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ARTICLE INFO ABSTRACT

Keywords: Climate change is reshaping the geographies of coffee production globally, impacting the livelihoods of coffee
Co'ffee farmers and the international coffee market. A local-scale understanding of these shifts is essential for designing
Climate change effective adaptation and policy planning. This study assessed the local-scale (district-level) impact of projected

Local scale climate change on coffee area suitability and how future production geographies intersect with the forest cover in

EUDR . . . o . o I . .

five major coffee-growing districts of southwestern Ethiopia. The study models coffee distribution using an
CMIP6 ) 8 8 y 8
Ensemble ensemble of three machine-learning algorithms (Maxent, SVM, and RF) to predict suitable areas presently and in

the 2030s, 2050s, 2070s, and 2090s under SSP2-4.5 and SSP5-8.5 scenarios. The models perform well in pre-
dicting suitable areas with an AUC value of >0.96 for Ale, Goma, Gera, and Yayu and > 0.86 for Limu Seka.
Rainfall and temperature variables are the most important factors for predicting coffee area suitability. Under the
SSP2-4.5 scenario, the study predicts an overall increase in suitable areas in Ale (+19 %), Gera (+41 %), Goma
(+4 %), Limu Seka (+124 %), and Yayu (421 %) at the end of the century, while most current production areas
remain suitable. In the SSP5-8.5 scenario, however, we expect suitable areas to increase in Ale (+16 %), Gera
(+52 %), Limu Seka (+71 %), and losses in Goma (—0.5 %), and Yayu (—47 %). Problematically, projected
suitable coffee production sites overlap by 25 % to 90 % with areas currently designated as forest under the
Global Forest Cover 2020 map, potentially placing production in those areas off limits for export to the European
Union under the provisions of the EUDR 2023/1115 regulation. We therefore conclude that many areas in the
region that could become newly suitable for coffee production may not be commercially viable. The heteroge-
neity of primary local drivers of coffee suitability means that micro-scale spatial analyses of climate change
impacts on coffee production could provide valuable insights for other regions in planning targeted and effective
climate adaptation strategies.

1. Introduction

Coffee is a prominent global cash crop, contributing significantly to
the livelihoods of millions of smallholder farmers (FAO, 2015). Coffee
producers are expected to enjoy robust demand for some time, with
global coffee consumption predicted to exceed production (ICO, 2023).
However, with the Intergovernmental Panel on Climate Change (IPCC)
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predicting global warming of 1.2 °C to 3.0 °C by 2050 (IPCC, 2021),
agricultural commodities, including coffee, may be at significant risk.
Arabica coffee is grown in a specific climatic and biophysical envelope
with average annual temperatures of 18-22 °C (DaMatta and Ramalho,
2006; Sayed et al., 2019; Wintgens, 2012) and annual precipitation of
1400-2000 mm (Adhikari et al., 2020; Ovalle-Rivera et al., 2015;
Steinhart, 2005; Wintgens, 2012), and climate change could force many
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extant production areas outside this range. Indeed, there is strong evi-
dence that coffee-producing regions already face challenges from
climate change (Ahmed et al., 2021; Griiter et al., 2022).

In addition to its relatively narrow climatic and biophysical enve-
lope, arabica coffee has limited genetic diversity (Pham et al., 2019).
Arabica-producing areas are already experiencing increasing tempera-
tures and variability in the amount and distribution of rainfall, which
threaten coffee yield and quality (Kasongi et al., 2024; Mamuye et al.,
2024). In consequence, several studies have examined the possible im-
pacts of climate change on coffee at different spatial and temporal scales
and found that depending on the scenario, as much as 50 % of areas
suitable for coffee production globally might no longer be viable by the
2050s (Bunn et al., 2015; Chemura et al., 2021; Davis et al., 2012; Griiter
et al., 2022; Laderach et al., 2011; Ovalle-Rivera et al., 2015). Other
works indicated that climate change would likely increase the preva-
lence of coffee diseases and insect pests and impact yield and quality
(Craparo et al., 2015; Jaramillo et al., 2011; Laderach et al., 2011).

Like other production zones, Ethiopia’s coffee, grown in forest, semi-
forest, plantation, and agroforestry production systems (Labouisse et al.,
2008), is potentially under threat (Benti et al., 2022; Chemura et al.,
2021; Davis et al., 2012; Moat et al., 2017). Ethiopia is a wild coffee
genetic pool, and coffee supports the livelihoods of 25 % of the country’s
population, generating 5 % of its gross domestic product (GDP) (Olana
Jawo et al., 2023).

There is general agreement across previous studies that most current
coffee-growing regions will lose suitability in the coming decades, while
a few places, mainly at higher elevations or latitudes, might become
more suitable. Clearly identifying potential winners and losers at the
scales that matter for smallholder coffee producers, however, is chal-
lenging. Because of its diverse agroecology, a wide range of altitudes,
varying soil types, and divergent microclimates, different regions in
Ethiopia may have quite different experiences with respect to coffee
production as a result of climate change (Agegnehu et al., 2015).
Generally, climate change is expected to negatively affect coffee pro-
duction in the country and push production into the highlands (Benti
et al., 2022; Chemura et al., 2021; Davis et al., 2012; Moat et al., 2017),
but national- and local-scale predictions sometimes vary. Furthermore,
recent work examining coffee suitability under climate change in other
regions suggests that crop suitability can depend on the style of culti-
vation — particularly whether or not coffee is cultivated in a shade-grown
agroforestry setting (Abigaba et al., 2024; Cassamo et al., 2023), sug-
gesting that using local data on currently suitable production locations
could lead to more accurate predictions.

