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Abstract The tsetse fly Glossina fuscipes is the
primary vector of human African trypanosomiasis
(sleeping sickness) in Sub-Saharan Africa. While its
distribution is confined to Africa, a 1990 report from
Saudi Arabia created a long-standing biogeographical
puzzle. We used MaxEnt species distribution mode-
ling to project habitat suitability across the Afrotropi-
cal Region using 158 spatially filtered G. fuscipes
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occurrence records and bioclimatic variables gener-
ated from TerraClimate data (temperature and precip-
itation) for the reference period 1982-2023. Variables
were selected using variance inflation factor analy-
sis to minimize multicollinearity. Future projections
employed an ensemble of five general circulation
models under SSP1-2.6 and SSP5-8.5 scenarios for
2050 and 2070. The model demonstrated strong per-
formance (training AUC=0.940, test AUC=0.931,
TSS=0.681). Precipitation of the driest period was
the dominant predictor, followed by altitude, annual
precipitation, and mean temperature of the driest
quarter, emphasizing critical dependence on year-
round moisture availability. Currently, G. fuscipes
occupies 3.64 million km? (16.7% of Africa) concen-
trated in East and Central Africa. Climate projections
reveal substantial expansion: 38-62% by 2050 and
47-95% by 2070, with minimal contraction (1.08-
3.48%). Under SSP5-8.5, suitable habitat could nearly
double by 2070, reaching 7.03 million km?. The Ara-
bian Peninsula shows no climatic suitability, lack-
ing the critical dry-season precipitation (20—80 mm)
required by the species. Our findings indicate climate
change will significantly expand G. fuscipes range,
necessitating adaptive, landscape-level vector con-
trol strategies. The model definitively excludes Saudi
Arabia from the species’ potential range, resolving
the three-decade controversy.
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Introduction

Tsetse flies (Glossina spp.) are the main vectors of
trypanosomes, the protozoan parasites that cause
African trypanosomiasis in both humans and live-
stock (Biischer et al., 2017). The disease is known as
sleeping sickness or human African trypanosomiasis
(HAT) in humans and as African animal trypanoso-
miasis (AAT) or nagana in animals (Kennedy, 2013).
The most important tsetse fly vectors of trypanosomi-
asis are Glossina fuscipes, Glossina morsitans, Gloss-
ina palpalis, Glossina pallidipes, and Glossina
tachinoides. Of these, G. fuscipes is considered the
most significant vector for HAT, responsible for an
estimated 90% of all reported cases (Biischer et al.,
2017).

Understanding the current and future distribution
of G. fuscipes is critical for multiple reasons. First, as
the primary vector responsible for the vast majority
of sleeping sickness cases, accurate distribution mod-
eling is essential for public health surveillance, dis-
ease risk assessment, and strategic planning of vector
control programs. Second, climate change is altering
habitats across Africa, potentially expanding or con-
tracting the suitable range for disease vectors, making
predictive modeling crucial for proactive intervention
strategies. Third, a persistent biogeographical contro-
versy requires resolution: a 1990 report claiming the
presence of tsetse flies in Saudi Arabia has created a
three-decade-old puzzle with direct implications for
disease risk assessment in the Arabian Peninsula.

Elsen et al. (1990) reported two tsetse fly species,
Glossina fuscipes fuscipes (Newstead, 1910) and
Glossina morsitans submorsitans (Newstead, 1910),
near Gizan (=Gazan, Jizan or Jazan) region in the
southwestern part of Saudi Arabia. This was the first
and only time these species had been reported out-
side Africa. Elsen et al. (1990) acknowledged this
seemed an odd discovery and attempted to explain
the presence of these flies in Saudi Arabia by not-
ing that the southwestern part of the Arabian Penin-
sula contains comparatively green areas with small
permanent watercourses surrounded by bushes and
shrubs, which are similar to the habitat of southern
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Ethiopia and Sudan where these species are found.
However, Elsen et al. (1990) questioned the mecha-
nism by which these species arrived at this location
and proposed two hypotheses. First, they suggested
that the southwest of the Arabian Peninsula may
represent a remnant biotope of a much larger distri-
bution area from ancient times, given that the Ara-
bian Peninsula and Africa were once geologically
connected millions of years ago, thus potentially
justifying the presence of these Afrotropical spe-
cies (Elsen et al., 1990). Alternatively, Elsen et al.
(1990) proposed that the tsetse fly populations in
Saudi Arabia may have been accidentally imported
with livestock from East Africa, though this hypoth-
esis remains speculative and unsubstantiated.

The study of Elsen et al. (1990) was the only
study that reported tsetse flies from Saudi Arabia,
and many subsequent studies on the fly fauna of
Saudi Arabia using all known collecting techniques
could not report any tsetse flies from this region
(e.g., El-Hawagry et al., 2013, 2015, 2016, 2017,
2018, 2019). In addition, the authors of the present
study have been involved in various projects study-
ing the fly fauna of Saudi Arabia for 15 consecutive
years, starting in 2010. One of their objectives was
to determine the presence of any tsetse fly species
in the region. Despite employing all known collec-
tion techniques, they could not collect or observe
any tsetse flies.

The known distribution of G. fuscipes is centered
in central and eastern Africa. It has been verified
in 12 Afrotropical countries, including Cameroon,
Chad, Central African Republic, South Sudan, Sudan,
Ethiopia, Gabon, Congo, Democratic Republic of the
Congo, Uganda, Kenya, and the United Republic of
Tanzania, though its presence in Rwanda, Burundi,
and Zambia remains ambiguous (FAO, 2022). For
comparison, the savannah species G. morsitans has a
much broader distribution, spanning from Senegal in
the northwest to Ethiopia in the northeast, and from
Angola in the southwest to Mozambique in the south-
east (Cecchi et al., 2024; FAO, 1982).

Given the medical importance of G. fuscipes as
the principal vector of sleeping sickness, the lack of
comprehensive distribution projections under cli-
mate change scenarios, and the unresolved question
of its potential presence in the Arabian Peninsula,
species distribution modeling (SDM) using mod-
ern approaches such as the maximum entropy model
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(MaxEnt) offers a powerful tool to address these
knowledge gaps.

