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Highlights

What are the main findings?

e  Historical analysis (1981-2010) shows mostly non-significant increasing trends in
JJAS extreme rainfall indices and predominantly decreasing trends during FMAM
across Ethiopia.

e  Future projections indicate intensified extreme precipitation, with northern and central
regions, particularly Tekeze and Awash basins, shifting toward more unimodal rainfall
regimes, while high-rainfall areas in the northwest, west, and southwest (Abay, Baro
Akobo, and Omo Gibe basins and RVLB) are expected to experience increases in both
seasonal extremes and flood risk.

What are the implications of the main findings?

e  Despite substantial model uncertainty, these changes have important implications
for agriculture, water resource management, hydropower generation, and climate
adaptation planning.

Abstract

East Africa is highly vulnerable to climate change due to limited adaptive capacity and
strong reliance on rain-fed agriculture. Ethiopia, in particular, experiences recurrent socio-
economic losses from droughts and floods. This study presents a national-scale assessment
of observed (1981-2010) and projected (2041-2100) changes in extreme seasonal precipi-
tation across Ethiopia using ten ETCCDIs. High-resolution Enhancing National Climate
Services (ENACTS) observations and bias-corrected outputs from a selected ensemble
of CMIP6 models under SSP2-4.5 and SSP5-8.5 scenarios are used to assess historically
trends and future extreme precipitation, respectively. Historical trends show increases in
extreme precipitation during the Kiremt (JJAS) season, particularly over the northwestern,
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western, and southwestern highlands; however, most of these increases are not statistically
significant. In contrast, the Belg (FMAM) season exhibits widespread declines, which are
also largely not statistically significant. Future projections suggest increases in total precipi-
tation (PRCPTOT), heavy (R10) and very heavy rainfall days (R20), very wet days (R95p)
and extremely wet days (R95p), and rainfall intensity (SDII) over northwestern, western,
southwestern, and parts of northeastern Ethiopia during JJAS. During FMAM, PRCPTOT
is projected to increase in the northern and northwestern regions, while decreases are ex-
pected in the northeastern and southeastern regions. The Awash and Tekeze basins emerge
as key hotspots of change, indicating potential seasonal shifts and an increased likelihood of
extreme weather in these regions. Despite inter-model uncertainty, the results highlight the
need for flexible, uncertainty-informed adaptation strategies to enhance climate resilience
in Ethiopia.

Keywords: extreme precipitation indices; historical trends; climate projection, CMIP6
models; Ethiopia; seasonal shift

1. Introduction

Climate change is intensifying hydrological extremes worldwide, leading to an in-
creased frequency and severity of extreme precipitation events [1]. Extreme precipitation
events typically cause more severe and immediate societal impacts than gradual shifts
in mean climate [2,3]. East Africa is particularly vulnerable among global regions due to
its high exposure to climate risks and low coping capacity. This vulnerability primarily
resulting from widespread dependence on rain-fed agriculture, as well as limited financial
and institutional resources [4,5]. Extreme weather events in East Africa result in significant
losses, livelihood disruption, and property destruction. These events cost tens to hundreds
of millions of dollars annually [6,7].

Over the past four decades, Ethiopia has experienced a marked increase in the fre-
quency and severity of both large-scale droughts and destructive floods [8,9]. These events
have caused extensive economic damage, displaced millions of people, and undermined
food security. Recognizing these increasing risks, the Government of Ethiopia is currently
implementing the National Adaptation Plan (NAP-ETH) as part of its broader Climate-
Resilient Green Economy (CRGE) strategy to mitigate the impacts of climate change,
including extreme events, and to foster economic growth [10]. Thus, it is crucial to provide
information on historical trends and expected future changes in precipitation extremes that
can be used by governments for planning and designing appropriate adaptation strategies
over the country.

General Circulation Models (GCMs) serve as the primary tools for generating future
climate projections and developing adaptation strategies at both global and regional scales
to mitigate these effects [11,12]. Previous generations of models, particularly those from the
Coupled Model Intercomparison Project Phase 5 (CMIP5) and earlier, have been extensively
applied over Africa including Ethiopia [11-14]. For instance, ref. [14] projected signifi-
cant increases in warm temperature extremes and annual precipitation over the Nairobi
region, with an exacerbation of flooding events under both RCP4.5 and RCP8.5 scenarios.
However, these models are often limited by substantial systematic biases when simulating
Africa’s complex climatology, including Ethiopia, where diverse topography and large-
scale teleconnections play a significant role [15,16]. Recently, a new set of coordinated
climate experiments has been conducted as part of phase 6 of the Coupled Model Intercom-
parison Project (CMIP6). These experiments offer higher spatial resolution, incorporate
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new physical processes, feature improved parameterization schemes, and include larger
ensemble sizes compared to CMIP5 [17,18]. CMIP6 uses the new scenarios, named Shared
Socioeconomic Pathways (S5P), which are combined with the Representative Concentration
Pathways (RCP) of CMIP5 [17].

Although several recent studies have examined changes in mean rainfall over Ethiopia
using CMIP6 models [19-24], there remains a lack of information on national-level projec-
tions of precipitation extremes under the new CMIP6 scenarios. Existing studies typically
focuses on mean climate, specific river basins, or earlier model generations. This leaves
a critical gap in understanding extremes that directly affect disaster risk and agricultural
resilience. Thus, this study differs from previous research in the following key aspects:
First, the study uses high-resolution gridded observational data from Enhancing National
Climate Services (ENACTS), specifically developed for Ethiopia, to analyze historical
trends at a spatial resolution of 4 km. Second, it directly builds on the authors’ earlier
paper [25,26], which evaluated 45 CMIP6 model performance but presents entirely new
analyses of observed historical trends and future projections for extreme precipitation
indices. Third, the study employs a model selection and ensemble approach, using only the
highest-performing CMIP6 models for Ethiopia’s main (JJAS) and short (FMAM) rainy sea-
sons, thereby enhancing the reliability of future projections. Fourth, it links national-scale
analyses of extreme precipitation to future adaptation challenges across different seasons
and river basins. Finally, by aligning the projection timeline (starting 2041) with Ethiopia’s
strategic planning horizons (e.g., the “Pathway to Prosperity” 2021-2030 and beyond), the
study delivers policy-relevant insights aimed at fostering uncertainty-aware adaptation in
critical sectors such as water resources, agriculture, and disaster preparedness.

To address the existing gap in the previous study, this research aims to examine the
spatial and temporal variability of extreme precipitation in Ethiopia over the recent decades
(1981-2010) and the next several decades (2041-2100). Thus, the objectives of this study
are: (1) to characterize the spatial and temporal patterns of historical trends in extreme
seasonal precipitation across Ethiopia for the period 1981-2010, using a high-resolution, na-
tionally calibrated dataset; and (2) to provide the first detailed national-scale projections of
10 extremes indices for the mid-century (2050s: 2041-2070) and late-century periods (2080s:
2071-2100) under the intermediate (SSP2-4.5) and high-emission (SSP5-8.5) scenarios, using
a performance-weighted ensemble of bias-corrected CMIP6 models.

The findings of this study hold substantial scientific, practical, and policy relevance
for Ethiopia and the broader East African region. From a scientific perspective, by integrat-
ing high-resolution ENACTS observational data, and updated CMIP6 models, the study
advances understanding of the spatiotemporal variability of historically climate and future
climate extremes. This contributes to the existing body of knowledge on climate modeling,
and extreme event analysis, in regions with complex topography and heterogeneous rain-
fall patterns. From a practical standpoint, the study addresses critical information gaps for
water resource management, agriculture, energy, and disaster risk reduction. By assessing
the future climate extremes such as droughts, and floods in the country and basins, the
study provides actionable information for country and basin-specific adaptation strategies.
These insights can guide the design and implementation of climate-resilient infrastructure,
water allocation strategies, and early warning systems, enhancing the capacity of local
and national institutions to respond effectively to climate-induced hazards. Policy-wise,
the study supports Ethiopia’s national development and climate adaptation initiatives,
including the Climate Resilient Green Economy (CRGE) strategy, and the National Adapta-
tion Plan (NAP-ETH). By providing reliable projections of climate extremes, the research
offers evidence-based guidance for formulating policies that integrate climate risk man-
agement into national and regional planning. The findings also have broader relevance
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for East African countries facing similar climate vulnerabilities, offering insights into how
robust modeling and ensemble approaches can inform adaptation strategies and enhance
resilience to climate variability and change.

