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Abstract

Understanding future rainfall variability is crucial for climate resilience planning in rain-fed agricultural regions like West Shewa
in Ethiopia. This study investigated projected rainfall patterns under moderate (SSP245) and high (SSP585) emission scenarios
using an ensemble of bias-corrected CMIP6 models: BCC-CSM2-MR, MRI-ESM2-0, and GFDL-ESM4. Future estimates
(2030-2089) were analyzed using statistical methods such as the Mann-Kendall trend test, Sen's slope estimator, rainfall anomaly
index, and Standardized Precipitation Index (SPI). Results suggest a significant increase in annual and seasonal rainfall,
particularly during the Kiremt and Bega seasons in the near term (2030-2059), with more pronounced increases under SSP585.
However, the strength and significance of these trends tend to diminish toward the end of the century (2060-2089), indicating
potential future instability and uncertainty in rainfall patterns. SPI analyses further highlight the growing frequency of both wet
and dry anomalies, especially under the high-emission pathway, suggesting an increased likelihood of extreme hydrological
events. These anticipated changes provide both opportunities and challenges: higher rainfall may alleviate drought-related stress,
but it may also increase flood risks and disrupt existing water resource management techniques. The findings highlight the
necessity of strategies for adaptation such as climate-smart agriculture, early warning systems, and long-term land use planning
in West Shewa to protect livelihoods and ecosystems. Overall, this study provides useful localized insight into future climatic
scenarios, which can help policymakers and communities prepare for increased climate resilience.
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1. Introduction

One of the greatest challenges facing the world today is biodiversity and exacerbates already existing societal dispar-
climate change, which has profound effects on both natural ities [1, 2]. Global average temperatures are expected to raise
and human systems. It gravely compromises development and by 0.3<C to 0.7<C during the next few decades due to rising
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greenhouse gas (GHG) concentrations [3]. In addition to
disturbing natural balance, this warming makes sustainable
development more difficult, especially in developing coun-
tries with low socioeconomic resilience [4].

The impacts of climate change are felt most acutely in areas
where livelihoods depend on natural resources. Food security,
water availability, and economic stability are all directly
threatened by the rising frequency and severity of climatic
extremes like heatwaves, floods, and droughts [5-7]. The
greatest risk is faced by wvulnerable groups, particularly
smallholder farmers, who frequently lack the adaptive capac-
ity to adequately respond to climatic shocks [8, 9]. The
Shared Socioeconomic Pathways (SSPs), a climate modeling
framework, offer scenarios that forecast future GHG emis-
sions based on socioeconomic growth trajectories in response
to these concerns [10, 11]. Significant worldwide temperature
rises and precipitation changes are predicted under scenarios
such as SSP245 and SSP585, with some regions perhaps
seeing temperatures that surpass 5<C by the end of the 21st
century [12, 13]. Additionally, these scenarios forecast rain-
fall variations of 23% to 40%, which might have a significant
impact on ecosystem stability and agricultural output.

Studies revealed that Sub-Saharan Africa and Ethiopia in
particular continue to be extremely vulnerable because of
their reliance on rain-fed agriculture and their lack of ade-
quate adaptive infrastructure [14, 15]. Ethiopia's food system
depends heavily on smallholder farmers, who are increasingly
vulnerable to unpredictable weather patterns that threaten
crop yields and food security [16, 17]. According to research,
the effectiveness of adaptive farming strategies, like crop
diversification and soil conservation, is limited by the rigidity
of the larger institutional and economic context [18, 19].
Ethiopia's climate sensitivity across agroecological zones has
been confirmed by numerous studies. Significant temperature
increases are observed in highland areas, but lowland areas
exhibit increased vulnerability because of reduced resilience.

2. Data and Methodology

2.1. Description of the Study Area

Furthermore, it is anticipated that important staple crops like
barley and sorghum may suffer due to shifting climate condi-
tions, further harming rural livelihoods [20, 21]. This em-
phasizes the necessity of strong policy initiatives to support
sustainable land use and climate-smart agriculture.

In various parts of Ethiopia, including East and West Ha-
rarghe, Sidama, and Central Ethiopia, long-term trends reveal
rising temperatures and increasingly erratic rainfall patterns
[22, 23]. These findings point to a broader pattern of climate
shifts that also includes the West Shewa Zone. Recent pro-
jections indicate that this region, located in Oromia, may
experience significant increases in both temperature and
rainfall relative to historical baselines [24, 25].

Climate change presents a critical threat to Africa’s de-
velopment, with annual temperatures projected to rise by 3<C
to 4<C by the end of the 21st century [26, 27]. This warming
trend is particularly concerning for countries like Ethiopia,
where rain-fed agriculture is the backbone of the economy
and livelihoods. Public health, water availability, and agri-
cultural output are already being negatively impacted by
temperature and rainfall variations [28, 29]. Developing ad-
aptation techniques that improve food security and protect
natural resources requires an understanding of these climatic
[30].

While several studies in Ethiopia have focused on past
climate variability, there is a lack of localized research that
projects future changes in rainfall, particularly for the West
Shewa Zone; most existing assessments overlook future pro-
jections and trust solely on historical trends [31, 32]. This
limits the ability of policymakers and communities to prepare
for long-term climate impacts. Therefore, this study addresses
this gap by analyzing projected trends and patterns in rainfall
using ensemble models of CMIP6 GCMs under SSP245 and
SSP585 scenarios. The findings aim to support cli-
mate-resilient planning and decision-making in West Shewa,
Ethiopi.
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Figure 1. Map of the study area.
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The study was conducted in the West Shewa Zone, located
in the Oromia Regional State of Ethiopia, approximately 114
kilometers away from Addis Ababa, the nation's capital.
Geographically, the zone lies between latitudes 8<17' and
9%6' N, and longitudes 37<17' and 3845 E. It shares borders
with the Amhara Regional State and North Shewa to the north,
Addis Ababa City to the east, and West Wollega to the west
(Figure 1). The total area of the zone is approximately
15,086.15 square kilometers.