MaxEnt has proven particularly effective for pre-
dicting tsetse fly distributions under various climate
scenarios. Zhou et al. (2021) successfully applied
MaxEnt to assess the possible distribution of G.
morsitans, another medically important tsetse spe-
cies that was also reported in the controversial 1990
Saudi Arabia record alongside G. fuscipes (Elsen
et al., 1990). Their modeling approach is directly rel-
evant to our study because both G. morsitans and G.
fuscipes are among the principal vectors of African
trypanosomiasis, both were implicated in the same
biogeographical anomaly, and both require similar
climatic niche assessments to resolve questions about
their potential occurrence outside Africa. Zhou et al.
(2021) found that the predicted potentially suitable
area for G. morsitans under historical climate condi-
tions includes a large part of Africa near and below
the equator, North and South America, and Oceania,
as well as a few small equatorial areas of southern
Asia (such as the west of India, Thailand, Cambodia,
Myanmar, and Laos). Critically, their model did not
predict suitable habitat in Saudi Arabia or any other
countries in the Arabian Peninsula, suggesting that
similar analytical approaches may help resolve the G.
fuscipes controversy.

Therefore, the present study aims to (1) model the
current potential distribution of G. fuscipes across
the Afrotropical Region based on verified occurrence
records and key environmental variables; (2) project
future distributional shifts under multiple climate
change scenarios (2050 and 2070) to inform proactive
vector management strategies; and (3) definitively
assess the climatic suitability of Saudi Arabia and
the Arabian Peninsula, testing whether the results for
G. fuscipes parallel those found for G. morsitans and
thereby resolving the three-decade-old biogeographi-
cal controversy.

Materials and methods

Study area

This study was carried out in the Afrotropical Region,
adopting the regional boundaries defined by Kirk-

Spriggs and Sinclair (2017). According to this con-
cept, the Afrotropical Region includes the area south

of the northern borders of Mauritania, Mali, Niger,
Chad, and Sudan, as well as Yemen, Oman, and the
UAE. Furthermore, we adopted a broader definition
of the region, as proposed by Sclater (1858), Wallace
(1876), El-Hawagry and Al Dhafer (2019), and El-
Hawagry et al. (2022), which extends the Afrotropical
Region northwards into the Arabian Peninsula, up to
the Tropic of Cancer. This extended concept encom-
passes the southwestern provinces of Saudi Arabia,
including Al-Baha, Asir, Jazan, and Najran. The
study area and the spatial distribution of occurrence
records used in this analysis are shown in Fig. 1. The
study area fully encompasses the known distribution
range of Glossina fuscipes in East and Central Africa
and extends into regions where the species has not
been recorded, enabling both assessment of potential
range expansion under climate change and independ-
ent evaluation of Arabian Peninsula suitability.

Occurrence data and spatial filtering

Occurrence data for G. fuscipes were compiled from
published literature and the Global Biodiversity
Information Facility (GBIF, 2025), including peer-
reviewed articles, technical reports, regional sur-
veys, and biodiversity databases. A complete list of
data sources is provided in S1 File. After removing
records lacking geographic coordinates, duplicates,
and spatially erroneous entries, we retained 238 veri-
fied occurrence records (26 from GBIF, 212 from
literature). All coordinates were verified for spatial
accuracy using Google Maps (Google, 2025).

To objectively assess whether Saudi Arabia falls
within the climatically suitable range for G. fusci-
pes, we excluded the single record reported by Elsen
et al. (1990) from southwestern Saudi Arabia from
the model calibration dataset. This exclusion was
necessary to avoid circular reasoning including this
geographically isolated record would bias the model
to predict suitability in that region, thereby prevent-
ing an independent evaluation of whether the Arabian
Peninsula possesses environmental conditions con-
sistent with the species’ verified ecological require-
ments in Africa.

To reduce spatial autocorrelation and sam-
pling bias, we performed spatial thinning using
the spThin package (Aiello-Lammens et al., 2015)
in R version 4.4.1. This algorithm iteratively
removes spatially clustered occurrence points while
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Fig.1 Study area and occurrence records of Glossina fusci-
pes used in species distribution modeling. The map shows the
Afrotropical Region (study area boundary shown by dashed
line), including the extended definition that encompasses

maximizing the number of retained records that
maintain a minimum inter-point distance. Given the
continental extent of our study area and the need to
minimize spatial autocorrelation, we applied a thin-
ning distance of 10 km. This threshold represents a
conservative compromise between ecological real-
ism—acknowledging that G. fuscipes is a low-dis-
persal insect—and the practical necessity of ensur-
ing spatial independence at a broad geographic
scale. We note that while thinning at this resolution
may omit some fine-gradient environmental vari-
ation, sensitivity tests using finer distances (e.g.,
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southwestern Saudi Arabia. Red dots indicate the 158 spa-
tially filtered records used for model calibration after removing
redundant points within 5-arcminute grid cells. The blue shad-
ing represents the G. fuscipes-verified countries

2 km and 5 km) produced qualitatively similar pro-
jections of habitat suitability and range shifts, sup-
porting the robustness of our continental-scale con-
clusions. The algorithm was run for 100 iterations
with random point selection (set.seed=123 for
reproducibility). This procedure yields a final data-
set of 158 spatially independent occurrence points
(Fig. 1), reducing over-representation of intensively
surveyed locations such as northern Uganda and
western Ethiopia where disease surveillance pro-
grams have concentrated sampling effort.
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Table 1 Percent

Sl Variables Description % contribution Permutation
contrlbut.lons. and importance
permutation importance of
'the;:n\{\zronénental(;/aln?bles Bio 14 Precipitation of driest month 41.7 6.7
int e Max nt. mode ‘S or Alt Altitude in meters 15.7 15.5
Glossina fuscipes based on
ten replicates Bio 12 Annual precipitation 14.2 334

Bio 9 Mean temperature of driest quarter 10 18.3
Bio 19 Precipitation of coldest quarter 8.4 3.8
Bio 4 Temperature seasonality (coefficient of variation) 5 33
Bio 15 Precipitation seasonality (coefficient of variation) 4.9 19

Sampling bias correction

Geographic sampling bias poses a significant chal-
lenge when occurrence records reflect spatial patterns
of survey effort rather than random sampling. For G.
fuscipes, sampling has been concentrated in areas
with active sleeping sickness control programs and
accessible research sites. To address this bias beyond
spatial thinning, we implemented bias-corrected
background point selection using a bias file approach
(Phillips et al., 2009).