By linking historical observations with future climate projections, the research enables
a better understanding of evolving climate dynamics and their potential impacts on socio-
economic systems, ecosystems, and water security. Overall, the study’s findings have the
potential to inform scientific research, policy development, resource management, and
long-term climate adaptation planning, making it highly significant for Ethiopia and the
East African region. The significance of this research lies not only in advancing scientific
understanding of climate model performance in complex topographic regions but also in
generating information for policy and planning to support climate resilient development,
disaster risk reduction, and sustainable water and agricultural management.

2. Data and Methodology
2.1. Study Area

Ethiopia is a topographically and climatically diverse nation situated in the Horn of
Africa, approximately between latitudes of 3° N and 15° N and longitudes of 33° E and
48° E (Figure 1a). The country’s landscape is dominated by a massive central highland
complex, the Ethiopian Plateau, which is bisected by the Great Rift Valley. Elevations
range from below sea level in the Danakil Depression to over 4500 m at the peak of
Ras Dashen. This dramatic topography exerts a fundamental control on the country’s
climate and hydrology, creating stark contrasts over relatively short distances. Ethiopia has
12 major river basins that are vital to the country’s water resources and play a key role in its
economy, agriculture, and hydropower generation. These river basins vary in size, water
volume, and geographical location, influencing the distribution of water resources across
the country [27].

b) Mean annual rainfall

(a) Ethiopia Altitude and basins
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Figure 1. (a) Geographical context of Ethiopia including altitude (m.a.s.l), delineating its 12 major
river basins. (b) Spatial distribution of mean annual rainfall across the country. The blue line
represents the study area.

Precipitation distribution is highly heterogeneous, both spatially and temporally [28,29].
The highland regions (>1500 m a.s.l.) in the central, northwest, and southwestern parts of
the country are known for receiving high rainfall and experiencing high humidity, whereas
the lowland areas in the northeast, east, and southeast (<1500 m a.s.l.) receive lower rainfall
and have a semiarid to arid agro-ecology. Ethiopia’s annual rainfall pattern is divided into
three main seasons [30]. The primary rainy season, Kiremt, spans from June to September
and accounts for 50-80% of the country’s total annual rainfall. The short rainy season, Belg,
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occurs from February to May, less rainfall in the central, northern, and southern regions.
The Bega season, from October to December, is typically dry (October—January) [30-32].

2.2. Data

Reliable daily precipitation data are scarce in Ethiopia because of the sparse and of-
ten discontinuous station network. To overcome this limitation, we used the Enhancing
National Climate Services (ENACTS) rainfall product at 4 km x 4 km resolution for the
historical period 1981-2010. The ENACTS dataset is a hybrid combination of observed
station data from Ethiopia’s national network, managed by the National Meteorological
Agency (NMA), and satellite data estimates from the US National Aeronautics and Space
Administration (NASA) and the European Organization for the Exploitation of Meteo-
rological Satellites (EUMETSAT) [33]. Satellite data were calibrated and validated using
ground-based measurements to improve accuracy. The combined /hybrid dataset improves
the quality of Ethiopia’s national observations [34]. Furthermore, it contains no missing
data. In this study, the ENACTS dataset, with a spatial resolution of 0.0375° x 0.0375°, used
to derive observed precipitation extreme indices to analyze historical trends and assess
potential future climate change. The daily precipitation ENACTS gridded dataset spanning
from 1981 to 2010 was obtained from the Ethiopian Meteorological Institute (EMI).

The study used General Circulation Model (GCM) datasets from the CMIP6 project
to assess changes in climate extremes. No single model consistently outperforms oth-
ers across all precipitation characteristics and seasons, underscoring the importance of
performance-based, multi-index model selection frameworks when developing reliable
future projections [35]. A subset of CMIP6 models was selected because not all models
perform equally well in representing regional climate characteristics, particularly extreme
precipitation over Ethiopia. Including all available models can introduce systematic biases,
such as the well-known dry bias, without necessarily improving predictive skill. By con-
trast, selecting models based on objective performance criteria ensures that projections are
derived from models capable of realistically reproducing observed seasonal rainfall and
extreme events. This approach reduces uncertainty, enhances physical consistency, and
yields more reliable and impact-relevant projections, particularly for drought and flood
assessment [26,27,36-38]. The selection was informed by comprehensive skill assessments
conducted over Ethiopia, including our own prior evaluation of 45 CMIP6 models [26,27],
as well as other recent regional studies [16,36-38]. These studies systematically assessed
model performance in reproducing spatially and temporal observed precipitation character-
istics using spatially comparison and multiple statistical metrics, such as Taylor skill core,
Taylor diagram, correlation, root mean square error (RMSE), and bias. Each model was
ranked according to its performance across these metrics, and an overall performance score
was derived to identify the best-performing models. Models that consistently demonstrated
higher skill were selected as top-performing models for subsequent analysis. Additionally,
those models have medium and low-resolution models which has higher performance
compared to high resolution [25,26,36,38]. The performance of the CMIP6 models in rep-
resenting the spatial pattern of extreme precipitation indices is largely independent of
horizontal resolution over the study area. Consequently, simply increasing the model’s hor-
izontal resolution may not be sufficient to reduce the biases, partly because high-resolution
global models remain unable to resolve convective processes in the tropics, including East
Africa [36,38]. Based on these evaluations, models that consistently demonstrated superior
skill across the considered metrics were identified as top-performing and selected for use in
this study (Table 1). This approach ensures that the selected models have been rigorously
tested for their ability to represent regional hydroclimatic conditions.
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Table 1. CMIP6 climate models used in this study, including institution, country, and atmospheric
horizontal resolution. Models were selected based on their ability to simulate extreme precipitation
indices in the JJAS and FMAM seasons when evaluated against the ENACTS dataset.

No Selected Models Country Resolutions Reference
1 CESM2-WACCM-FV2 USA 25x19

2 BCC-ESM1-MR China 2.81 x 2.81 [26,35-37]
3 CMCC-ESM2 Italy 1.3 x 0.9

4 E35M-1-0 USA 1.0 x 1.0

5 GFDL-ESM4 USA 1.25 x 1.00

6 GFDL-CM4 USA 2.50 x 2.00

7 HadGEM3-GC31-MM USA 0.83 x 0.56

8 IPSL-CM6A-INCA France 25x13

9 MPI-ESM-1-2-HAM Germany 19 x 1.9

10 NESM3 China 19 x 19

12 NorESM2-LM Norway 25%x19

12 NorESM2-MM Norway 1.25 x 0.94

We prioritized model realizations from the commonly available ‘r1ilp1fl’ variant (rep-
resenting realization 1, initialization 1, physics version 1, and forcing 1). This study uses
the SSP2-4.5 and SSP5-8.5 scenarios to assess future climate impacts in Ethiopia. SSP2-4.5
represents a mid-range pathway with gradual economic growth and moderate climate
policy progress, aligning with Ethiopia’s near-term planning context. SSP5-8.5 represents a
high-emissions worst-case pathway, enabling assessment of extreme climate outcomes—
including intensified warming and increased extremes—critical for stress-testing Ethiopia’s
agriculture-dependent economy. Together, these scenarios bracket moderate to severe
future conditions, reduce uncertainty, support risk-informed adaptation planning, and
ensure comparability with regional and global studies. In this study, we used 1981-2010
as the base period and two future time frames: the 2050s (2041-2070) and the 2080s
(2071-2100). The historical period of 1981-2010 was selected because it aligns with the
availability of high-resolution observational datasets (ENACTS) and represents a standard
30-year climatological baseline commonly used in climate studies, facilitating compara-
bility with previous research in Ethiopia and the broader East African region. The future
periods of 2041-2070 and 2071-2100 were chosen to represent the mid- and late-21st cen-
tury, respectively. These time windows are widely used in CMIP6 studies to capture both
near-term and long-term climate projections, allowing for robust assessment of temporal
trends and potential impacts. Additionally, they provide relevant information for policy
and adaptation planning, as the mid-century period aligns with medium-term develop-
ment strategies and the late-century period informs long-term climate risk management.
All model data for future projections for the mid-century (2041-2070) and late-century
(2071-2100) periods were downloaded from the Earth System Grid Federation (ESGF) nodes.