Even if some highland areas in countries like Ethiopia become newly
suitable for coffee production, the expected shift of coffee to highland
areas potentially conflicts with extant highland forest cover. In Ethiopia,
coffee forest management involves the removal of some proportion of
the overstory canopy trees and clearing competing understory vegeta-
tion (Aerts et al., 2011). This is a problem because, under European
Union Regulation 2023/1115, firms are not allowed to supply goods
derived from lands deforested after December 31, 2020. Given that the
European market is the dominant source of export demand for Ethiopia’s
coffee sector (Keane et al., 2024), even if suitable areas expand, they
may not be economically viable. Although Ethiopia’s coffee production
system plays a relatively minor role in deforestation in comparison with
other forms of agriculture (Hirons et al., 2018), there is no guarantee
that this will remain the case in the future, particularly if substantial
shares of Ethiopia’s future coffee-suitable areas were under forest cover
as of 2020.

Species distribution models (SDMs) predict species suitability based
on environmental conditions by correlating known species occurrence
data with environmental variables. They are useful to assess the po-
tential impacts of climate change on crop distribution, including coffee.
Correlative SDMs relate species’ presence at particular geographic lo-
cations to the environmental characteristics of those locations in order
to predict their distribution in other geographical regions (Srivastava
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etal., 2019; Warren, 2012), are often the preferred choice for small-scale
suitability analysis under climate change, compared to mechanistic
models, which rely on simulating the biological processes that govern
species survival and reproduction and require detailed physiological and
ecophysiological data rarely available for crops like coffee (Dormann
et al.,, 2012). Although coffee suitability depends on specific climatic
and biophysical requirements, few studies evaluate climate change
threats to coffee production at small spatial scales while considering all
its diverse biophysical requirements, such as local microclimate (rain-
fall, temperature, humidity, and radiation), topographic (elevation,
slope angle, and aspect), soil (fertility, acidity/alkalinity) (Abigaba
et al., 2024; Cassamo et al., 2023; Chemura et al., 2021; Scholz et al.,
2018; Worku et al., 2019). While global and national-scale models exist
and are highly informative, they may nonetheless fail to capture small
spatial-scale habitat characteristics and are affected by biased and
incomplete occurrence records, especially in under-surveyed, remote
areas. Additionally, large-scale models are more difficult to apply for
planning local adaptation and conservation strategies (Elith and Leath-
wick, 2009; Meyer et al., 2016; Wiens et al., 2009).

In contrast, local-scale SDM provides detailed insights that capture
variations in local conditions. It allows for more accurate predictions
and better validation through field data, making it highly relevant for
site-specific conservation and adaptive management (Brambilla et al.,
2024; Casas et al., 2022). Assessing local-level climatic threats to coffee
and considering all important variables influencing coffee suitability is
crucial for designing appropriate local-level adaptation and mitigation
strategies (Moat et al., 2017).

Numerous factors influence SDMs’ reliability, including the study
area extent (Amaro et al., 2023), the modeling algorithms employed
(Yackulic et al., 2013), the range of predictor variables used, the rela-
tionship between environmental and topographic factors, and the de-
gree of extrapolation from the original data (Elith and Leathwick, 2009).
Most previous suitability modeling studies have limitations in that they
may not address all ecologically relevant predictors and mostly rely on
only a single machine learning algorithm (Santini et al., 2021).
Addressing those limitations will help advance scientific framing of
potential climate change impacts in the different coffee origins to guide
better adaptation planning.

In this study, we examine the potential impacts of climate change on
Coffea arabica L. in selected districts of Southwestern Ethiopia using an
ensemble modeling approach that combines three machine learning
algorithms (Maxent, SVM, and RF), trained using an ensemble of three
global climate models (GCMs) covering two Shared Socio-economic
Pathways (SSP2-4.5 and SSP5-8.5) over four future periods:
2022-2040 (2030s), 2041-2060 (2050s), 2061-2080 (2070s), and
2080-2100 (2090s). In this study, we investigate 1) the current distri-
bution of coffee production areas and their projected shifts in local
coffee production areas under different emission scenarios and future
time-periods in selected districts of Southwestern Ethiopia, 2) the
important environmental determinants of coffee area suitability in each
site, and 3) the intersection between projected production areas and the
2020 global forest cover map used by the European Union Deforestation
Regulation (EUDR).

2. Methodology
2.1. Study area

Ethiopia has a highly diverse climate, ranging from the equatorial
rainforest with high rainfall and humidity in the south and southwest, to
the afromontane regions in the summits of the Semien Mountains in
north and Bale Mountains in the east, to the desert region in the
northeast. Southwest Ethiopia is primarily a tropical highland sub-
humid zone (M. Yang et al., 2020). It is the birthplace of Coffea
arabica L., which grows indigenously in the wild in the tropical, moist,
evergreen montane forest. In the forested highlands of southwestern
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Ethiopia, Coffea arabica grows wild as a native understory shrub (Samuel
et al., 2019). The present study considers five coffee-growing districts
from southwestern Ethiopia: Gera, Goma, and Limu Seka from the
Jimma zone and Yayu and Ale districts in the Ilubabor zone (Fig. 1). We
selected these locations based on their diverse altitudinal ranges, high
coffee production potential, diversity of coffee production systems, and
dominance of coffee production among smallholders. The selected dis-
tricts have a diverse topography and wide elevation range (1233 to
3028 m above sea level). They experience unimodal rainfall patterns and
have faced increasing temperature trends and mean annual rainfall in
recent decades (Mamuye et al., 2024).

2.2. Data collection and analysis

2.2.1. Coffea arabica presence data

Presence data were collected from field observations using a hand-
held Global Positioning System (GPS) device with an accuracy of +5
m from coffee production locations. Assuming coffee farmers grow
coffee in all suitable agro-ecological areas, we collected occurrence
points across gradients from the lowest to the highest possible altitudes
where coffee is currently grown. In the study area, coffee is cultivated in
four distinct — though in all cases shaded - production systems: forest,
semi-forest, garden, and plantation, each with varying management
intensities. Because, as noted above, production regimes can influence
the potentially suitable range for coffee cultivation, we collected
occurrence points across all production systems to capture the full range
of local growing techniques. A relatively large sample size was gathered
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to encompass the variability in agroecology across the extensive spatial
range of coffee plants in the region (Laderach et al., 2017; Magrach and
Ghazoul, 2015).