2.2. Data Sources, Processing, and Bias
Correction

Rainfall observations from 1981 to 2014 were obtained
from stations of the Ethiopian Meteorological Institute and the
ENACT (Enhanced National Climate Services) dataset was
used to fill the missing data. The Historical Data from 1981 to
2014, which serves as a baseline, and the Simulated Data for
future estimates from 2030 to 2089 are the two separate pe-
riods covered by the CMIP6 datasets. The two periods for the
future were the near-term (2030-2059) and the long-term
(2060-2089) and simulated data were obtained from ESGF
archives  (https://esgf-node.lInl.gov/search/cmip6).  The
CMIP6 data sets collection was downloaded, extracted, and
gridded using the Climate Data Tool (CDT) and Climate
Data Operator (CDO). The CMIP6 data sets were remapped
to a single 0.4°C x 0.4°C lat-lon grid using bilinear interpo-
lation. To correct biases in the CMIP6 datasets, the CMhyd
(Climate Model data for hydrologic modeling) tool was uti-
lized. This tool was applied to adjust the climate model out-
puts, ensuring they more closely align with observed data
through bias correction.

2.3. Method of Data Analysis

2.3.1. Mann-Kendall Trend Test

Rainfall trends were assessed using the Mann-Kendall
trend test, a non-parametric technique less prone to outliers
and evaluating meteorological elements without identifying
linear or non-linear trends.

Kendall’s test statistic is given as Xj -Xi

M

2 X sgn(y — xi)
The sign function given as
+1 if (xj — xi)>0

0if xj — xi)=0
-1 if(xj —xi) <0

Sgn

Where S is the Mann-Kendal’s test statistics; Xi and Xj are the
sequential data values of the time series in the years j and j (j>i)
and N is the length of the time series. A positive S value in-
dicates an increasing trend and a negative value indicates a

89

decreasing trend in the data series. Zs approximates the
standard normal distribution and is computed as

if $>0

(

Zs -

S-1
are)
0if S=0

S+1
IOl if S<0

@)

The presence of a statistically significant trend will be
evaluated using the Zsvalue. In the two-sided test for trend,

the null hypothesis Ho should be accepted if | Zs | < Z; - % ata

given level of significance. Z; - % is the critical value of Zs
from the standard normal table - e.g.; for 5% significance
level, the value of Z; - g is 1.96.

2.3.2. Sen’s Slope Estimator Test

The non-parametric method developed by Sen (1968), ti-
tled "Estimates of the Regression Coefficient Based on Ken-
dall’s Tau" (J. Am. Stat. Assoc., 63, 1379-1389), was em-
ployed to estimate the magnitude of trends in the time
series data. A negative Sen’s Slope value indicates a de-
creasing trend, while a positive value signifies an in-
creasing trend.

2.3.3. The Coefficient of Variation (CV %)

The Coefficient of Variation is used to evaluate the varia-
bility of rainfall data relative to its standard deviation and is
normally presented as a percentage.

8
CV= = x100 (3)

Where CV is the coefficient of variation, 6 is the standard
deviation, and p long-term mean rainfall. Based on CV values:
CV < 20 indicates low variability, 20 < CV < 30 indicates

moderate variability, and CV > 30 indicates high variability
(Hare, 1983).

2.3.4. Rainfall Anomaly and Precipitation
Concentration Index

Rainfall anomaly is a simple but effective tool that helps us
understand changes in rainfall over time. By comparing actual
rainfall to the long-term mean, we can see if a year is wetter or
drier than usual. Positive rainfall anomalies indicate greater
than long-term mean rainfall (wet year), while negative rain-
fall anomalies are less than long-term mean rainfall (dry year).
Calculated by the formula:

RAJ = (Ri—Rimean) @)

Rmean

The precipitation Concentration index (PCI) is used to de-
scribe the monthly rainfall distribution and values of less than
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10 indicate the uniform (low concentration) monthly distri-
bution of rainfall, 11-20 indicate moderate concertation, and
above 21 indicates high concentration (Oliver, 1980). The
rainfall anomaly and precipitation concentration index were
calculated using precintcon package in R software. The pre-
cipitation Concentration Index is a useful tool for under-
standing how rainfall is distrbuted over the months by looking
at the PCI values, and the patterns of rainfall. The formula
helps to calculate PCI:

Y12, v}
PCI =—==1">x 100
(Zi1:21pi2 ’

®)

(Change of simulated—mean of observed)

Where: p; = monthly rainfall (mm)

2.3.5. Future Precipitation Changes in Percent

Changes in mean rainfall for the near future (2030-2059)
and far future (2060-2089) was calculated relative to the his-
torical period (1981-2014), by calculating the difference be-
tween the historical mean and the projected mean for their
respective periods, and calculating their percentage change, as
follows:

x 100%

Changes in Precipitation =

2.3.6. Future Climate Projection

By generating climatic scenarios based on global patterns,
general circulation models, or GCMs, are essential tools for
modeling local climate trends. For regional and local appli-
cations, these models are frequently downscaled, yielding
projections that are more precise for certain regions. CMhyd,
a program built for hydrological modeling applications, has
been used to accomplish the downscaling and bias correction
of downscaled forecasts from CMIP6 (Coupled Model In-

mean of observed

(6)

tercomparison Project Phase 6) datasets using five distinct
GCMs.

The study focused on assessing future rainfall patterns
under two Shared Socioeconomic Pathways (SSPs). SSP2-4.5
represents a middle-of-the-road scenario characterized by
moderate global development, partial implementation of
sustainability policies, and persistent environmental chal-
lenges. In contrast, SSP5-8.5 reflects a high-emission scenario
with minimal mitigation efforts, leading to severe climate
impacts.

Table 1. Description of GCMs of Coupled Model Inter-comparison Project Phase 6.

Model names Institution Resolution

BCC-CSM2-MR Beijing Climate Center (BCC) and China Meteorological Administration (CMA), China 1.13°x 1.13°

MIROC6 Atmosphere and Ocean Research Institute, University of Tokyo, Japan 1.4°X 1.4°

MRI-ESM2-0 Meteorological Research Institute (MRI), Japan 1.13°x 1.13°

CNRM-CHG6-1 Centre Natlonal Becherches MeFeorf)logy (NRMC); Centre Européen de Recherches et de L41°% 1.41°
Formation Avancéeen Calcul Scientifique, France

GFDL-ESM4 Geophysical Fluid Dynamics Laboratory (GFDL), USA 1.25°x 1.00°

The study examines long and short-term projections and
uses these models to evaluate the possible effects of rainfall
changes in the area. To examine the projected rainfall in nine
stations located in the West Shewa zone of Ethiopia, an en-
semble approach employing bias-corrected data from differ-
ent climate models and downscaling techniques was used.
Table 1 displays the GCMs of the Coupled Model In-
ter-comparison Project Phase (CMIP6) models that were used
in this research study.