2.3. Methodology
2.3.1. Ensemble Mean of CMIP6 Models (EnseMean)

Recent evaluations have identified persistent systematic errors in the outputs of most
CMIP6 simulations across Ethiopia [25,26,38]. To enhance the reliability of future projec-
tions, a statistical bias correction technique was applied. In this study, a Quantile Mapping
(QM) approach was adopted to improve the representation of observed precipitation dis-
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tributions, while acknowledging potential limitations in trend preservation. QM was
selected because it effectively adjusts the distribution of modeled precipitation to match
observed extremes, enhancing the spatial and temporal representation of extreme events
compared with other bias-correction methods [39]. However, the approach has some
limitations, including potential impacts on the tails of the distribution. These considera-
tions clarify the rationale for using QM and its implications for interpreting projections of
extreme precipitation.

Although statistically downscaled and bias-corrected CMIP6 products are available
(e.g., CMIP6-BCSD or NASA NEX-GDDP), this study opted to use the original CMIP6
model outputs at their native resolution for several reasons. First, this work builds on
our previous studies [25,26], which evaluated the performance of 45 CMIP6 models, while
extending the analysis to observed historical trends and future projections of extreme
precipitation indices. Using raw model outputs allows for a more direct assessment of
model performance and the uncertainties inherent in the CMIP6 ensemble prior to any post-
processing. Second, bias-correction methods can potentially distort the physical consistency
between climate variables (e.g., temperature and precipitation extremes) and may affect the
representation of large-scale climate drivers [40,41]. Finally, although the selected models
exhibited biases, these were addressed using a quantile mapping approach against the
high-quality ENACTS observational dataset that is specifically generated for Ethiopia.
This region-specific bias correction improves model performance in a manner that is more
appropriate than corrections based on global datasets.

Following bias correction, a critical step was the construction of a representative
ensemble for projection. Different studies indicate that ensembles composed only the
best-performing models generally produce more skillful and reliable projections than full
ensembles, which may be unduly influenced by poorly performing models [42—44]. This is
particularly true for regions with complex climatology like Ethiopia.

Therefore, we generated an Ensemble Mean (EnseMean) by averaging the bias-
corrected outputs from the subset of models identified as top-performers for JJAS and
FMAM seasons (Table 1). This targeted ensembling approach aims to amplify the robust
climate change signal while minimizing the noise from internal climate variability and
residual model errors, thereby providing a more credible estimate of future changes [43,44].
The performance of both the raw and bias-corrected ensembles was quantitatively evalu-
ated using the Taylor Skill Score (TSS). This comprehensive metric integrates the pattern
correlation coefficient (PCC), root mean square error (RMSE), and standard deviation
(SD) [45]. PCC and TSS were calculated using Equations (1) and (2).

2
TSS — 4(1 J;PCC) (1)
(9 +2)"+ (1+PCCy)
PCC — i=1 (Oi - O) (Mi — M) 2)

(0o *oMm)
where PCC denotes the pattern correlation coefficient between the observational dataset
and the model outputs; o and oo represent the standard deviations of the model and
the observational dataset, respectively; n represents the number of observations; and
PCCj is the maximum attainable correlation coefficient, set to 1. M and O are model and
observational datasets, respectively. A TSS value closer to 1 indicates better agreement
between the simulation and the observational dataset.
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2.3.2. Historical and Future Projections of Seasonal Extreme Precipitation

This study employs ten extreme indices obtained from the Expert Team on Climate
Change Detection and Indices (ETCCDISs) to investigate patterns, trends, and future pro-
jections of extreme precipitation in Ethiopia. The indices used in this study are defined in
Table 2.

Table 2. Definitions of the ten extreme precipitation indices used in this study [46].

Index Description Definition Unit
Total wet-da Seasonal total
PRCPTOT weraay precipitation during mm/season
precipitation
wet days
SDII Simple c.iaﬂy intensity Season.al precipitation mm/days
index during wet days
Maximum number of
CDD Consecutive dry days consecutive days Wlt.h Days/season
precipitation <1 mm in
season
Maximum number of
CWD Consecutive wet days consecutive days Wlt.h Days/season
precipitation >1 mm in
season
Heavy precipitation Seasonal number of
R10 y precip days with precipitation =~ Days/season
days
>10 mm
Verv heav Seasonal number of
R20 ey eavy days with precipitation =~ Days/season
precipitation days ~20 mm
Seasonal total
R95pTOT Very wet days precipitation exceeding mm/season
the 95th percentile
Seasonal total
R99pTOT Extremely wet days  precipitation exceeding mm/season
the 99th percentile
. . Seasonal maximum
Maximum consecutive L
Rx5day : T 5-day precipitation mm/season
five-day precipitation
amount
Maximum one-da Seasonal maximum
Rx1day o y 1-day precipitation mm/season
precipitation amount

All indices were computed separately for each grid cell and for the JJAS (Kiremt)
and FMAM (Belg) seasons. Calculations were performed using the RClimDex (v1.1)
software. To facilitate direct comparison between the coarse-scale GCM outputs and
the finer ENACTS data, all gridded datasets (both observed and modeled) were regridded
to a common resolution of 1° x 1° using bilinear interpolation prior to index calculation
and analysis [36].

The analysis assessed the spatial distribution and statistical significance of trends
using ten ETCCDISs for both historical and future periods for the JJAS and FMAM seasons.
Specifically, the historical analysis is based on ENACTS observational data, while future
projections are derived from the bias-corrected CMIP6 ensemble mean. Trends were
detected using the non-parametric Mann—-Kendall (MK) test, which is robust against non-
normal data distributions and outliers. The magnitude of the trend was estimated using
Sen’s slope estimator [47]. Both tests were implemented at the 5% significance level using
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the “trend” package in R (R version 4.3.3) [48]. Results are summarized using box-and-
whisker plots.

The projected relative changes in the precipitation extreme indices (ETCCDIj,gjces) are
calculated based on the relative changes in the calculated ETCCDIs for the projected periods
(ETCCDI,y0j) compared to the baseline period (ETCCDI,qg) for each season (Equation (3)).

(3)

ETCCDL,,,; — ETCCDI
ETCCDIpgices = < Proj base) £100

ETCCDI, e

3. Results

3.1. Historical Trends in Extreme Precipitation
3.1.1. Spatial Patterns of Extreme Precipitation During JJAS (Kiremt)

Figure 2 presents the spatial distribution of trends in the ten ETCCDIs during the
JJAS season using ENACTS dataset. Stippling shows trends that are not significant at
the 5% significance level (Figure 2). During JJAS, a non-significant increasing trend
in PRCPTOT (Figure 2a) is found in most parts of the country. PRCPTOT shows an
increasing trend in most parts of the country (Figure 2a); though, these trends are
not statistically significant. Relatively larger increases (up to +48 mm per season per
year) are observed in the northwestern and southwestern highlands, particularly in
the Abay and Omo Gibe basins. A notable exception occurs in parts of western and
northeastern Ethiopia, including the middle and lower Awash Basin, where a decreasing
trend in PRCPTOT is observed. During the JJAS season, CDD trends show considerable
spatial heterogeneity, with both increasing and decreasing patterns observed across
the study area (Figure 2b). An increasing trend in CDD is observed over large areas
of the north, northwest, northeast, and central parts of the country, specifically most
parts of Abay, Tekeze, Awash, and Dankali basins during the JJAS. On the other hand,
most parts of the east, south and southwest part of the country (Omo Gibe, Rift Valley
Lake Basin (RVLB), Ogaden, and Genale Dawa basins) experience more decreasing
trend in CDD (up to 1 days/season) compared to other basins during the JJAS sea-
son. In contrast, CWD shows a generally increasing trend, particularly in high-rainfall
regions of the northwest, west, and southwest (Figure 2c); however, these trends are
not statistically significant. In contrast, a decreasing trend in CWD is observed in low
rainfall receiving areas, such as the east, southeast, and south lowlands parts of the
country near the Kenya and Somalia border. Both Rxlday (Figure 2d) and Rx5day
(Figure 2e) show an increasing trend during the JJAS season, with rises of up to 2 and
4 days, respectively, across most of the country.