2.2.2. Spatial filtering of the presence data

We employed the ‘spThin’ package (Aiello-Lammens et al., 2015) in
R version 4.3.2 (R Core Team, 2023) to randomize the spatial distribu-
tion of the coffee presence data set and limit the presence data to no
more than one data point per pixel at a resolution of ~1 km?
(Kramer-Schadt et al., 2013; Steen et al., 2021). After spatial filtering,
119 points for Gera, 89 for Ale, 65 for Goma, 98 for Yayu, and 113 for
Limu Seka, a total of 484 valid points, were retained for modeling.

2.3. Predictor variables for suitability modeling

We used three primary classes of agro-climatic variables - biocli-
matic, soil, and topographic to estimate Arabica coffee suitability across
five coffee-growing districts selected based on previous literature on
coffee production.

2.3.1. Bioclimatic variables

We used historical climate data for 1970-2000 obtained from
WorldClim version 2.1 (https://www.worldclim.org/data) to model the
areas currently suitable for Arabica production in the study sites. To
evaluate suitability for arabica coffee production in the future, we used
ensembles of three climatic projections from the INM, MRI_ESM2.0, and
MIROCS global circulation models (GCMs), which previous studies have
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Fig. 1. Location map of the study area (a), elevation ranges (in meters above sea level) of the study districts (b).The Map was produced by Melkamu Mamuye using
shapefile data from https://gadm.org/. and DEM from http://e0OsrpOlu.ecs.nasa.gov/srtm/version2/SRTM3/
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indicated provide robust median results for Ethiopian conditions
(Gebisa et al., 2023; Sime and Dibaba, 2023) (Supplementary Table S1).
The GCMs are monthly future climate data from the CMIP6, available in
GeoTiff files with a spatial resolution of 30 arc sec. We selected two
socio-economic pathways (SSPs), SSP2-4.5, regarded as a moderate
carbon emission scenario, and SSP5-8.5, a high-emissions scenario
(O’Neill et al., 2014), to characterize the possible future of coffee pro-
duction in the area over four time periods: 2021-2040, 2041-2060,
2061-2080, and 2081-2100. Previous studies have identified these
selected GCMs as performing well in East Africa (Ayugi et al., 2022;
Ongoma et al., 2018; Gebisa et al., 2023; Rettie et al., 2023; Sime and
Dibaba, 2023), and further bias-corrected for all periods under consid-
eration using the delta downscaling method (Navarro-Racines et al.,
2020).

From these datasets, we used the Coupled Model Intercomparison
Project 6 (CMIP6) bioclimatic variables at a spatial resolution of 1 km.
The 19 global gridded bioclimatic variables described in Supplementary
Table S2 are climate indices analyzed from average monthly tempera-
ture and precipitation values. They represent annual trends (e.g., mean
annual temperature, annual precipitation values, and their variations),
seasonal characteristics (e.g., annual range in temperature and precip-
itation), and extreme or limiting environmental factors (e.g., the tem-
perature of the coldest and warmest month, and precipitation of the wet
and dry quarters) that impact species growth, physiology, survival, and
productivity. These bioclimatic variables have been widely used in
previous SDM studies (Abigaba et al., 2024; Benti et al., 2022; Bunn
et al., 2015; Chemura et al., 2021; Moat et al., 2017). Supplementary
Table S2 provides detailed information for each variable.

2.3.2. Topographical variables

The amount of radiation received by coffee plants varies depending
on the direction that the slope is facing, and slope angle also has an
influence on the accumulation of water and soil depth (Zhou et al.,
2023), so we include elevation, aspect, and slope, similar to Guisan et al.
(2017). Since topographic variables influence microclimates, solar ra-
diation, and soil moisture, thereby affecting the species occurrence and
distribution, incorporating these variables improves the spatial preci-
sion of species distribution models (Kharel et al., 2024; Yang et al.,
2023). We computed these three topographic variables from a digital
elevation model (DEM) derived from the Shuttle Radar Topography
Mission’s (SRTM) 90 m x 90 m elevation product, downloaded from
http://e0srpOlu.ecs.nasa.gov/srtm/version2/SRTM3/ using the terra
package (Hijmans, 2024) in R version 4.3.2 (R Core Team, 2023).

2.3.3. Soil variables

Soil types and their associated physical and chemical properties are
important determinants in influencing coffee production and land suit-
ability (Getachew et al., 2022; Kufa, 2011; Nair, 2014). Soil properties
can also constrain plant distributions and substantially impact their
occurrence (Ni and Vellend, 2022). Our models include four soil vari-
ables considered good indicators of soil quality and productivity
(Maurya et al., 2020): pH, cation exchange capacity (CEC), organic
carbon content (OC), and bulk density (BD) (Supplementary Table 3).
Soil pH affects coffee growth by influencing plant root development,
nutrient availability, and overall plant health (Lackemariam, 2020).
Similarly, CEC impacts nutrient retention and supply to the plant’s roots
(Sanchez-Reinoso et al., 2023). BD influences soil aeration, water infil-
tration, and root development (Tebekew et al., 2024), and SOC in-
fluences soil structure, fertility, and biological activity, thereby
indirectly boosting both nutrient availability and CEC (Sanchez-Reinoso
et al., 2023).

We obtained gridded soil raster data from the International Soil
Reference and Information Centre (ISRIC) Africa soils database (htt
ps://soilgrids.org/) at a 250 m resolution (Hengl et al., 2014), later
resampled to 1 km to align with the spatial resolution of the bioclimatic
variables using the ‘aggregate’ functions of the terra package (Hijmans,
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2024). We used the average resulting value from the 0-100 cm soil
depth for the analysis. Soil data were masked to the extent of the study
areas using the terra and sf packages (Pebesma, 2016) in R version 4.3.2
(R Core Team, 2023).