The bias file was generated using SDMtoolbox 2.0
(Brown, 2014; Brown et al., 2017) in ArcGIS 10.7.
The “Create Bias File” tool constructs a Gaussian
kernel density surface based on the spatial distribu-
tion of occurrence records, estimating relative sam-
pling effort across the study region. This bias surface
was then used in MaxEnt to weight background point
selection: 10,000 background points were sampled
with probability proportional to the bias surface val-
ues, ensuring that presences are compared against
background conditions from similarly sampled areas.
This approach minimizes the confounding effect of
heterogeneous sampling intensity on environmental
comparisons (Phillips et al., 2009).

Environmental variables

This investigation employed two principal categories
of environmental predictor variables: bioclimatic var-
iables (n=19) and topographic parameters (elevation)
(S2 File). To address temporal alignment between
occurrence records (1982-2023) and environmental
predictors, we obtained monthly climate data from
TerraClimate (Abatzoglou et al., 2018) via Google
Earth Engine (Gorelick et al., 2017). For the period
1982-2023, we downloaded monthly maximum

temperature, monthly minimum temperature, and
monthly total precipitation data as GeolIFF files at
approximately 4 km spatial resolution, pre-clipped
to the Afrotropical Region. Long-term climatologi-
cal means were calculated across this 42-year period
for each month, and the 19 bioclimatic variables (Bio
1-Bio 19) were subsequently derived from these
monthly averages using the terra package in R ver-
sion 4.4.1. This approach ensures that environmental
predictors represent the actual climatic conditions
experienced by G. fuscipes populations during the
observation period (1982-2023), thereby maintaining
pseudo-equilibrium assumptions fundamental to cor-
relative species distribution modeling while captur-
ing post-2000 climate warming. The resulting biocli-
matic layers were resampled to 30 arc-second spatial
resolution (approximately 1 km?) to match the reso-
lution required for MaxEnt modeling and future cli-
mate projections. Elevation data were obtained from
WorldClim database version 2.1 (Fick & Hijmans,
2017; https://worldclim.org/data/worldclim21.html)
at 30 arc-second spatial resolution.

Variable selection was conducted through a rig-
orous, noncircular protocol to minimize multicollin-
earity while maintaining ecological relevance. Unlike
preliminary screening methods that rely on model
output, we performed a formal variance inflation fac-
tor (VIF) analysis on the initial set of 20 variables
prior to model fitting using the usdm package in R.
We employed a stepwise removal procedure with a
strict VIF threshold of 5 (S3 File). This statistically
robust approach identified and excluded highly col-
linear variables that could destabilize model coef-
ficients or inflate variable importance metrics. The
final selection comprised seven variables (Table 1)
that capture the fundamental environmental axes
governing the distribution of the riverine tsetse
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species, G. fuscipes. These include variables rep-
resenting water availability and stability, which are
critical for a species dependent on high humidity
and permanent watercourses: Bio 14 (precipitation
of driest month), Bio 12 (annual precipitation), Bio
19 (precipitation of coldest quarter), and Bio 15 (pre-
cipitation seasonality). Thermal stability was rep-
resented by Bio 4 (temperature seasonality) and Bio
9 (mean temperature of driest quarter), while alti-
tude was retained to account for topographic context.

All environmental layers were standardized to the
study area boundaries and converted to ASCII format
using ArcGIS 10.7 (ESRI, 2018). MaxEnt internally
normalizes variables during training; therefore, no
additional manual standardization was applied (Elith
et al., 2011). Variable importance was evaluated
using two complementary metrics: percent contribu-
tion, representing the relative contribution during
training, and permutation importance, which meas-
ures the decrease in AUC when values are randomly
permuted (Phillips et al., 2006). These metrics meas-
ure different aspects of variable importance and were
considered in tandem when interpreting environmen-
tal drivers (Elith et al., 2011).

Future climate projections

Projected future distribution patterns were mod-
eled using climate data derived from five General
circulation models (GCMs): GFDL-ESM4, IPSL-
CM6A-LR, MPI-ESM1-2-HR, MRI-ESM2-0, and
UKESMI1-0-LL. High-resolution datasets (30 arc-
seconds) for the mid-century (2050; 2040-2060)
and late-century (2070; 2060-2080) periods were
sourced from the WorldClim database (Fick & Hij-
mans, 2017). These projections were based on two
contrasting shared socioeconomic pathways (SSPs):
SSP1-2.6, representing a low-emission scenario, and
SSP5-8.5, representing a high-emission scenario
((O’Neill et al., 2016; Riahi et al., 2017). To account
for structural uncertainty among climate models
and avoid dependence on any single projection, we
adopted a multimodel climate ensemble approach
(Knutti et al., 2010). For each SSP and time period,
the calibrated species distribution model was pro-
jected independently onto the climatic layers of each
GCM, producing five future suitability surfaces. A
final consensus projection was created by computing
the pixel-wise arithmetic mean of these continuous
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suitability scores. The selected GCMs form part of
the core ensemble recommended by the Inter-Sectoral
Impact Model Intercomparison Project (ISIMIP3b)
(Lange et al., 2020), ensuring representation of the
key climate sensitivities within CMIP6 (Eyring et al.,
2016). Complete model specifications are provided in
S4 File.

