
Science Discovery Environment 

2026, Vol. 1, No. 4, pp. 215–233 

https://doi.org/10.11648/j.sdenv.20260104.14  

 

 

 

Received: 4 October 2026; Accepted: 21 October 2026; Published: 6 November 2026 

 

Copyright: © The Author(s), 2026. Published by Science Publishing Group. This is an Open Access article, distributed 

under the terms of the Creative Commons Attribution 4.0 License (http://creativecommons.org/licenses/by/4.0/), which 

permits unrestricted use, distribution and reproduction in any medium, provided the original work is properly cited. 
 

Research Article 

Spatiotemporal Analysis of Temperature Extremes Under 

Future Climate Scenarios in the Borana Zone, Ethiopia 

Mikiyas Gebre Arrefaine1, * , Tesfay Mekonnen Weldegerima2  

1Ethiopian Meteorology Institute, West Oromia Meteorological Research Center, Jimma, Ethiopia 

2Meteorology and Hydrology Faculty, Arba Minch University, Arba Minch, Ethiopia 

 

Abstract 

Climate change has intensified temperature extremes worldwide, with particularly severe implications for semi-arid regions such 

as southern Ethiopia. This study assessed historical and future temperature extremes across the Borana Zone using ENACTS 

observational datasets (1985–2014) and bias-corrected outputs from nine CMIP6 global climate models under SSP2-4.5 and 

SSP5-8.5 scenarios. Extreme temperature indices recommended by the Expert Team on Climate Change Detection and Indices 

(ETCCDI) were computed using the Climate Data Tool. Model performance was evaluated using correlation coefficient, mean 

error, mean absolute error, root mean square error, and index of agreement. Long-term trends were assessed using the Mann–

Kendall test and Sen's slope estimator, while Pearson correlation analysis was employed to investigate relationships between 

temperature extremes and major large-scale climate indices, including ENSO, PDO, IOD, SOI, and AMO. Results indicate 

statistically significant increases in warm temperature indices (TN90p, TX90p, TNx, TXx) and significant decreases in cold 

extremes (TN10p and CSDI), indicating an overall warming climate with stronger nighttime warming. Future projections show 

substantial increases in mean temperature and warm spell duration under both emission scenarios, with the highest warming 

projected under SSP5-8.5 by the late twenty-first century. Diurnal temperature range is projected to decrease, reflecting 

accelerated increases in minimum temperature relative to maximum temperature. Significant relationships between several 

temperature extremes and large-scale climate indices demonstrate the influence of global climate variability on regional 

temperature behavior. These findings provide important scientific evidence for climate adaptation planning, drought 

preparedness, and sustainable management of pastoral systems in the Borana Zone. 
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1. Introduction 

According to recent IPCC data, the average global tem-

perature increased by 0.85°C between 1880 and 2012 [6]. 

The increase in the global average temperature, commonly 

referred to as global warming, has a substantial influence on 

many developing countries, particularly those in Sub-Sa-

haran Africa. Because Ethiopia's economy depends on cli-

mate-sensitive industries like agriculture and pastoral sys-

tems, the repercussions of a changing climate are felt broadly 
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in these nations [29]. 

One of Africa's largest nations, Ethiopia, is characterized by 

a complex physiography that includes the Dega (2,300-3,300 

meters), Wionadega (1,500-2,300 meters), Kolla (500-1,500 

meters), and Bereha (less than 500 meters) ranges, according 

to the Ethiopian Institute of Agricultural Research (EIAR, 

2011). The country's complex geography is not the only factor 

influencing its climate; the Intertropical Convergence Zone 

(ITCZ), where the northeast and southeast trade winds meet 

as the Sun passes overhead, also plays a role [28, 49]. As a 

result, the ITCZ's seasonal migration causes distinct dry and 

rainy weather seasons. 

The temporal and spatial variations in the climatic system 

(temperature), which are governed by these factors, may have 

an impact on a wide range of socioeconomic systems, such as 

livestock and agricultural systems, among others. Drought and 

other harsh weather conditions also affect populations of ag-

ropastoralists and lowland pastoralists. If future climatic ex-

tremes render traditional coping mechanisms inadequate, dis-

aster managers will have to develop new management strate-

gies. Emergency response plans, and economic disaster prep-

aration that relies on historical weaknesses might no longer 

work [27, 55, 56]. 

According to future forecasts, countries and systems that 

currently have low levels of risk preparation will be extremely 

susceptible. The Greater Horn of Africa region is not new to 

the linkages between extreme weather and the spread and in-

tensification of disasters, plagues, and conflicts. For example, 

the drought in 1984 exacerbated the Darfur war by causing 

food instability and starvation [60]. The earth's climate has 

fluctuated periodically due to a variety of natural and man-

made factors [37, 41]. 

This study aimed to visualize the potential spatiotemporal 

features of extreme temperature events in the past and future. 

It also examined the relationship between large-scale climate 

indices and temperature extreme indices across the Study Area 

using data from the CMIP6 Climate Models, ETCCDI core 

indices, and the websites of large-scale climate indices. The 

ETCCDI Climate Indices can be used to measure and quantify 

climate variability and associated trends. 

This study compared temperature patterns between EN-

ACTS (1985-2014) and ESGF CMIP6 GCM Historical, Fu-

ture (ssp2.45&ssp5.85) data in the semi-arid Borana zone in 

southern Ethiopia. Large-scale climate indices have a major 

impact on regional and global climate variability in addition 

to localized weather patterns [25]. Despite being far from their 

source, these indices reflect the main patterns of oceanic and 

atmospheric circulation that function on interannual to deca-

dal timeframes and can teleconnection with regional climate, 

including temperature extremes [57]. Comprehending their 

impact is essential for understanding and forecasting climatic 

anomalies in East Africa and other regions of the world. Tem-

perature anomaly extremes were correlated with large-scale 

climatic indices (AMO, El-Nino3.4, SOI, IOD and PDO) us-

ing Pearson Correlation. 

2. Materials and Methods 

2.1. Descriptions of the Study Area 

The study is conducted in Borana, which is one of the Oro-

mia Region's zones located in southern Ethiopia. Geograph-

ically, it is located between 3◦00′ and 7◦00′ north latitude and 

37◦00′ and 41◦00′ east longitude, encompassing approximately 

98848.8 km2, as seen in Figure 1. Borana Zone has a diverse 

topography that ranges from 343 to 2452 meters above sea 

level. The Borana rangelands span around 1.9 million hectares. 

The region has a semi-arid savannah landscape, typified by 

gently sloping lowlands and floodplains planted primarily 

with grass and shrub [61]. 