2.4. Multicollinearity analysis and relative importance of environmental
variables

The Variable Inflation Factor (VIF) step function, available in the sdm
package, was employed to conduct a multicollinearity analysis for each
site by eliminating variables that exhibited a high correlation with a VIF
exceeding 10 (Naimi and Aradjo, 2016). To determine the relative
contribution of the environmental variables to the predictions made by
the model, we employed the usdm-R package (Naimi et al., 2014), which
measures the correlation between the predicted values of a model with
the original predictors and predictions of the model with a randomly
permuted dataset under evaluation. Since each algorithm produces
different variable importance values, we calculated the mean values for
the three models to provide relative information on the predictors’
importance within the model (Chemura et al., 2021). The percentage
contribution of each retained variable was presented for all locations
separately to identify their relative importance in predicting Arabica
coffee suitability.

2.5. Modeling approach

We used an ensemble modeling approach that combines predictions
from multiple models to improve accuracy and reduce uncertainty
(Pourghasemi et al., 2017), a technique frequently applied in previous
research (Chemura et al., 2021; Harris et al., 2024; Kaky et al., 2020).
We used three machine learning algorithms: maximum entropy (Max-
ent; Phillips and Dudik, 2008), random forest (RF; Breiman, 2001), and
support vector machine (SVM; Vapnik, 2000), to build the ensemble
model discussed here. We selected these algorithms due to their
demonstrated high performance in species distribution modeling,
especially under limited presence-only or nonlinear environmental data
conditions (Elith and Leathwick, 2009; Guo et al., 2005; Phillips et al.,
2006). We ran these models in the sdm package in R (Naimi and Aratjo,
2016). We used a weighted multimodel ensemble of predictions,
commonly used in coffee suitability studies (Abigaba et al., 2024;
Chemura et al., 2021), by averaging the predictions made by individual
machine learning algorithms to increase the reliability of predictions
(Tegegne et al., 2020). Ensembling integrates predictions from multiple
algorithms, which reduces individual model biases and improves overall
predictive accuracy and robustness, particularly valuable in climate-
sensitive species like Coffea arabica grown under complex ecological
interactions (Li et al., 2024; Zhao et al., 2022). After running all three
models, we computed the ensemble means using Eq. 1:

311 (AUG; x M _prediction;)
S AUG

Weighted MME = (¢}

AUC; is the AUC value of the jth single machine learning algorithm (M)
and M _prediction; is the single machine learning algorithm prediction.

2.6. Model performance evaluation

To evaluate model performance, we divided the coffee presence data
into training (70 %) and testing (30 %) datasets, using the former for
model calibration and the latter for performance evaluation. To assess
prediction accuracy, we computed the receiver operating characteristic
curve (AUC) (Fielding and Bell, 1997) and the true skill statistic (TSS)
using the ecospat package in R (Di Cola et al., 2017). AUC measures
overall discrimination capacity and varies from O to 1 (Swets, 1988),
while TSS balances the capacity to correctly predict presences and
pseudo-absences that vary from —1 to 1 (Allouche et al., 2006). AUC


http://e0srp01u.ecs.nasa.gov/srtm/version2/SRTM3/
https://soilgrids.org/
https://soilgrids.org/

M. Mamuye et al.

values above 0.75 are generally considered good (Chang and Bourque,
2020; Elith and Graham, 2009). A TSS value of >0.5 is typically
considered an acceptable, and a TSS > 0.7 a strong, predictive perfor-
mance (Allouche et al., 2006).

2.7. Suitability maps

We created binary maps from the continuous suitability raster
generated in the modeling to categorize suitable and non-suitable areas
using the threshold that maximized the sum of specificity and sensitivity
to classify the continuous suitability index raster (Chemura et al., 2016).
Coffee suitability maps were then created for present and future periods,
and the overall change in suitable areas (loss, gain, or stable) was
determined by subtracting the current suitability from predicted future
suitability.

2.8. Analysis of the intersection between the projected production site and
the global forest cover map

Recent efforts to reduce deforestation linked to international trade
have led to a number of voluntary zero-deforestation efforts (Lambin
and Furumo, 2023), and with the passage of the European Union
Deforestation Regulation (EUDR) in 2023, these initiatives became
particularly important for the coffee sector. Because the EU is such a
substantial global coffee buyer, the EUDR, which forbids importing a
range of deforestation-linked products, including coffee, that have been
grown in areas that were identified as forest as of December 31, 2020,
could act as an important constraint on coffee expansion (Regulation
(EU), 2023). While there is no officially recognized global forest cover
map that ensures compliance with the legislation, the EU Forest Ob-
servatory has produced a global 10-m-resolution map of forest cover
intended to support the EUDR (Forest Observatory, 2023). This map has
limitations, as it uses binary classification of forest and non-forest land
based on canopy cover thresholds, which can misclassify shaded agro-
forestry systems as either forest or non-forest (Gallemore et al., 2025).
Given its intended purpose and policy relevance, however, we selected
this map to assess the share of areas potentially suitable for coffee pro-
duction that fell under the forest as of the end of 2020. While pre-
liminary tests of the map suggest it over-identifies coffee production
areas as forests (European Commission, Joint Research Centre, 2024),
such systematic errors could nevertheless also act as impediments to
smallholder expansion by increasing regulatory risks. In other words, we
are less interested in the layer’s accuracy than we are simply in what
areas it designates as forested as of December 31, 2020. To assess the
overlap between estimated present and future new coffee-suitable areas,
we took the binary coffee-suitability rasters discussed above and masked
out currently suitable coffee areas. We multiplied the resulting rasters by
the binary EU forest observatory global map of forest cover for the year
2020, computing the overlap as a percentage of the newly suitable area
using the terra package in R version 4.3.2 (R Core Team, 2023).
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3. Result
3.1. Model performance and variable importance