MaxEnt model implementation and parameterization

Species distribution modeling was performed using
MaxEnt version 3.4.4 (Phillips et al., 2024), selected
for its robust performance with presence-only data
and relatively limited sample sizes (Elith et al., 2006;
Phillips et al., 2006), particularly for climate change
projections (Yan et al., 2020). MaxEnt contrasts spe-
cies presence records with background points to esti-
mate habitat suitability, producing continuous habitat
suitability maps with values from O (unsuitable) to 1
(optimal) (Gebrewahid et al., 2020; Khanum et al.,
2013). Background points (10,000) were sampled
using the bias file described above, with selection
probability proportional to estimated sampling effort.
This bias-corrected background sampling was imple-
mented using the “bias file” option in MaxEnt.

Model validation used bootstrap replication with
ten replicates. In each replicate, 75% of occurrence
records were randomly selected for training and 25%
withheld for testing. To minimize overfitting, we sys-
tematically tuned MaxEnt’s complexity through the
regularization multiplier (RM). The default “auto
features” setting was used, allowing MaxEnt to auto-
matically select appropriate feature types based on
sample size. RM values of 0.5, 1.0, 1.5, and 2.0 were
tested to identify optimal balance between complex-
ity and predictive performance (Morales et al., 2017).
Final model selection was guided by AICc, which
penalizes complexity to prevent overfitting (Warren
& Seifert, 2011). The model with RM=1.0 yielded
the lowest AICc and was adopted for final modeling.

Model performance was evaluated using area
under the receiver operating characteristic curve
(AUC) and true skill statistic (TSS). AUC measures
discrimination ability across all thresholds (val-
ues> 0.7 acceptable, > 0.8 good, and > 0.9 excellent;
Swets, 1988). TSS evaluates classification accuracy
at a specific threshold (values>0.5 indicate good
performance, > 0.6 very good; Allouche et al., 2006).
These independent metrics assess different aspects
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of model quality following best practices (Liu et al.,
2011; Sofaer et al., 2019).

Threshold selection and binary classification

To assess potential shifts in species distributions
under future climate scenarios, continuous suitability
outputs from MaxEnt were transformed into binary
presence—absence maps using threshold-based clas-
sification. We employed the “10th percentile train-
ing presence” threshold, which classifies as suitable
all areas with predicted suitability values at or above
the value corresponding to the lowest 10% of train-
ing presence locations. This threshold was selected
primarily because for disease vector distribution
modeling, underestimating potentially suitable habi-
tat (false negatives) poses a greater public health
risk than overestimation (Barve et al., 2011; Peterson
et al., 2008). The 10th percentile threshold maintains
high sensitivity, thereby prioritizing the identifica-
tion of regions at potential risk. Furthermore, this
approach accommodates known spatial inaccuracies
in georeferenced occurrence records and includes
marginal habitats that may become more suitable
under future climate scenarios (Pearson et al., 2007).
Its use also facilitates comparability with previous
tsetse fly distribution studies (e.g., Zhou et al., 2021).
Binary maps compared current conditions against
future scenarios (SSP1-2.6 and SSP5-8.5 for 2050
and 2070) to quantify four change categories: stable
presence (suitable under both current and future),
expansion (newly suitable), contraction (loss of suit-
ability), and stable absence (unsuitable under both).

Multimodel climate projections and synthesis

A total of 20 future habitat suitability projections
were produced by projecting the calibrated MaxEnt
model onto five GCM climate scenarios, across two
SSP scenarios, for two time periods. Current poten-
tial distributions were estimated by averaging con-
tinuous habitat suitability outputs from ten bootstrap
replicates. For future projections, we calculated mean
continuous suitability values across the five GCM
projections within each SSP—time period combination
(e.g., averaging across all five GCMs for SSP1-2.6 in
2050). This multimodel climate averaging approach
accounts for uncertainty in future climate condi-
tions while maintaining the same ecological model

structure (Aradjo & New, 2007; McSweeney et al.,
2015).

Results

The species distribution model for Glossina fusci-
pes exhibited high predictive performance, achieving
a mean training area under the curve (AUC) value
of 0.940+0.006 (SD), a test AUC of 0.931+0.021,
and a mean true skill statistic (TSS) of 0.681+0.072
(SD) across ten bootstrap replicates. These metrics
substantially exceed the recognized performance
thresholds for reliable models (AUC>0.7 and
TSS >0.5), indicating a strong ability to discriminate
between suitable and unsuitable habitats (Fig. 2 and
S5 File).

Variable importance analysis reveals that precipi-
tation-related factors and topography are the primary
determinants of G. fuscipes distribution (Fig. 3 and
Table 1). According to percent contribution val-
ues, precipitation of the driest period (Bio 14) was
the most significant driver, accounting for 41.7% of
the model’s explanatory power. This was followed
by altitude (15.7%), annual precipitation (Bio 12,
14.2%), and the mean temperature of the driest quar-
ter (Bio 9, 10.0%). Together, these four variables con-
tributed over 81% to the model. Permutation impor-
tance values, which provide a more robust assessment
by measuring the model’s dependence on specific
variables (Phillips et al., 2006), show that annual
precipitation (Bio 12) had the highest impact
at 33.4%. Notably, precipitation seasonality (Bio
15) and mean temperature of the driest quarter (Bio
9) show significantly higher permutation importance
(19.0% and 18.3%, respectively) than their initial per-
cent contributions, suggesting these variables contain
critical predictive information essential for model sta-
bility across different geographic regions (Table 1).
The jackknife test further corroborates these findings,
showing that Bio 15 and Bio 14 provide the highest
regularized training gain when used in isolation, indi-
cating they contain the most useful information for
predicting the species’ distribution (Fig. 3).

