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Abstract: The Maghreb magpie (Pica mauritanica) is an endemic bird to North Africa, encompassing Algeria, Morocco, and Tunisia.
Unfortunately, its population is facing a significant decline primarily attributed to habitat loss and fragmentation resulting from
urbanization and agricultural practices. Due to the lack of large-scale studies on habitat requirements of Pica mauritanica, investigating
the habitat preferences of this species and understanding the potential threats remain crucial for effective conservation strategies.
We performed species distribution model (SDM), incorporating both occurrence records and predictor variables, to investigate the
potentially suitable habitat and the factors influencing the distribution of the Maghreb magpie (Pica mauritanica) in North Africa.
Among the environmental predictors examined, the enhanced vegetation index (EVI), elevation, and human settlement have been
identified as key factors influencing habitat suitability. Specifically, EVI and human settlements positively contribute to suitability, while
precipitation and temperature exert negative effects. The SDM results were consistent with our field observations, indicating that Pica
mauritanica tends to avoid urban settlements or densely forested regions, thus preferring village farm areas, especially during the
breeding period. The model forecasts high habitat suitability for Pica mauritanica along the eastern coastal regions of Tunisia, the
western coastal areas and the High Atlas Mountain range of Morocco, as well as the Hautes Plaines region in Algeria, with a fragmented
patch pattern. To ensure the sustainable survival of Pica mauritanica, we endorse the preservation of traditional farming practices,
where farmland birds are mainly impacted by agricultural intensification and land use changes. Further extensive studies are needed to
determine population size and explore habitat requirements at a micro-scale to guide conservation priorities.

Key words: Pica mauritanica, remote sensing, nesting habitat, GIS, SDM, Algeria

1. Introduction

Pica mauritanica, commonly known as the Maghreb
Magpie, is a distinctive corvid species endemic to North
Africa. Originally considered as a subspecies of the Eurasian
magpie (Pica pica), subsequent studies have revealed
distinct differences in the North African population
compared to other global populations (Kryukov et al.,
2017). Consequently, this species has been reevaluated
and recognized as a separate species (Del Hoyo et al.,
2018). Furthermore, Isenmann et al. (2005) have identified
Pica mauritanica as abundant in Algeria, Morocco, and
Tunisia. However, the population of Pica mauritanica is
currently facing challenges due to the fragmentation and

* Correspondence: telailia-salah@univ-eltarf.dz
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destruction of its natural habitats caused by many factors
such as wildfires, clearing, deforestation, intensification of
modern agriculture, and urban expansion. Therefore, the
species’ nesting range has become increasingly restricted,
leading to a small spatial distribution across the mentioned
North African countries with isolated populations,
some of which contain threatened breeding pairs at risk
of extinction (Isenmann and Thévenot, 2020; Nefla et
al., 2021). Despite these critical circumstances, limited
research has been conducted on Pica mauritanica. Apart
from Nefla’s et al’s (2021) study, which primarily explores
the breeding biology of this species in Tunisia, there exists
alack of information regarding the habitat characterization

This work is licensed under a Creative Commons Attribution 4.0 International License.
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and suitability of the species across the defined scale
of its distribution. Therefore, mapping the habitat of
Pica mauritanica becomes vital for a comprehensive
understanding of the current distribution of this species
for developing effective conservation strategies throughout
North Africa (Guisan et al.,, 2013). Species range maps,
such as those from BirdLife International and the IUCN,
are essential for identifying and conserving key areas and
species. However, these traditional maps often lack regular
updates, leading to outdated data, and they typically do
not incorporate environmental factors that influence
species distributions (Li et al., 2019). Additionally, these
maps typically depict broad and generalized regions where
species occur, without the detailed resolution needed
to capture specific habitat preferences or microhabitat
requirements (Peterson et al,, 2018). To address these
limitations, conservation efforts can benefit from the use
of more advanced techniques such as species distribution
models (SDMs). In ecology, species distribution models
(SDMs), also known as ecological niche models (ENMs),
are tools that use occurrence data and environmental
variables to predict and map the species’ potential
distribution, thereby assessing the likelihood of its presence
or absence in a specified geographical area (Guisan and
Zimmermann, 2000).