 
Figure 1. Map of the Study area with elevation. 
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2.2. Economic Conditions and Climates of the 

Study Area 

Borana Zone has an average annual rainfall of 350 mm to 

roughly 900 mm, which is distributed over two rainy seasons: 

March to May and September to October. The area has a semi-

arid to arid environment and is home to pastoral and agro-pas-

toral people. These communities rely only on climate-sensi-

tive sectors (livestock raising and small-scale farming meth-

ods) for their survival. Farming is a relatively new activity in 

the area, promoted by the government to diversify methods of 

producing additional revenue for the family, and it is no longer 

done in some districts due to a lack of rainfall. 

The Borana Zone has four climate types: hot dry, hot semi-

arid, tropical wet or rainy, and mild temperate. In steppe-cov-

ered areas, the hot semi-arid climate predominates. In this cli-

mate zone, the average annual temperature ranges from 18°C 

to 27°C, while the mean annual rainfall ranges from 410 to 

820 mm. This is the climate in Borana's west and south [16]. 

The study location likewise has a tropical wet climate. In a 

tropical wet environment, the average temperature in the cold 

months is around 18°C, with an average annual rainfall of 

680-2000 mm. 

2.3. Data Collection 

From Ethiopia Meteorological Institute, gridded daily 

Tmax, and Tmin data (ENACTS) for the research region from 

1985 to 2014 were collected. Since, ENACTS data provides 

several benefits, including completeness and accessibility [18]. 

These data were used to evaluate the CMIP6 models (Table 1) 

in the current study. On the other hand, CMIP6 datasets for 

sea surface temperatures from nine climate models participat-

ing in CMIP6 were obtained from an Earth System Grid Fed-

eration website (https://esgf-node.llnl.gov/projects/cmip6) 

[13]. These data were utilized for future prediction of climate 

extreme indices. The CMIP6 models were selected depend on 

their high resolution and Availability of data which is useful 

for the climate indices study and also depending on the re-

search conducted on the Performance evaluation and ranking 

of CMIP6 global climate models research by [38]. 

Furthermore, Climatic indicators include the Pacific Deca-

dal Oscillation (PDO), Southern Oscillation Index (SOI), In-

dian Ocean Dipole (IOD), and Atlantic Multi-decadal Oscil-

lation (AMO), with El-Nino3.4 being utilized in this study. 

The SOI, acquired from http://www.bom.gov.au/climate/cur-

rent/soihtm1.shtml, depicts the measured surface air pressure 

differential between western (Tahiti) and eastern tropical Pa-

cific (Darwin, Australia) during El Niño and La Niña events. 

Ethiopian researchers used these data [19, 50]. Download the 

Pacific Decadal Oscillation (PDO) data from 

https://www.ncdc.noaa.gov/teleconnections/pdo/data. The 

PDO is a long-term pattern of Pacific climate variability sim-

ilar to El Niño. El-Nino3.4 the data were taken from the web-

site (https://www.esrl.noaa.gov/). This data was used by Ethi-

opian researcher [36], who used it to connect large-scale cli-

matic indices with local drought indices. [15] found that El 

Niño disrupts Ethiopia's Kiremt rainfall throughout the boreal 

summer season. 

Table 1 shows the models that were selected depend on 

their high resolution and Availability of data which is useful 

for the climate indices study and also depending on the re-

search conducted on the Performance evaluation and ranking 

of CMIP6 global climate models research by [38]. 

These Models are used by Ethiopian Researchers by [3, 11, 

14, 22] for evaluation of General Circulation Models CMIP6 

Performance and Future Climate Change. 

Table 1. Overview of CMIP6 models applied in this investigation. 

No. CMIP6 model name Country Atmospheric Resolution (lon×lat in deg.) Variant label 

1 CMCC-ESM2 Italy 1.3° ×0.9° r1i1p1f1 

2 CNRM-ESM2-1 France 1.4°×1.4° r1i1p1f1 

3 INM-CM4-8 Russia 2°×1.5° r1i1p1f1 

4 INM-CM5-0 Russia 2°×1.5° r1i1p1f1 

5 MIROC6 Japan 1.4°×1.4° r1i1p1f1 

6 MIROC-ES2L Japan 2.8°×2.8° r1i1p1f1 

7 MPI-ESM1-2-HR Germany 0.9° ×0.9° r1i1p1f1 

8 MRI-ESM2-0 Japan 1.1°×1.1° r1i1p1f1 

9 NorESM2-MM Norway 0.9° ×1.3° r1i1p1f1 
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2.4. Bias Correction for CMIP6 Data 

The magnitude of climate change's influence is also deter-

mined by the principles of bias correction approaches [44]. As 

a result, the Climate Data Bias Corrector (CDBC) tool is used 

to correct the bias in historical and future climatic projections 

for three key climatic variables: rainfall, temperature (maxi-

mum and minimum), and solar radiation. [17] adopt the Quan-

tile mapping approach for bias correction, which is known for 

its efficiency and low computing cost. 

The GCM output was corrected using daily-observed air 

temperature, for reducing climatic bias 

The correlation coefficient is given by Equation (1); 

𝑟 =
1

2
∑ (𝑋𝑡−𝑋̅)(𝑌𝑡−𝑌̅)𝑁

𝑡=1

√
1

2
{∑ (𝑋𝑡−𝑋̅)2𝑁

𝑡=1 }{∑ (𝑌𝑡−𝑌̅)2𝑁
𝑡=1 }

           (1) 

In Equation (1), 𝑋𝑡and 𝑌𝑡  are ENACT observational tem-

perature data and CMIP6 Models Temperature data at time t, 

and 𝑋  and 𝑌  arithmetic means of 𝑋𝑡  and 𝑌𝑡  at time t re-

spectively. N is the record length. 

2.5. Determination of Climate Indices 

In the current study, Climate data tool (CDT) was used for 

the computations of b temperature extremes. The temperature 

computed in present study were summarized in the Table 2. 

Table 2. List of the Climate Indices used in this Study are the following. 

ID (unit) Indicator name Definitions 

SU25 (days) Summer days 
Annual count when TX 

(daily maximum)[25°C] 

TXx (°C) Hottest days 
Monthly maximum value of daily 

maximum temp 

TNx (°C) Warmest nights 
Monthly maximum value of daily 

minimum temp 

TXn (°C) Coldest days 
Monthly minimum value of daily 

maximum temp 

TNn (°C) Coldest nights 
Monthly minimum value of daily minimum 

Temp 

TN10p (% days) Cool nights 
Percentage of days when TN\10th 

Percentile 

TX10p (% days) Cool days 
Percentage of days when TX\10th 

Percentile 

TN90p (% days) Warm nights 
Percentage of days when TN[90th 

Percentile 

TX90p (% days) Warm days 
Percentage of days when TX[90th 

Percentile 

WSDI (days) Warm spell duration indicator 

Annual count of days with at least 

6 consecutive days when TX[90th 

Percentile 

CSDI (days) Cold spell duration indicator 

Annual count of days with at least 

6 consecutive days when TN\10th 

Percentile 

DTR (°C) Diurnal temperature range 
Monthly mean difference between 

TX and TN 

Source: [53]. 
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2.6. Trend Analysis 

2.6.1. Mann Kendall Trend Test 

The trend analysis is the most often used approach for de-

tecting long-term changes in time series data. Among the sev-

eral available approaches, researchers typically employ the 

Mann-Kendall (MK) test and Sen.’s slope test. Mann-Kendall 

is a non-parametric statistical test used in several research to 

discover monotonic trends and assess the importance of time 

series data trends [2, 30]. Identifying a major trend Data anal-

ysis were done using Rstudio program [20, 31, 63]. 

