& frontiers | Frontiers in

@ Check for updates

OPEN ACCESS

Oyetola Oyebaniji,
Chinese Academy of Sciences (CAS), China

Bashir Bolaji Tiamiyu,

University of llorin, Nigeria

Utku Perktas,

American Museum of Natural History,
United States

Ali Yusuf Hassan,

SIMAD University, Somalia

Abdisalam Hassan Muse
Abdisalam.hassan@amoud.edu.so

20 February 2025
04 June 2025
13 August 2025

Muse AH and Abd Elwahab ME (2025)
Modeling the impact of climate
change on corvus species distribution
in Somaliland: Bayesian spatial point
process approach for conservation.
Front. Ecol. Evol. 13:1573807.

doi: 10.3389/fevo.2025.1573807

© 2025 Muse and Abd Elwahab. This is an
open-access article distributed under the terms
of the Creative Commons Attribution License
(CC BY). The use, distribution or reproduction
in other forums is permitted, provided the
original author(s) and the copyright owner(s)
are credited and that the original publication
in this journal is cited, in accordance with
accepted academic practice. No use,
distribution or reproduction is permitted
which does not comply with these terms.

Frontiers in Ecology and Evolution

Original Research
13 August 2025
10.3389/fevo.2025.1573807

Modeling the impact of climate
change on corvus species
distribution in Somaliland:
Bayesian spatial point process
approach for conservation

1%

Abdisalam Hassan Muse and
Maysaa Elmahi Abd Elwahab ®?2

‘Research and Innovation Centre, Amoud University, Borama, Somalia, 2Department of Mathematical
Sciences, College of Science, Princess Nourah bint Abdulrahman University, Riyadh, Saudi Arabia

Introduction: This study aimed to predict the spatial distribution of Corvus edithae
(Somali crow) in Somaliland and explore its relationship with climatic covariates.

Methods: We applied a log-Gaussian Cox process model, utilizing the R-INLA
package. The model integrated spatial climatic covariates (mean annual
temperature, precipitation, temperature extremes, solar radiation, wind speed)
alongside structured and unstructured random effects to address spatial
autocorrelation and unexplained variability.

Results: Posterior mean estimates for climatic covariates showed wide 95%
credible intervals encompassing zero, indicating substantial uncertainty
regarding their specific effects. Conversely, the model revealed highly
influential and statistically significant spatially structured (autocorrelation) and
unstructured random effects. Model predictions indicated generally low
occurrence intensities, with coastal areas exhibiting the highest expected
densities, suggesting their importance as potential core habitats. Convergence
diagnostics indicated model reliability.

Discussion: The findings underscore that unmeasured spatial factors and
environmental heterogeneity are dominant drivers of Corvus edithae
distribution, outweighing the influence of the broad-scale climate variables
tested. This study provides a robust Bayesian spatial point process framework
for conservation ecology, particularly where spatial patterns are prominent and
data may be uncertain.

Somali crow, spatial point process model, species distribution, climate change,
Somaliland, spatial analysis
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Highlights

* Advanced Spatial Modeling Applied: Successfully
implemented a Bayesian log-Gaussian Cox process model
(via R-INLA) to analyze the spatial distribution of the
Somali Crow (Corvus edithae) in Somaliland.

» Spatial Structure Dominates: Revealed that unmeasured
spatial factors, including significant spatial autocorrelation
and local heterogeneity (captured by random effects), are
dominant drivers of the crow’s distribution, outweighing the
clear influence of the broad-scale climate variables tested.

* Climate Influence Uncertain: While exploring associations with
key climate variables (temperature, precipitation, solar
radiation, wind), the model indicated considerable
uncertainty regarding their specific effects at the scale analyzed.

* Coastal Habitats Identified: Predicted occurrence intensity
maps identified coastal regions as areas with the highest
expected densities, suggesting their potential importance as
core habitats for the Somali Crow.

* Guides Future Research: Underscores the critical need for
future studies to incorporate finer-scale environmental
data, investigate specific habitat features, and consider
other potential drivers beyond regional climate to fully
understand the species’ distribution patterns.

1 Introduction

Spatial point process models are increasingly recognized as
essential tools for understanding complex ecological distribution
patterns and informing effective conservation strategies (Moraga,
2019, 2021, 2023; Moraga and Montes, 2011). These models extend
beyond simple presence-absence data, enabling researchers to
analyze the spatial intensity of ecological phenomena, identify
patterns in observed locations, and estimate correlations between
locations and spatial covariates (Diggle, 2013; Moraga, 2021). This is
particularly crucial in the context of rapidly changing environments,
where understanding the drivers of species distribution is paramount
for effective conservation planning and management (Elith et al.,
20065 Guisan and Thuiller, 2005). In this context, the log-Gaussian
Cox process model emerges as a robust approach for modeling
environmentally driven phenomena, offering flexibility through its
capacity to incorporate spatial explanatory variables and random
effects to account for spatial autocorrelation and unexplained
variability (Brix and Diggle, 2001; Dovers et al., 2024; Li et al.,
2012; Teng et al., 2017). This is particularly relevant for elucidating
the complex distribution patterns of generalist species, such as those
within the Corvus genus, which frequently exhibit wide ranges and
intricate interactions with their environment (Moraga, 2021;
Ovaskainen et al., 2016).

Species distribution models (SDMs), of which spatial point
process models are a subset, constitute fundamental tools in
ecology for predicting and understanding spatial patterns, assessing
the influence of climatic and environmental factors on species
occurrence, and identifying rare and endangered species (Elith
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et al.,, 2006; Guisan and Thuiller, 2005; Hosseini et al., 2024; Keith
et al, 2008). These models are essential for developing effective
strategies to protect species and their environments. However,
SDMs face numerous technical challenges, including data retrieval
at an appropriate scale, correct data processing, and the selection of
appropriate statistical techniques (Franklin, 2023; Moraga, 2021;
Woodin et al., 2013). Issues such as spatial sampling biases, spatial
autocorrelation, and algorithmic complexity and uncertainties must
be addressed to obtain reliable predictions (Crase et al., 2012; Miller,
2010, 2012). The log-Gaussian Cox process model, as a type of spatial
point process model, offers a particularly valuable framework for
addressing these challenges, as it explicitly accounts for spatial
autocorrelation and allows for the inclusion of environmental
covariates (Diggle, 2013). This is particularly relevant for modeling
the distributions of Corvus species, which often exhibit complex
spatial dynamics and responses to environmental gradients (Jokimaki
et al,, 2022; Ndimuligo et al., 2022).