The MaxEnt model response curves for G. fusci-
pes reveal distinct climatic preferences that align with
specific, and often limited, environmental conditions
available across the Afrotropical Region (Fig. 4). For
precipitation of driest month (Bio 14), the species
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Fig. 2 Reliability test of
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exhibited optimal habitat suitability at values between
20 and 80 mm, indicating a requirement for consistent
moisture availability even during the driest months—
a pattern characteristic of humid riverine corridors
and perennial water systems. For annual precipitation
(Bio 12), the model showed a clear requirement for
high rainfall, with a sharp increase in suitability above
800mm and peak suitability between 1200 and 2000
mm. This range of precipitation is largely restricted
to Central Africa and parts of the East African high-
lands, underscoring the species’ dependence on these
humid refugia. The altitudinal response (Alt) shows a
distinct unimodal pattern. Suitability remains low in
coastal and low-lying areas (0-500 m) but increases
rapidly to a maximum peak between 1100 and 1300
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Regularized training gain

m. While the species continues to find suitable habi-
tat at higher elevations, the probability of presence
gradually tapers off above 2000 m, confirming a
preference for mid-elevation highland habitats. Mean
temperature of driest quarter (Bio 9) showed optimal
suitability within a relatively narrow range (20-30
°C), reflecting the species’ requirement for thermally
moderate conditions that avoid both extreme heat and
cold stress. Collectively, these response patterns indi-
cate that G. fuscipes is adapted to humid, thermally
stable tropical environments with reliable year-round
moisture availability and consistent precipitation
regimes.

The species distribution modeling reveals that G.
fuscipes currently occupies approximately 3,643,572
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Response of Glossina fuscipes to Bio 14

Response of Glossina fuscipes to Bio 12
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Fig. 4 Response curves of Glossina fuscipes to bioclimatic predictors, showing average values across ten replicate runs

km? of climatically suitable habitat across the Afro-
tropical Region, representing 16.7% of the total con-
tinental area (Fig. 5). The current distribution shows
concentrated areas of high suitability primarily in
the East African region, particularly across Uganda,
Kenya, Western Ethiopia, and parts of Tanzania. Sec-
ondary zones of moderate-to-high suitability extend
through the Central African Republic, Democratic
Republic of Congo, Cameroon, Rwanda, Burundi,
and parts of South Sudan. The western regions of
Africa, including most of West Africa, show predom-
inantly low suitability, while Southern Africa exhib-
its similarly low environmental favorability for the
species.

Climate projections indicate substantial changes in
the potential distribution of G. fuscipes across Africa
under both moderate (SSP1-2.6) and high-emission
(SSP5-8.5) scenarios for 2050 and 2070 (Figs. 6 and
7; S6 File). The modeling results reveal consistent
patterns of range expansion with varying magnitudes

depending on the emission pathway and time horizon
examined.

Under the moderate emission scenario (SSP1-
2.6), the suitable habitat for G. fuscipes is projected
to expand significantly by 2050, reaching 4,777,649
km? and covering 21.95% of Africa. This represents
a net increase of 1,134,077 km? compared to cur-
rent conditions. The expansion is characterized by a
38.09% increase in suitable area, while only 3.48%
of currently suitable habitat is projected to become
unsuitable, indicating a predominantly favorable
shift in climatic conditions for the species. The high
emission scenario (SSP5-8.5) projects even more
substantial habitat expansion by 2050, with suitable
areas increasing to 5,787,942 km?, covering 26.59%
of Africa. This scenario shows a remarkable 62.25%
expansion of suitable habitat area, while habitat
contraction affects only 1.70% of currently suitable
regions. The net gain under this scenario amounts to
approximately 2,144,370 km?.
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Fig. 5 Potential environmental suitability map for Glossina fuscipes in the Afrotropical Region, based on occurrence records, high-

lighting areas environmentally favorable to the species

By 2070, the moderate-emission scenario projects
continued expansion of suitable habitat to 5,155,280
km?, representing 23.68% of Africa. The area expan-
sion reaches 46.97%, while habitat contraction
decreases to 2.74% of current suitable areas, suggest-
ing increasingly favorable conditions for G. fuscipes
establishment across broader geographic ranges. The
high-emission scenario for 2070 presents the most
dramatic changes, with suitable habitat expanding to
7,027,244 km?, covering 32.29% of the African conti-
nent. This scenario projects an unprecedented 95.03%
expansion of suitable areas while experiencing only
1.08% habitat contraction. The projected suitable area
represents nearly double the current distribution, indi-
cating profound shifts in the species’ potential range.

The future distribution maps reveal distinct spa-
tial patterns in habitat suitability changes. Under
both scenarios and time periods, the core areas of
high suitability in East-Central Africa maintain their
optimal conditions while expanding outward. Nota-
ble expansions are projected in West Africa, where
countries such as Nigeria, Cameroon, and coastal
West African nations show increased suitability val-
ues compared to current conditions. The Sahel region
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displays particular sensitivity to climate change, with
moderate emission scenarios showing gradual north-
ward expansion of suitable habitat, while high emis-
sion scenarios project more dramatic shifts.

Southern Africa demonstrates variable responses
between scenarios, with the high-emission pathway
(SSP5-8.5) showing greater expansion into previously
unsuitable areas compared to the moderate scenario.
The Democratic Republic of the Congo shows con-
sistent expansion potential under all scenarios, sug-
gesting this region may become increasingly impor-
tant for G. fuscipes populations.

Discussion

This study projected the current and future potential
distribution of Glossina fuscipes, a primary vector
of human African trypanosomiasis, using climatic
variables and topographic data. Our results indicate
that among the environmental variables examined,
the species’ distribution is strongly associated with
precipitation of the driest period (Bio 14), altitude,
annual precipitation (Bio 12), and mean temperature
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Fig. 6 Predicted future distribution of Glossina fuscipes in
the Afrotropical Region under two climate change scenarios
(SSP1-2.6 and SSP5-8.5) for 2050 (2041-2060) and 2070

of the driest quarter (Bio 9). The current suitable
habitat, estimated at approximately 3.64 million km?,
is concentrated in East and Central Africa. Critically,
our future projections under both low- (SSP1-2.6) and
high-emission (SSP5-8.5) scenarios forecast a sub-
stantial net expansion of suitable habitat by 2050 and
2070, suggesting an escalating risk of trypanosomia-
sis transmission across the African continent.