2.3.7. Analytical Procedure
After the CMIP6 data sets were downloaded in NetCDF
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(Network Common Data Form) format, the data sets collec-
tion was extracted using the Climate Data Tool (CDT) and
regridded using Climate Data Operator (CDO). The CMIP6
data sets were remapped to a single 0.4°C x 0.4°C lat-lon grid
using bilinear interpolation. The CMhyd (Climate Model data
for hydrologic modeling) tool was used to correct for bias by
converting the CMIP6 data sets' format into text. The CMIP6
data was prepared for analysis to compute trends or projec-
tions for rainfall changes in three periods: the near-term
2030-2059; the long-term period 2060-2089 and the baseline
period 1981-2014. The daily rainfall of the research area was
analyzed using Python and R Studio. Both descriptive and
trend analysis were employed as methods of data analysis. R
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studio and Python were used to analyze the daily rainfall of
the study area. Statistical descriptive techniques such as
minimum, maximum, mean, standard deviation, P-value,
Mann-Kendall test, anomaly rainfall index, precipitation
concentration index, and rainfall outliers, as well as standard
precipitation index, were calculated.

3. Results and Discussion

3.1. Data Processing and Presentation

3.1.1. Evaluation of CMIP6 Models Performance

The West Shewa zone's future rainfall forecasts from the
CMIP6 models under various Shared Socioeconomic Path-
ways (SSPs) were evaluated. The evaluation process based
on efficiency criteria from the "hydroGOF" R package,
which is widely used in goodness-of-fit analyses and hydro-

3.1.2. Correlation of Rainfall

y=12+052 x

400 R=086 p=<22e-16

observed data

Simulated data

logical modeling. The models' ability to simulate precipita-
tion was evaluated using a range of hydroGOF package sta-
tistical measures. Common measures included the Mean
Absolute Error (MAE), Root Mean Square Error (RMSE),
and Mean Error (ME). These criteria help assess how well
the CMIP6 models capture the observed changes in regional
climate. Their evaluation was carried out both temporally
and geographically across complex topographical and cli-
matic gradients [33]. Selecting a General Circulation Model
(GCM) indeed involves more considerations than only as-
sessing a model's competence, bias, or performance using a
single parameter. This is supported by the fact that the region,
the period under study, and rainfall can all have a significant
impact on how well GCMs function [34, 35]. Among the
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ficient of determination, MAE, ME, RMSE, PBIAS, and
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Figure 2. Comparison of Simulated and Observed Rainfall from CMIP6 Models.

Figure 2 presents scatter plots comparing simulated rain-
fall from five CMIP6 climate models with observed rainfall
data. The strength of the relationship is illustrated through
linear regression lines, correlation coefficients (R), and re-
gression equations. Overall, while all models showed statis-
tically significant relationships with observed data (p <
2.2e-16), BCC-CSM2-MR, MRI-ESM2-0, and GFDL-ESM4
demonstrated stronger predictive skill for rainfall in the study
area. In contrast, MIROC6 and CNRM-CM6-1 may require
bias correction to improve their simulation accuracy.

Table 2 presents the performance of five climate models
based on several statistical evaluation metrics before any bias
correction is applied. These metrics include Mean Absolute

Error (MAE), Mean Error (ME), Root Mean Square Error
(RMSE), Pearson’s correlation coefficient (r), coefficient of
determination (R<, percent bias (Pbias%), and an overall rank
based on performance. The results highlight that no single
model excels across all metrics. MRI-ESM2-0 shows the best
overall statistical performance due to its strong correlation
and explained variance, despite having relatively higher errors.
GFDL-ESM4 and BCC-CSM2-MR also perform well, with
lower error metrics and strong correlation. On the other hand,
CNRM-CMS6-1 underperforms significantly, with both lower
correlation and higher bias, making it the least reliable model
in this pre-correction evaluation.

Table 2. Pre-Bias Correction Performance Metrics for Climate Models.

Model MAE ME RSME r R? Pbias% Rank
BCC-CSM2-MR 61.64 46.47 85.06 0.85 0.73 47.40 2
GFDL-ESM4 52.33 29.84 78.15 0.83 0.70 30.40 3
MRI-ESM2-0 82.06 67.96 111.46 0.86 0.75 69.20 1
MIROC6 179.68 17591 219.95 0.81 0.65 30.40 4
CNRM-CM6-1 56.36 -28.73 80.48 0.62 0.39 -29.30 5

3.1.3. Metrics Results Before Bias Correction

As seen in Figure 2 above the model's findings of correla-
tion analysis were used to determine which of the CMIP6
models performed best at the historical climate conditions in
this study area among five models as well as table 2 also
showed the metrics result clearly. Therefore, the best models

92

for climate projections in this study were GFDL-ESM4,
MRI-ESM2-0, and BCC-CSM2-MR because of their great
agreement with observed data, according to the correlation
analysis. Future scenarios (2030-2059) and 2060-2089 eval-
uated rainfall trends in West Shewa using these three models
for two SSP245 and SSP585 scenarios period.

Among the evaluated GCMs, three  models
BCC-CSM2-MR, MRI-ESM2-0, and GFDL-ESM4 exhibited
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a strong and statistically significant correlation (P < 0.05)
with observed daily rainfall data prior to bias correction.
Evaluation of CMIP6 model outputs against observational
datasets indicated that BCC-CSM2-MR demonstrated partic-
ularly strong agreement with precipitation during the base-
line period [36, 37]. Based on the performance metrics and
consistency with observed data, these three GCMs were se-
lected for bias correction and used in projecting future rain-
fall patterns.

3.1.4. Bias Correction

As presented in Table 3, all three-climate models' rainfall
simulation accuracy was greatly increased by the bias cor-
rection procedure. The Mean Absolute Error (MAE), Mean

Error (ME), Root Mean Square Error (RMSE), and Percent
Bias (Pbias%) all shown significant post-correction decreases,
suggesting a decrease in both systematic and overall errors. In
the MRI-ESM2-0 model, for example, the RMSE decreased
from 111.46 to 52.62 and the MAE decreased from 82.06 to
39.35, indicating a significant improvement. It is also sug-
gested that bias correction successfully reduced systematic
overestimations or underestimations of rainfall, as evidenced
by the nearly zero ME and Pbias% values following correc-
tion across all models. While the severity of errors dropped,
the temporal correlation between observed and modeled
rainfall remained robust and consistent, as evidenced by the
interestingly unchanged or slightly improved correlation
coefficient (r).

Table 3. Statistical Metrics results of rainfall before and after bias corrections for all models.