Methodologically, this study employs a log-Gaussian Cox
process model, a type of spatial point process model, which is
fitted using the R-INLA package (Bivand et al., 2015; Li et al.,, 2012;
Moraga, 2019; Van Niekerk et al., 2021). This Bayesian modeling
approach allows for the incorporation of both fixed effects,
representing the influence of environmental covariates, and
random effects, capturing spatial autocorrelation and unexplained
variability. The R-INLA package, renowned for its efficient
implementation of integrated nested Laplace approximations, is
particularly well-suited for complex spatial models (Rue et al,
2009). The model’s mathematical formulation builds upon the
basic Poisson process, wherein the number of events in a given
region is Poisson-distributed. The log-intensity of this Poisson
process is subsequently modeled as a function of environmental
covariates and random effects, facilitating a flexible and nuanced
representation of species distribution patterns. The posterior
distribution of the model parameters, including the intercept and
coefficients of the covariates, are estimated using Bayesian
inference. The prior distributions for the fixed effects are typically
assumed to be Gaussian with a mean of 0 and a large variance,
expressing a lack of prior knowledge. The prior for the structured
spatial random effect is a conditional autoregressive (CAR) model,
which posits that the value at a location is dependent on the values
at neighboring locations (Moraga, 2021). The prior for the
unstructured random effect is typically a Gaussian distribution
with a mean of 0 and a variance that is estimated from the data.

This study focuses on the Corvus genus, a group of highly adaptable
and widely distributed birds that includes crows and ravens. Corvus
species are known for their ecological flexibility, occupying diverse
habitats from urban environments to remote wilderness areas
(Jokimiki et al, 2022; Ndimuligo et al, 2022). This adaptability,
coupled with their complex social behaviors and cognitive abilities,
makes them an excellent model group for studying the impacts of
environmental change on species distribution (Sol, 2009; Lefebvre et al,,
2004). This study specifically examines the Somali crow (Corvus
edithae), a species endemic to the Horn of Africa, which is
approximately the size of the carrion crow, Corvus corone, but
possesses a longer bill and a somewhat more brownish cast to the
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feathers. The Somali crow is found primarily in Somalia, Djibouti, the
Ogaden, and the Northern Frontier District of Kenya, and is
distinguished from the larger brown-necked raven (Corvus ruficollis)
by its call, appearance, and behavior (Stevenson and Fanshawe, 2004).
The study area encompasses Somaliland, a region in the Horn of
Africa, characterized by arid to semi-arid conditions and a high degree
of environmental variability. This region is particularly susceptible to
climate change impacts, making it a crucial area for understanding how
species may respond to changing environmental conditions. The
occurrence data for Corvus edithae were obtained from the Global
Biodiversity Information Facility (GBIF) using the spocc R package
(Chamberlain et al., 2018), and spatial climate variables were acquired
using the geodata R package (Hijmans, 2024). These publicly available
datasets enable a transparent and reproducible approach to modeling
species distributions. The inclusion of additional climatic covariates,
such as minimum temperature, maximum temperature, and humidity,
alongside mean annual temperature and precipitation, allows for a
more comprehensive assessment of the environmental factors
influencing Corvus edithae distribution.

Despite the expanding corpus of research on the impacts of
climate change on species distribution, several knowledge gaps
persist (Austin and Van Niel, 2011; Hosseini et al., 2024; Lezama-
Ochoa et al., 2024; Pipoly et al., 2022; Van de ven et al., 2020; Van der
Putten et al,, 2010). Firstly, there is a necessity for additional studies
that concentrate on the impacts of climate change in specific regions,
particularly in developing countries such as Somaliland, where avian
research remains in its nascent stages. Secondly, there is a requirement
for further studies that explicitly account for spatial autocorrelation
and other spatial dependencies in species distribution data. Thirdly,
there is a need for additional studies that explore the utilization of
spatial point process models, which offer a more nuanced and flexible
approach to modeling species distributions compared to traditional
SDMs. Lastly, there is a necessity for studies that provide practical
guidance for researchers interested in applying these techniques to
their own data. The extant studies on Corvus species have focused on
other species and other regions, and there is a paucity of research that
focuses on the Somali crow.

This study addresses these research gaps by demonstrating the
application of a log-Gaussian Cox process model to analyze the
distribution of the Somali crow (Corvus edithae) in Somaliland,
explicitly accounting for spatial autocorrelation and incorporating
multiple climatic covariates. This research question is significant as
it contributes to a more comprehensive understanding of how
climate change may affect the distribution of a unique and
endemic avian species in a region that is particularly vulnerable
to climate change impacts. The investigation also provides a
methodological framework for researchers interested in applying
spatial point process models to analyze species distribution data,
and emphasizes the importance of considering both climatic and
non-climatic factors when assessing species vulnerability to climate
change. This approach directly addresses the need for more robust
and nuanced methodologies for modeling species distributions in
the context of climate change.
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The objective of this paper is to provide a methodological
framework for analyzing species occurrence data utilizing spatial
point process models with advanced statistical techniques in R. For
this purpose, we have assumed that the data collection methods are
without error and that the analyzed spatial pattern represents the
true process generating the locations. In empirical research, it is
imperative to comprehend the sampling mechanism employed and
evaluate potential data biases, such as overrepresentation of certain
areas, which may influence the conclusions. In subsequent studies,
it is crucial to employ well-defined sampling schemes and develop
models that can account for data biases to draw meaningful
inferences. Moreover, expert knowledge is essential for developing
appropriate models by incorporating significant predictive
covariates and random effects that account for various types of
variability. This research aligns with the United Nations Sustainable
Development Goals (SDGs), particularly SDG 13 (Climate Action)
by addressing the impact of climate change on species distribution
and SDG 15 (Life on Land) by contributing towards conservation
efforts through the identification of areas that may be prioritized in
Somaliland. Furthermore, this study contributes to SDG 14 (Life
Below Water) through the examination of Corvus edithae, which are
dependent on aquatic ecosystems. By providing a robust and
reproducible methodology, this study enables researchers and
conservation practitioners to better understand and manage the
impacts of climate change on biodiversity.

