27 0 1 28 0 1 27 0 2 29 1 2 
TMINMEAN 14 0 3 16 0 2 17 0 1 16 1 4 19 1 3 
TN10P 12 8 69 11 12 108 11 7 62 12 17 140 13 19 150 
TN90P 10 9 83 12 13 109 10 8 72 14 24 173 13 19 144 
TNN 8 1 10 11 1 5 12 0 3 11 1 8 14 1 5 
TNX 18 1 4 19 0 2 20 0 1 19 1 3 22 1 3 
TX10P 11 8 73 10 7 66 11 6 54 11 12 110 12 13 111 
TX90P 10 11 109 12 10 88 11 7 66 13 15 119 13 15 121 
TXX 32 1 3 31 0 1 32 0 1 31 1 2 33 1 2 
TXN 21 1 4 23 0 2 24 0 2 24 1 2 26 1 2 
WSDI 10 18 178 11 17 152 8 11 149 15 31 205 17 35 203 
CSDI 9 14 148 10 18 176 8 11 139 11 37 216 22 45 203 

Abbreviations: SD=Standard deviation, CV=Coefficient of Variation 

Generally, the eastern Amhara region showed high variability and inconsistent distribution of 

rainfall extremes throughout the study period. The western and central parts showed relatively 

the maximum PRCPTOT, R1day, R5day, SDII, R10mm, R20mm, CWD, R75p, R90p, and 

R99p, with inversely lower CDD indices.  The northern and eastern parts showed lower rainfall 

distribution (extreme indices) than the other parts. The amounts of annual total rainfalls 

discovered at these parts ranged from 316.2 to 556.1mm. The results indicated that the northern 

and eastern areas were found in the arid environment. 
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Figure 5.2 Spatial distribution and variability of rainfall extreme indexes under the baseline 
period (1984-2014) in the east Amhara northeastern, Ethiopia 

5.3.3.2. Projected rainfall extremes 

The temporal variability and spatial distribution of projected rainfall extremes like PRCPTOT, 

SDII, RX1day, and RX5day in the 2040s and 2080s under SSP2-4.5 and SSP5-8.5 scenarios are 

presented in Table 5.2 and Figure 5.3. Under SSP2-4.5, the PRCPTOT was discovered from 

584.6-1216.3mm and 578.5-1283.8mm with the CV values of 6 and 5% in the 2040s and 2080s, 

while under SSP5-8.5, it was ranged from 584.5-1248.3mm and 594.9 to 1345.0mm with the 

same (6%) CV results for the respective periods. The SDII results also showed 2.76- 5.03 mm 

and 2.86-5.18mm with low variation (CV=4%) in the 2040s, while 2.85- 5.1 mm and 3.11-

5.25mm with 5% and 4% CV   in the 2080s under SSP2-4.5 and SSP5-8.5, respectively.  The 

area was found to have the highest R1day (9.8-17.8 days) and R5day (18.7-40.0 days), with CV 

values of 17% and 12%, respectively, in the 2080s under SSP5-8.5. Contrary, the lower R1day 

(8.43-17.1day) with high variability (CV=20%) showed in the 2080s under SSP5-8.5 and R5day 

(14.6-24.9days) in the 2040s under SSP2-4.5. 

The PRCPTOT results showed a low coefficient of temporal variation and a wide range of 

spatial distribution. The SDII also showed low variation and a narrow distribution. The 

maximum PRCPTOT (1221- 1345 mm) and SDII (4.54- 5.25 mm) were found at the western and 

southwestern parts, followed by central areas in the 2080s under SSP5-8.5. Lower levels of 














































































































































































































































































































