Model MAE MAE ME ME
(BBC) (ABC) (BBC) (ABC)
BCC-CSM2-MR 61.64 40.02 4647  0.05
GFDL-ESM4 52.33 3873 29.84 034
MRI-ESM2-0 82.06 3935 6796  -2.97

BBC = Before Bias Corrections, ABC = After Bias Corrections

3.2. Projected Rainfall Trends

Projected changes in mean rainfall for 2030 and 2060 un-
der two Shared Socioeconomic Pathways (SSP245 and
SSP585) are shown in Table 4. According to the ensemble
models, mean rainfall is expected to rise steadily throughout
all time periods and scenarios, with somewhat larger in-
creases under the more extreme emissions scenario (SSP585).
In particular, SSP245 projects a small higher trend in rainfall,
increasing it by 1.1% by 2030 and by 1.15% by 2060. The
anticipated increases under SSP585 were marginally higher,
at 1.2% by 2030 and 1.4% by 2060. These findings point to a
progressive increase in rainfall, especially when emissions
are higher, which may have consequences for planning for
climate adaption and managing water resources in the ensu-
ing decades.

Projections for North-East Africa show a clear north-south

RMSE RMSE Pbias%  Pbias%

(BBC) (ABC) (BBC) (aBc) [(BBO  r(ABC)
8506 5469 474 0.1 0.85 0.84
7815 5399 304 0.3 0.83 0.85
11146 5262 692 3 0.86 0.85

split in rainfall patterns. In the northern areas, rainfall is ex-
pected to decrease, while the southern parts are likely to see an
increase, especially during the JJAS (June to September) and
OND (October to December) seasons. This shift is mainly
driven by global warming and changes in atmospheric circu-
lation, which are altering how and where rain falls across the
region. Increasing Rainfall in the South projections show that
southern regions, especially Ethiopia and western Kenya, will
have increases of 6.7% during JJAS and 4.5% during OND
[38-40].

Planning for climate resilience is urgently needed since the
anticipated changes in rainfall patterns could make East Af-
rica’s already existing vulnerabilities worse by impacting
infrastructure, agriculture, and health [41, 42].

The complexity and variety of climatic impacts throughout
the region are highlighted by certain studies, which suggest
possible drops in rainfall in particular regions, such as the
western Democratic Republic of the Congo [43, 44].

Table 4. Changes in mean rainfall simulated in percent.

Model SSP245_2030

Ensemble simulated 1.1% 1.15%

SSP245_2060
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SSP585_2030 SSP585_2060

1.2% 1.4%
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The statistical findings shown in Table 5 based on the
Mann-Kendall (MK) trend test offer important insights into
expected shifts in rainfall patterns in the study area during
the summer (Kiremt), spring (Belg), and dry season (Bega),
as well as on a yearly basis. These projections were analyzed
for two period of time in the future (2030-2059 and
2060-2089) under the two Shared Socioeconomic Pathways,
SSP245 (moderate emissions) and SSP585 (high emissions).
The MK Z-values indicate the strength and direction of rain-
fall trends, the p-values assess their statistical significance,
and Sen's slope displays the projected rate of change over
time.

For the near future period of 2030-2059, the data suggest
that the Kiremt season may experience a significant increase
in rainfall under SSP245, as indicated by a Z-value of 2.7
and a p-value of 0.01, which is below the conventional
threshold for statistical significance. The Sen’s slope value
of 5.25 further confirms that this increase was not only sta-
tistically significant but also substantial in magnitude. Under
the more aggressive emission scenario (SSP585), although
the Z-value is 1.9 with a p-value of 0.06, the trend was not
statistically significant but still suggests a moderate increas-
ing tendency in rainfall during Kiremt. This implies that un-
der moderate climate change scenarios, the primary rainy
season is expected to become wetter in the coming decades,
which could benefit agricultural production if managed ap-
propriately.

For the 2030-2059 timeframes, however, the Belg season
exhibited no clear trends under either scenario. There is no
noticeable trend in rainfall this spring, as indicated by the high
p-values (0.89 for SSP245 and 0.78 for SSP585) and both
Z-values near zero. This suggests that the variability in Belg
rainfall may continue without a clear pattern of increase or

decrease, presenting a challenge for sectors dependent on this
secondary rainy season, such as short-cycle cropping and
rain-fed farming systems that rely on timely and sufficient
rainfall during this period. Kiremt Rainfall Trends indicate
increasing or variable trends in Kiremt rainfall in Ethiopia
under RCP scenarios (comparable to SSPs) with regional
differences; the study show increasing trends in some regions
and decreasing in others, emphasizing spatial heterogeneity
[45]. These findings align with these studies, showing a
near-term increase that becomes ambiguous later.

Belg season rainfall has historically shown high variability
and weak trends, as shown by [46-48]. These studies found
that Belg is sensitive to ENSO and local circulation patterns,
making long-term trends harder to detect. non-significant
trends for Belg support these findings, indicating the contin-
ued unpredictability of this season under climate change.

Bega season generally contributes less rainfall, but in-
creasing trends have been identified in some parts of Ethiopia,
possibly due to warming-induced changes in rainfall patterns.
[49]. This result confirm significant Bega rainfall increases in
the near future, consistent with recent projections. [50] sug-
gests that East Africa is likely to experience increased annual
precipitation; particularly under high-emission scenarios
(SSP585).[51] discussed an inconsistency of increased rain-
fall but greater variability, especially in highland areas. Sig-
nificant rainfall increases are expected during the Bega and
Kiremt seasons and annually in the near term (2030-2059).
Long-term projections (2060-2089) show less certainty, with
trends becoming statistically insignificant. Belg rainfall re-
mains highly variable with no significant trends detected.
These findings align with regional climate model projections
and are supported by studies such as [45, 50, 52].

Table 5. Mann-Kendall trend test results for projected seasonal and annual mean rainfall under SSP245 and SSP585 scenarios for the peri-

ods 2030-2059 and 2060-2089.