2 Methodology

This investigation employed a quantitative approach utilizing
spatial point process modeling to predict the distribution of Corvus
edithae in Somaliland under current and future climate conditions.
The methodology encompassed several key steps, including data
acquisition, data preparation, model formulation, model fitting, and
model evaluation.

2.1 Study area

This study was carried out in Somaliland, a self-declared
independent state in northwestern Somalia. It is bordered by
Ethiopia, Djibouti, and the Gulf of Aden. The region’s coastal and
interior landscapes function as critical ecosystems for numerous avian
species, including Corvus edithae. Somaliland’s topography is diverse,
encompassing coastal lowlands, mountain ranges, and high plateaus.
The region is characterized by an arid to semi-arid climate,
distinguished by limited and erratic precipitation, elevated
temperatures, and frequent periods of drought. These environmental
conditions render the area particularly vulnerable to the impacts of
climate change. Consequently, elucidating the geographical distribution
of species such as Corvus edithae is imperative for the implementation
of effective conservation strategies (Abdikarim et al., 2024; Ali et al,
2025; Hassan et al., 2024).
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TABLE 1 Summary of corvus edithae occurrence data.

10.3389/fevo.2025.1573807

Name Longitude Latitude Prov DE(] Key
Length:401 Min.:43.18 Min.: 1.966 Length:401 Min.:2009-07-21 Length:401
Class:character 1st Qu.:44.07 1st Qu.: 9.517 Class:character 1st Qu.:2020-09-11 Class:character
Mode:character Median:44.07 Median: 9.517 Mode:character Median:2021-04-17 Mode:character

Mean:44.54 Mean: 8.734 Mean:2019-12-29

3rd Qu.:44.98 3rd Qu.: 9.575 3rd Qu.:2021-05-27

Max.:49.50 Max.:11.446 Max.:2023-12-13

2.2 Study design

The research employed a retrospective observational approach,
utilizing existing Corvus edithae occurrence records and publicly
accessible climate data. To predict the density of Corvus edithae
occurrences across Somaliland, a spatial point process model was
implemented, incorporating spatial covariates and random effects.
The R-INLA package, which applies Bayesian inference for latent
Gaussian models, was employed to fit the model. The investigation
aimed to examine the relationship between climate variables and
Corvus edithae distribution, as well as project future distributions
under various climate change scenarios (Moraga, 2019, 2023; Taylor
and Diggle, 2014).

2.3 Data sources

The research utilized two primary data sources: Distribution
Records - Data occurrence of edithae in Somaliland were obtained
from eBird (www.ebird.org) (Johnston et al., 2021; Walker and
Taylor, 2017), a comprehensive online database of avian
observations contributed by citizen scientists. Geographic Climate
Variables - Climatic environmental data were accessed through the
geodata R package (Hijmans, 2024; Lovelace et al., 2019; Pebesma
and Bivand, 2023). This software facilitates the acquisition of
information from the WorldClim database, which provides high-
resolution climatic data for various global regions (Moraga, 2023;
Pebesma and Bivand, 2023).

2.4 Data selection and preparation

2.4.1 Occurrence data

To obtain Corvus edithae occurrence data in Somaliland,
researchers employed the occ() function from the spocc package
to query eBird records. The search parameters were established to
encompass data from July 21, 2009, to December 31, 2023,
exclusively selecting entries with geographical coordinates and
limiting the results to 1000 records. The retrieved information
was subsequently converted into a data frame for further analysis
utilizing the occ2df() function.

Frontiers in Ecology and Evolution

The researchers acknowledged that potential biases in eBird data
collection might influence the study’s outcomes (Walker and
Taylor, 2017).

A summary of the data is shown in Table 1.

Utilizing tmap, we mapped the geographical positions of the
identified Corvus edithae specimens. Initially, we employed the
st_as_sf() function from the sf package to generate an sf object
designated as dpts, which encompassed the coordinate data for the
Corvus edithae locations.

Figure 1 presents an interactive map illustrating the observed
locations of Corvus edithae. The tmap package facilitates the
generation of both static and interactive maps through the
utilization of tmap_mode(“plot”) and tmap_mode(“view”
functions, respectively.

The spatial distribution of C. edithae observations on the map
exhibits a heterogeneous pattern (Figure 1), with concentrations in
specific regions throughout Somaliland. To analyze this
distribution, we employ a log-Gaussian Cox point process model,
which facilitates the estimation of the intensity of the process
generating these observation locations (Dovers et al., 2024;
Moraga, 2021). Furthermore, this model enables the evaluation of
potential influences of climatic variables on the observed
distribution patterns of C. edithae Somali crow Figure 2
(Moraga, 2023).

2.4.2 Spatial climatic covariates

The model incorporated various spatial explanatory factors that
potentially influence the presence of C. edithae. These factors
encompassed annual averages of temperature, precipitation,
temperature extremes (minimum and maximum), solar radiation,
and wind speed within the study area. These variables were selected
based on their established or hypothesized ecological relevance for
avian species, particularly C. edithae within the arid/semi-arid context
of Somaliland. Mean annual temperature and precipitation are
fundamental drivers influencing avian physiology, behavior, and
resource availability across landscapes (Guisan and Thuiller, 2005).
Minimum and maximum temperatures represent potential thermal
stress factors that can limit distribution (Williams and Tieleman,
2005). Solar radiation is a critical factor for thermoregulation,
especially in high-insolation environments and for dark-plumaged
birds like the Somali crow, influencing activity patterns and
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FIGURE 1
Map of C. edithae occurrences in Somaliland.

bal- hyde
‘ln.u ol | ‘:' '
':‘4( P R
y .
ngal
. ‘
.
Soomaalfl
Jbo
P arir)
isho

FIGURE 2
Somali Crow (C. edithae).
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Mean Annual Temperature

FIGURE 3
Mean annual temperature and precipitation covariates.

microhabitat use (Ndimuligo et al., 2022; Ovaskainen et al., 2016;
Wolf et al., 1996). Wind speed can affect flight energetics, foraging
efficiency, and convective heat loss (Moraga, 2023; Ndimuligo et al.,
2022; Qi et al., 2023). Together, these variables represent key climatic
dimensions expected to shape the species’ distribution at the
regional scale.