The accuracies of all the SDM algorithms were generally excellent
across all districts. All models: Maxent, RF, and SVM exhibited the
highest AUC and TSS values. The highest AUC value ranged from 0.86 to
0.98 across all algorithms and sites. According to Phillips and Dudik
(2008), a model with an AUC value of greater than 0.75 is potentially
acceptable; AUC values greater than 0.90 indicate excellent discrimi-
nation, while values between 0.80 and 0.89 reflect very good model
performance (Jiménez-Valverde, 2012). Similarly, the TSS value was
also above 0.84 for all models and sites except Limu Seka (Table 1),
where TSS values greater than 0.64 indicate good predictive accuracy.
The relatively lower score in Limu Seka may reflect the limited number
of species occurrence points used relative to the district’s total area.
Overall, all three models performed well in predicting Arabica coffee
distribution in the study areas.

3.2. Determinants of coffee area suitability across districts

Fig. 2 indicates the relative contribution of climatic variables, soil,
and topographical factors in estimating coffee suitability for each dis-
trict. While climatic factors are the most important predictors of coffee
area suitability in the study areas, the percentage contribution of specific
bioclimatic variables to the predictions differs across districts. In Ale,
precipitation in the driest month (BIO14) and isothermality (BIO3),
followed by soil bulk density (BD), were the top contributors to coffee
suitability, accounting for 52 % of the total prediction contribution. In
Yayu, BIO14, precipitation of the wettest month (BIO13) and precipi-
tation of the coldest quarter (BIO19) were the highest contributors,
accounting for 44.3 %. Temperature seasonality (BIO4) contributes
37.5 % in Gera, followed by precipitation of the warmest quarter (12.8
%) and other variables. Similarly, in Limu Seka, temperature seasonality
(BIO4) and BIO19 contribute 25.14 %, followed by BIO9 and BD. In
Goma, BIO19, BIO4, BD, and BIO15 have almost similar contributions
that account for 45.82 %, in addition to other remaining variables.

Topography-related variables (slope and aspect) were identified as
the least essential variables for coffee suitability in all sites because
coffee distribution is driven more by climatic suitability than by terrain
per se. The soil bulk density (BD) value is relatively high in determining
suitability compared to CEC and SOC in Ale, Goma, and Limu Seka.
Variation was observed for the least contributing variables across dis-
tricts. Overall, climate variables are essential contributors to coffee
suitability and are of varying importance. BD, CEC, pH, SOC, aspect, and
slope affect coffee suitability in all districts with varying degrees of
contribution.

3.3. Areas suitable for coffee production under current climatic conditions

The multi-model ensemble identifies approximately 4590 km? (65.5
%) of the total study sites as suitable for coffee under current climatic
conditions, with the largest area coverage in Limu Seka and Gera dis-
tricts, which is 1155km? and 1072 kmz, respectively (Table 2). Suitable
areas amount to 857 km? in Ale, 887 km?in Goma, and 619 km? in Yayu

Table 1
Model performance of machine learning algorithms used in suitability modeling.
Yayu Limu Seka Gera Goma Ale
Methods AUC TSS AUC TSS AUC TSS AUC TSS AUC TSS
Maxent 0.98 0.95 0.86 0.64 0.97 0.89 0.98 0.92 0.96 0.86
RF 0.98 0.93 0.87 0.68 0.97 0.89 0.98 0.92 0.97 0.87
SVM 0.97 0.9 0.86 0.64 0.96 0.85 0.97 0.9 0.95 0.84

AUC stands for “Area under the ROC curve,” which provides an aggregate measure of performance across all possible classification thresholds; TSS stands for true skill

statistic, which balances the capacity to predict presences and pseudo-absences correctly.
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Fig. 2. The relative importance of predictor variables (RVI%) in determining coffee area suitability for specific districts. The variables importance values based on

the AUC matrix for all the models were combined (averaged) and presented.

Table 2
Total area of the study districts and percentage of current suitable areas for
growing coffee.

Sites Total area considered for Current Percent suitable from
analysis (square km) suitable area the total area (%)
(km?)
Ale 1071 857 80
Gera 1783 1072.0 60.1
Goma 1122 887.0 79.1
Limu 2998 1155.0 38.5
Seka
Yayu 1017 619.0 61

districts. According to the current suitability map, the existing distri-
bution of climatically suitable areas for coffee matches the occurrence
records obtained by the field survey (supplementary Fig. S3).

3.4. Projected changes in coffee arabica suitable area under SSP2-4.5
scenario

Projected suitable areas for Arabica coffee and changes under the
SSP2-4.5 scenario are shown in Figs. 3 and 4. The ensemble model
predicts that the suitable area for coffee production in Ale, currently
857 km?, will increase by 17 % (1006 km?) by the 2030s and in 25 %
(1070 km?) by the 2050s, but only by 20 % (1032 km?) by the 2070s,
and 19 % (1022 km?) by the 2090s. In Gera, the currently suitable area
of 1072 km? is expected to increase significantly by 52 % (to 1627 km?)
in the 2030s and 59 % (1700 km?) in the 2050s, but only by 51 % (1613
km?) and 41 % (1510 km?) by the 2070s and 2090s, respectively.

Goma district’s coffee-suitable area is also expected to expand by 8
%, increasing from 887 km? to 958 km?, particularly by the 2050s, and is
projected to grow by 4.17 % during the 2090s. Limu Seka, which
currently boasts 1155km? of arabica-suitable areas, is projected to
experience the highest positive change, with a growth of 122.2 % (to
2566 km?) by the 2030s, 127 % (2622 km?) by the 2050s, 136.1 %
(2727 km?) by the 2070s, and 124.2 % (2590 km?) by the 2090s. Yayu is
also predicted to gain additional suitable areas in the 2030s, though the

magnitude of the increase is expected to decline in subsequent years,
from 42.81 % (884 km?) in the 2030s to 35.6 % (838 km?) in the 2050s,
25.5 % (777 km?) in the 2070s, and 21.5 % (752 km?) in the 2090s
(Figs. 5 and 6).