Similarly, an increasing trend in R95pTOT (Figure 2f) and R99pTOT (Figure 2g) is
observed across large parts of the north, northwest, south, east, southeast, and southwest
(Tekeze, Abay, Wabi Shebelle, Ogaden, Genale Dawa, and Omo Gibe basins) during JJAS
season; however, these trends are not statistically significant. Both the R10 (Figure 2h)
and R20 (Figure 2i) indices show a general tendency toward increasing trends over much
of the country, particularly in the north, northwest, northeast, and southwest, including
Tekeze, Abay, and Omo Gibe basins and RVLB during the JJAS season; however, these
trends are not statistically significant. During the JJAS season, the SDII exhibits an
increasing trend of up to 0.6 mm across most of the study area (Figure 2j), except
in western and parts of northeastern Ethiopia. Nevertheless, these increases are not
statistically significant.
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Figure 2. Spatial distribution of trends in rainfall extreme indices over Ethiopia during the JJAS
season for the period 1981-2010 using ENACTS over the study period. (a) PRCPTOT, (b) CDD,
(c) CWD, (d) Rxlday, (e) Rx5day, (f) R95pTOT, (g) R99pTOT, (h) R10, (i) R20, and (j) SDII. The
magnitude of trends is estimated using Sen’s slope estimator. Stippling indicates areas where trends
are not significant at the 5% level (p > 0.05), based on the Mann—Kendall test.

3.1.2. Spatial Patterns of Extreme Precipitation During FMAM (Belg)

Figure 3 illustrates the seasonal trends in 10 extreme indices during the FMAM period
using ENACTS dataset. Trends that are not statistically significant are indicated in the figure.
In contrast to JJAS, the FMAM season is characterized predominantly by decreasing trends,
although these trends are also not statistically significant. PRCPTOT (Figure 3a) reveals
a decrease trend across extensive areas of the north, east, southeast, south, northeast,
and central high while increases are observed only in parts of the northwestern and
southwestern highlands. During the FMAM season, CDD (Figure 3b) exhibits an increasing
trend over more than 90% of the country, whereas CWD (Figure 3c) shows a widespread
decrease. During the FMAM season, Rx1day (Figure 3d) and Rx5day (Figure 3e) exhibit a
tendency toward decreasing trend in the northeastern parts of the country, particularly over
the Awash basin; however, these trends are not statistically significant. R95pTOT (Figure 3f)
exhibits a more widespread decrease than R99pTOT (Figure 3g) during the FMAM season.
While R95pTOT exhibits decreasing trends of up to 0.4 mm in the Wabi Shebelle, Genale
Dawa, Omo Gibe, and Ogaden basins (Figure 3f), R99pTOT shows increasing trends of up
to 0.6 mm in those same regions (Figure 3g). A decreasing trend in the R10 (Figure 3h) and
R20 (Figure 3i) is observed across most areas; however, these trends are not statistically
significant. The decrease in R10 appears to be more spatially extensive than that of R20.
Opverall, the Awash basin exhibits a decreasing trend in both R10 and R20 during the FMAM
season. During the FMAM season, SDII exhibits a general tendency toward decreasing
trend, ranging from 0 to —0.4 mm (Figure 3j); however, these trends are not statistically
significant. In contrast, an increasing trend in SDII is observed in the Genale Dawa and
Baro Akob basins during the same season, though these trends are also non-significant.
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Figure 3. Spatial distribution of trends in precipitation extreme indices over Ethiopia during the
FMAM season for the period 1981-2010 using ENACTS: (a) PRCPTOT, (b) CDD, (c) CWD, (d) Rx1day,
(e) Rxbday, (f) R95pTOT, (g) R99pTOT, (h) R10, (i) R20, and (j) SDIL Stippling indicates areas where
trends are not significant at the 5% level (p > 0.05), based on the Mann—Kendall test.

3.2. Future Projections of Extreme Precipitation
3.2.1. Performance Evaluation of Bias-Corrected Top-Ranking Models

Supplementary Figures S1 and S2 show the Taylor Skill Scores for the raw and bias-
corrected outputs of the top-ranking models for the JJAS and FMAM seasons, respectively.
The bias correction consistently improved TSS values across all models and indices, al-
though the magnitude of improvement varied. Metrics representing extreme rainfall
intensity and amount (e.g., R95P, R99P, Rx1lday, Rx5day) show particularly notable im-
provements in models such as GFDL-ESM4, MPI-ESM1-2-HAM, and HadGEM3-GC31-MM.
Improvements for CDD and SDII are generally more modest. Overall, quantile mapping
bias correction substantially improved the ability of the models to reproduce the ob-
served spatial patterns of precipitation extremes in both the JJAS (Figure S1) and FMAM
(Figure S2) seasons, with enhancements ranging from 5% to 12%.

3.2.2. Projected Changes in Extreme Precipitation During the Main Rainy Season (JJAS)

Figures 4a—t and 5a—t illustrates the projected spatial distribution of extreme precipita-
tion during the JJAS season under SSP2-4.5 and SSP5-8.5 for 2050s and 2080s, respectively,
relative to 1981-2010. Projected spatial patterns of extreme precipitation for JJAS under
5SP2-4.5 and SSP5-8.5 for the 2050s and 2080s reveal substantial regional variability across
Ethiopia. Under SSP2-4.5, PRCPTOT is projected to increase by up to 70% by the 2050s
in the northwest, west, southwest, and parts of the northeast, including the Tekeze, Abay,
Baro Akobo, Awash, Danakil, Rift Valley Lakes, and Omo Gibe basins (Figure 4a). However,
statistically significant increases are observed only in the Baro Akobo, Rift Valley Lakes,
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and Omo Gibe basins. Historically arid areas such as the Danakil and lower Awash basins
are also projected to experience increases in PRCPTOT that are not statistically significant in
both future periods and under both scenarios. In contrast, consistent declines are projected
across the eastern and southeastern lowlands, including the Wabi Shebelle and Ogaden
basins. This pattern of decline extends to some northern areas, particularly the Tekeze basin,
under SSP5-8.5 by the 2050s (Figure 4k), and under both scenarios by the 2080s (Figure 5a,k).
In both scenarios, CDD is projected to decrease across most parts of Ethiopia; nevertheless,
these changes are not statistically significant during the 2050s (Figure 4b,l) or the 2080s
(Figure 5b,1). Under SSP2-4.5, reductions are most pronounced in the northern, northwest-
ern, western, southwestern, and northeastern regions by both the 2050s (Figure 4b) and
2080s (Figure 5b). Conversely, CDD is projected to increase consistently across the eastern
parts of the country, particularly in the Ogaden basin, during both periods and under both
scenarios. CWD, on the other hand, is projected to increase across more than 60% of the
country; however, these changes are not statistically significant in the 2050s (Figure 4c) and
2080s (Figure 5¢) under SSP2-4.5 and in the 2050s (Figure 4m) under SSP5-8.5. The majority
of the northwest, northeast, and central parts of the country, particularly the Abay, Awash,
and Danakil basins, are projected to experience an increase in CWD during the 2050s and
2080s under both the SSP2-4.5 and SSP5-8.5 scenarios (Figures 4c,;m and 5c,m). On the
contrary, CWD is projected to decrease across most eastern and southeastern regions of the
country, particularly in the Wabi Shebelle and Ogaden basins.
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Figure 4. Projected change in extreme precipitation indices (a-t) (%), with respect to the reference
period (1981-2010), for JJAS in the 2050s under SSP2-4.5 and SSP5-8.5 scenarios. Indices include:
CDD (days), CWD (days), PRCPTOT (mm), R10 (days), R20 (days), R95pTOT (mm), R99pTOT (mm),
Rxlday (mm), Rx5day (mm), and SDII (mm). Stippling indicates grid points where changes are not
statistically significant at the 5% significance level (p > 0.05) according to the Mann-Kendall test.
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Figure 5. Projected change in extreme precipitation indices (a—t) (%), relative to the baseline period
(1981-2010), for JJAS in the 2080s under SSP2-4.5 and SSP5-8.5. Indices include: CDD (days), CWD
(days), PRCPTOT (mm), R10 (days), R20 (days), R95pTOT (mm), R99pTOT (mm), Rxlday (mm),
Rxbday (mm), and SDII (mm). Stippling indicates grid points where changes are not statistically
significant at the 5% significance level (p > 0.05) according to the Mann-Kendall test.