We obtained these variables from the WorldClim database version
2.1 utilizing the geodata package (Hijmans, 2024). Specifically, we
employed the worldclim_country() function, inputting the country

» o«

code “SO” for Somalia, the desired variable names (“tavg”, “prec”,
“tmin”, “tmax”, “srad”, and “wind”), and a spatial resolution of 10 arc-
minutes. This resolution was chosen as a pragmatic balance between
capturing broad regional climatic patterns across Somaliland and
maintaining computational feasibility for the complex log-Gaussian
Cox process model fitting using INLA.

The worldclim_country() function generates a SpatRaster
containing monthly mean temperature and precipitation data. To
derive annual averages, we calculated the mean values across the

SpatRaster, resulting in a single raster layer representing the yearly

10.3389/fevo.2025.1573807

Mean Annual Precipitation

average for each environmental variable: mean temperature,
precipitation, minimum and maximum temperatures, solar radiation,
and wind speed as presented in Supplementary Material File B.

The aggregation of monthly data into annual values are
presented in (Figures 3-5).

2.5 Implementing and fitting the spatial
point process model

2.5.1 Log-gaussian cox process model

We assume the spatial point pattern of C. edithae locations in
Somaliland, denoted as {s;:i=1,...,n}, was generated as a
realization of a log-Gaussian Cox process with intensity given by
A(s) = exp(1(s)). This model can be fitted by approximating it with
a latent Gaussian model using a gridding approach (Illian et al,
2008). First, we discretized the study region into a grid with n; x
n, = N cells {sij}, where i=1,...,n, and j = 1,...,n,. In the log-
Gaussian Cox process, the mean number of events in cell Sij is given

Mean Minimum Temperature

FIGURE 4
Mean annual minimum and maximum temperature covariates.
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FIGURE 5
Annual solar radiation and wind speed covariates.

by the integral of the intensity over the cell, A; = fsgexp(n(s))ds.
This integral can be approximated by A; = |s,j ’exp(n,j), where ’sij
is the area of cell s;;. Then, conditional on the latent field 7y, the
observed number of locations in grid cell sy, y;;, are independent and
Poisson distributed as follows:

)’zj|Thj ~ Poisson(}sij|exp(nij)) (1)

The posterior distribution of 7); given the observed data y; is
described using Bayes’ theorem:

P(Thj|}’ij) o< P(yij|nxj)P(nij) ()

where p(yij|17,j) is the likelihood function (Poisson distribution)
and p(n) is the prior distribution for the latent field. In our
example, we modeled the log-intensity of the Poisson process as:

Ny = Po + Br x temp(sy) + B, x prec(sy) + By X tmin(s;) + B,
X tmax(sy) + B x srad(sy) + Bs x wind(s;) + fi(s;)
+ fulsij)

These equations (Equations 1-3) form the core of our log-

3)

Gaussian Cox process model.
Where:

* B, is the intercept.

o temp(sy), prec(s;), tmin(s;), tmax(s;), srad(s;), and wind(
s;;) represent the mean annual temperature, mean annual
precipitation, minimum temperature, maximum
temperature, solar radiation, and wind speed at cell Sijs
respectively, and B, B, B3 Bi Ps, and By are their
corresponding coefficients.

* fdsj) is a spatially structured random effect reflecting
unexplained variability that can be specified as a second-
order two-dimensional CAR-model on a regular lattice.

* fusy) is an unstructured random effect reflecting

independent variability in cell ;.

The prior distributions for the fixed effects (8y, 1, B2, B3> Bs Bs»
and f) are typically assumed to be Gaussian with a mean of 0 and a
large variance, expressing our lack of prior knowledge (Al-Aziz
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et al., 2022; Muse et al., 2025; Muse et al., 2022a, b, ¢). The prior for
the structured spatial random effect f(s;) is a conditional
autoregressive (CAR) model, which assumes that the value at a
location is dependent on the values at neighboring locations. The
prior for the unstructured random effect f,(s;) is typically a
Gaussian distribution with a mean of 0 and a variance that is
estimated from the data.

This segment delineates the fundamental aspects of our
modeling strategy. We employ a log-Gaussian Cox process model
to analyze the frequency of C. edithae sightings as a function of
environmental factors and random effects. The Poisson distribution
is appropriate for analyzing count data, while the log-link function
ensures non-negative intensity predictions. By incorporating both
structured and unstructured random effects, we address spatial
autocorrelation and unexplained variation, respectively. This
approach enables us to account for various factors influencing the
distribution of C. edithae in the study area.

2.5.2 Computational grid

To fit the model, we created a regular grid that covered the
region of Somaliland as presented in Figure 6. First, we obtained a
map of Somaliland using the ne_countries() function from the
rnaturalearth package (South, 2017). We set type = “countries”,
country = “Somaliland”, and scale = “medium” for the
map (Figure 6).

Then, we created a raster that covered Somaliland using terra::
rast(), providing the map of Somaliland and setting resolution = 0.1
to create cells with a size of 0.1 decimal degrees.

We initially set the values of all the raster cells to 0 using r[]<- 0.
Then, we used cellFromXY() to obtain the number of C. edithae
occurrences in each cell (Figures 7, 8) and assigned these counts to
the corresponding cells in the raster.

We converted the raster r to an sf object called grid using terra::
as.polygons() with aggregate = FALSE, and then sf:st_as_sf(). This
grid will be used to fit the model with the R-INLA package. Finally,
we added variables temp, prec, tmin, tmax, and vapr with the
corresponding covariate values in each cell using the extract()
function of terra. This step creates the spatial framework for our
analysis. The regular grid allows us to discretize the study area and
approximate the continuous spatial process with a discrete
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FIGURE 6
Regular grid map for the study area.

representation. The resolution of 0.1 decimal degrees provides a * id: The cell identifier.
balance between spatial detail and computational feasibility. * Y: The number of C. edithae occurrences.
* cellarea: The area of each cell.

2.5.3 Data preparation

We prepared the data in the sf object grid for modeling in R- We deleted cells of grid that fell outside Somaliland using sf::
INLA. Since the spatial model in R-INLA assumes data are sorted  st_intersection() to identify cells within the map, and then subsetted
by columns, we transposed grid. We added the following variables:  the grid object ( ).