The MK test statistic ‘S’ is calculated based on [24, 31, 63] 

using the formula: - 

𝑆 = ∑ ∑ 𝑠𝑔𝑛(𝑥𝑗 − 𝑥𝑖)𝑛
𝑗=𝑖+1

𝑛−1
𝑖=1           (2) 

The application of trend test is done to a time series Xi that 

is ranked from i ¼ 1, 2 … n-1 and Xj, which is ranked from j 

¼ i þ 1, 2 …. n. Each of the data point Xi is taken as a reference 

point, which is, compared with the rest of the data point's Xj 

so that: 

𝑠𝑔𝑛(𝑥𝑗 − 𝑥𝑖) = {

+1 𝑖𝑓 (𝑥𝑗 − 𝑥𝑖) > 0

0 𝑖𝑓 (𝑥𝑗 − 𝑥𝑖) = 0

−1 𝑖𝑓 (𝑥𝑗 − 𝑥𝑖) < 0

         (3) 

Where Xi and Xj are the annual values in years i and j (j > 

i) respectively. It has been documented that when the number 

of observations is more than 10 (n 10), the statistic ‘S’ is ap-

proximately normally distributed with the mean and E(S) be-

comes 0 [24]. 

2.6.2. Sen.’s Slope Estimator 

Several authors [43] have used Sen.’s slope estimator [51] 

method to determine the magnitude of slopes. This method, 

which assumes a linear trend in the time series, begins by cal-

culating slopes (Z_) of all data pairs using Equation 8. 

𝑍𝑖 =
𝑋𝑖−𝑋𝑘

𝑖−𝑘
 𝑓𝑜𝑟, 𝑖 = 1,2,3 … , 𝑁             (4) 

In Equation (4), N is the number of data points; Xi and Xk 

are observed data values at time i and k (i k), respectively. 

The median of these N values of Zi is the Sen.’s estimator 

of slope. It is calculated using Equation (5); 

𝛽 = {

𝑍𝑁+1

2

                    𝑁 𝑖𝑠 𝑂𝑑𝑑   

1

2
(𝑍𝑍

2

+ 𝑍𝑁+1

2

)    𝑁 𝑖𝑠  𝐸𝑣𝑒𝑛 
          

(5) 

A positive value of indicates an upward (increasing) trend 

and a negative value indicate a downward (decreasing) trend 

in the time series. The significance is determined by Equation 

(6): 

𝐶𝑎=𝑍
1−

𝑎
2

√𝑉𝑎𝑟(𝑍𝑖)                   (6) 

In Equation (6) 𝐶𝑎 is the confidence interval,𝑍1−
𝑎

2
 is ob-

tained from the standard normal 

distribution table and 𝑉𝑎𝑟(𝑍𝑖) is the variance of the slopes. 

In this study the confidence interval was computed at 𝑎 = 

0.05 significance level. 

2.7. Correlation 

The Pearson correlation coefficient is used to assess the as-

sociation between temperature extremes and global climate 

indicators (ENSO, SOI, PDO, and IOD) [5]. a simple correla-

tion coefficient of 1.0 and -1.0 denotes a perfect positive (di-

rect) and negative (inverse) linear relationship in temperature 

extremes with Global climate indices, respectively, whereas a 

correlation coefficient of 0.0 indicates no association between 

the variables. Equation (1) provides the Pearson correlation 

coefficient. 

2.8. Data Analysis 

In the present study Microsoft excel, CDT (Climate data 

tool), Climate data bias corrector (CDBC), Arc GIS 10.8, R-

studio and climate data operator (CDO) were utilized for ana-

lysing data. 

3. Results and Discussions 

This section compares Global Climate Models and CMIP6 

Models ENSEMBLE data to Maximum and Minimum Tem-

perature ENACT data across the Borana Zone of Oromia, 

southern Ethiopia. The performance of climate models was as-

sessed using data from the years 1985 to 2014. First, the ob-

served climatology is compared to the respective climatologi-

cal means of the nine model Products. The performance is as-

sessed at the grid point level using a spatial resolution of 

0.25°x0.25°. 

3.1. Bias Corrections and Statistical 

Descriptions 

Figure 2 shows the output of a climate data bias corrector 

tool, which includes two sets of Cumulative Distribution 

Function (CDF) graphs for temperature from the CNRM 

model. The (a) figure shows the minimum temperature, while 

the (b) figure represents the maximum temperature. Both 

graphs evaluate data for a randomly selected latitude and lon-

gitude, illustrating the bias correction methodology's effi-

ciency over the course of a year. 

Each subplot in the composite image represents a single 

month and shows three different CDF curves: observed (blue 

dots), before correction (red line), and after correction (green 
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line). The x-axis on these charts commonly reflects tempera-

ture in degrees Celsius, while the y-axis shows cumulative 

probability, which ranges from 0 to 1. The observed data 

points, which are frequently sparse, indicate the empirical cu-

mulative distribution of real temperature observations during 

the given month at the stated location. The before Correction 

curve shows the CNRM model's initial, uncorrected tempera-

ture distribution. The after-Correction curve, on the other hand, 

depicts the temperature distribution of the CNRM model fol-

lowing the use of the bias correction approach. 

The major goal of this visualization is to evaluate the effec-

tiveness of the bias correction tool. a successful bias correc-

tion would provide an after-correction curve that closely 

matched the observed data points. In contrast, the Before Cor-

rection curve is likely to deviate significantly from the actual 

data, revealing consistent biases in the raw model output. 

The degree of adjustment appears to differ significantly 

across months and between minimum and maximum temper-

atures, but the general trend indicates a considerable gain in 

model fidelity following correction. For example, in some 

months, the Before Correction curve may regularly overesti-

mate or underestimate temperatures, resulting in a shift to the 

right or left of the observed data. The after-Correction curve 

often mitigates these deviations, causing the green line to 

closely follow the blue dots. This proper alignment is critical 

for climate impact studies because biased climate model out-

puts might result in inaccurate estimates of future climatic 

conditions and their possible effects on diverse sectors. 