Projections indicate that Rx1day decreases across more than 90% of Ethiopia during
both the 2050s and 2080s under all scenarios (Figures 4d,n and 5d,n); however, these
changes are not statistically significant. Reductions in Rx5day are mainly in the northern,
southern, southeastern, and eastern regions while increases are observed in the Danakil,
Omo Gibe, and Abay basins during both periods (Figures 4e,0 and 5e,0). However, statisti-
cally significant increases are observed only in the Rift Valley Lakes in projection of Rx1day
and Rx5day in both the 2050s and 2080s under all scenarios. R95pTOT exhibits broader
and more consistent increases than R99pTOT, rising across more than 85% of Ethiopia
during the 2050s under both scenarios (Figure 4f,p). This pattern continues into the 2080s
under SSP2-4.5 (Figure 5f), while under SSP5-8.5, the increases expand further into the
southeastern and eastern regions (Figure 5p). R99pTOT is projected to increase primarily in
the northwest, west, southwest, and northeast during the 2050s under both scenarios
(Figure 4g,q), and under SSP2-4.5 in the 2080s (Figure 5g). Under SSP5-8.5, the in-
creases extend into the southern and central regions by the 2080s (Figure 5q); however,
these changes are not statistically significant. Both R10 (Figures 4h,r and 5h,r) and R20
(Figures 4i,s and 5i,s) show projected increases across the northwest, west, southwest, and
northeast, with R20 exhibiting a more extensive spatial growth. In contrast, both indices are
projected to decrease in the eastern and southeastern parts of the country. Under SSP2-4.5,
SDII is projected to decrease across the south, southeast, and east by the 2050s (Figure 4;).
This declining change is particularly consistent for the southern and southeastern regions,
most notably within the Genale Dawa and Wabi Shebelle basins, across both scenarios and
future timeframes. In contrast, SDII is projected to increase by 10-30% in the northwest,
west, and southwest under SSP5-8.5 by the 2050s (Figure 4t). This increase is expected to
continue across these regions under both scenarios by the 2080s (Figure 5j,t).
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3.2.3. Projected Changes in Extreme Precipitation During the Short Rainy Season (FMAM)

Projected spatial patterns of extreme precipitation during the FMAM season for the
2050s and 2080s under SSP2-4.5 and SSP5-8.5 show substantial regional variability across
Ethiopia (Figures 6 and 7). PRCPTOT is projected to increase across the northern, north-
western, western, and eastern regions, particularly within the Tekeze, Abay, Baro Akobo,
Omo Gibe, and Ogaden basins during the 2050s (Figure 6a,k); however, these changes are
statistically significant only in the Omo Gibe basin. This pattern continues under both
scenarios in the 2080s (Figure 7a k), with SSP5-8.5 driving an expansion of the increase to
most of the country; however, these changes remain statistically insignificant. The strongest
increases (exceeding 30%) are projected in the north and northwest, specifically the Tekeze
and Abay basins. In contrast, most of the Awash basin is projected to experience decreases
of more than 10%. Projections for CDD and CWD reveal a distinct regional pattern. CDD
is projected to increase by up to 10% in the west, southwest, and northeast, including
the Baro Akobo, RVLB, Awash, and Ogaden basins, during both the 2050s (Figure 6b,1)
and 2080s (Figure 7b,l). Conversely, slight declines in CDD are expected across northern
regions, particularly the Tekeze Basin, under all scenarios and time periods; by the 2080s,
these decreases extend into the Genale Dawa, Ogaden, and parts of the Abay basins. In
contrast, CWD shows increases of about 20% in the north, northwest, south, east, and
northeast during the 2050s under SSP2-4.5 (Figure 6¢), especially in the Tekeze, Abay, Wabi
Shebelle, Danakil, and lower Awash basins. This increasing trend expands into the south,
southeast, and east under SSP5-8.5 (Figure 6m) and persists into the 2080s (Figure 7c).
However, slight declines (0-10%) in CWD are projected for parts of the northwest, west,
and central regions, including the Abay and Baro Akobo basins, during the 2080s under
SSP5-8.5 (Figure 7m). Overall, the Tekeze and Abay basins are projected to experience a
combined trend of decreasing CDD and increasing CWD; however, these changes are not
statistically significant.
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Figure 6. Projected change in extreme precipitation indices (a—t) (%), compared to the reference period
(1981-2010), during FMAM for the 2050s under SSP2-4.5 and SSP5-8.5 scenarios. Indices include:
CDD (days), CWD (days), PRCPTOT (mm), R10 (days), R20 (days), R95pTOT (mm), R99pTOT (mm),
Rxlday (mm), Rx5day (mm), and SDII (mm). Stippling indicates grid points where changes are not
statistically significant at the 5% significance level (p > 0.05) according to the Mann-Kendall test.
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Figure 7. Projected change in extreme precipitation indices (a—t) (%), relative to the reference
period (1981-2010), for the FMAM season in the 2080s under the SSP2-4.5 and SSP5-8.5 scenarios.
Indices include: CDD (days), CWD (days), PRCPTOT (mm), R10 (days), R20 (days), R95pTOT
(mm), R99pTOT (mm), Rxlday (mm), Rx5day (mm), and SDII (mm). Stippling indicates grid points
where changes are not statistically significant at the 5% significance level (p > 0.05) according to the
Mann-Kendall test.

Both Rxlday and Rx5day are projected to increase across the north, northwest, west,
southwest, and central regions, especially in the Tekeze, Abay, Baro Akobo, and Omo
Gibe basins and RVLB during the 2050s (Figure 6d,n,e,0) and 2080s (Figure 7d,n,e,0)
under both scenarios. However, statistically significant increases are seen only in the Baro
Akobo, Omo Gibe, and Rift Valley Lakes basins. In contrast, consistent decreases are
projected for the southeast and east, particularly in the Wabi Shebelle and Ogaden basins.
Projections for the R95pTOT and R99pTOT show increases of up to 60% across the northern,
northwestern, western, and southwestern regions. This trend is most prominent in the
Tekeze, Abay, Baro Akobo, and Omo Gibe basins from the 2050s through the 2080s under
both scenarios (Figures 6f,p,g,q and 7f,p,g,q). Conversely, reductions in these indices are
projected primarily for the northeast and central parts of the country. Both R10 and R20
are projected to increase across northern and northwestern Ethiopia, including the Tekeze
and Abay basins, during the 2050s and 2080s (Figures 6h,r,i,s and 7h,ri,s). Conversely,
declines are projected in the south and southeast, particularly in the Genale Dawa, Wabi
Shebelle, and central Awash basins, with reductions in R10 expanding into the Ogaden
Basin by the 2080s. SDII is projected to increase by 0—40% across the north, northwest,
west, and southwest, including the Tekeze, Abay, Baro Akobo, Omo Gibe, RVLB, and
Ogaden basins, during the 2050s and 2080s under both scenarios (Figures 6j,t and 7j,t). In
contrast, decreases are projected in the south and northeast, particularly in the Genale and
Awash basins.

3.2.4. Temporal Variations in Extreme Precipitation for EnseMean

Figure 8a—e present CDD, CWD, PRCPTOT, Rx1day, and R10 for the JJAS season under
the SSP2-4.5 scenario for the period 2041-2100. The projected EnseMean of CDD for the
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JJAS season under the SSP2-4.5 scenario exhibits considerable interannual variability over
the 2041-2100 period, ranging from 29.5 to 40.4 days (mean = 35.1 & 2.5 days) (Figure 8a).
A weak negative linear trend of —0.026 days per year is identified. Decadal averages remain
relatively stable, with a slight decline from 35.6 days in the 2050s to 33.4 days in the 2080s.
Similarly, the EnseMean of CWD shows pronounced interannual variability throughout
the same period (Figure 8b). Values generally fluctuate between approximately 18 and
24 days. During the early decades (2040s—2050s), variability is relatively high, with several
peaks approaching 24 days. In the mid-century period, CWD temporarily decreases to
around 19-21 days but continues to exhibit strong oscillations. Toward the late century
(2080s—2090s), values remain within a comparable range, with occasional moderate in-
creases but no sustained long-term trend. The EnseMean PRCPTOT during JJAS under
SSP2-4.5 also exhibits strong interannual variability, accompanied by a weak increasing
trend toward the end of the century (Figure 8c). PRCPTOT fluctuate substantially across
the projection period, with occasional higher peaks in later decades.
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Figure 8. Time series EnseMean of (a) CDD (days), (b) CWD (days), (c) PRCPTOT (mm), (d) Rxday
(mm) and (e) R10 (days) during the JJAS season under the SSP2-4.5 scenario for the period 2040 to
2100. The solid blue line represents the annual ensemble values.