200
— 150
= -t 100
—
— 50
o T T T T T T —-0
43 44 45 46 a7 48
FIGURE 7

Mapping for the number of C. edithae occurrences in each cell.
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FIGURE 8
Spatial data for the occurrence datasets.

A summary of the prepared data is shown in Table 2.

We observed that the covariates had some missing values,
which we imputed with the mean of the non-missing values as
shown in Table 2. Figure 9 displays maps of outcome variable (Y),
temp, prec, tmin, tmax, srad, and vapr, using tm_facets(ncol = 2) to
display the maps side-by-side and tm_legend() to display legends.

This step prepares the data for analysis in R-INLA. Transposing
the grid ensures that the data is in the correct format for the spatial
model. Adding the cell identifier, number of occurrences, and cell
area provides the necessary information for the model. Removing
cells outside of Somaliland ensures that the analysis is focused on
the study area.

2.6 Model assumptions
The log-Gaussian Cox process model relies on several assumptions:

* Poisson Distribution: The number of events in each grid cell
follows a Poisson distribution, conditional on the latent field.

* Independence: The number of events in different grid cells
are independent, conditional on the latent field.

* Gaussian Process: The latent field is assumed to be a
Gaussian process, allowing for spatial autocorrelation.

* Linearity: The relationship between the log-intensity and
the covariates is assumed to be linear.

* Stationarity: The spatial structure of the random effects is
assumed to be stationary, meaning that the spatial
dependence is the same across the study area.

Frontiers in Ecology and Evolution

These assumptions are important to consider when interpreting
the results of the model. The Poisson distribution is appropriate for
count data, and the Gaussian process allows for spatial
autocorrelation. The linearity assumption is a simplification, and
the stationarity assumption may not hold in all cases.

2.7 Fitting the Model Using INLA

We fitted the log-Gaussian Cox process model using the R-
INLA package. This package implements the integrated nested
Laplace approximation (INLA) for Bayesian inference in latent
Gaussian models (Rue et al., 2009; Moraga, 2019). The R-INLA
package is not available on CRAN because it uses external C
libraries. Installation requires specifying the URL of the R-
INLA repository.

To fit the model using INLA, we specified a formula that
included the linear predictor, and then called the inla() function,
providing the formula, family, data, and other options. The formula
is written with the outcome variable, then the ~ symbol, followed by
fixed and random effects separated by + symbols. By default, the
formula includes an intercept. The outcome variable is Y, and the
covariates are temp, prec, tmin, tmax, srad, and wind.

The random effects are specified using the f() function, which
takes an index vector specifying which elements of the random
effect apply to each observation, along with the model name and
other options. We used grid$id for the spatially structured effect and
created an index vector grid$id2 (with the same values as grid$id)
for the unstructured random effect.
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The spatial structure was modeled using a second-order
random walk model (rw2d) with index vector id, and the
unstructured random effect was modeled with an independent
and identically distributed effect (iid) with index vector id2.

Finally, we called inla() with the formula, family “poisson,” the
prepared data in the grid, and added E = cellarea to denote that the
expected values in each cell are in the cellarea variable of the data.
We also included control.predictor = list(compute = TRUE) to
calculate the marginal densities for the linear predictor.

This section describes the implementation of the model using R-
INLA. The use of INLA allows for efficient Bayesian inference in
complex spatial models. The formula specifies the relationship between
the outcome variable and the covariates and random effects. The
control.predictor argument is used to calculate the marginal densities
for the linear predictor, which are used for prediction. All analyses were
conducted using R version 4.5.0 and the codes for the analysis are
available Supplementary File S1 (R Core Team, 2024).

3 Results
3.1 Model summary

Utilizing the R-INLA package to model the log-Gaussian Cox
process yielded comprehensive insights into how C. edithae is
spatially distributed across Somaliland. The analysis produced
posterior estimates for crucial model components, including fixed
effects representing climatic covariates and random effects
capturing spatial structure and heterogeneity.

The fixed effects component of the model explored the potential
association between C. edithae occurrence intensity and the selected
climatic variables (Table 3). The posterior mean estimates suggested
potential positive trends with mean annual temperature (§ = 5.74),
mean annual precipitation (B = 0.06), and wind speed (§ = 0.18),
while suggesting potential negative trends with minimum
temperature (f = -2.93), maximum temperature ( = -2.95), and
solar radiation (B = -0.001). However, a critical finding is the
substantial uncertainty associated with these estimates. As shown
by the wide 95% credible intervals which all encompass zero
(Table 3), the model does not provide strong evidence to
conclude that these specific broad-scale climatic variables have a
non-zero effect on occurrence intensity at the scale analyzed. The
model’s intercept (B =~ 19.91) indicates the baseline log-intensity,
though interpretation requires caution given covariate centering.

The posterior distributions for the fixed effect coefficients,
visualized in Figure 10, graphically confirm this uncertainty.
While the distributions are centered near the mean estimates
reported in Table 3, they are broad, and the 95% credible
intervals (implicitly represented by the distribution’s spread)
clearly overlap zero for all climatic covariates.

In stark contrast to the uncertainty surrounding the fixed
effects, the analysis revealed highly significant contributions from
both random effect components (Table 4). Table 4 details the
estimated hyperparameters for these random effects, included to
account for spatial dependencies and unexplained variability. The
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FIGURE 9
Maps of response and covariate data.

structured spatial random effect (id), modeled using an intrinsic
CAR structure (RW2D), and captures spatial autocorrelation. The
unstructured random effect (id2), modeled as IID Gaussian noise,
accounts for non-spatial heterogeneity. The estimated mean
precision (T) was substantially higher for the structured effect (1 =
6.34) than the unstructured effect (T = 0.09), indicating considerably
larger variance attributed to the unstructured component (6> =
11.1) compared to the spatially structured component (6> = 0.16).
Crucially, the 95% credible intervals for the precision of both
random effects are well above zero (Table 4), confirming their

significant contribution to the model fit. This strongly suggests that
unmeasured factors, exhibiting both spatial correlation and site-
specific randomness, are primary drivers influencing the observed
distribution patterns of C. edithae.

3.2 Convergence diagnostics

To validate the reliability of our model and the soundness of our
findings, we generated diagnostic visualizations, including plots of

TABLE 3 Summary of posterior distributions for fixed effects in the log-gaussian cox process model predicting somali crow (C. edithae) occurrence.