Period 2030-2059

Period 2060-2089

Ensemble Model
SSP245 SSP585 SSP245 SSP585
Rainfall MK re- Sen's Sen's
V4 -val 's sl Z -val 's sl Z -val Z -val
culis p-value Sen's slope p-value Sen's slope p-value slope p-value -
Kiremt 2.7 0.01* 5.25 1.9 0.06 5.18 1.1 025 2.74 0.4 0.69 0.94
Belg -0.1 0.89 -0.34 0.3 0.78 0.30 1.3 0.17 2.16 1.4 0.16 1.19
Bega 2.7 0.01* 1.50 2.4 0.02* 2.03 0.5 0.62 0.39 0.0 0.97 -0.03
Annual 2.4 0.02* 5.86 2.4 0.03* 8.67 1.6 0.11 4.98 1.0 0.31 2.70

* = significant at a p-value < 0.05

The results revealed that for the 2030-2059 decades,
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however, the Bega season showed statistically significant
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growing trends under both SSP245 and SSP585. The related
p-values were 0.01 and 0.02, and the MK Z-values were 2.7
and 2.4, respectively. These numbers suggest that even the
normally dry (Bega) season might soon get wetter. Even
while this change was not as significant as it was during
Kiremt, the Sen's slope values of 1.50 and 2.03 further imply
that it may have an impact on dry season agriculture, water
availability, and hydrological planning, particularly in re-
gions that are already under water stress during this season.
As many crops in the study area grow and reach the harvest-
ing stage during the Bega season, it could result in crop loss-
es.

It was observed that under both climatic scenarios, annual
rainfall totals for the years 2030-2059 likewise demonstrated
notable upward trends. It is predicted that the total annual
rainfall will increase, with Z-values of 2.4 and p-values
slightly above 0.02 and 0.03 respectively. Sen's slope values
of 5.86 under SSP245 and 8.67 under SSP585 supported this,
showing that annual rainfall is expected to rise overall, with
a greater increase under the higher emissions scenario. Ac-
cording to these findings, the research area could experience
an increase in rainfall in the near future, which might lessen
the frequency of droughts but also increase the risk of flood-
ing and problems with water management.

The findings indicated that as we move further into the
late-century period of 2060-2089, we tend to see a decline in

ObservedvsSSP Rainfall

Rainfall in mm

the significance and intensity of rainfall trends throughout
the course of most seasons. Kiremt's MK Z-values decrease
to 1.1 (SSP245) and 0.4 (SSP585) with matching p-values of
0.25 and 0.69, indicating that the previously observed in-
creasing trend is no longer statistically significant. This sug-
gests that throughout the second half of the century, summer
rainfall patterns might either stabilize or grow more erratic.
Similarly, there are no statistically significant changes during
the Belg season, even though there have been slight im-
provements in both situations. There is some upward move-
ment in rainfall, as indicated by Z-values of 1.3 and 1.4 and
p-values of 0.17 and 0.16, but not enough to support a strong
trend.

The results showed that in the later observation period, the
increasing patterns of rainfall observed earlier diminished for
the Bega season. The MK test showed Z-values near zero
with p-values of 0.62 and 0.97 under SSP245 and SSP585,
respectively, and insignificant Sen's slope values. This sug-
gests a return to consistent or slightly declining precipitation
throughout the dry season, which might further stress water
resources and dry season livelihoods if left unmanaged. For
the 2060-2089 periods, both scenarios showed a consistent
increase in yearly rainfall, despite the fact that the p-values
were not statistically significant. Though this is unclear, the
trend is still more pronounced under SSP245 (Z=1.6, Sen's
slope=4.98), indicating that wetter conditions might persist.

— MRI-ESM2-0_S3P5E5
— Ofbszrved

Figure 3. Time Series of Annual Mean Rainfall.

Furthermore, Figure 3 displays the annual mean rainfall
time series during the observation periods, highlighting both
interannual variability and long-term trends. The graph's
observable annual changes in rainfall suggest a significant
degree of climate variability. The alternating drier years and
seasons of somewhat greater rainfall demonstrate the region's
susceptibility to both wet and dry extremes. Notwithstanding
this variability, the annual mean rainfall has a general up-
ward trend, particularly in the middle to late 21st century,
suggesting a potential long-term increase in total rainfall.
This is in line with estimations from climate models that
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forecast wetter conditions under future climatic scenarios.
The increasing trend, if sustained, could have significant
implications for water availability and agricultural produc-
tivity, although it also raises concerns about potential flood-
ing and the need for effective water management strategies.
Under SSP585 BCC-CSM2-MR (Green and Blue Lines),
this model shows a significant upward trend, projecting sharp
increases in annual rainfall toward the end of the century. Its
SSP245 projection is also higher than historical values but
more moderate. MRI-ESM2-0 (Red and Black Lines), this
model projects relatively consistent values with observed data
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under SSP245 but shows increased variability under SSP585.
GFDL-ESM4 (Orange and Yellow Lines), this model's pro-
jections under both scenarios are more stable and remain
closer to the observed historical range, suggesting a more
conservative outlook on future rainfall changes. Overall, the
figure 3 illustrates that climate models project a general in-
crease in future rainfall under higher emission scenarios,
particularly evident in the BCC-CSM2-MR and
MRI-ESM2-0 outputs. The variability is more pronounced
under SSP585, reflecting greater uncertainty and potential
climate extremes under unchecked greenhouse gas emissions.
Meanwhile, ensemble means serve as useful central estimates,
though individual models show substantial spread highlight-
ing the importance of multi-model approaches in climate
impact assessments.

peciptaton 245 2030-2059)

precipitation_ 585 (2030-205%)

5

3.3. Future Rainfall Projections Under SSP
Scenarios in Different Climate Models

Based on the BCC-CSM2-MR climate model, Figure 4
shows the seasonal distribution and anticipated variations in
monthly rainfall under the SSP245 and SSP585 future sce-
narios. A distinct wet season pattern was highlighted by the
model, which represented the predominant rainfall peak
throughout the Kiremt season (June to September). The
maximum monthly rainfall during Kiremt is predicted by
SSP245 to be 400mm in 2030 and 450mm by 2060, suggest-
ing a progressive intensification of seasonal precipitation. On
the other hand, for both decades, the model predicts little to
no rainfall (Omm) during the dry months of January through
April and October through December.

precipitation_ 245 (2060-2088)

precipitation_585 (2060-2089)
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Figure 4. Projected Monthly Mean Rainfall Patterns and Variability under SSP Scenarios in the BCC-CSM2-MR Model.

According to projections, January, February, March, April,
May, September, October, November, and December in
2060 and January, April, May, June, October, November,
and December in 2030 are outlier months with abnormally
high rainfall. Rainfall during the Kiremt season increases in
the high-emission scenario SSP585, with maximum monthly
values of 550mm in 2030 and 700mm in 2060. Nevertheless,
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for the same dry months over both times, the minimal rain-
fall stays at Omm. significantly, erratic and unusual patterns
of rainfall emerge throughout normally dry months, indicat-
ing increased unpredictability in rainfall. These anomalies
include January, February, April, June, August, September,
October, November, and December for 2030 and January,
February, March, May, August, September, October, No-
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vember, and December for 2060. Overall, the graph high-
lights the seasonal regularity as well as the future unpredict-
ability in rainfall patterns, highlighting the possibility of
more intense wet spells and larger inter-monthly variations
under future climate scenarios.