Projected Rx1day values range from 60 mm to 92 mm over 2041-2100 (Figure 8d). The
minimum value (60 mm) occurs in 2044, while the maximum (92 mm) is recorded in 2050.
Between 2041 and 2070, Rx1day fluctuates widely within this range, with notable peaks in
2043 (85 mm), 2046 (80 mm), and 2050 (92 mm). From 2071 to 2095, values stabilize within
a narrower range of approximately 70-78 mm, although occasional higher values, such as
85 mm in 2080, are observed. Overall, Rx1day continues to exhibit interannual variability,
with indications of a reduced upper bound after 2080. The R10 varies between 13.0 and
17.5 days during the projection period (Figure 8e). The minimum value (13.0 days) occurs in
2046 and 2056, while the maximum (17.5 days) is recorded in 2054 and 2100. From 2041 to
2070, R10 fluctuates within this range, whereas during 2071-2100 it remains predominantly
between 13.0 and 16.5 days, with occasional peaks reaching 17.5 days. Overall, the R10
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series exhibits moderate interannual variability, with no consistent long-term increase or
decrease over the 2041-2100 period.

Supplementary Figure S3a—e presents CDD, CWD, PRCPTOT, Rx1day, and R10 for
the JJAS season under the SSP5-8.5 scenario for the period 2041-2100. Under the SSP5-8.5
scenario, the EnseMean CDD during the JJAS season over the study area is projected
to fluctuate between approximately 27 and 42 days from 2041 to 2100. The time series
exhibits high interannual variability with no clear monotonic trend, although a slight
overall decline is visible towards the end of the century, reaching around 27 days by 2099.
Peak values exceeding 40 days occur around 2070 and in the early 2050s (Figure S3a).
Under the SSP5-8.5 scenario, the EnseMean CWD during the JJAS season is projected to
range between approximately 17 and 28 days from 2041 to 2100. The time series shows a
general declining trend with high interannual variability. CWD starts at around 28 days
in 2041 and fluctuates downward, reaching its lowest values near 17 days around 2077
and 2090, before a slight recovery towards the end of the century (Figure S3b). Under
the SSP5-8.5 scenario, the EnseMean PRCPTOT during the JJAS season is projected to
fluctuate between approximately 370 mm and 550 mm from 2041 to 2100. The time series
shows a sharp initial decline from ~550 mm in 2041 to around 370 mm in the early 2050s,
followed by high interannual variability with no strong long-term trend. PRCPTOT values
generally remain between 380 and 480 mm after 2060, with occasional peaks near 500 mm
in 2076 (Figure S3c). Under the SSP5-8.5 scenario, the EnseMean Rx1lday during the JJAS
season is projected to fluctuate between approximately 17 mm and 24 mm from 2041 to
2100. After an initial decline in the early 2040s, values generally oscillate between 18 and
22 mm, with notable peaks exceeding 23 mm around 2070 and towards the end of the
century (2098-2100) (Figure S3d). Under the SSP5-8.5 scenario, the EnseMean R10 during
the JJAS season is projected to range between approximately 13 and 20 days from 2041
to 2100. It starts high at around 20 days in 2041, followed by a general decline with
fluctuations, reaching minimum values near 13 days in several years (e.g., mid-2040s and
late 2080s), before a slight increase towards the end of the century (Figure S3e).

Figure 9a—e presents CDD, CWD, PRCPTOT, Rx1day, and R10 for the FMAM season
under the SSP2-4.5 scenario for the period 2041-2100. The EnseMean CDD during the
FMAM season under the SSP2-4.5 scenario exhibits pronounced interannual variability
over 2041-2100 (Figure 9a). Projected CDD values range from approximately 28 to 50 days,
with no clear long-term monotonic trend. Several distinct peaks (>45 days) occur in the
mid-2040s, early 2050s, early 2070s, and late 2080s, while marked minima are observed
around 2052 and in the late 2070s. The EnseMean of CWD also shows strong interannual
variability, fluctuating between approximately 8 and 14 days (Figure 9b). Although no
consistent long-term trend is evident, a noticeable increase occurs after 2095, with values
approaching 14 days by 2100. The EnseMean PRCPTOT during FMAM demonstrates
substantial interannual variability throughout the projection period (Figure 9¢). PRCPTOT
range from about 180 to 330 mm, with pronounced peaks around 2045, 2055, 2070, and 2085,
as well as a sharp increase toward 2100. These fluctuations are interspersed with notable
troughs, indicating high variability in seasonal rainfall. Projected Rx1day also exhibits
considerable interannual variability (Figure 9d), ranging from approximately 28 to 55 mm.
Distinct peaks occur in the mid-2040s, late 2070s, and early 2090s, while a pronounced
minimum is observed around 2065. Similarly, the EnseMean R10 shows marked variability
over 2041-2100 (Figure 9e), with values ranging from approximately 4.5 to 9.2 days. R10
remains predominantly within 6-8 days for most of the period but includes intermittent
peaks exceeding 8-9 days (notably in the early 2050s, late 2080s, and near 2097) and a sharp
minimum of about 4.5 days around 2065.
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Figure 9. Time series EnseMean of (a) CDD (days), (b) CWD (days), (c) PRCPTOT (mm), (d) Rxday
(mm) and (e) R10 (days) during the FMAM season under the SSP2-4.5 scenario for the period 2040 to
2100. The solid blue line represents the annual ensemble values.

Supplementary Figure S4a—e presents CDD, CWD, PRCPTOT, Rx1day, and R10 for the
FMAM season under the SSP5-8.5 scenario for the period 2041-2100. Under the SSP5-8.5
scenario, the EnseMean CDD during the FMAM season is projected to range between
approximately 32 and 65 days from 2041 to 2100. CDD starts high (~62 days) in 2041,
fluctuates markedly throughout the period, and shows a tendency toward lower values
in the late 2080s before rising again near the end of the century (Figure S4a). EnseMean
CWD during the FMAM season is projected to fluctuate between approximately 7 and
14 days from 2041 to 2100. The time series shows high interannual variability without a
clear long-term trend. CWD start around 12 days in 2041, decrease to a minimum near
7 days in the early 2040s, and thereafter fluctuate mainly between 9 and 13 days for the rest
of the century (Figure S4b). EnseMean PRCPTOT during the FMAM season is projected
to fluctuate between approximately 150 mm and 300 mm from 2041 to 2100. PRCPTOT
start around 280 mm in 2041, drop sharply in the early years, and thereafter oscillate
mainly between 170 mm and 290 mm, with frequent peaks exceeding 270 mm after 2070
(Figure S4c). Rx1day increases slightly over time with strong interannual variability, rising
from ~45 mm in the 2040s to ~55-60 mm by the end of the century, with occasional peaks
near ~70 mm (Figure S4d). EnseMean R10 during FMAM under SSP5-8.5 (2041-2100)
varies between approximately 4 and 9 days, showing strong interannual variability with
frequent peaks near 8-9 days and minima around 4-5 days, with no clear long-term trend
(Figure S4e).