Our findings align with and, in some respects,
refine the existing body of literature that has explored
the environmental drivers of tsetse fly distribution at
more localized scales (Duguma et al., 2015; Longbot-
tom et al., 2024; Mugenyi et al., 2021; Saarman et al.,
2018). The preference of G. fuscipes for humid, ther-
mally stable environments with consistent, high rain-
fall is a recurrent theme that emerges when compar-
ing our results to previous research conducted across

High : 1

w0

(2061-2080). Maps show the spatial extent and intensity of
environmental suitability based on projected climatic condi-
tions

multiple regions of Africa (Akinseye et al., 2024;
Kargbo et al., 2025; Messina et al., 2012; Moore
et al., 2012; Zhou et al., 2021). Our model’s identi-
fication of precipitation of the driest period (Bio 14)
as the single most important predictor (41.7% contri-
bution) represents a significant refinement of previous
understanding. This variable’s dominance emphasizes
that G. fuscipes survival depends not merely on high
total annual rainfall, but critically on the maintenance
of minimum moisture thresholds during the driest
months. This finding strongly corroborates the well-
documented association of G. fuscipes with peren-
nial riverine and lacustrine habitats that provide reli-
able year-round water availability (Longbottom et al.,
2024; Mugenyi et al., 2021).

The requirement for dry-season precipitation
(20-80 mm) and high annual rainfall (>800 mm,
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/

Fig. 7 Summary of predicted Glossina fuscipes distribution
in the Afrotropical Region under current and future conditions
(2050, 2070) across the SSP1-2.6 and SSP5-8.5 scenarios.
Green areas indicate consistent presence (current and future);

optimally 1200-2000 mm) directly supports the
presence of permanent water bodies and the dense
riparian vegetation that tsetse flies depend on for
survival—key findings from studies showing tsetse
abundance is positively correlated with rainfall and
proximity to rivers (Longbottom et al., 2024; Mug-
enyi et al.,, 2021). The connection between water,
humidity, and vegetation is critical for tsetse fly sur-
vival and reproduction. Saarman et al. (2018) found
that G. f. fuscipes prefers habitats with high humid-
ity, which are typically found near water sources
that sustain dense vegetation growth. Similarly, the
positive correlation between tsetse presence and
Normalized Difference Vegetation Index (NDVI)
reported by multiple studies (Longbottom et al.,
2024; Messina et al., 2012; Mugenyi et al., 2021)
can be seen as a direct consequence of the climatic
conditions our model identified. High and stable
precipitation, particularly during dry periods, serves
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2050s SSP5-8.5

2070s SSP5-8.5

red areas show potential habitat expansion; and yellow repre-
sents possible contraction. This binary map simplifies the con-
tinuous suitability values from Figs. 5 and 6

as a prerequisite for the high NDVI values and net
photosynthesis (PSN) that characterize suitable
tsetse habitats (Saarman et al., 2018).

However, it is important to acknowledge that our
SDM approach identifies climatically suitable areas
based on correlations between species occurrences
and environmental variables, rather than establish-
ing direct causation. Our model represents potential
climatic suitability and does not account for other
critical factors that determine realized distributions,
such as land use change, urbanization, agricultural
expansion, habitat fragmentation, or host availabil-
ity. As demonstrated by De Deken et al. (2005) in
the DRC, agricultural-driven habitat modification
can substantially reduce tsetse populations even
within climatically favorable zones. Therefore, our
bioclimatic predictors should be considered foun-
dational drivers that identify the broad climatic
envelope within which the species could potentially
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persist, rather than definitive predictions of actual
presence.

The high permutation importance of annual pre-
cipitation (Bio 12, 33.4%) despite its lower percent
contribution (14.2%) reveals an important distinc-
tion in how this variable functions within the model.
Permutation importance measures how much model
accuracy decreases when a variable’s values are ran-
domly shuffled, thus reflecting the variable’s unique
contribution to predictive power that cannot be com-
pensated for by other variables (Phillips et al., 2006).
The substantial difference between Bio 12’s per-
mutation importance and percent contribution sug-
gests it captures precipitation information at differ-
ent temporal scales or geographic contexts than Bio
14, providing complementary rather than redundant
climatic information. This dual importance of both
total annual precipitation and dry-season precipita-
tion underscores the species’ requirement for both
high overall moisture availability and temporal con-
sistency—characteristics that define stable riverine
ecosystems.

The significance of mean temperature of the dri-
est quarter (Bio 9) in our model (10% contribution,
18.3% permutation importance) highlights a previ-
ously underappreciated aspect of G. fuscipes thermal
ecology. While previous studies have emphasized
general temperature requirements (Akinseye et al.,
2024; Kargbo et al., 2025; Moore et al., 2012), our
results reveal that thermal conditions specifically dur-
ing the driest period are critical. The narrow optimal
range (20-30 °C) during dry months suggests that the
species is vulnerable to thermal extremes precisely
when water-dependent microhabitat buffering is most
stressed. This finding resonates with studies on the
related morsitans group, where thermal stability was
found to be a primary predictor of distribution (Muy-
obela et al., 2023; Zhou et al., 2021) and explains why
tsetse flies are often confined to buffered microcli-
mates within forests and dense woodlands (Duguma
et al., 2015; Mugenyi et al., 2021).

The altitudinal response of G. fuscipes in our
model reveals a distinct unimodal pattern with peak
suitability at mid-elevations (1100-1300 m), con-
trasting with some regional studies that documented
straightforward inverse relationships between tsetse
abundance and altitude (Duguma et al., 2015; Long-
bottom et al., 2024; Mugenyi et al., 2021). This mid-
elevation optimum, derived from continental-scale

occurrence data using climate variables, likely
reflects zones where orographic precipitation cre-
ates reliable moisture availability while temperatures
remain within tolerable ranges. Highland areas at
these elevations may provide an optimal balance of
key climatic factors: they are cool enough to avoid
thermal stress but receive high and consistent rainfall,
creating ideal conditions that may be less common in
hotter, more seasonal lowlands or in excessively cold
high-elevation zones. The simpler inverse relation-
ships observed in some regional studies may repre-
sent localized gradients within specific geographic
contexts, whereas our continental model captures the
full complexity of altitudinal responses across diverse
African mountain systems.