 

 
Note: In Figure 2, the X-axis represents temperature in degrees Celsius and y-axis indicates the cumulative probability 

Figure 2. Cumulative distribution function (CDF) of the minimum (a) and maximum (b) temperatures at Hageremariam station. 
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Table 3 illustrates the Mann Kendall Trend Test and Sen.’s 

Slope Estimator of Temperature Extremes. The results give a 

strong statistical trend analysis of thirteen temperature-related 

indices, presenting a clear and compelling narrative of a 

warming climate. The study efficiently avoids assumptions of 

data normalcy by using the non-parametric Mann-Kendall test 

for trend identification [24] and the Theil-Sen estimator for 

assessing trend size [51], making the findings especially reli-

able for hydro-climatological data. The indices, most likely 

from the Expert Team on Climate Change Detection and Indi-

ces (ETCCDI), provide a consistent framework for assessing 

changes in temperature extremes [23, 52, 54, 58]. 

The most notable aspect of the findings is the robust, statis-

tically significant movement away from cold extremes. The 

frequency of cool evenings (TN10p) is significantly decreas-

ing (Z = -3.78, p = 0.0002), indicating that nights with ex-

tremely low temperatures are becoming increasingly infre-

quent. This is accompanied by a significant Shorter cold pe-

riod (CSDI, Z = -2.67, p = 0.0076). These data suggest a sig-

nificant decrease in the severity and length of winter condi-

tions. Concurrently, the analysis shows a considerable ampli-

fication of warm extremes. The frequency of warm nights 

(TN90p) has grown at a highly significant rate (Z = 3.35, p = 

0.0008), indicating human climate change. This warming is 

not restricted to frequency, but also to intensity, with both the 

warmest monthly maximum temperature (TXx, Z = 2.98) and 

the warmest monthly lowest temperature (TNx, Z = 3.30) 

showing significant increases. Furthermore, the significant in-

crease in Tropical Nights (TR, Z = 2.75) and warm days 

(TX90p, Z = 2.11) indicates a broad-based warming pattern 

that affects both daytime and nighttime temperatures. 

The findings show signs of asymmetric warming, with 

nighttime temperatures rising faster than midday temperatures. 

This is seen by the higher statistical significance of the mini-

mum temperature indices (TN10p, TN90p, TNn, and TNx) 

compared to their maximum temperature equivalents (TX10p, 

TX90p, TNn, and TXx). The decreasing, if not statistically 

significant, trend in the Diurnal Temperature Range (DTR, p 

= 0.0633) is consistent with this pattern, as a smaller gap be-

tween daily high and low temperatures is a well-documented 

effect of global warming. As a whole, the statistical data 

largely points to a climate that is not just warming on average 

but also witnessing a fundamental shift in its extremes, typi-

fied by fewer and milder cold occurrences and more frequent 

and severe heat events, particularly at night. 

Table 3. Mann Kendall Trend Test and Sen.’s Slope Estimator of Tem-

perature Extremes for ENACTS and Selected CMIP6 Models. 

Index Z(MK)-statist P-value Sen's Slope 

CSDI -2.67 0.0076* -0.0313 

DTR -1.86 0.0633 -0.012 

SU 1.57 0.1164 0.6154 

TN10p -3.78 0.0002* -0.3636 

TN90p 3.35 0.0008* 0.3354 

TNn 2.66 0.0078* 0.0244 

TNx 3.30 0.0010* 0.0388 

TX10p -0.99 0.3176 -0.1018 

TX90p 2.11 0.0353* 0.2038 

TXn -1.43 0.1535 -0.0543 

TXx 2.98 0.0029* 0.0389 

WSDI 1.87 0.0615 0.0035 

3.2. Performance of Nine GCM Models in 

Simulating Minimum and Maximum 

Temperatures 

Table 4 ranks CMIP6 models' ability in replicating monthly 

average maximum temperature using CORR, ME, MAE, 

RMSE, and IOA, from 1 (best) to 9 (weakest). INM_CM4 is 

the top performer (Rank 1), demonstrating excellent accuracy 

and agreement. It has the highest CORR (0.876), BR2 (0.767), 

and IOA (0.934), as well as the lowest MAE (16.9) and RMSE 

(20.775). CNRM (Rank 2) and MPI (Rank 3) both perform 

quite well, with high CORR (0.841 and 0.837) and IOA (0.914 

and 0.912), respectively. INM_CM5 (Rank 4) is likewise 

quite capable. 

Most models have Mean Error (ME) values close to zero, 

indicating a low level of systematic bias in their highest tem-

perature projections. Miroc_ES2L (Rank 9) and CMC (Rank 

8) had poorer performance, with lower CORR and IOA and 

higher MAE and RMSE. 

 

 

Table 4. Using CMIP6 models to simulate the Maximum temperature in the study area. 

Name CMCC CNRM INM_CM4 INM_CM5 Miroc_ES2L Miroc6 MPI MRI NorESM2 

CORR 0.766 0.841 0.876 0.834 0.717 0.809 0.837 0.788 0.788 

ME -0.014 0.005 -0.006 0.007 -0.004 -0.004 0 -0.007 0.004 

MAE 21.96 19.01 16.9 18.5 26.4 19.7 18.09 21.97 21.8 
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Name CMCC CNRM INM_CM4 INM_CM5 Miroc_ES2L Miroc6 MPI MRI NorESM2 

RMSE 28.954 23.616 20.775 23.974 33.324 25.863 23.72 27.483 27.63 

IOA 0.872 0.914 0.934 0.91 0.842 0.897 0.912 0.885 0.886 

Rank 8 2 1 4 9 5 3 7 6 

 

The bold Numbers in the Table 4 shows the best performed 

GCM models in the Simulation of Maximum temperature. 

Table 5 compares CMIP6 models for monthly average mini-

mum temperature simulations using CORR, ME, MAE, RMSE, 

and IOA, as well as an overall ranking. CNRM consistently 

scores first (1), displaying excellent performance across various 

parameters, including the greatest CORR (0.835) and IOA 

(0.912), with low MAE (0.647) and RMSE (0.889). INM_CM5 

is a close second (Rank 2), with high competitive scores in all 

criteria (for example, CORR 0.832, IOA 0.91). MPI (Rank 3) 

and INM_CM4 (Rank 4) both perform admirably, with MPI 

having the highest CORR (0.84). Importantly, most models 

have Mean Error (ME) values close to zero, indicating no sys-

tematic bias in their long-term forecasts. CMCC, INM_CM4, 

INM_CM5, and MPI, for example, have MEs of 0 or 0.001. 