Mean sd 0.025quant  0.5quant 0.975quant mode kld
(Intercept) 19.908 42.712 —64.266 19.976 103.659 19.964 0
temp 5.735 19.083 -31.779 5.760 43.108 5.759 0
prec 0.059 0.147 -0.230 0.059 0.349 0.059 0
tmin -2.925 9.562 -21.649 -2.938 15.874 -2.937 0
tmax —2.947 9.541 -21.633 -2.959 15.810 -2.959 0
srad —0.001 0.002 —-0.004 —0.001 0.002 —-0.001 0
wind 0.179 0.376 —-0.561 0.179 0.919 0.179 0
Frontiers in Ecology and Evolution 11 frontiersin.org
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TABLE 4 Summary of posterior distributions for random effect hyperparameters in the log-gaussian cox process model.

Random effect component Model type

Structured Spatial (id) ‘ Intrinsic CAR (RW2D) ‘ Precision (1)

Unstructured (id2) ‘ 1ID Gaussian

Precision (1)

Hyperparameter

Mean SD 95% Credible Interval
‘ 6.34 0.87 ‘ [4.80, 8.23]
‘ 0.09 0.01 [0.07, 0.12]

SD, Posterior standard deviation; CI, Credible Interval; CAR, Conditional Autoregressive; RW2D, Second-order random walk on a 2D lattice (a type of intrinsic CAR); IID = Independent and
Identically Distributed. Precision (1) is the inverse of the variance (T = 1/6%). Estimates derived from the Bayesian log-Gaussian Cox process model fitted using INLA.
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Posterior distributions of fixed effect coefficients (temperature, precipitation,

wind speed).

marginal posterior distribution densities and quantile graphs. The
density plots (Figure 11) for various climate variables - temperature,
precipitation, minimum and maximum temperatures, solar radiation,
and wind speed - demonstrate well-formed Gaussian-like distributions.
These plots, in conjunction with the 95% credible intervals, elucidate the
uncertainty surrounding the estimated parameters. These results
indicate that the INLA sampler has achieved convergence, thus
lending credibility to the model’s estimates.

The parameter sample progression exhibited in the trace plots
(Figure 11) during Integrated laplace approximation (INLA)
iterations demonstrates relatively consistent patterns and mixing,
indicating convergence and parameter stability. Furthermore, the
autocorrelation plots in Figure 11 reveal minimal correlation
between consecutive samples, suggesting that the sampling chain

Frontiers in Ecology and Evolution

minimum temperature, maximum temperature, solar radiation, and

effectively explored the parameter space. Collectively, these
diagnostic evaluations support the reliability of the model.

3.3 Predicted intensity maps

The estimated average number of Corvus edithae occurrences
per grid cell (NE) is depicted in the forecasted intensity maps, along
with the 95% credible interval’s lower (LL) and upper (UL)
boundaries (Figure 12). In general, Corvus edithae presence was
sparse, with the majority of grid cells expected to contain fewer than
10 individuals, particularly in interior areas. Coastal regions were
predicted to exhibit the highest concentration (Figure 12),
indicating that these areas constitute critical habitats for Corvus
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Convergence diagnostics for fixed effect posterior distributions.

edithae in Somaliland. The LL and UL maps illustrate variations in
model uncertainty across the study region, with wider credible
intervals observed in locations where fewer observations
were recorded.

The spatial arrangement of random effects (Figure 13) indicates
the presence of spatial elements not accounted for by the fixed
covariates. Both the structured (spatial autocorrelation) and
unstructured (independent variability) random effects suggest the
existence of additional unexplained spatial factors influencing the
distribution of Corvus edithae. This observation implies that
the species’ distribution is also affected by unmeasured
environmental variables or biological mechanisms not incorporated
into the current model.

The spatial arrangement of the estimated random effects further
illuminates the distribution patterns (Figure 13). Visualizing the
structured (spatial autocorrelation) and unstructured (independent
variability) components reveals clear spatial patterns not accounted
for by the fixed covariates alone. The significance of these

Frontiers in Ecology and Evolution

components, as quantified in Table 4, underscores the influence
of additional unexplained spatial factors — such as fine-scale habitat
variations, resource distribution, or human influences - on the
distribution of Corvus edithae.

Figure 13 visually confirms the significant influence of spatial
factors on C. edithae distribution, complementing the statistical
findings in Table 4. Panel A, depicting the structured random effect
(RW2D), reveals a clear, smooth spatial gradient across Somaliland,
transitioning from negative values (blue, indicating lower-than-
expected intensity due to spatial factors) in the west/northwest to
positive values (red, indicating higher-than-expected intensity) in
the east/southeast. This strong pattern indicates significant spatial
autocorrelation, suggesting that large-scale environmental
gradients, historical processes, or other spatially correlated factors
not captured by the included climatic covariates play a crucial role
in shaping occurrence patterns. In contrast, Panel B illustrates the
unstructured random effect (IID), showing a much patchier pattern
of localized deviations. While many areas exhibit values close to
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Predicted occurrence intensity maps (mean NE, lower 95% CI LL, Upper 95% CI UL).

zero (white), scattered cells show notable positive (red) or negative
(blue) effects, representing fine-scale heterogeneity, unmeasured
local factors (e.g., microhabitat, resource patches), or stochasticity
not explained by the fixed effects or the broad spatial trend. The
presence of both strong structured patterns and localized
unstructured variation underscores the complexity of the drivers
of C. edithae distribution and highlights the critical importance of
accounting for spatial dependencies and unmeasured variables in
ecological modeling for this species.

4 Discussion

This study successfully employed a spatial point process
modelling approach, specifically the log-Gaussian Cox process
implemented via R-INLA, to investigate the spatial distribution of
the Somali crow (C. edithae) in Somaliland and its relationship with

A) Structured Spatial Effect (RW2D)

Structured Effect Value
-4

N 2
0

2
N

FIGURE 13

key climatic variables. By leveraging publicly accessible occurrence
data (eBird) and climate data (WorldClim), we generated insights
into the environmental factors shaping this species’ range and
demonstrated the utility of this Bayesian framework for ecological
research, particularly in data-scarce regions relevant to conservation
planning (Diggle, 2013; Moraga, 2019, 2023). While we explored the
relationship between C. edithae distribution and key climatic
variables, our findings primarily highlight the critical importance
of underlying spatial structure and heterogeneity, as revealed
through the modeling process. The study demonstrates the utility
of this Bayesian framework for ecological research, particularly in
identifying dominant spatial patterns even when specific covariate
effects are uncertain, providing a baseline for conservation planning
and future investigation.