Furthermore, the monthly mean rainfall as simulated by
the GFDL-ESM4 climate model is shown in figure 5, which
provides information on seasonal rainfall patterns and varia-

bility under the SSP245 and SSP585 future climate scenarios.

A noticeable rainfall peak during the Kiremt rainy season
(June to September) is depicted in the figure. Expectations of
a wetter rainy season are reinforced by the model's projection
of a monthly maximum rainfall of 400mm in 2030 and
450mm in 2060 under SSP245. For both decades, the driest
months, such as January through April and October through
December, were consistently associated with the lowest
rainfall (Omm). However, it is anticipated that off-season
months would see rainfall anomalies such as unusually high
or varying monthly rainfall. Specifically, the year 2030

shows irregularities in January, February, March, April, June,

precipitation_245 (2030-2059)

[~

o
I -

precipitation_585 (2030-2059)

August, October, November, and December, while 2060
exhibits similar anomalies in January, February, June, July,
October, November, and December.

The results also showed that there is no significant rise in
Kiremt rainfall over time, reaching 450mm in 2030 and 2060
under the high-emissions scenario SSP585. Once more, for
the normal dry months, the minimum rainfall is Omm. How-
ever, the model shows significant variability, with a wider
range of irregularities in January, February, March, April,
May, August, September, October, and December for 2060
and anomalously high rainfall events in January, February,
April, July, October, November, and December for 2030.
These variations suggest possible changes in the timing and
distribution of rainfall, which may have a substantial effect
on water resource management and agricultural cycles.
Overall, Figure 5 highlights both the persistence of seasonal
rainfall peaks and the growing unpredictability of rainfall
patterns under climate change, emphasizing the importance
of adaptive planning in climate-sensitive regions.

precipitation_245 (2060-2089)
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Figure 5. Projected monthly Mean Rainfall Patterns and Variability under SSP Scenarios in the GFDL-ESM4 Model.

The MRI-ESM2-0 model's predicted monthly mean rain-
fall patterns and variability under the SSP245 and SSP585
scenarios are depicted in Figure 6, which also shows the in-
creased frequency of anomalous rainfall occurrences and the
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temporal shifts in precipitation. Peaks in rainfall are noticea-
ble during the Kiremt rain season (June to September), with
monthly maximum values under SSP245 rising to 420mm in
2030 and 480mm by 2060. Under SSP585, the peaks are
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even more noticeable, rising to 480mm in 2030 and 580mm
in 2060. According to these forecasts, the main rainy season
will continue to intensify, especially in scenarios with larger
emissions. However, particularly during normal dry months,
the MRI-ESM2-0 model also predicts significant rainfall
anomalies. Outlier rainfall occurrences were noted under
SSP245 in April, June, November, and December of 2060
and January, February, March, May, August, November, and
December of 2030. Similarly, the model under SSP585
shows anomalies in October and December for 2030, as well
as an expanded set that includes February, April, September,
October, November, and December for 2060. Rising climate
variability is shown by the increase in the frequency and
distribution of these erratic rainfall episodes over non-Kiremt
months. These points to an increasing probability of unpre-
dictable rainy episodes outside of the typical rainy season,
which could present challenges for planning for climate
adaption, agriculture, and water resource management.

Projected Seasonal and Monthly Rainfall Variability under
Future Climate Scenarios

Precipitation_245 (2030-2059)

Based on simulations from the BCC-CSM2-MR,
GFDL-ESM4, and MRI-ESM2-0 climate models, the study
analyzed projected seasonal and monthly rainfall trends under
SSP245 and SSP585 scenarios for the mid-21st century (2030
and 2060). All three models consistently indicate a evident
seasonal rainfall peak during the Kiremt season
(June-September), affirming the persistence of Ethiopia’s
traditional rainy season. However, each model also reveals
sharp variability and anomalous rainfall events outside this
typical season, suggesting a shift toward more unpredictable
rainfall regimes. The BCC-CSM2-MR model projects a
steady increase in Kiremt rainfall, with monthly maxima
rising from 400mm in 2030 to 450mm in 2060 under SSP245,
and from 550mm to 700mm under SSP585, indicating a
strong intensification of wet-season precipitation in a warm-
ing climate. Similarly, the MRI-ESM2-0 model reflects a
comparable rise, projecting monthly peaks of 420mm to
480mm (SSP245) and 480mm to 580mm (SSP585) between
2030 and 2060.
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Figure 6. Projected monthly Mean Rainfall Patterns and Variability under SSP Scenarios in the MRI-ESM-0 Model.
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In contrast, the GFDL-ESM4 model maintains constant
maximum Kiremt rainfall (450mm) under SSP585 across
both decades, implying no significant increase over time, but
reinforcing the existing seasonal rainfall concentration. These
results align with findings from [50, 51], which suggest that
East Africa, including Ethiopia, is likely to experience an
increase in seasonal rainfall under higher emissions scenarios,
though the degree of intensification remains uncertain and
model-dependent.[38] also observed a potential increase in
Kiremt rainfall under RCP8.5 scenarios, particularly in the
central and western highlands.

All three models, minimal rainfall is projected for the tra-
ditionally dry months (January to April and October to De-
cember), with Omm consistently simulated. However, anom-

alies were noted in these dry periods, especially under SSP585.

The BCC-CSM2-MR model, for instance, indicates unusually
high rainfall in January, February, April, and December,
suggesting possible off-season wet spells. [46, 47] observed
similar patterns in MRI-ESM2-0, where December and No-
vember repeatedly appear as anomalously wet months under
both scenarios. These off-season rainfall events may be linked
to changing regional circulation patterns, increased sea sur-
face temperatures, and interactions with ENSO phases, as
suggested. They underscore the growing unpredictability in
East Africa’s rainfall regime, which could have significant
implications for agriculture, water resource planning, and
disaster risk reduction. While all models agree on the sea-
sonality of rainfall, their responses to different emissions
scenarios vary; BCC-CSM2-MR and MRI-ESM2-0 show
clear sensitivity to emission intensity, with SSP585 producing
significantly  higher rainfall peaks than SSP245;
GFDL-ESM4, on the other hand, projects limited growth in
rainfall even under high-emissions scenarios, but with marked
increases in rainfall irregularities during the dry months. This
inter-model variability reflects a broader uncertainty high-
lighted in literature, for example, [53] emphasized the diffi-
culty climate models have inconsistently simulating African
monsoon systems, leading to divergent outcomes across dif-
ferent General Circulation Models (GCMs). Therefore, while
the direction of change (i.e., more intense wet seasons and
erratic dry seasons) is relatively consistent, the magnitude and
exact timing remain uncertain, reinforcing the need for en-
semble approaches and downscaling for localized deci-
sion-making.