Miroc_ES2L (Rank 7) and Miroc6 (Rank 8) have usually lower 

performance, particularly in CORR, MAE, and RMSE. CMCC 

ranks last (9). The most robust models for minimum tempera-

ture simulation are CNRM and INM_CM5, which provide ex-

cellent accuracy and strong agreement. 

Table 5. Statistics of Monthly average minimum temperature. 

Name CMCC CNRM INM_CM4 INM_CM5 Miroc_ES2L Miroc6 MPI MRI NorESM2 

CORR 0.79 0.835 0.823 0.832 0.794 0.794 0.84 0.82 0.801 

ME 0 0.001 0 0 0 -0.004 0 -0.01 0.004 

MAE 0.74 0.647 0.663 0.657 0.775 0.761 0.68 0.68 0.735 

RMSE 1.01 0.889 0.919 0.896 1.011 1.011 0.92 0.94 0.991 

IOA 0.88 0.912 0.905 0.91 0.889 0.889 0.91 0.90 0.89 

Rank 9 1 4 2 7 8 3 5 6 

 

The bold Numbers in the Table 5 shows the best performed 

GCM models in the Simulation of minimum temperature. 

3.3. Spatiotemporal Variation of Temperature 

Extremes over the Study Area 

Figure 3 depicts the mean temperature climatology over the 

Borana Zone, contrasting historical mean temperatures with 

projected mean temperatures for the mid-century (MID) and 

far-century (Far) periods under two Shared Socioeconomic 

Pathways (SSPs): ssp2-4.5, a moderate emissions scenario 

(MID_ssp2.45, Far_ ssp2-4.5), and ssp5-8.5, a high emissions 

scenario (MID_ ssp5-8.5 in green, Far_ ssp5-8.5 in dark blue). 

A continuous and considerable warming trend is seen 

across all stations, with all future estimates indicating large 

rises above the historical baseline (19.8°C to 23.1°C). Gener-

ally, the ssp5-8.5 scenario causes more warming than ssp2-4.5 

for the same period and far-century forecasts are warmer than 

mid-century projections within the same SSP. 

The most extreme warming is expected under Far_ ssp5-8.5, 

with temperatures in some areas, such as Ebilalo (28.9°C) and 

Aleweya (28.2°C), potentially rising by 6-7°C above histori-

cal levels. For example, MID_ ssp2-4.5 expects temperatures 

mostly between 22.5°C and 26°C, while Far_ ssp2-4.5 pre-

dicts temperatures ranging from 23.3°C to 28.4°C. MID_ 

ssp5-8.5 (blue) typically indicates temperatures between 

23.2°C and 26.5°C. However, there are substantial contradict-

ing estimates: at Yabello station, the MID_ ssp5-8.5 (23.2°C) 

is projected to be cooler than the MID_ ssp2-4.5 (23.8°C). 

Furthermore, at the Teltele station, the Far_ ssp2-4.5 pro-

jection (28.4°C) is significantly higher than the Far_ ssp5-8.5 

projection (28.1°C). In comparison to many other stations, 

Yabello's Far_ ssp2-4.5 (25.8°C) and Far_ ssp5-8.5 (26.3°C) 

forecasts differ by only 0.5°C. In contrast, a feasible outcome 

is observed at Ebilalo, where Far_ssp2-4.5 (27.0°C) is warmer 

than MID_ ssp5-8.5 (about 26.5°C), demonstrating how a far-

century moderate scenario might outperform a mid-century 

high scenario. These extensive and considerable temperature 

rises, together with individual station anomalies, emphasize 
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the Borana Zone's complex and severe warming issues, which 

are anticipated to have an impact on water resources, agricul-

ture, and living conditions. In general, according to this study 

the Mean Temperature of Borana Zone will increase by 

1.57°C and 2.4°C for Near Future SSP2.45 and Near Future 

SSP5.85 Respectively and also 3.323°C and 3.603°C for Far 

Future SSP2.45 and Far Future SSP5.85 Respectively. 

 
Figure 3. Mean Temperature Climatology from Historical, Near Future NF (MID) and Far Future (FF) Over Borana Zone. 

Figures 4 and 5 shows the spatial characteristics of DTR in 

Historical and Future periods over Borana Zone. The diurnal 

temperature range (DTR), defined as the difference between 

the daily maximum and minimum temperatures, is a crucial 

climatic variable influencing ecosystems, hydrological cycles, 

human health, and agricultural productivity [1]. This essay 

provides a comparative analysis of the spatial characteristics 

of historical DTR over the Borana Zone, as depicted in Figure 

4 with its near-future (NF) and far-future (FF) projections un-

der various climate change scenarios, as illustrated in Figure 

5. The comparison reveals notable shifts in both the magnitude 

and spatial distribution patterns of DTR. Historically, the 

Borana Zone exhibited a distinct spatial pattern in its DTR 

(Figure 4). The region generally experienced a DTR predom-

inantly within the 10-16°C range across its central and north-

ern parts. However, the southern and southwestern regions 

consistently displayed significantly higher DTR values, fre-

quently reaching 16-18°C and even extending to 18-20°C, as 

evidenced by multiple climate models and observational data 

(CNRM and INM_CM4 in Figure 4). This historical variabil-

ity suggests that the southern Borana Zone was characterized 

by more pronounced daily thermal fluctuations, likely influ-

enced by local topography, land cover, and atmospheric con-

ditions. 

In stark contrast to the historical observations, future pro-

jections for the Borana Zone consistently indicate a general 

reduction in the magnitude of DTR across most scenarios and 

models (Figure 5). Under the CNRM model, near future (NF) 

and far-future (FF) scenarios for both ssp2-4.5 and ssp5-8.5 

project DTR values that are substantially lower than historical 

peaks. For instance, the NF ssp2-4.5 scenario shows DTRs 

predominantly between 0-9°C, with maximum values around 

9-12°C in the south (Figure 5, CNRM NF ssp2-4.5). Similarly, 

the INM_CM4 model’s projections for both NF and FF under 

ssp2-4.5 and ssp5-8.5 scenarios also present DTR values that 

rarely exceed 9-10°C (Figure 5, INM_CM4 panels). This 

widespread decrease in DTR magnitude aligns with global ob-

servations of "diurnal temperature range compression," where 

minimum temperatures have often risen faster than maximum 

temperatures, leading to a narrower daily temperature window. 

[7] 

Despite the significant reduction in magnitude, the spatial 

distribution pattern of DTR is projected to largely persist in 

the future. Both the CNRM and INM_CM4 models, across 

various scenarios, continue to indicate that the relatively 

higher DTR values within the future ranges will still be con-

centrated in the southern and southwestern parts of the Borana 

Zone, while lower DTRs remain characteristic of the northern 

and central areas (Figure 5, All Panels). For example, while 

the historical DTR in the south could reach 18-20°C, the fu-

ture projections show these areas experiencing the highest 

DTRs of 9-12°C (CNRM FF ssp5-8.5) or 8.6-9°C (INM_CM4 

FF ssp5-8.5) within their respective future ranges. This sug-

gests that the underlying geographical factors influencing the 

spatial heterogeneity of DTR will continue to exert an influ-

ence, albeit on a compressed scale. [58]. 