3.2.5. Model Trend and Uncertainty in Extreme Rainfall Indices Under SSP Scenarios

Figures 10 and 11 and Supplementary Figures S5 and S6 display box-and-whisker
plots of the JJAS seasonal trends derived from the ensemble mean and the individual top-
performing models for the 2050s and 2080s under both scenarios, respectively. Figure 10
illustrates projected trends in JJAS extreme rainfall indices for the 2050s under SSP2-4.5
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and SSP5-8.5 based on the EnseMean and the top-performing models. Under SSP2-4.5
for the 2050s, the EnseMean indicates a decreasing trend in CDD and increasing trends in
CWD, PRCPTOT, and most heavy-rainfall indices. Several models, particularly CMCC-
ESM2, NorESM2-MM, and NESM3, generally support these patterns, though NorESM2-LM
frequently diverges by projecting increasing trend in CDD or declines in other indices.
R10 shows mixed signals, while R20 shows no meaningful trend. High-intensity indices
(R95pTOT and R99pTOT) generally show increasing trends, with stronger increases ob-
served in R95pTOT. Rx1day and Rx5day also exhibit increasing trends, with CMCC-ESM2
projecting the strongest increase in Rx5day. Similar patterns persist into the 2080s under
SSP2-4.5 (Figure 11). The ensemble mean (EnseMean) projects decreasing trends in CDD
and increasing trends in CWD and PRCPTOT. Heavy-rainfall indices continue to increase,
particularly R95pTOT, while trends in R10 and R20 remain weak or insignificant. Rx1day
and Rx5day increase in the EnseMean, although some models, particularly NorESM2-LM
and NorESM2-MM, show weaker or negative trends for Rx5day. Although most grid cells
exhibit decreasing trends in Rxlday and Rx5day, a few locations with relatively larger
increases, such as those seen in the CMCC-ESM2 models, can dominate the spatial average,
resulting in an overall increase in the EnseMean.
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Figure 10. Box-and-whisker plots of trends for the EnseMean and top-performing models in simulat-
ing extreme precipitation indices: (CDD (days), CWD (days), PRCPTOT (mm), R10 (days), R20 (days),
R95pTOT (mm), R99pTOT (mm), Rx1day (mm), Rxbday (mm), and SDII (mm)) for JJAS season for
the 2050s under SSP2-4.5 scenario. The boxes indicate the interquartile range, spanning the 25th
to 75th percentiles. The median value is indicated by the thick colored line within each box. The
whiskers represent the total intermodel range.
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Figure 11. Box-and-whisker plots of trends for the EnseMean and top-performing models in simulat-
ing extreme precipitation indices: (CDD (days), CWD (days), PRCPTOT (mm), R10 (days), R20 (days),
R95pTOT (mm), R99pTOT (mm), Rx1day (mm), Rx5day (mm), and SDII (mm)) for JJAS season for
the 2080s under SSP2-4.5 scenario. The boxes indicate the interquartile range, spanning the 25th
to 75th percentiles. The median value is indicated by the thick colored line within each box. The
whiskers represent the total intermodel range.

Under the SSP5-8.5 scenario for the 2050s, the EnseMean projects a slight declining
trend in CDD, accompanied by increases in CWD, PRCPTOT, R95pTOT and R99pTOT
(Supplementary Figure S5). NESM3 and CMCC-ESM2 show the largest CWD increases,
while NorESM2-LM exhibits the greatest rise in CDD. R10 exhibits only a minor increasing
trend in a few models, while R20 remains relatively stable. All models show a consistent
increasing trend in R95pTOT, with most also projecting rises in R99pTOT. Both Rx1day
and Rx5day show an increasing trend in the Ensemble Mean, with the most pronounced
increases again produced by CMCC-ESM2 and NESM3. For the 2080s under SSP5-8.5, the
EnseMean and a majority of models project a decreasing trend in CDD alongside increasing
trends in CWD and PRCPTOT, with NESM3 showing the strongest rise in PRCPTOT
(Supplementary Figure 56). R95pTOT and R99pTOT generally continue their upward trend
across models, though the magnitude varies. Rx5day shows a stronger increasing trend
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than Rx1day in nearly all models. Notably, SDII remains stable across all scenarios and
time periods.

Supplementary Figures S7-510 display box-and-whisker plots of the FMAM seasonal
trends derived from the ensemble mean and the individual top-performing models for the
2050s and 2080s under SSP2-4.5 and SSP5-8.5 scenarios. Across both scenarios and future
periods (2050s and 2080s), most individual models show trend directions broadly consistent
with those of the EnseMean. Although differences remain in the magnitude of projected
changes, the overall agreement among models indicates that the EnseMean provides a
relatively robust representation of future JJAS and FMAM extreme rainfall indices.

4. Discussion

Understanding both historical and future patterns of extreme precipitation is crucial
for climate adaptation in Ethiopia, where rainfall variability strongly influences water
resources, agriculture, and ecosystem stability. Historical analysis (1981-2010) indicates a
general tendency toward increasing trend for most JJAS indices across all rainfall regimes,
whereas the FMAM season exhibits predominantly decreasing tendencies nationwide.
However, these trends are not statistically significant. Despite previous declines during
the FMAM season, projections indicate a more pronounced increase in PRCPTOT during
FMAM than during JJAS across all timeframes and both scenarios in the north and north-
west regions of Ethiopia. In these areas, the CWD is projected to increase and the CDD to
decrease during FMAM. Overall, these patterns suggest a potential seasonal shift, with
more rainfall occurring during FMAM than JJAS in the north and northwest, particularly
in the Tekeze basin. Additionally, the northeastern and central regions of the country,
particularly the Awash Basin, are expected to experience increases in PRCPTOT and CWD
during the JJAS season. In contrast, a decrease in PRCPTOT and CWD is projected during
FMAM season, which aligns with the historical pattern of decreasing on PRCPTOT and
CWD during this period. However, the rainfall pattern in the Awash basin is bimodal, with
the main rainy season occurring from July to September (JAS) while small rains occur be-
tween March and May [49]. The anticipated reduction in FMAM rainfall, coupled with the
projected increase in JJAS precipitation, suggests a potential shift from a bimodal to a more
unimodal rainfall regime. Overall, these potential seasonal shifts in north and northeast
of the country, particularly in the Tekeze and the Awash basin, could have far-reaching
implications. For agriculture, changes in rainfall timing and intensity may affect planting
and harvesting cycles, crop yields, and food security. For water resource management,
altered hydrological regimes could influence reservoir operations, irrigation planning, and
flood risk. Additionally, ecosystem dynamics, including vegetation patterns and water
availability for biodiversity, may also be affected. Proactive adaptation strategies will be
crucial for managing the socio-economic and environmental impacts of these emerging
rainfall trends.

On the other hand, high-rainfall areas in the northwest, west, and southwest (Abay,
Baro Akobo, and Omo Gibe basins and RVLB) are projected to experience increases in
extreme indices (PRCPTOT, CWD, R10, R20, R95pTOT, R99pTOT, and SDII) in both JJAS
and FMAM. This contrasts with historical trends, in which these regions showed increasing
indices during JJAS but declining indices during FMAM. The projected rise in extreme
rainfall events raises concerns about flooding, soil degradation, and agricultural losses.
However, the hydropower sector, particularly Grand Ethiopian Renaissance Dam (GERD),
Gibe II, and Gibe III, may benefit from increased water availability, reinforcing the need
for strategic water management and infrastructure investments to mitigate risks while
capitalizing on opportunities. Furthermore, projections indicate substantial increases in
extreme precipitation indices for the arid Danakil basin during the JJAS season of the
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2050s and 2080s. While this could temporarily improve water availability for pastoralist
communities, it also heightens flood risks, threatening infrastructure, crops, and livelihoods.
Developing flood control measures and early warning systems will be crucial to mitigate
these impacts.

The top-performing models and their ensemble mean (EnseMean) under both the
SSP2-4.5 and SSP5-8.5 scenarios reveal substantial uncertainty in future precipitation pro-
jections over the study region. Individual models frequently produce divergent trends,
and even the ensemble mean and best-performing models often disagree. This spread is
particularly large for total annual precipitation (PRCPTOT), which ranges from approxi-
mately —20% to +70% change. In addition to the widely recognized sources of uncertainty
in climate projections, such as variations in GCM structures and emission scenarios, re-
gional analyses in East Africa encounter further challenges. These include the choice of
re-gridding and interpolation techniques, the selection of observational reference datasets
for model evaluation and bias correction, and the specific methods used for statistical
downscaling [18,22]. Such uncertainties significantly complicate adaptation planning. They
highlight the urgent need for flexible, robust, and scenario-responsive strategies in water
resource management, disaster risk reduction, and agricultural planning. Furthermore,
ensembling top-performing models generally enhances projection reliability by reducing
random errors and improving the simulation of observed extreme events, particularly
following bias correction. However, this approach can also mask important structural
differences among models and may underestimate the full range of future uncertainty,
especially when models share common biases [25,26,44].