Overall, projections from the BCC-CSM2-MR,
GFDL-ESM4, and MRI-ESM2-0 models under SSP245 and
SSP585 reveal two critical understandings that are the inten-
sification of the main rainy season (Kiremt), especially under
high emissions pathways, suggesting potential for more pro-
ductive agricultural windows but also greater flood risks.
Increased rainfall anomalies during typically dry months,
signaling potential disruptions to traditional farming calen-
dars and water management strategies.

These findings are broadly consistent with those of [38, 52,
54], all of which attention that future climate change is likely
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to increase hydrological extremes and intra-seasonal varia-
bility in Ethiopia. As such, adaptive planning, improved early
warning systems, and flexible water resource management
will be essential to buffer against both droughts and anoma-
lous rainfall events in a changing climate.

3.4. Standard Precipitation Index (SPI)

Analyzing SPI3 data for the 2030-2059 and 2060-2089
periods in Figure 7 shows notable variations in precipitation,
emphasizing both dry and wet anomalies. The SSP245 sce-
nario, which represents a stabilization pathway with consid-
erable mitigation, shows a somewhat balanced distribution of
anomalies for the 2030-2059 timeframes, but still has a no-
ticeable incline toward dryness. Of the years, about 30-35%
are dry (SPI < -1.0), 20-25% are wet, and the remaining years
are in the near-normal range. This dry trend is more noticeable
over the 2060-2089 timeframe, with 35-40% of years having
dry conditions and a modest rise in wet anomalies to roughly
25-30%. The frequency of near-normal years correspondingly
decreases. This scenario suggests a moderate but growing risk
of hydro climatic extremes over time, posing threats to stable
water availability and crop productivity.

The trend toward extremes is expected to be far more
pronounced under the SSP585 scenario, which is predicated
on high emissions and no mitigation activity. Thirty-five to
forty percent of the years between 2030 and 2059 are expected
to be dry, and more years are getting close to the severe
drought thresholds. About 20-25% of anomalies are still wet,
though occasionally they are more intense. The situation
worsens between 2060 and 2089, with certain years exhibiting
extreme dryness (SPI < -2.0) and additional dry years rising to
roughly 45%. The percentage rises to about 30% in wet years
as well, but there are again rapid peaks, indicating more
rainfall in shorter periods. A large decline in the percentage of
near-normal years suggests a move away from reliable sea-
sonal patterns and toward climatic unpredictability.

The frequency of moderate and severe dry and wet years is
shown in Figure 8, which displays the SP16 values for the
2030-2059 and 2060-2085 periods under the SSP245 and
SSP585 scenarios. According to SSP245, moderate and se-
vere dry years make up roughly 33% of the 2030-2059 periods,
while wet years make up roughly 35%. This indicates a
near-balance with a small trend towards wetter conditions.
Dry years rise to 44% and wet years fall to 31% under SSP585
during the same time period, indicating increasing drought.
With 35% dry years and 33% wet years, SSP245 has very
steady conditions for the 2060-2085 timeframe.

A notable change toward drier conditions is indicated by
the substantial decline in wet years to 22% and the increase in
dry years to 54% under SSP585 Prolonged and more frequent
droughts could threaten agricultural productivity, water re-
sources, and food security, indicating the need for robust
climate adaptation strategies, such as drought-resistant crops,
effective irrigation systems, and long-term water planning to
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protect the well-being and resilience of impacted communities.
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Figure 7. Standardized Precipitation Index over a 3-month timescale (SPI3) for the periods 2030-2059 and 2060-2085 under SSP245 and
SSP585 climate scenarios.
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Figure 8. Standardized Precipitation Index over a 6-month timescale (SPI6) for the periods 2030-2059 and 2060-2085 under SSP245 and
SSP585 climate scenarios.
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The figure 7 presents the 3-month Standardized Precipita-
tion Index (SPI3) projections under two climate scenarios
SSP245 (moderate emissions) and SSP585 (high emissions)
across near-term (2030-2059) and far-term (2060-2089) pe-
riods. Visually, the blue bars represent wetter-than-normal
conditions, while the red bars indicate drier periods or
droughts. In the near term, both scenarios show a frequent
alternation between wet and dry episodes, but SSP585 dis-
plays slightly more severe drought events, particularly after
2045. This trend intensifies in the far-term projections: under
SSP585, SPI3 values exhibit more extreme negative anoma-
lies (droughts below -2) and fewer prolonged wet spells
compared to SSP245. This suggests a future where extreme
droughts become more intense and frequent under high
emissions, aligning with findings by Gebrechorkos et al.

(2019), who observed increasing drought severity across East
Africa under RCP8.5 scenarios. Similarly, IPCC ARG (2021)
concludes that high-emission scenarios will significantly
amplify hydro climatic variability, heightening both flood and
drought risks in the region. In contrast, the SSP245 scenario
shows relatively stable SPI patterns in the far term, reflecting
the potential mitigation benefits of reduced greenhouse gas
emissions. This agrees with Segele and Lamb (2005), who
emphasized that while East Africa has always experienced
high rainfall variability, future extremes could be managed
through moderate emissions trajectories. Overall, the SPI3
projections in the figure echo the scientific consensus that
East Africa, including Ethiopia, faces a future of more intense
hydro climatic extremes especially without strong climate
action.

Table 6. SPI values and drought categories (WMO, 2012).

SPI values

>2

1.5<SPI<2
I<SPI< 1.5
0.5<SPI<1
-0.5<SPI<-0.5
-1.5<SPI<-1
-2<SPI<1.5
<2

The Figure 8 shows the 6-month Standardized Precipitation
Index (SP16) projections under two Shared Socioeconomic
Pathways (SSPs) SSP245 and SSP585 in near-term
(2030-2059) and far-term (2060-2089) scenarios. These SP16
plots are particularly useful for identifying medium-term
droughts or wet spells that affect agriculture and water re-
sources. In the near-term projections, both scenarios show
alternating wet (blue) and dry (red) conditions, but the
SSP585 scenario reveals a noticeable increase in the intensity
and frequency of extreme wet events, especially from 2045
onwards. The far-term SSP585 projection exhibits even more
dramatic wet and dry fluctuations, with prolonged drought
events dropping below -2 SPI and wet periods reaching above
2, suggesting increased hydro climatic instability. In contrast,
the SSP245 scenario continues more moderate variability with
shorter drought durations and less noticeable wet spells.