In the recent years, SDMs find extensive application
across diverse domains such as conservation biology,
biodiversity assessment, climate change modeling, and
invasive species management (Aradjo and Peterson, 2012).
Additionally, the use of SDMs in avian biology has provided
valuable insights into the distribution and abundance of
bird species, as well as the ecological and environmental
factors that influence these patterns (Stiels and Schidelko,

2018). Consequently, combining expert-based range maps
with results from species distribution models offers an
unbiased and comprehensive understanding of species’
geographic distributions across habitats, providing
more rigorous estimates tightly linked to environmental
variables (Engler et al., 2017).

Using this modeling framework, this study aims
(1) to predict and map the current distribution of Pica
mauritanica, thus depicting it potentially suitable areas,
(2) to identify factors driving it potential distribution, and
(3) to determine the environmental niche requirements
of this species in the Maghreb region. Ultimately, this
approach will provide insight into identifying high-
priority conservation areas and defining conservation
implications.

2. Materials and methods

2.1. Study area

The Maghreb region (encompassing Algeria, Morocco,
and Tunisia) covers an area of approximately 3,254,000
km?. This region is characterized by a Mediterranean
climate, where the precipitation varies between 78 and
390 mm. Moreover, temperature varies between an annual
mean of 13.7 °C in Atlas Mountains and 23.1 °C in the
Sahara. Our research was carried out across an area of
974,536 km?. The altitude ranged between -61 and 3697
m. The Algerian sites from which we found signs of the
species were located at 11 stations in the extreme west
(Beni Boussaid - Tlemcen Province), in the east of the
country (Tazoult - Batna Province), in the north (Bordj
Zemoura - Bordj Bou Arreridj Province) and towards the
south of the country (Senalba - Djelfa Province) (Figure
1 and Table 1).

IThe distribution of the Maghreb Magpie
(pica mauritanica) in North Africa
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Figure 1. The distribution of Pica mauritanica throughout North Africa.
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Table 1. Location and characteristics of nesting sites of the Pica mauritanica. Data recorded in 2022.

Region Province Date of Nesting Habitat type | GPS coordinates | Municipality Number of | Altitude
record area nests (m)
35°2843.3236”N
Batna March 2022 |Tazoult | Category 2 °17°9 726"E Tazoult _ 1275

Eastern

part of

Algeria Bordj B Bordj 36°18°12.8736"N

ordj Bou ordj °18’12.8736” .
Arreridj March 2022 Zemoura Category 1 4954°43.0956”E Bordj Zemoura | _ 1400
. Ain El 34°58’49.62891”N | | . .
Tiaret 22/05/2022 Hadid Category 2 09574422729 Ain El Hadid 03 1158
Hassi 34°42’59.27°N . .
24/05/2022 Aoun Category 2 0°714.28" W Ain El Hadjar 06 1091
Saida
Western part
. | (category 2), |34°37°59.8”’N .
24/05/2022 | Lala Setti Eastern part | 0°3'8.9"W Moulay Larbi 07 1094
(category 3),
‘1 . 34°35°43"N L3 .
26/05/2022 | Sidi Chaib | Category 4 0°32°29.67156” W Sidi Chaib 08 1098

Western

part

of Algeria Sidi Bel Oued 34°34°3.07925"N

idi Be ue °34’3.07925”
Abbes 31/05/2022 Sebaa Category 3 0°45°17.01609” W Oued Sebaa 02 1183
Northen part
Dhaya (Category 2), |34°39'40.64926"N
31/05/2022 Ben Attia | Southern part | 0°39°18.15387”W Dhaya 17 1350
(Category 3)
34°45’52.1°N
28/06/2022 | Moutas Category 1 1°29'19.6"W Bouhlou 03 1095
Tlemcen
34°31’39.5868"N . .
02/07/2022 | Al-Asfour | Category 1 124425 4112”W Beni Boussaid _ 1490

Center of . 34°35°58.6"N .