Variability exists between the projected scenarios. The 

higher emission pathway, ssp5-8.5, generally projects slightly 

higher DTR values compared to the lower emission pathway, 

ssp2-4.5, for both the CNRM and INM_CM4 models (Figure 
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5 comparing ssp2-4.5 and ssp5-8.5 for each model). However, 

even these elevated DTRs under SSP5.85 are typically still 

below the maximum DTR values observed historically. This 

indicates that irrespective of the future emission trajectory, the 

Borana Zone is likely to experience a climatic shift towards a 

reduced daily temperature amplitude compared to its past. 

In general, a comparative analysis of historical and pro-

jected DTR over the Borana Zone reveals a compelling trend 

of DTR compression. While the geographical gradient, with 

higher DTRs in the south, is largely maintained, the absolute 

magnitude of the DTR is projected to decrease significantly in 

both the near and future. This consistent finding across multi-

ple climate models and emission scenarios underscores a fun-

damental alteration in the region's daily thermal regime. Such 

a shift could have profound implications for agricultural prac-

tices, water resource management, biodiversity, and human 

adaptation strategies in the Borana Zone [59]. 

 
Figure 4. Spatial characteristics of Historical Diurnal Temperature Range (DTR) over Borana Zone. 

 
Figure 5. Spatial characteristics of NF and FF Diurnal Temperature Range (DTR) over Borana Zone. 
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The Figure 6 below illustrates the diurnal temperature range 

(DTR) at Chewbet Station, presenting both historical data and 

future projections based on CNRM climate models. The DTR, 

which is the difference between daily maximum and minimum 

temperatures, is a crucial indicator of climate change impacts, 

influencing various environmental and biological processes. 

Historically, from 1985 to 2014, the DTR at Chewbet Sta-

tion appears to fluctuate, generally ranging between 12 and 

13°C. A clear downward trend is visible in the historical data, 

indicated by the dashed blue Linear (Historical) line, suggest-

ing a decreasing DTR over this period. This observed decline 

in DTR is a typical global phenomenon, often linked to rea-

sons such as increased cloud cover, urbanization, and rising 

greenhouse gas concentrations, which tend to warm minimum 

temperatures more significantly than maximum temperatures 

[4]. 

Future forecasts, beginning in 2041 and continuing until 

2100, are offered under various Shared Socioeconomic Path-

ways (SSPs): mid ssp2-4.5, mid ssp5-8.5, Far ssp2-4.5, and 

Far ssp5-8.5. These SSPs model several future scenarios for 

greenhouse gas emissions, land use, and other climate change 

drivers. The estimates consistently show a greater decline in 

DTR compared to historical values, with temperatures ranging 

from 10 to 11°C and occasionally falling below 10°C. The mid 

ssp2.45 and Far ssp2.45 scenarios, which likely represent 

more moderate emission routes, have DTR values that range 

from 10 to 11°C, with minor volatility. The mid ssp5.85 and 

Far ssp5.85 scenarios, which represent higher emission paths, 

similarly exhibit DTR values in a similar range, though with 

slightly different patterns or magnitudes of volatility. 

The overall trend across all future possibilities is a sustained 

drop in DTR, which confirms the pattern seen in previous data. 

This projected decline in DTR could have various implica-

tions, including changed hydrological cycles, effects on agri-

cultural output, and changes in species distribution caused by 

different temperature conditions [10]. 

 
Figure 6. Trend of Diurnal Temperature Range at Chewbet Station Historical and Future CNRM Data. 

Figure 7 depicts the spatial variation of the historical warm 

spell duration index (WSDI) over the research area. The 

WSDI values range from 0.2 to 0.8 days per year, with 0.6 to 

0.8 days covering the majority of the Borana zone, 0.4-6 days 

per year representing the eastern half of the west zone, and 

less than 0.4 days per year in the southeast. Figure 8 depicts 

the WSDI projections for the near and far future under two 

alternative climatic scenarios. SSP2-4.5 is a moderate sce-

nario, and ssp5-8.5 is a high-emission scenario. NF SSP2-4.5 

results in a considerable rise in WSDI (0.43 - 0.87) as com-

pared to the baseline. The WSDI values in NF ssp5.85 are sub-

stantially higher (0.63 - 0.93), suggesting that a high-emis-

sions pathway significantly accelerates the increase in heat-

wave duration. 

The top range indicates that some places may experience 

heatwave conditions for the bulk of the year. In the FF ssp2-

4.5, WSDI values (0.63 - 0.8) are severe and correspond to the 

worst Near-Future scenario. Extreme rises in WSDI have se-

rious consequences for human health, agricultural production, 

and ecological resilience. [35] FF ssp5-8.5. This projection is 

troubling. WSDI readings ranging from 0.93 to 1.2 indicate 

that the climate is undergoing total transition. The value of 1.2 

indicates that the number of days in heatwave surpasses the 

number of days in a year, meaning that heatwave is not only 

persistent but also increasing in overlap and frequency. This 

symbolizes a new normal of continuous high temperatures. 
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Historical 

Figure 7. Historical Distribution of Warm Spell Duration Index Using CNRM Model on Borana Zone. 

 
Figure 8. Spacial Variation of WSDI in Near Future and Far Future over the Study Area. 

Figure 9 depicts the WSDI Trend in Days/Year for the 

Chewbet station, providing a historical baseline. This histori-

cal period has high inter-annual variability in warm spells, de-

fined as at least six consecutive days with maximum temper-

atures surpassing the 90th percentile for that calendar day. 

[10]. Many years in the historical record have a WSDI of zero, 

suggesting the absence of such extended warm episodes. 

However, there are periodic rises, most notably around the 

year 2000, with around 4 days each year, and again around 

2011, with approximately 3 days per year. These spikes illus-

trate episodic occurrences of significant warm periods within 

a historically low average, which has typically remained be-

low one day per year. 

This historical variability emphasizes the natural oscilla-

tions in regional climate, against which future estimates must 

be measured. All future scenarios consistently show an in-

crease in WSDI relative to the historical baseline, indicating 

the possibility of more frequent and/or longer warm periods 

[29]. The extent of this expected increase, however, is greatly 

dependent on the emissions scenario (SSP pathway) and time 

period. The moderate emissions scenario (ssp2.45) predicts a 

small increase in WSDI between 2041 and 2070. Values in 

this scenario typically range between 0 and 3 days per year, 

with a linear trend (dotted line) indicating a progressive rise 

of 0.5 to 1 day each year. 