These findings align with the conclusions of [55], who
identified that East Africa is likely to experience sensitive
rainfall variability under stronger radiative forcing scenarios.
Furthermore, studies such as [56] attention that despite pos-

Drought Classification

Extreme wet

Severe Wet

Moderate Wet

Slight Wet

Slight Drought

Moderate drought

Severe Drought

Extreme Drought
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sible wetter conditions in some years, drought risk remains
critical due to rising temperatures that amplify evapotranspi-
ration. In the far term, the high-emission SSP585 scenario
repeats the patterns observed by [32], who projected that
under continued high emissions, Ethiopia will encounter more
frequent and prolonged droughts posing severe risks to food
security and water availability. Overall, the SP16 analysis
provides clear evidence that long-term planning must account
for not only increasing mean rainfall but also greater extremes
in precipitation patterns. These projections reaffirm that
moderate emissions (SSP245) could reduce the severity of
climate impacts, supporting the urgency of climate mitigation
efforts as stressed in the IPCC [50].

The 12-month Standardized Precipitation Index (SP112),
which depicts long-term precipitation trends for the
2030-2059 and 2060-2085 timeframes under SSP245 and
SSP585 scenarios, is shown in Figure 9. According to SSP245,
moderate and severe dry years together make up about 29% of
the 2030-2059 timeframe, whereas wet years make up about
36%. This suggests a possibly wetter long-term trend that is
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good for the stability of water resources. However, under
SSP585, wet years fall to 28% and dry years rise to 39%,
suggesting a move toward drier annual conditions. SSP245
indicates a balanced but fluctuating climate with 33% dry
years and 32% wet years during the 2060-2085 timeframe.
The frequency of dry years increases dramatically to 50%
under SSP585, while the frequency of wet years drops to 20%,
highlighting worsening drought conditions and lower yearly
precipitation. Significant effects on livelihoods, particularly
in the areas of agriculture, water supply, and ecosystem ser-
vices, are expected by these changes, especially under
SSP585.

Proactive adaptation measures including better water har-
vesting, climate-resilient farming techniques, and communi-
ty-level drought preparedness plans are crucial since com-
munities may experience increased water scarcity, crop fail-
ure risks, and decreased hydropower reliability.

Figure 9 presents the 12-month Standardized Precipitation
Index (SPI12) projections under two emissions scenarios
SSP245 (moderate) and SSP585 (high) in both near-term
(2030-2059) and far-term (2060-2089) periods. SPI12 is a
long-term drought indicator, capturing annual cumulative

SPI12_Near Term for 245_Projection

precipitation deficits or surpluses, and is especially relevant
for monitoring hydrological droughts and long-term water
availability. In the near term under SSP245, seen a relatively
balanced distribution of wet (blue) and dry (red) periods.
However, there are notable wet incidents around 2040 and
after 2050, with SPI values exceeding +2, which suggests
intense wet years. Dry periods remain frequent but moderate,
not often dropping below -1.5 SPI. In contrast, the SSP585
near-term projection shows extended and more intense dry
periods from the late 2030s through mid-2040s, followed by a
shift to sustained wet conditions after 2050, indicating in-
creasing precipitation variability. In the far term, both sce-
narios exhibit more extreme behavior. Under SSP2-4.5, there
is a mix of moderate droughts and substantial wet periods,
including a pronounced wet spell around 2080 (SPI > 2.5).
However, the SSP585 far-term projection shows even
stronger instability, with some drought episodes exceeding
-2.5 SPI and wet periods nearing +2, reflecting a highly var-
iable hydro climate. This increase in interannual variability is
consistent with the expected outcomes of higher greenhouse
gas forcing, as reported by the Intergovernmental Panel on
Climate Change or IPCC [57].
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Figure 9. Standardized Precipitation Index over a 12-month timescale (SPI112) for the periods 2030-2059 and 2060-2085 under SSP245 and

SSP585 climate scenarios.

These findings align with [58], who found that in East Af-
rica, increased radiative forcing leads to more extreme rainfall
patterns, which can manifest as both severe droughts and
floods. Likewise,[59] documented how prolonged droughts
interspersed with intense rainfall events are likely to intensify
under high-emissions scenarios in Ethiopia, particularly af-
fecting rainfed agriculture and water supply systems. Fur-
thermore,[60] emphasized that changes in seasonality and
intra-annual rainfall variability, driven by warming oceans
and altered circulation patterns, will likely increase under
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SSP585. Ultimately, Figure 9 reinforces that long-term cli-
mate planning must address the increasing risks of hydro-
logical extremes both in terms of drought resilience and flood
preparedness. It also supports the case for emissions mitiga-
tion, as the SSP245 scenario presents less extreme and more
manageable precipitation patterns compared to the
high-impact SSP585 pathway.

General, the SPI3, SPI16, and SPI112 projections highlight a
clear narrative: high-emission scenarios (SSP585) signifi-
cantly intensify the frequency and intensity of hydro climatic
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extremes across all timescales in Ethiopia. These findings
strongly reinforce existing literature and global climate as-
sessments e.g., IPCC ARG, 2021 [57] suggesting urgent cli-
mate mitigation is essential to buffer East Africa’s so-
cio-economic systems against increasingly instable weather.
Moderate emission scenarios (SSP245) offer a comparatively
stable future, underscoring the benefits of emissions control in
preserving water security and agricultural sustainability.

4. Conclusion

This study used bias-corrected CMIP6 ensemble models to
analyze anticipated rainfall trends and patterns in West Shewa
Zone, Oromia region, Ethiopia under moderate (SSP245) and
high (SSP585) emission scenarios. The findings show that
annual and seasonal rainfall will rise in the near future, par-
ticularly during the Kiremt and Bega seasons (2030-2059),
with the most significant increases occurring under SSP585.
However, as the century progresses (2060-2089), this trend
decreases and becomes statistically less significant, implying
that future rainfall patterns may be variable and unclear.

Furthermore, the Standardized Precipitation Index (SPI)
analysis demonstrates the possibility of more frequent dry and
wet extremes, particularly under the high-emission scenario,
which would pose issues for water resource management and
rain-fed agriculture. These findings highlight the critical need
for proactive adaptation planning, such as climate-smart ag-
riculture, improved water management, and disaster risk re-
duction, to enhance resilience in West Shewa in the face of
expected climate variability.
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