3.5. Projected changes in Arabica coffee suitable area under SSP5-8.5
scenario

Figs. 7 and 8 show the current and projected suitable areas under
SSP5-8.5 scenarios. In the 2030s, the area suitable for coffee is projected
to grow by 21 % (from 857 km? to 1036 kmz), 65.1 % (from 1072 km? to
1770 km?), 9 % (from 887 km? to 967 km?), 66 % (from 1155 km? to
1914 km?), and 29 % (from 619 km? to 801 km?) in Ale, Gera, Goma,
Limu Seka, and Yayu, respectively. Coffee growing areas are likely to
increase in the 2050s and 2070s for all locations compared to the current
suitable area, except for Yayu, where they are expected to contract by
the 2070s (—5.5 %). By the 2090s, the highest projected loss of suitable
area is expected in Yayu district (—46.7 %; 330 km?). The highest
average increase is anticipated in Limu Seka, which is expected to
benefit from climate change by gaining 71.0 % more coffee-suitable area
by the end of the century (Figs. 9 and 10).

Overall, under both emission scenarios, suitability for growing Coffee
arabica in the study sites is expected to expand to higher elevations,
allowing most currently suitable areas to continue growing coffee,
except for some lowland locations. More pronounced expansion is pro-
jected under the SSP2-4.5 emission scenario, where coffee will become
more suitable in most study sites. Similarly, under SSP5-8.5, most of the
highland areas are projected to gain additional suitable areas for coffee
production, except Yayu, which is projected to lose suitability in
different parts of the district at the end of the century. The largest in-
crease in suitable area is projected for Limu Seka and Gera under both
scenarios, while the smallest percentage gain is expected in Goma.
Under the SSP2-4.5 emission scenario, projections indicate a more
pronounced expansion, with coffee becoming more suitable in most
study sites.
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Fig. 3. Projected current and future distribution of coffee arabica under SSP2.4-5.
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Fig. 4. Projected changes (gains, losses, and remaining suitable) in the Arabica-coffee suitable areas in the study districts under the SSP245 scenario.
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3.6. Future coffee production areas’ intersection with the EU forests
Observatory global forest map 2020

The percentage of projected suitable areas (Figs. 3 and 7), classified
as a forest on the global forest cover map of the year 2020 (https://fores
t-observatory.ec.europa.eu/forest/gfc2020), designed to support
compliance with the EUDR varies substantially across districts (Fig. 11).
About 90 % of areas that may become newly suitable for coffee pro-
duction over the 21st century in Ale and Yayu were under forest cover as
of 2020, which, under current EU policy, would effectively render those

areas off limits for export to the world’s largest coffee market. The rates
are lower in the other districts, though about 30 % of newly suitable
areas were under forest in 2020 in Gera and Goma, and about a quarter
of new areas in Limu Seka.

4. Discussion

4.1. Determinants of coffee area suitability across districts

Our results indicate that the environmental variables that predict the
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Fig. 7. Potential current and future distribution of coffee arabica under SSP5-8.5.
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able area.

suitability of Arabica coffee areas differ between locations, with rainfall-
related variables being the best predictor in Ale, Goma, and Yayu, fol-
lowed by temperature-related variables, while the order of importance is
the opposite in Gera and Limu Seka. In a national-scale study of
Ethiopia, (Chemura et al., 2021) also found precipitation-related vari-
ables to be the most important predictor of coffee suitability. Bunn et al.
(2015), conversely, identified temperature factors as determinants of
Arabica coffee suitability globally. While their relative importance dif-
fers from site to site, however, the contribution of temperature and
precipitation factors in predicting coffee area suitability in our study

12

area is high and consistent with previous studies (Benti et al., 2022;
Chemura et al., 2021; Moat et al., 2017). The variation in the type and
percentage contribution of the predictor variables in different locations
suggests that local biophysical factors shape the suitability of coffee
areas in individual locations Chemura et al. (2021) or that different
factors are close to limits in different areas. In addition, distinct envi-
ronmental drivers in each site suggest tailored adaptation strategies like
using heat-tolerant coffee varieties and agroforestry practices in areas
like Limu Seka to sustain coffee production as climate impacts evolve.
The contribution of soil and topographical factors in determining coffee
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area suitability also varies in predictive importance across sites, with the
contribution of soil-related parameters (BD, pH, and CEC) in predicting
suitability being substantial in certain districts because those parameters
are pivotal indicators of nutrient availability in the soil (Lara Estrada
et al., 2017). Other studies have highlighted the interplay between soil,
topography, and climate in determining land suitability for crops like
coffee, emphasizing that soil properties such as pH and other fertility
indicators are critical edaphic factors influencing coffee suitability by
buffering against climate-induced stresses (Salas Lopez et al., 2020;
Tebekew et al., 2024; Abigaba et al., 2024). This suggests that coffee
farmers must adopt agronomic practices such as agroforestry and soil
conservation interventions in the coffee production system as a climate
adaptation option (Olana Jawo et al., 2023). The results underscore the
crucial role of local-scale modeling in capturing microclimatic and
topographic variations affecting Arabica coffee suitability, which na-
tional or global-scale studies often overlook. This specificity allows
targeted adaptation strategies for each district’s unique environmental
challenges in areas where coffee is produced within numerous agro-
ecological zones and geographical boundaries (Moat et al., 2017).