The species distribution model developed in
this study predicts that G. fuscipes currently finds
approximately 3.64 million km? of climatically suit-
able habitat across the Afrotropical Region. This esti-
mated range provides a species-specific refinement
to broader estimates for the entire Glossina genus,
which have been placed at around 8.7 million km?
(Bakhoum et al., 2021). The geographic pattern of
this suitable habitat, with its pronounced concentra-
tion in East and Central Africa, is strongly corrobo-
rated by numerous regional and local studies.

The model’s identification of Uganda as a primary
stronghold for G. fuscipes aligns precisely with exten-
sive field research. Studies in northern Uganda have
consistently identified large, well-connected areas of
suitable habitat and high tsetse abundance, particu-
larly in riverine landscapes (Longbottom et al., 2024;
Saarman et al., 2018). Our model’s prediction of high
suitability across the country is further validated by
the work of Mugenyi et al. (2021), who documented
high tsetse populations along the shores of Lakes
Victoria, Kyoga, and Albert, and within major game
reserves. Similarly, the predicted suitability in west-
ern Ethiopia is consistent with entomological surveys
by Duguma et al. (2015), who confirmed the presence
of G. f. fuscipes in that region. The model also sup-
ports an extension of suitable habitat into the Demo-
cratic Republic of the Congo (DRC). However, local
studies indicate that even within climatically favora-
ble areas, factors such as agricultural-driven habitat
fragmentation can result in reduced population densi-
ties, particularly near the edges of a subspecies’ range
(De Deken et al., 2005). De Deken and colleagues
further observed that suitable habitats were primarily
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confined to narrow buffer zones along river systems,
which may account for the patchy distribution pattern
predicted by our model in this region.

The projections from our species distribution
model indicate that the climatically suitable habitat
for G. fuscipes is poised for substantial expansion
across the Afrotropical Region by 2050 and 2070,
under both low-emission and high-emission sce-
narios. This finding of a net gain in suitable range—
potentially nearly doubling by 2070 under SSP5-8.5
(95% expansion)—has profound implications for the
future landscape of human and animal African trypa-
nosomiasis. Our results suggest that rather than con-
tracting, the bioclimatic niche for this key vector will
become more widely available, pushing its potential
distribution into new territories.

This projected expansion for G. fuscipes, a mem-
ber of the riverine palpalis group, presents a com-
pelling contrast to the future outlook for many
savannah-dwelling species of the morsitans group.
For instance, studies on G. morsitans, G. pallidipes,
and G. swynnertoni in Tanzania and Zimbabwe have
predicted overall habitat shrinkage in traditional
low-elevation strongholds due to rising temperatures
exceeding thermal tolerance limits (Lord et al., 2018;
Nnko et al., 2021). Similarly, a continental model for
G. morsitans projected an overall decline in suitable
habitat under future climate scenarios (Zhou et al.,
2021). Our results, however, align with the hypoth-
esis put forth by Courtin et al. (2008), who suggested
that resilient riverine species like G. fuscipes are bet-
ter adapted to persist and are expected to continue
playing a significant role in transmission, whereas
savannah species may face decline. The ability of G.
fuscipes to thrive in buffered, humid riverine micro-
climates—particularly its dependence on dry-season
moisture availability rather than thermal extremes—
may confer greater resilience to broad-scale temper-
ature increases compared to its savannah-dwelling
relatives.

The remarkably low contraction rates projected
across all scenarios (1.08-3.48%) combined with
high expansion rates (38-95%) suggest that cli-
mate change will create net-positive conditions for
G. fuscipes across most of its current range while
simultaneously opening new suitable areas. This
asymmetric response likely reflects that future cli-
mate scenarios project both warming and altered
precipitation patterns that, on balance, favor the
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species’ moisture-dependent ecology. Increased
temperatures at higher elevations may render previ-
ously thermally marginal highland areas suitable,
while enhanced precipitation in currently semi-arid
regions may create new riverine refugia.

The spatial pattern of the projected expansion
in our model is also a critical finding and is con-
sistent with trends observed in other studies, even
for different species. A key feature of our pro-
jections is the expansion of suitable habitat into
higher-elevation areas that are currently marginal
or unsuitable. This phenomenon has been explic-
itly predicted for tsetse in the Kenyan Highlands
(Messina et al., 2012) and the high-elevation areas
of Zimbabwe (Longbottom et al., 2020; Lord et al.,
2018), which were previously considered too cold
to support tsetse populations. The consistent pre-
diction of upward altitudinal shifts across differ-
ent models and regions suggests this is a robust
and widespread response of tsetse flies to climate
warming. Furthermore, our model’s projection of
newly suitable areas emerging in West Africa and
expanding northward toward the Sahel points to a
potential reversal of the historical southward range
contraction reported by Courtin et al. (2008), which
was linked to past decreases in rainfall. Future cli-
mate change, particularly increases in temperature
and altered precipitation patterns, may render these
regions newly hospitable.

The projected habitat expansion of G. fuscipes
has significant implications for vector control strate-
gies and disease transmission risk. Saarman et al.
(2018) identified approximately 20,000 km? more
suitable habitat than previously recognized at the
eastern margin of G. f. fuscipes range in northern
Uganda, emphasizing that previously “unsuitable”
areas might enable tsetse persistence and reinvasion.
Our continental-scale projections suggest this pattern
may be replicated across much broader geographic
ranges, potentially requiring substantial modifications
to current control strategies. The identification of
24 isolated patches in northern Uganda by Saarman
et al. (2018) provided targets for localized eradication
efforts. However, our projections of substantial habi-
tat expansion—particularly the 95% expansion under
SSP5-8.5 by 2070—suggest that the number and con-
nectivity of such patches may increase dramatically
under future climate scenarios, potentially making
isolation-based control strategies less effective and
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requiring more comprehensive, landscape-level man-
agement approaches.