This middle-of-the-road scenario predicts that warm peri-

ods will become slightly more common, but their increase will 

be substantially restricted if moderate mitigation actions are 

adopted. [42]. 

In comparison, the high emissions scenario (ssp5-8.5) pre-

dicts a more significant increase in WSDI by mid-century. 

Values in this scenario typically exceed one day per year, with 

noticeable increases of up to five days per year (around 2065, 

2068). This suggests that if emissions continue to rise, warm 

spells will become significantly longer and/or more frequent 

by mid-century, offering increased adaptation issues. 

The disparity between emissions scenarios becomes consid-

erably more pronounced in long-term estimates (2071-2100). 

Under the moderate emissions scenario (ssp2-4.5), the WSDI 

continues to rise, ranging from zero to 2-3 days each year. 

The linear trend implies a small increase that could average 

1 to 1.5 days per year by the end of the century. This implies 

that even with moderate emissions, the persistence of warm 

spells will remain an issue. However, the high emission sce-

nario (SSP5-8.5) predicts a significant and frightening in-

crease in WSDI. Values in this scenario typically exceed two 
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days per year, with large surges exceeding six days per year 

(around 2093, 2098). If greenhouse gas emissions continue at 

current levels, this scenario predicts significantly longer and 

more frequent warm spells by the end of the century. 

 
Figure 9. Trend of WSDI in Chewbet station from Historical to Projection periods Using CNRM Model. 

3.4. Relation of Temperature Extremes with 

Large-scale Climate Indices over the Study 

Area 

Table 6 illustrates the association between temperature ex-

tremes and large-scale climate indices the link between tem-

perature extremes and large-scale climate indicators is an im-

portant field of research in climate science, providing insights 

into the mechanisms that drive regional climate variability. 

Table 6 shows a complicated web of relationships between nu-

merous climate extreme indices and key global climate mod-

els including ENSO, PDO, and IOD. The El Niño-Southern 

Oscillation (ENSO), represented by the Southern Oscillation 

Index (SOI) and the NINO3.4, SST anomaly, exhibits a fun-

damental inverse relationship. 

The significant negative association between high SOI val-

ues (indicating La Niña) and cooler NINO3.4 temperatures is 

key to understanding ENSO. [48] ENSO has a noticeable im-

pact on temperature extremes, albeit with varying degrees. El 

Niño conditions may be linked to longer or more frequent cold 

spells, as indicated by a slight positive association between 

NINO3.4 and the Cold Spell Duration Index (0.24). NINO3.4 

has a weak to moderate negative association (-0.30) with the 

Warm Spell Duration Index (WSDI), suggesting that El Niño 

may result in shorter or fewer warm spells. [21] The Diurnal 

Temperature Range (DTR) has a weak negative connection 

with SOI (-0.28), potentially due to increased cloudiness and 

precipitation during La Niña occurrences. [33]. 

The Indian Ocean Dipole (IOD) significantly influences 

temperature extremes, especially in places affected by Indian 

Ocean dynamics. The positive IOD phase shows a somewhat 

positive correlation with Summer Days (SU) (0.40), showing 

a link to a higher frequency of summer days. Furthermore, a 

moderate negative connection with TN10P (% of cold nights) 

(-0.42) indicates that a positive IOD phase is connected to 

fewer cold nights [47]. 

However, the IOD's correlations with spell durations (CSDI: 

-0.14, WSDI: -0.08) are generally weak in this dataset, indi-

cating that it has a less direct influence on the overall length 

or frequency of cold and warm spells than ENSO or PDO. 

Table 6. Correlation between Temperature Extremes and Large-Scale Climate Indices. 

Index CSDI DTR SU TN10P TN90P TNn TNx TR TX10P TX90P TXn TXx WSDI AMO PDO IOD SOI NINO3.4 

CSDI 1.0                  

DTR 0.2 1.0                 

SU -0.2 0.6 1.0                

TN10P 0.9 0.1 -0.5 1.0               

TN90P 0.2 0.2 0.6 -0.1 1.0              
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Index CSDI DTR SU TN10P TN90P TNn TNx TR TX10P TX90P TXn TXx WSDI AMO PDO IOD SOI NINO3.4 

TNn -0.7 0.0 0.2 -0.6 -0.2 1.0             

TNx 0.2 0.3 0.6 0.0 0.9 -0.4 1.0            

TR 0.3 0.2 0.5 0.0 0.6 -0.3 0.8 1.0           

TX10P 0.3 -0.6 -0.9 0.5 -0.5 -0.2 -0.5 -0.4 1.0          

TX90P 0.1 0.7 0.8 -0.2 0.7 0.0 0.7 0.5 -0.7 1.0         

TXn -0.1 0.4 0.5 -0.2 0.4 0.2 0.3 0.2 -0.6 0.4 1.0        

TXx 0.0 0.4 0.5 -0.1 0.7 0.0 0.7 0.5 -0.5 0.7 0.5 1.0       

WSDI 0.0 0.6 0.6 -0.2 0.6 0.1 0.4 0.2 -0.5 0.9 0.5 0.5 1.0      

AMO 0.1 -0.1 0.2 -0.1 0.4 -0.2 0.3 0.1 -0.2 0.1 0.3 0.3 0.0 1.0     

PDO -0.1 -0.1 -0.2 0.0 -0.3 0.3 -0.4 -0.3 0.3 -0.1 -0.4 -0.4 0.0 -0.5 1.0    

IOD 0.0 0.0 0.3 -0.1 0.5 -0.3 0.4 0.1 -0.2 0.3 0.2 0.2 0.3 0.6 -0.1 1.0   

SOI 0.4 -0.1 -0.1 0.3 0.2 -0.2 0.3 0.2 0.1 -0.1 0.3 0.2 -0.1 0.4 -0.6 -0.1 1.0  

NINO3.4 -0.3 0.2 0.3 -0.3 0.1 0.1 0.1 0.1 -0.3 0.3 -0.1 0.0 0.2 -0.1 0.5 0.4 -0.9 1.0 

 

Figure 10 depicts the spatial correlation coefficients of two 

major climate drivers, the Atlantic Multidecadal Oscillation 

(AMO) and the Indian Ocean Dipole (IOD), as well as key 

temperature extreme indices such as the Cold Spell Duration 

Index (CSDI), Diurnal Temperature Range (DTR), Cool 

Nights (TX10p), and Warm Spell Duration Index (WSDI). 

This analysis demonstrates unique but complicated telecon-

nections that highlight the interdependence of global climate 

processes and local weather patterns. 

The AMO, represented in the left panels, has a subtle influ-

ence on temperature extremes throughout the Borana zone. 