4.2. Projected changes in suitable areas

Our modeling projects a geographically heterogeneous but overall
increasing trend in areas suitable for the production of indigenous
Arabica coffee under the influence of global climate change. Suitability
is projected to increase in highland regions of Gera, Lim Seka, Ale, and
Goma, while declining in low and some mid-elevation zones such as
Yayu, reflecting contrasting local climate responses (Figs. 4 & 8).
Overall, under the SSP2-4.5 scenario (medium challenges to mitigation
and adaptation), all locations are projected to experience an overall
increase in suitable areas over future periods. Specifically, the number of
bioclimatically suitable areas in the Ale, Gera, Goma, Limu Seka, and
Yayu districts is expected to rise by 19 %, 41 %, 4 %, 124 %, and 22 %,
respectively, by 2081-2100. Under the worst-case scenarios (SSP5-8-5:
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high challenges for mitigation, low challenges for adaptation), the
highest increases are still expected in Ale (16 %), Gera (52 %), and Limu
Seka (71 %) by the end of the century. The highest decline in suitable
areas in Yayu might be due to the extensive area coverage of lowland
areas currently producing coffee and the highest projected increase in
mean temperature and rainfall under the SSP5.8-5 scenario in Yayu and
Goma districts, which might affect optimal requirements for coffee
(Supplementary Fig. S1).

Due to the upslope shift in coffee area suitability, previously un-
suitable areas for coffee production will become biophysically suitable
for cultivation (Sisay, 2018), though this does not mean that they will be
agroecologically viable. In agreement with our projections, Benti et al.
(2022), in their regional analysis in the Jimma zone of southwest
Ethiopia, estimated an increase in suitable areas under high-emission
scenarios by 2.52 % and 2.25 % in the 2050s and 2070s, respectively.
A recent study by Chemura et al. (2021) in the Nekemte area of western
Ethiopia also projected increases in suitable areas, depending on the
time periods and scenario. Another nationwide study also projected the
emergence of suitable regions at higher altitudes of the southwestern
and northern Ethiopian coffee areas, forecasting a more than 400 %
increase in coffee-suitable areas under a lower emission scenario (Moat
et al., 2017). An increase of up to 44.2 % in the suitable coffee-growing
areas in Ethiopia, with a westward and northwestward shift of suitable
areas, is also reported by Adane (2024). In agreement with these pro-
jected positive changes in general, coffee suitability in Ethiopia is ex-
pected to increase (Bunn et al., 2015; Moat et al., 2017). Ethiopia,
however, is rather unique in this regard: Griiter et al. (2022) present
evidence that few higher elevation regions in East Africa are positioned
to benefit from climatic change.

One of our study sites, Yayu, is expected to lose 46.7 % suitable areas
by the end of the century under the high emission (SSP5-8.5) scenario.
Certainly, many other global and national findings have also shown
declining trends in coffee-suitable areas. Example: Magrach and Gha-
zoul (2015), using the MaxEnt modeling algorithm, and Griiter et al.



M. Mamuye et al.

(2022), using CONSUS, a GIS-based decision support system, in their
global-level study, reported a more than 50 % decrease in the currently
suitable area for Coffee arabica. Using a random forest modeling
approach, Bunn et al. (2015), indicated an overall global loss of suitable
areas for coffee by the 2050s. Ovalle-Rivera et al. (2015) also reported
an average loss of 19 % of suitable area globally by the 2050s. Similarly,
Moat et al. (2017) found that under high emission scenarios and in the
absence of significant interventions, 39-59 % of currently suitable areas
will decline by the end of the century. Davis et al. (2012) also reported a
profound negative impact of climate change on Ethiopian Arabica, with
a 65-100 % reduction in suitable areas by 2080. Benti et al. (2022), in
their regional analysis using the Maxent model, found a decline in total
suitability by 4.75 % (2050s) and 6.09 % (2070s) under low-emission
scenarios.

In general, our results contrast with some earlier global and nation-
wide studies that showed areas suitable for Arabica production in
Ethiopia would diminish; however, the findings agree with most of
microscale projections and more recent regional assessments. Our local-
scale projections suggest that the suitability of arabica coffee will in-
crease while the majority of current production sites also remain suitable.
The variation between our local-scale analysis and nationwide analysis
might be explained by various reasons, including the scales of analysis,
details of the data set, and sample size used for modeling. Consequently,
analyzing climate change impacts at a broader spatial scale may have, in
some previous cases, led to overly pessimistic projections. Studies also
suggest that numerous local factors explain coffee suitability in individual
locations, and the reliability of species distribution modeling is also
affected by the extent of the study area, the type and details of the datasets
used for modeling (Amaro et al., 2023; Barve et al., 2011; Elith and
Leathwick, 2009). Small spatial scale (location-specific) studies indicate
more detailed information about the consequences of climate change on
coffee production than broader area ones. Chemura et al. (2021) also
recommended region-specific assessment to investigate the detailed
consequences of climate impacts on coffee production.

Moreover, in this study, most of our study sites are located at an
elevation range of 1233 to 3028 m a.s.l. (Fig. 1), in which areas above
~2300 m a.s.l. are not currently under coffee production. Similar to other
coffee modeling studies mentioned above, temperature and rainfall var-
iables were the most important factors explaining coffee suitability
(Fig. 4), and increasing trends in historical climate variables characterize
our study sites (Mamuye et al., 2024) and an increase in projected mean
rainfall and temperature trends (Supplementary Figs. S1 and S2), which
might bring the majority of the highland areas to a suitable class for coffee
production. As temperatures increase in higher elevations, coffee-
producing areas might remain stable, and additional new production
sites might emerge (Adane, 2024; Moat et al., 2017). Additionally, a
limited number of previous coffee modeling studies take soil and topo-
graphic requirements into account, which limits coffee suitability in some
of our study sites, which is important in explaining the sites more accu-
rately. The expansion to higher-elevation regions could offer new op-
portunities for sustainable Arabica coffee production in the face of climate
change that may require implementing proactive adaptation strategies,
enhancing institutional support, land-use planning, and enabling access to
extension support and climate information to align with the emerging
requirements from international coffee buyers like the EUDR regulation.