The species distribution model presented in this
study provides compelling evidence against the pres-
ence of climatically suitable habitats for G. fuscipes in
the Arabian Peninsula. As illustrated in the generated
distribution map, the entire territory of Saudi Ara-
bia, including the southwestern Gizan region where
the flies were reportedly found (Elsen et al., 1990), is
characterized by a habitat suitability index approach-
ing zero. This starkly contrasts with the high suit-
ability predicted for the species’ known core ranges
in East and Central Africa. This result strongly sug-
gests that the environmental and climatic conditions
in Saudi Arabia are fundamentally unsuitable for the
long-term survival and establishment of G. fuscipes
populations, particularly given the species’ critical
requirement for dry-season precipitation (20-80 mm
minimum) that is virtually absent in the Arabian Pen-
insula’s arid climate.

This finding aligns perfectly with the extensive,
albeit negative, field evidence gathered over the past
three decades. Despite numerous and prolonged ento-
mological surveys, including 15 years of dedicated
fieldwork by the authors of this study and multiple
published faunistic inventories (e.g., El-Hawagry
et al., 2013, 2019), no tsetse flies have been collected
or observed since the initial 1990 report. Further-
more, our results for G. fuscipes are consistent with
the MaxEnt modeling for G. morsitans conducted
by Zhou et al. (2021), which also predicted no suit-
able habitat in the Arabian Peninsula. While the
precise circumstances of the 1990 collection remain
unknown—whether it resulted from a transient,
nonviable introduction or a potential misidentifica-
tion—the overwhelming body of evidence indicates
that Saudi Arabia is not, and has not been in recent
history, part of the natural distribution range of G.
fuscipes. This resolves the decades-old question and
reaffirms the status of tsetse fly—transmitted trypano-
somiasis as a uniquely Sub-Saharan African health
issue.

While our model demonstrated strong predictive
metrics, with a mean training AUC of 0.940, test
AUC of 0.931, and TSS of 0.681, the results must be
interpreted within the context of several methodo-
logical and ecological constraints. First, although we
addressed the temporal mismatch concern by using
bioclimatic variables calculated from TerraClimate

data (1982-2023), the variable selection process was
primarily data-driven rather than defined by a priori
ecological hypotheses. However, despite this statisti-
cal limitation, the final subset of retained variables—
particularly precipitation of the driest period (Bio
14), annual precipitation (Bio 12), and mean tempera-
ture of the driest quarter (Bio 9)—aligns remarkably
closely with the known physiological constraints of
G. fuscipes. As a riverine species, G. fuscipes relies
heavily on stable hydrological regimes and buffered
microclimates captured by these variables. The domi-
nance of dry-season moisture (Bio 14) as the primary
predictor strongly validates this data-driven approach,
as it identifies the most biologically critical limiting
factor. Thus, while the selection method was statisti-
cal, the resulting model remains ecologically inter-
pretable and consistent with the species’ requirement
for humid, thermally stable environments with year-
round water availability.

Second, methodological choices regarding evalu-
ation and thresholding warrant caution. Although
AUC scores were high, the TSS exhibited greater
variability across bootstrap replicates (SD=0.072).
This instability suggests that classification accuracy is
sensitive to the random partitioning of our spatially
thinned dataset and that high AUC values may partly
reflect the broad discrimination between the species-
specific niche and the vast Afrotropical background.
In addition, our use of the 10th percentile training
presence threshold—selected to prioritize sensitiv-
ity for public health surveillance—may inadvertently
amplify sampling bias if low-suitability records are
clustered in peripheral regions (Freeman & Moisen,
2008; Liu et al., 2005). Consequently, our binary
maps should be viewed as visualizations of potential
risk rather than definitive presence-absence predic-
tions; for operational planning, continuous suitabil-
ity surfaces offer more nuanced guidance (Guillera-
Arroita et al., 2015).

Third, there is an inherent scale mismatch between
our continental analysis and the microhabitats occu-
pied by G. fuscipes. By relying on coarse-resolution
climatic predictors (~1 kmz), our model identifies
the broad “bioclimatic envelope” but necessarily
excludes fine-scale drivers such as proximity to water
bodies, vegetation structure, host availability, and
human population density, all of which influence
local distribution (Mugenyi et al., 2021; Saarman
et al., 2018). Furthermore, as a correlative model, this
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analysis does not account for anthropogenic factors
such as agricultural expansion or urbanization, which
can suppress tsetse populations even within climati-
cally suitable zones (De Deken et al., 2005). Finally,
our future projections rely on the assumption of niche
conservatism, presupposing that the species’ environ-
mental tolerances will remain stable over time. This
does not account for potential evolutionary adaptation
or physiological plasticity. Despite these limitations,
we believe this model provides a robust, first-order
approximation of the climate-driven distributional
potential of G. fuscipes. Future research should aim
to integrate these broad-scale environmental prefer-
ences with mechanistic physiological models and
local-scale land-use data to develop hierarchically
structured predictive frameworks for adaptive vector
control.

Conclusions

This study successfully modeled the current and
future potential distribution of the principal sleeping
sickness vector, Glossina fuscipes, providing criti-
cal insights for public health and vector control. Our
results reveal that the species’ distribution is funda-
mentally governed by year-round water availability,
particularly dry-season precipitation, and thermal
stability, with its current suitable habitat of approxi-
mately 3.64 million km? centered in East and Central
Africa. The most significant finding is the projected
substantial net expansion of the vector’s suitable
habitat under future climate change, with poten-
tial range increases of 38-95% depending on emis-
sion scenarios, nearly doubling by 2070 under high-
emission pathways. This expansion into previously
unsuitable highland and northern regions portends
a serious escalation of trypanosomiasis risk, poten-
tially exposing naive human and animal populations.
These findings challenge control strategies based on
geographic isolation and underscore the urgent need
for proactive, adaptive, and landscape-level manage-
ment to mitigate future transmission. Furthermore,
this research demonstrates that the Arabian Peninsula,
including Saudi Arabia, lacks suitable climatic condi-
tions for G. fuscipes establishment. This finding, sup-
ported by three decades of negative field surveys and
the species’ critical requirement for dry-season mois-
ture absent in Arabian climates, conclusively resolves
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the controversy surrounding the 1990 report and reaf-
firms that tsetse-transmitted trypanosomiasis remains
a uniquely Sub-Saharan African health challenge.
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