The model explored potential associations between C. edithae
occurrence intensity and several climatic factors (Table 3). Posterior
mean estimates suggested potential positive trends with mean

B) Unstructured Effect (1ID)

Unstructured Effect Value

0
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Spatial visualization of estimated random effects (structured and unstructured components).
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annual temperature, mean annual precipitation, and wind speed.
Ecologically, this could imply a preference for generally warmer and
relatively moister areas within the Somaliland context, or potential
benefits from wind for foraging or thermal relief. However, it is
crucial to note that the 95% credible intervals for all these climatic
covariates were wide and encompassed zero (Table 3). This
indicates substantial uncertainty surrounding these potential
relationships at the scale analyzed; the observed data and model
do not provide strong evidence to distinguish these effects from
zero. While the mean trends align broadly with established
knowledge that temperature and precipitation are fundamental
drivers (Cooper, 2021; Elith et al, 2006; Guisan and Thuiller,
2005; Ndimuligo et al.,, 2022), their direct, measurable influence
in this specific context appears weak or obscured by other factors.”

Conversely, mean estimates suggested potential negative
associations with minimum and maximum temperatures. While a
positive mean effect for mean annual temperature might suggest
adaptation to high average temperatures, the negative mean effects
for extremes could hypothetically indicate sensitivity to temperature
variability or avoidance of the absolute hottest and coldest
conditions, perhaps reflecting physiological constraints or indirect
effects (Hosseini et al., 2024; Ndimuligo et al., 2022; Sarkar et al.,
2024). Again, the substantial uncertainty indicated by the wide
credible intervals overlapping zero (Table 3) means these
interpretations remain speculative.”

Intriguingly, solar radiation also showed a slightly negative
mean association, though like the other climate variables, this
effect was highly uncertain (Table 3). The ecological
interpretation is discussed further below (Section 4.2). Despite the
uncertainty surrounding the specific climatic drivers, the model’s
overall prediction pointed to generally low occurrence intensities
across much of Somaliland, but with notable concentrations in
coastal regions (Figure 12). This spatial pattern itself is a key
finding, suggesting these coastal areas represent suitable,
potentially critical, habitats, likely due to a combination of factors
not fully resolved by the broad-scale climate variables alone.”

The model’s finding regarding solar radiation requires careful
consideration within the broader context of avian ecophysiology.
High solar radiation loads, particularly in arid and semi-arid
environments like Somaliland, pose significant thermoregulatory
challenges for birds (De Klerk et al., 2002; Ndimuligo et al., 2022;
Villen-Pérez et al., 2014; Williams and Tieleman, 2005; Wolf
et al,, 1996). Birds must balance heat gain from the environment
with metabolic heat production and evaporative water loss.
Excessive solar radiation can lead to hyperthermia, dehydration,
and necessitate behavioral adjustments that may conflict with
other essential activities like foraging and breeding (Angilletta
et al,, 2010).

To cope with high solar radiation, birds employ various
strategies. Behaviourally, they may seek shade, reduce activity
during peak radiation periods, alter foraging times (e.g.,
crepuscular activity), or orient their bodies to minimize exposure
(Smit et al., 2016; Pattinson et al., 2022). Physiologically,
adaptations can include plumage characteristics that reflect solar
radiation or specialized mechanisms for heat dissipation
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(e.g., panting, gular fluttering), though these often incur water
costs (McKechnie & Wolf, 2019). Breeding can also be affected,
with nest site selection favoring shaded locations and incubation
patterns potentially altered to avoid overheating eggs or nestlings
(du Plessis et al., 2012).

While Corvus species are often considered adaptable generalists,
the Somali crow’s dark plumage could potentially increase heat
absorption from solar radiation compared to lighter-colored birds
(Stuart-Fox et al., 2017). Therefore, the slightly negative association
observed in our model, despite its uncertainty, might reflect
behavioral avoidance of the most intensely irradiated areas or
times, or selection for microhabitats offering thermal refugia (e.g.,
cliffs, taller vegetation, human structures providing shade) that are
not captured by the coarse resolution (10 arc-minute) of the
WorldClim solar radiation data. It is also possible that the direct
physiological impact of solar radiation is less limiting than its
indirect effects mediated through vegetation structure, prey
availability, or water sources, which are correlated with other
climatic variables in the model. Further research incorporating
finer-scale microclimate data and behavioral observations would
be invaluable to disentangle these effects and clarify the precise
ecological role of solar radiation in shaping Corvus edithae’s
distribution and behavior. Comparing its thermal tolerance and
behavioral responses to those of other sympatric bird species facing
similar environmental pressures could also yield significant insights.

The analysis highlighted the significant contribution of both
spatially structured (autocorrelation) and unstructured random
effects. Crucially, the posterior distributions for the precision
hyperparameters of both the structured (RW2D) and unstructured
(IID) random effects indicated high certainty, with 95% credible
intervals clearly excluding zero (Table 4). This contrasts sharply
with the uncertainty surrounding the fixed climatic effects and
statistically confirms the vital role of spatial structure and
unexplained heterogeneity. The estimated variance was notably
larger for the unstructured component compared to the structured
component (based on inverse precisions, Table 4), suggesting
significant site-specific variation beyond broader spatial clustering.

This underscores that the included climatic covariates alone do
not fully explain the observed distribution of Corvus edithae. The
structured random effect suggests the influence of spatially clustered
factors not explicitly included in the model, such as fine-scale
habitat features (e.g., specific vegetation types, availability of
nesting cliffs or trees), topography influencing microclimates,
resource distribution (water sources, food patches), or even
historical factors influencing colonization patterns (Diggle, 2013).
The unstructured random effect points towards localized variations
or stochasticity not captured by either the fixed effects or the spatial
correlation structure. Recognizing these unmeasured spatial
influences is crucial for a complete understanding and accurate
prediction of species distributions.