For example, the occurrence of strong negative correlations 

with TX10p (cold nights) in some sub-regions indicates a de-

crease in the frequency or severity of cool nights during spe-

cific phases of the AMO, signifying a warmer nocturnal envi-

ronment [34]. In contrast, positive associations with WSDI 

(warm spells) in other locations imply a higher risk of lengthy 

periods of high temperatures. The varied spatial distribution 

of these relationships for CSDI and DTR demonstrates that the 

AMO's effect on cold spells and daily temperature fluctuation 

is not uniform, but rather geographically variable. 

Similarly, the IOD, as shown in the right panels, leaves its 

own unique impression on the temperature extremes of the 

Borana Zone. Significant positive relationships with WSDI in 

some locations hint to an increase in warm spell lengths, 

which may exacerbate heat-related difficulties [45]. Con-

versely, negative associations with TX10p in other places in-

dicate fewer cool nights, adding to an overall warming trend 

in nocturnal temperatures. The regionally heterogeneous pat-

terns obtained for CSDI and DTR under IOD impact highlight 

the region's distinct vulnerability to cold extremes and daily 

temperature changes based on IOD phase. 

Figure 10 reveals considerable geographic variation in cor-

relation patterns for both AMO and IOD over the Borana Zone. 

This variability is an important result, demonstrating that the 

remote forcing from these oceanic oscillations is locally me-

diated by a variety of factors such as regional topography, 

land-surface interactions, and complex atmospheric circula-

tion anomalies [26]. Such localized responses demand climate 

adaptation techniques that are personalized rather than generic. 

The ability to link large-scale climate indices to specific local 

extreme events is extremely useful for refining seasonal to de-

cadal climate forecasts, improving early warning systems for 

heatwaves and cold snaps, and informing climate-resilient de-

velopment planning in vulnerable communities [8]. 
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Figure 10. Spatial correlation coefficients of AMO (Left) and IOD (Right) with Temperature Extremes. 

Figure 11 shows the geographic correlation coefficients be-

tween the El Niño-Southern Oscillation (ENSO), represented 

by the Niño 3.4 index, and the Pacific Decadal Oscillation 

(PDO), with selected temperature extreme indices in the 

Borana Zone. These indices are the Cold Spell Duration Index 

(CSDI), Diurnal Temperature Range (DTR), Cool Nights 

(TX10p), and Warm Spell Duration Index (WSDI). The left 

panels show the Niño 3.4 correlations, whereas the right pan-

els show those for the PDO. This thorough mapping sheds 

light on the complex teleconnections that link distant marine 

occurrences to localized temperature extremes. 

The Niño 3.4 index, a fundamental indication of ENSO var-

iability, has a clear impact on temperature extremes in the 

Borana Zone. Several places have significant negative corre-

lations with TX10p (cold nights), suggesting a decrease in the 

frequency or duration of cool nights during positive Niño 3.4 

phases (El Niño occurrences) [15]. Other locations also show 

favorable relationships with WSDI (warm spells), indicating 

a higher proclivity for protracted warm periods during such 

phases. The different correlations for CSDI and DTR demon-

strate that the impact on cold spells and daily temperature 

range is not uniform, but varies geographically, reflecting the 

complicated atmospheric responses to ENSO forcing. Further-

more, the PDO, a longer-term climate oscillation in the Pacific, 

shows clear teleconnections to Borana's temperature extremes. 

The PDO maps show places with high negative correlations to 

TX10p, indicating less cool nights during positive PDO 

phases, which are frequently associated with warmer Pacific 

conditions [32]. Positive associations with WSDI are found 

across considerable areas of the zone, indicating an increased 

risk of warm spells. The spatial patterns of CSDI and DTR 

correlations under PDO influence highlight the various re-

gional temperature responses to this decadal-scale factor. 

Figure 11 reveals significant regional variability in connec-

tions between Niño 3.4 and PDO across the Borana Zone. This 

variability is critical for understanding regional climate dy-

namics because it shows that the influence of these large-scale 

oceanic phenomena is not uniformly distributed, but is heavily 

influenced by local geographical features, land-atmosphere 

interactions, and complex atmospheric teleconnection path-

ways [26]. 
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Figure 11. Spatial correlation coefficients of NINO3.4 (Left) and PDO (Right) with Temperature Extremes. 

4. Conclusion and Recommendations 

4.1. Conclusions 

This study explored the historical evolution and future tra-

jectory of temperature extremes in the Borana Zone using EN-

ACTS observational datasets [9] and selected CMIP6 climate 

model simulations [46] under ssp2-4.5 and ssp5-8.5 scenarios 

[40]. By integrating extreme climate indices, statistical trend 

analysis, and teleconnection relationships, the research pro-

vides a comprehensive assessment of both past climate varia-

bility and projected future conditions. The findings reveal a 

region undergoing pronounced climatic shifts, particularly in 

temperature extremes, and the frequency of climate-related 

hazards [62]. 

Temperature projections show clear warming trends. Warm 

Spell Duration Index (WSDI) values increase steadily across 

all models and scenarios, consistent with global increases in 

heat extremes [12]. By the far future, WSDI intensifies further 

to 0.63–0.8 under ssp2-4.5 and 0.93–1.2 under ssp5-8.5. The 

compression of the diurnal temperature range (DTR), declin-

ing from 12–13°C historically to 10–11°C in future periods, 

and sometimes below 10°C, is consistent with faster nighttime 

warming observed globally [39, 58]. 

The combined evidence from historical trends, model pro-

jections, extreme indices, and teleconnection analyses con-

firms that the Borana Zone is entering a future of heightened 

climatic variability. Heatwaves will grow in frequency and 

duration. These changes will have implications for pastoral-

ism, environmental stability across the region. 

 

4.2. Recommendations 

Based on the findings of this study, it is recommended that 

climate adaptation measures be strengthened through im-

proved livestock management, sustainable grazing practices, 

and enhanced water resource development to reduce the im-

pacts of increasing temperature extremes. Climate monitoring 

and early warning systems should also be improved by incor-

porating large-scale climate indices, such as ENSO, PDO, 

IOD, SOI, and AMO, to enhance the prediction of extreme 

temperature events. Furthermore, the adoption of climate-

smart agricultural and pastoral practices, including drought- 

and heat-tolerant crop varieties, rangeland restoration, and ef-

ficient water conservation techniques, should be promoted. 

Future climate projections from CMIP6 should be integrated 

into regional planning and decision-making to support cli-

mate-resilient land use, water resource management, and dis-

aster risk reduction. Finally, increasing community awareness 

and promoting ecosystem restoration through sustainable nat-

ural resource management will be essential for improving the 

resilience of the Borana Zone to future climate change. 

Abbreviations 

MK Mann-Kendall 
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