Algeria Djelfa August 2022 |Senalba | Category 3 3°626.9 E Djelfa 10 1289
2.2. Species distribution model gathered from the public online repositories GBIF (2021)
2.2.1. Occurrence point and environmental data and field surveys carried out from (2000-2019).

We compiled a checklist (226 occurrences) of Maghreb Many observers, especially wildlife photographers and
magpie by merging georeferenced occurrences data ornithologists, have extensively documented the presence
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and distribution of the Maghreb magpie within Algeria.
Based on these efforts, field surveys were carried out, thus
visiting 11 nesting sites across the Algerian territory. We
recorded the nest or species presence using a GPS in order
to georeference its location.

We downloaded 19 bioclimatic variables from
the WorldClim 2 database (Hijmans et al., 2005) at a
spatial resolution of 30 arc-s (approximately 1 km).
Additionally, we obtained elevation raster data, EVI
(enhanced vegetation index), slope, and World Settlement
Footprint through the Google Earth Engine platform.
All predictor’s variables were standardized at a spatial
resolution of 30 arc-s (approximately 1 km) in order to
handle multicollinearity issues (Dormann et al., 2013). We
first explored correlations among all predictor variables
using the ‘chart correlation’ function implemented in
the R package ‘Performance Analytics and created a
dendrogram based on Pearson’s distance. We retained a
final set of variables that presented a correlation coefficient
(r) <0.75. Afterward, we used the function vifstep from the
R package ‘usdm’ (Naimi et al., 2014), to compute the VIF
(variance inflation factor) scores of the predictor variables.
We retained variables with a VIF score less than (<5). The
seven variables retained were BIO 1, BIO 8, BIO 12, slope,
world human settlement, elevation, and EVI.

2.2.2. Premodeling

We processed the predictor layers using a shapefile
acquired from Ecoregions'. The buffer zone was defined
based on Ecoregion characteristics, resulting in the
exclusion of deserts and xeric shrublands. This process
involved restricting the distribution area to the pertinent
geographic extent, ultimately enhancing the accuracy of
the model.

A spatial thinning was performed where duplicated
records and points within a distance of less than 1 km
(falling in the same pixel of the explanatory variables) were
removed using the function ‘thin_by_dist’ implemented in
tidysdm package (Leonardi et al., 2023). This process kept
only one point per pixel to minimize sampling bias (Boria
et al,, 2014), thereby reducing the number of occurrences
to 138 points. Furthermore, using the function ‘sdmData’
based on a gRandom method, we randomly generated 200
background points, nearly twice the number of presence
points (Cancellario et al., 2022), resulting in a prevalence
ratio of approximately 0.41. It has been shown that
randomly selected background points, which are equally
weighted to the presence points, yield the most reliable
distribution models (Barbet-Massin et al., 2012). In
addition, the number of background points and the dataset
balance impact model performance. Linear algorithms,
such as regression techniques (GLM and GAM), are more
efficient with a large number of background points with

equal weight. In contrast, classification and machine-
learning models (RF and BRT) perform better with a
moderate number of pseudo-absences, thus improving
predictive precision and minimizing bias and variability
(Li and Wang, 2013).

2.2.3. Modeling and postprocessing

We used the ‘sdm’ function implemented in the sdm R
package to run species distribution models using three
algorithms: generalized linear model (GLM), boosted
regression trees (BRT), and random forest (RF), which
belong to regression models and machine learning
methods. These algorithms were selected for their high
performance in accurately capturing species-environment
relationships and their complementarity (Barbet-Massin
etal., 2012).

Generalized linear models are adapted to binary
(presence/absence) or count (abundance or richness)
outcome variables (Miller, 2010). However, they may not be
suitable for complex, species-environment relationships.
On the other hand, random forest and boosted regression
trees models are less sensitive to multicollinearity
(Dormann et al., 2013), can handle unbalanced datasets,
and are capable of managing complex relationships (Crase
etal., 2012).