Our findings contribute to the growing body of research using
SDMs to understand climate impacts on species distributions (Elith
et al,, 2006; Guisan and Thuiller, 2005; Moraga, 2019, 2021, 2023).
The vulnerability of avian species, particularly in arid and tropical
regions, to climate change is increasingly recognized (Austin and
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Van Niel, 2011; Hosseini et al., 2024; Ndimuligo et al., 2022; Van
der Putten et al., 2010; Walker and Taylor, 2017; Woodin et al.,
2013). This study provides a species-specific case study within the
Horn of Africa, a region identified as important for avian endemism
and potentially vulnerable to environmental change (Ndimuligo
et al., 2022).

Placing our results in a broader biogeographic context is essential.
Studies like De Klerk et al. (2002) mapped patterns of endemism for
Afrotropical birds, highlighting centers of richness and transition
zones. While Corvus edithae has a relatively restricted range within
the Horn of Africa, understanding how its distribution relates to these
broader patterns can inform conservation priorities. Furthermore,
research on Afromontane avian communities, such as Cooper
(2021), emphasizes the role of historical climate fluctuations and
ecological factors in shaping community structure across elevation
gradients. Although Somaliland encompasses varied topography,
understanding these broader regional dynamics helps contextualize
the potential drivers influencing Corvus edithae populations.
Additionally, phylogeographic studies, like Perktas et al. (2020) on
turacos, reveal complex histories of diversification and population
connectivity across Africa. While our study focuses on current
distribution, integrating such historical perspectives and potential
genetic structure would be crucial for comprehensive conservation
planning for Corvus edithae in the future. Our use of a log-Gaussian
Cox process model aligns with methodological advancements
demonstrating the value of explicitly handling spatial dependencies
and stochasticity in ecological point pattern data (Diggle, 2013;
Moraga, 2019).

4.1 Limitations

This research is subject to several limitations inherent in the
data and modeling approach. Firstly, occurrence data sourced from
citizen science platforms like eBird via GBIF can exhibit spatial
sampling bias, potentially overrepresenting easily accessible areas or
locations popular with observers (Isaac et al, 2014). While we
acknowledge this, explicit bias correction techniques were not
implemented in this study but are recommended for future work.
Secondly, the WorldClim climate data, while widely used,
represents interpolated data at a relatively coarse resolution (10
arc-minutes), which may not capture fine-scale microclimatic
variations crucial for species distributions, particularly in
topographically complex regions like parts of Somaliland. This
coarse resolution of environmental data is a likely contributor to
the uncertainty observed in the fixed effect estimates (Table 3), as it
may average out important microclimatic variations or fail to
capture fine-scale habitat features that strongly influence
local occurrence.

This limitation is particularly relevant when interpreting the
effects of variables like solar radiation and temperature extremes.
Thirdly, the log-Gaussian Cox process model assumes linearity
between the transformed response (log-intensity) and covariates,
and stationarity in the spatial random effects, which may be
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simplifications of complex ecological reality. Fourthly, the model
is static and does not explicitly account for temporal dynamics in
climate or species populations, nor does it incorporate potentially
important non-climatic factors like land use change, specific habitat
structure, interspecific interactions, or resource availability, which
are constrained by data availability. Finally, the dataset itself may
contain errors or incomplete information that could influence
the results.

4.2 Management and policy implications

Despite limitations, our findings offer valuable insights for
conservation management and policy in Somaliland. The
prediction maps identifying coastal regions as areas of higher
occurrence density suggest these zones may represent core
habitats requiring focused conservation attention. These maps can
serve as a baseline for assessing potential range shifts under future
climate change scenarios by projecting distributions using climate
model outputs for temperature, precipitation, solar radiation, and
wind speed variations. Understanding that the species appears
sensitive to temperature extremes and potentially high solar
radiation, while favoring relatively warmer and moister
conditions, can help anticipate vulnerabilities. Identifying high-
concentration areas is a crucial first step for designating
conservation zones or implementing targeted management
strategies. Furthermore, the results underscore the need for
policies that integrate climate change adaptation measures into
biodiversity conservation planning in the region.

4.3 Future work

The framework established here provides a foundation for
several avenues of future research. Incorporating additional
covariates, such as detailed land cover data, vegetation indices
(e.g., NDVI), proximity to water sources, human population
density, or measures of anthropogenic disturbance, could improve
model explanatory power. Expanding the model to explicitly
incorporate temporal dynamics, analyzing changes in distribution
over time using historical data if available, would provide crucial
insights into population trends and climate change responses.
Validating the model’s predictive capacity using independent
datasets is an essential next step. Applying this modelling
approach to other species of interest within Somaliland and the
broader Horn of Africa region could provide a more comprehensive
understanding of regional biodiversity patterns and vulnerabilities.
Finally, exploring more complex modelling approaches, potentially
incorporating mechanistic physiological constraints related to
factors like solar radiation and temperature, or explicitly
addressing sampling bias and finer-scale environmental
heterogeneity, represents important future directions. Integrating
phylogeographic data (sensu Perktas et al., 2020) could also refine
conservation unit definition.
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5 Conclusion

This study successfully applied log-Gaussian Cox process
modelling via R-INLA to investigate the spatial distribution of the
Somali crow (C. edithae) in Somaliland. By integrating climatic
covariates with both structured and unstructured random effects,
our approach provided valuable insights into the factors shaping its
occurrence patterns. While the analysis explored potential
associations with broad-scale climate variables, the results
highlighted considerable uncertainty surrounding their specific
influence at the resolution studied. Critically, the model revealed
that unmeasured spatial factors, captured through highly significant
spatial random effects (autocorrelation and heterogeneity), are
dominant drivers of the observed distribution. This underscores
that spatial dependencies and local environmental variations play a
crucial role, potentially more so than the specific regional climatic
gradients examined here.

Despite the uncertainty in specific climate drivers, the model
identified coastal regions as areas of higher predicted occurrence
intensity, suggesting their potential importance for conservation
focus. The study demonstrates the utility of this Bayesian spatial
point process framework for ecological analysis, particularly in
revealing the importance of spatial structure even when covariate
effects are uncertain. It provides a reproducible methodology
applicable to other species and regions, especially where spatial
data exhibit complex dependencies. Ultimately, this work
emphasizes that effective conservation planning for C. edithae in
Somaliland must consider the significant spatial patterns and
heterogeneity identified, prompting future research to investigate
the underlying fine-scale environmental or anthropogenic factors
driving these patterns.
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