4.3. Projected newly suitable areas classified as forest in the global forest
cover map 2020

The majority of Ethiopian coffee is produced under shade-tree cover,
which provides significant benefits for biodiversity conservation
(Gebremichael et al., 2022; Hylander et al., 2024; Manson et al., 2024)
and carbon sequestration (Berhanu et al., 2023; Tesfay et al., 2022). Our
suitability analysis indicated that projected coffee production sites could
expand towards forested highland areas, which may become a serious
concern in the future, as production in such areas would violate the
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requirements set in the EUDR 2023/1115. Concerningly, between about
25 % and 90 % of projected newly suitable areas, depending on the
district, are identified as under forest cover as of December 2020 by the
European Forest Observatory’s global forest cover 2020 map. With the
EU a dominant player in Ethiopian coffee export markets, it would be
wise not to regard all the future suitable areas as truly open to coffee
production.

Southwestern Ethiopia, in general, and the study districts in partic-
ular, are known for coffee-dominated landscapes associated with forest
cover (Fashing et al., 2022), with various levels of management
gradient, including forest (wild) coffee to intensively managed planta-
tion coffee, which all grow under the tree canopy (Teketay, 1999).
Forests are the foundation of livelihoods for forest-dependent people in
the tropics, including our study sites (FAO and UNDP, 2020), where 90
% of coffee production in Ethiopia is concentrated in the hands of
smallholders who produce coffee under shade (Zhunusova et al., 2022).
On the other hand, global climate change is also influencing climatically
suitable areas for coffee production, pushing suitable areas for coffee to
high-altitude forested areas. These might put smallholders who rely on
coffee production for their livelihood in a bind. Smallholders have low
education levels, limited access to information, and limited financial
resources to cover the costs of complying with this regulation
(Zhunusova et al., 2022). Given these concerns, we suggest the EUDR
may need to more directly consider the implications of shade-grown
Arabica coffee and its impact on the livelihoods of millions of small-
holder farmers who rely on coffee production. Muradian et al. (2024)
also noted that the EUDR has not been designed to address the current
critical drivers of tropical deforestation; it adopts a restrictive notion of
EU-driven deforestation based only on consumption. Furthermore, local
adaptation could involve promoting agroforestry-based coffee systems
that maintain canopy cover in areas projected to be suitable. Negotiation
pathways that include advocating for context-specific EUDR in-
terpretations, recognizing low-impact, shade-grown coffee practices as
compliant, are also important.

5. Conclusions

This study examined the potentially suitable areas for coffee arabica
under future climate conditions and how climate change will affect this
at a local scale under different emission scenarios. We applied an
ensemble of three machine-learning algorithms (SVM, RF, and MAX-
ENT) to examine the current and future suitability of coffee in five
different potential coffee-growing districts of southwestern Ethiopia.
This study aimed to understand and identify determinants of coffee area
suitability and the impact of climate change on coffee area suitability in
the future. We also assessed the extent to which the projected future
production geographies may overlap with the global forest cover map of
2020. All three models demonstrated excellent predictive performance
across all study sites. Using ensemble modeling algorithms combined
with multiple predictor variables enabled us to identify the impact of
climate change on coffee area suitability and to identify potential pro-
duction geographies at a small spatial scale. We found that arabica
coffee is currently suitable in distinct areas of the sites, and climate
change will allow the areas to gain additional suitable areas, keeping the
majority of current production sites suitable in the future, except for
very few locations that will lose suitability. Under the SSP2-4.5 sce-
nario, coffee suitability is projected to expand considerably across all
time periods in four of our study sites. Under the high-emission scenario,
three of our study sites are expected to experience substantial increases
in suitable areas by the end of the century, while the remaining two are
projected to lose 0.5-46.7 % of the currently suitable areas. In all dis-
tricts, at least about a quarter and as much as 90 % of projected newly
suitable areas were forested as of 2020 and potentially out of compliance
with the EUDR.

We drew four important conclusions from the study results. First,
there are differences in factors best predicting coffee area suitability
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across the five districts. Second, all of the study areas are projected to
gain additional suitability in all future periods and emission scenarios,
except Yayu, which will lose a significant amount of suitability during
the 2090s under the high-emission scenario. Projections indicate that
new potential production sites will emerge in the high-altitude areas of
the districts. Third, the magnitude of the impacts of climate change
varies among different scenarios and the periods under consideration,
and the highest negative impact will be under the high-emission sce-
nario at the end of the century. Fourth, the considerable overlap of
projected suitable areas with the global forest cover map (2020) might
challenge coffee producers in the areas to fulfill the export requirements
set by the EUDR. For the areas identified as at risk of losing suitability,
there are opportunities for adaptation strategies to maintain coffee in its
original locations. Further research endeavors should also focus on
modeling the impact of climate change on coffee quality, distribution of
coffee disease and insect pests, land tenure and land availability issues in
the current and projected suitable areas, and their adaptation and
mitigation measures to maintain coffee.

Finally, our findings underscore the crucial role of local-scale
modeling in capturing microclimatic, soil, and topographic variations
affecting Arabica coffee suitability, something national or global-scale
studies often overlook. Establishing and integrating local climate-
agriculture monitoring programs into district-level planning and coor-
dinated policy frameworks across local institutions can support real-
time decision-making. This specificity allows targeted adaptation stra-
tegies for each district’s unique environmental challenges. To prepare
for anticipated losses in suitability, local governments and other actors
should invest in drought-resistant crop varieties and diversified agro-
forestry systems. Additionally, areas projected to gain suitability should
adopt strict reforestation and soil conservation practices to comply with
the EUDR. While our model effectively captures bioclimatic influences,
incorporating socio-economic factors, pest prevalence, and coffee
quality in future analyses would provide a fuller picture of the impact of
climate change. Further research should explore these aspects to
enhance long-term adaptation strategies.
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