We used default parameterization of SDM, where
GLMs were fitted using a binomial family with a logit link
function, and RF models were fitted with 500 trees and
the number of variables tried at each split set to the square
root of the number of predictors. In addition, BRT were
adjusted with default settings, including 1000 trees.

Simultaneously, the dataset was divided into 30%
for testing and 70% for training. Three replications were
performed for both subsampling and bootstrapping
methods. Afterward, we created an ensemble model
using a weighted averaging procedure overall predictions
from several fitted models based on the true skill statistic
(TSS). The threshold was set equal to max (sensitivity +
specificity) (Naimi and Araujo, 2016), thereby minimizing
the mean error rate for both positive and negative
observations. This ensemble forecast framework aimed to
leverage the strengths of various modeling techniques while
minimizing the impact of individual model weaknesses due
to prevalence and sampling bias. This approach ultimately
improves the overall predictive performance of the ensemble
model (Miller, 2010), and maximizes the effectiveness of
background points (Barbet-Massin et al., 2012).

2.2.4 Model evaluation

We conducted a thorough assessment of model
performance using three primary metrics: true skill
statistic (TSS), area under the curve (AUC) derived from
the receiver operating characteristic (ROC) curve, and

1Ecoregions (2017). Mediterranean Forests, Woodlands & Scrub [online]. Website https://ecoregions.appspot.com/ [accessed 01 March 2024].
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kappa statistic. AUC values falling between 0.7 and 1.0
signify strong discriminatory capability, whereas values
below 0.5 indicate poorer predictive accuracy (Hanley and
McNeil, 1982). TSS values ranging from --1 to 1 follow a
similar pattern: positive values denote performance better
than random chance, while negative values indicate less
effective performance (Swets, 1988). In addition, kappa
statistic, which ranges from -1 to +1, indicates the level of
agreement between observations. A value of +1 represents
perfect agreement, while values at or below zero indicate
agreement no better than random chance (Cohen, 1960).

3. Results

The area under the curve and true skill statistic (TSS) of
the models ranged from 0.704 to 0.957 and from 0.339
to 0.797, respectively (Table 2). The ensemble model
showed an AUC value of 0.82 + 0.07 and a TSS of 0.54 +
0.14. Additionally, the kappa statistic ranged from 0.33 to
0.846, with an average of 0.53 £ 0.15.

The point of occurrence area exhibits distinctive
climatic and geographical features that collectively
shape its environmental profile. The average annual
precipitation amounted to 438.17 mm, with a peak
concentration occurring between 300 and 400 mm. In
addition, the average annual temperature was recorded
at 15.22 °C, while the average temperature of the wettest
quarter was 9.74 °C. The average elevation was 951.02
m, with most locations falling within the range of 1000

m to 1600 m. Moreover, the slope had an average value
of 3.31, indicating a moderately inclined topography.
The enhanced vegetation index exhibited a mean value
of 0.2026, with a peak concentration between 0.2 and
0.25. The average human settlement score was 12.61,
displaying a distinct concentration peak between 10 and
12 (Figure 2).

EVI and elevation were the most influential variables,
together accounting for a contribution of 68%, followed
by human settlement, which contributed 10.2%. This
highlights their important role in elucidating the factors
influencing the current distribution of Pica mauritanica
(Figure 3).

The suitability index ranges from a minimum of zero
to a maximum of 8.9, indicating a congruent distribution
in concordance with the known occurrence of the species.
Highly suitable areas for the Maghreb magpie are located
in the coastal regions of eastern Tunisia and western
Morocco, respectively. Additionally, high suitability is
also located in the Algerian Hautes Plaines region and
the Moroccan High Atlas (Figure 4A). The binary map
delineates suitable areas at a threshold greater than 0.6,
revealing a total expanse of approximately 64,843 km?
across the entire study area. Within this scope, Algeria
encompasses 34,853 km? of suitable terrain, Morocco
accounts for 25,440 km? and Tunisia comprises 4550
km?. The distribution of the species is mainly in the form
of separated patches (Figure 4B).

Table 2. Model performance metrics of GLM, BRT, and RF models with two replication techniques.