Overall, climate projections suggest an increase in extreme rainfall events during
JJAS. Despite historical declines, future projections indicate rising FMAM precipitation
across most of Ethiopia. Ethiopia’s rainfall pattern is predominantly bimodal, but climate
change could alter these latitudinal gradients, reshaping precipitation regimes across
the continent [50]. Such changes align with broader patterns of shifting rainfall regimes
across Africa identified in earlier research and may substantially influence agricultural
productivity and hydrological systems. In Ethiopia, such shifts could affect rainy season
timing, distribution, frequency, impacting water resources, agriculture, and ecosystem
dynamics. Reference [51] identified a latitudinal shift in precipitation patterns across
Africa, in which rainfall regimes transition from bimodal to unimodal with increasing
latitude. The projected increases in extreme precipitation identified in this study align
with findings from previous studies on East Africa, including Ethiopia, based on CMIP5
and RCMs [52-54], as well as more recent studies using CMIP6 [1,20-22,55,56]. Future
precipitation events, especially in western, eastern, and central Africa, are expected to
become more intense due to projected positive shifts [56]. This pattern known as the
East African Climate Paradox highlights the complex interplay among climate dynamics,
aerosol forcing, seasonality shifts, and natural variability [57,58]. Possible reasons for
this discrepancy include anthropogenic aerosol emissions, uncertainties in global climate
models (GCMs), shifts in rainfall seasonality, and natural variability [59,60]. FMAM rainfall,
influenced by cyclonic activity and North Atlantic sea surface temperature anomalies, may
also be affected by climate change, particularly due to warming patterns in the Indian
and Pacific Oceans [5]. The El Nifio-Southern Oscillation (ENSO) remains a key driver of
rainfall variability in Ethiopia, alongside local climatic factors such as diverse physiographic
features [61-64].

5. Conclusions

Considering Ethiopia’s heavy reliance on rainfall for livelihoods and productivity
and its vulnerability to the adverse effects of droughts and floods, understanding extreme
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precipitation trends and projections is essential for effective resource management and
planning. Although historical trends show declines in many extreme rainfall indices, pro-
jections indicate an increase in PRCPTOT during the FMAM season across most regions in
the coming decades. An increase in projection of extreme indices (PRCPTOT, CWD, Rx1day,
Rx5day, R95pTOT, R99pTOT, R10 and R20) is observed during FMAM in the north and
northwest, even though declining historical trends are observed in the above-mentioned
areas. On the other hand, JJAS in the northwest, west, and southwest showed increases in
R95pTOT, R99pTOT, R10, and R20, underscoring the need for region-specific strategies to
manage water resources, mitigate flood risks, and adapt agricultural practices. Projected
seasonal shifts in key basins, including the Tekeze, Awash, and Ogaden, present significant
challenges for regions that depend on predictable rainfall timing for agriculture, water
allocation, and pastoralism. Any alteration in the seasonal distribution of precipitation
could impact planting schedules, crop growth cycles, and the reliability of water supplies,
thereby posing risks to local livelihoods and overall economic stability. Moreover, the
projected increase in extreme rainfall across Ethiopia particularly in the northwest, west,
and southwest, presents both opportunities and challenges. While enhanced rainfall offers
potential benefits such as improved water availability for agriculture and hydroelectric
power generation, the risks associated with extreme weather events, especially flooding,
are a serious concern. These contrasting outcomes highlight the critical need for adaptation
strategies that are tailored to each region’s specific vulnerabilities and opportunities.

Policymakers and development partners must integrate these projections into agri-
cultural planning, infrastructure design, and disaster risk management to safeguard com-
munities and enhance climate resilience against the anticipated changes in precipitation
patterns. Preparing for both water shortages and excess rainfall will be essential as climate
variability intensifies. Incorporating climate information into long-term planning will help
ensure sustainable development and reduce the impacts of climate-related hazards on
Ethiopia’s economy and food security. Overall, this study provides tailored, actionable
climate information for Ethiopian policymakers, water managers, farmers, and disaster risk
planners. It supports preparation for rising flood and drought risks, informs infrastructure
investment decisions, adjust agricultural practices, and helps protect lives and livelihoods.
However, uncertainty in future precipitation projections remains a major challenge, as
demonstrated by the spread in results from top-performing models and the ensemble mean
(EseMean) under SSP2-4.5 and SSP5-8.5 scenarios. The findings emphasize the importance
of developing adaptive, flexible strategies that can effectively respond to a range of po-
tential climate outcomes, rather than depending on any single projection. Recognizing
and incorporating uncertainty into climate policy and planning are therefore essential for
building long-term resilience.

Supplementary Materials: The following supporting information can be downloaded at: https:
/ /www.mdpi.com/article/10.3390/cli14040088/s1, Figure S1. Comparison of raw and bias-corrected
outputs for the top-ranking models in simulating extreme precipitation indices during JJAS season;
Figure S2. Comparison of raw and bias-corrected outputs for the top-ranking models in simulat-
ing extreme precipitation indices during FMAM season; Figure S3. Time series EnseMean of CDD
(days), CWD (days), PRCPTOT (mm), Rxday (mm) and R10 (days) during the JJAS season under the
SSP5-8.5 scenario for the period 2040 to 2100. The solid blue line represents the annual ensemble
values; Figure 54. Time series EnseMean of CDD (days), CWD (days), PRCPTOT (mm), Rxday (mm)
and R10 (days) during the FMAM season under the SSP5-8.5 scenario for the period 2040 to 2100.
The solid blue line represents the annual ensemble values; Figure S5. Box-and-whisker plots of
trends for the EnseMean and top-performing models in simulating extreme precipitation indices:
(CDD (days), CWD (days), PRCPTOT (mm), R10 (days), R20 (days), R95pTOT (mm), R99pTOT
(mm), Rxlday (mm), Rx5day, and SDII (mm)) for JJAS season for the 2050s under SSP585 scenario.
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Box-and-whisker plots of trends for the EnseMean in simulating extreme precipitation indices: (CDD
(days), CWD (days), PRCPTOT (mm), R10 (days), R20 (days), R95pTOT (mm), R99pTOT (mm),
Rxlday (mm), Rx5day, and SDII (mm)) for JJAS season for the 2050s under SSP585 scenario. The
boxes indicate the interquartile range, spanning the 25th to 75th percentiles. The median value is
indicated by the thick colored line within each box. The whiskers represent the total intermodel range;
Figure S6. Box-and-whisker plots of trends for the EnseMean and top-performing models in simu-
lating extreme precipitation indices: (CDD (days), CWD (days), PRCPTOT (mm), R10 (days), R20
(days), R95pTOT (mm), R99pTOT (mm), Rxlday (mm), Rx5day (mm), and SDII (mm)) for JJAS
season for the 2080s under SSP585 scenarios. The boxes indicate the interquartile range, spanning
the 25th to 75th percentiles. The median value is indicated by the thick colored line within each
box. The whiskers represent the total intermodel range; Figure S7. Box-and-whisker plots of trends
for the EnseMean and top-performing models in simulating extreme precipitation indices (CDD
(days), CWD (days), MEAN (mm), PRCPTOT (mm), R10 (days), R20 (days), R95Ptot (mm), R99Ptot
(mm), Rxlday (mm), Rx5day (mm), SDII (mm)) for FMAM season for the 2050s under SSP245 sce-
nario. The boxes represent the interquartile range (spanning the 25th to 75th percentiles), with the
thick black line inside each box indicating the median. The whiskers show total intermodel range;
Figure S8. Box-and-whisker plots of trends for the EnseMean and top-performing models in simu-
lating extreme precipitation indices (CDD (days), CWD (days), MEAN (mm), PRCPTOT (mm), R10
(days), R20 (days), R95Ptot (mm), R99Ptot (mm), Rx1day (mm), Rx5day (mm), SDII (mm)) for FMAM
season for the 2080s under SSP245 scenario. The boxes represent the interquartile range (spanning
the 25th to 75th percentiles), with the thick black line inside each box indicating the median. The
whiskers show total intermodel range; Figure S9. Box-and-whisker plots of trends for the EnseMean
in simulating extreme precipitation indices (CDD (days), CWD (days), MEAN (mm), PRCPTOT
(mm), R10 (days), R20 (days), R95Ptot (mm), R99Ptot (mm), Rxlday (mm), Rx5day (mm), SDII
(mm)) for FMAM season for the 2050s under SSP585 scenario. The boxes represent the interquartile
range (spanning the 25th to 75th percentiles), with the thick black line inside each box indicating the
median. The whiskers show total intermodel range; Figure S10. Box-and-whisker plots of trends
for the EnseMean in simulating extreme precipitation indices (CDD (days), CWD (days), MEAN
(mm), PRCPTOT (mm), R10 (days), R20 (days), R95Ptot (mm), R99Ptot (mm), Rx1day (mm), Rx5day
(mm), SDII (mm)) for FMAM season for the 2080s under SSP585 scenario. The boxes represent the
interquartile range (spanning the 25th to 75th percentiles), with the thick black line inside each box
indicating the median. The whiskers show total intermodel range.
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