Method Replication AUC TSS Kappa
GLM Subsampling 0.704 0.339 0.331
GLM Subsampling 0.766 0.442 0.433
GLM Subsampling 0.717 0.339 0.331
GLM Bootstrap 0.727 0.366 0.355
GLM Bootstrap 0.714 0.39 0.388
GLM Bootstrap 0.809 0.629 0.621
BRT Subsampling 0.787 0.485 0.475
BRT Subsampling 0.824 0.485 0.475
BRT Subsampling 0.813 0.485 0.475
BRT Bootstrap 0.817 0.484 0.472
BRT Bootstrap 0.858 0.577 0.574
BRT Bootstrap 0.885 0.615 0.605
RF Subsampling 0.839 0.588 0.578
RF Subsampling 0.841 0.528 0.517
RF Subsampling 0.836 0.545 0.536
RF Bootstrap 0.918 0.7 0.69
RF Bootstrap 0.957 0.795 0.846
RF Bootstrap 0.957 0.797 0.792

Mean + SD Mean + SD Mean + SD
Ensemble

0.82 +0.07 0.54+0.14 0.53 +0.15
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Figure 3. Variable importance (based on correlation metric) of the ensemble model.

The high suitability area is concentrated in a moderate
temperature range of 1.3 °C to 12 °C during the wettest
quarter (bio8), along with medium vegetation density
and an elevation range between 750 and 2300 m. The
annual temperature (biol) ranges from 7 °C to 14 °C.
Additionally, the suitable area has an annual precipitation

average (biol2) of approximately 900 mm and a moderate
level of human settlement (smode) corresponding to Rural
grid cell (Figure 5).

There were positive relationships between the habitat
suitability of Pica mauritanica and various explanatory
variables, including EVI, human settlement, and slope.
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Figure 4. (A) Current distribution of the Maghreb magpie in North
Africa, (B) binary map of habitat suitability with a threshold > 0.6.
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Conversely, annual precipitation (biol2) and mean
temperature of the driest quarter (bio8) showed negative
relationships with habitat suitability.

Additionally, the probability of habitat suitability
exhibited a slight increase within the elevation range of
1000 to 3000 m and a slope under 5% (Figure 6).

4, Discussion

4.1. SDM modeling

The preservation of avian biodiversity is a major concern
in the current context. Our study aimed to assess species
distribution models to predict high-suitability areas for
Pica mauritanica in North Africa, using ecological niche
modeling methods that have shown a high ability to predict
bird distribution in a real-world situation, even in poorly
known areas (Peterson et al., 2002). Our study represents
the first predictive assessment of the distribution of Pica
mauritanica in North Africa. The results demonstrate a
strong correlation between predictions of high-suitability
areasand high values of thearea under the curve. Our model
was comparable to the study that used SDM’s, conducted
by Brambilla and Ficetola (2012). However, AUC can be
misleading when dealing with imbalanced datasets, and
kappa is sensitive to prevalence, unlike TSS (Allouche
et al., 2006). Therefore, incorporating this multimetric
approach allows for a deeper understanding of how well
the model generalizes across different aspects of the data,
enhancing the overall reliability of the evaluation process.
In addition, several factors such as positional uncertainty
(Naimi et al., 2011), spatial autocorrelation, and sampling

bias arising from variations in sampling effort (Baker et al.,
2022), imperfect detection (Guillera-Arroita et al., 2015)
or biases inherent in public occurrence platforms such
as GBIF (Beck et al., 2014) present significant hurdles in
accurately modeling species distributions and interpreting
ecological patterns. Addressing these challenges requires
a combination of methodological approaches and data
quality control measures.

Strategies for mitigating sampling bias may include
spatially explicit sampling designs, incorporating sampling
bias correction techniques into modeling workflows
(Inman et al., 2021), integrating complementary expert
knowledge (Boyd et al., 2023), as well as employing
spatial filtering and weighted target-group background
(Gutierrez-Velez and Wiese, 2020).

4.2. Suitability habitat distribution

The binary map of habitat suitability showed many
isolated areas for Pica mauritanica in North Africa. It may
be suggested that the Maghreb magpie in North Africa
was a metapopulation, distributed in small groups across
scattered patches in the area, as formulated in the theory
of Opdam (1991). The Maghreb magpie populations are
geographically isolated, with more nesting sites on the
western side than on the eastern side of Algeria. Because
the smallest forest fragments might not have the capacity
to support biodiversity to the extent that larger fragments
can (Torezan et al., 2020), we can consider that Pica
mauritanica became more vulnerable as highly adapted
patches became smaller and more isolated. Therefore,
we can consider the situation of Pica mauritanica as the
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Figure 6. Response curves of the explanatory variables included in the species distribution
model (SDM) for Pica mauritanica. (MTWQ: mean temperature of wettest quarter).
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same as that of the Asir magpie Pica asirensis, which faces
habitat fragmentation due to multiple factors such as
residential development and recreational activities, roads,
and other infrastructure (Boland and Burwell, 2020).
Moreover, the distribution of Pica mauritanica in North
Africa is notably fragmented and restricted, with a sole
relic population persisting in Tunisia (Nefla et al., 2021)
and only a few populations identified on the eastern side
of Algeria. Consequently, in the event of additional habitat
fragmentation in North Africa, especially in the eastern
region, the vulnerability of Pica mauritanica populations
would be exacerbated.

4.3. Enhanced vegetation index

The analysis of the wavelengths showed a positive
correlation between plant biomass and the value of the
vegetation index (Galidaki et al., 2017). The EVI presented
the highest contribution as a variable in our model. The
frequency distribution of EVI ranged between 0.19 and
0.5, deliberately excluding extreme values (both high
and low EVI values). Concerning vegetation cover, the
Maghreb magpie specifically selects areas that are at least
partially surrounded by vegetation. However, it tends
to avoid both densely forested regions and unvegetated
landscapes. Similar observations were recorded for Pica
pica by Kamburova (2004) in Bulgaria and in Seoul,
South Korea by Kang et al. (2012). These species preferred
isolated trees or small groups of trees near open areas in
parks and gardens, while avoiding parks with no open
areas. Furthermore, Kamburova (2004) noticed that while
Pica pica was present in urban areas, it demonstrated a
preference for nesting and feeding in urban green areas.
In Tunisia, the only breeding population of Maghreb
magpie was reported to breed near farmland, where nest
were mainly built on thorny shrubs Searsia tripartita
and Ziziphus lotus. In Tunisia, the exclusive breeding
population of the Maghreb magpie has been documented
to breed in close proximity to farmland. Nests are
constructed on thorny shrubs, including Searsia tripartita
and Ziziphus lotus (Nefla et al., 2021). Similarly, in Algeria,
the breeding population located near agricultural areas in
Sidi Chaib constructs nests within the thorny perennial
shrub Lycium shawii.

4.4. Topographical and climatic parameters

In this study, we found that the average elevation was
951.02 m, with a frequency concentrated between 1000 and
1600 m elevation. Our study results aligned with previous
research conducted on Eurasian magpie. For instance, a
study in the Pitarque River valley in Spain by Ponz and Gil-
Delgado (2004) highlighted that the habitat of Pica pica was
distributed along an elevation gradient from 970 to 1442
m, which corresponded to a Mediterranean bioclimatic
zone. On the other hand, Boland and Burwell (2020)
reported that Pica asirensis nests were mostly located at
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elevations above 2150 m with high temperatures. In India,
Khan et al. (2022) highlighted that Pica pica nesting sites
were at an elevation gradient ranging from 2750 m to 3450
m with very low temperatures, which is higher than our
values (1000-1600 m in North Africa). In addition, various
studies have presented contradictory findings regarding to
the altitudinal variations of nesting habitats for different
magpie species around the world. In South Korea (Seoul),
the nesting sites of magpies were found at a relatively low
altitude of 30 m (Kang et al., 2012).

Altitudinal variations in the nesting habitat have
been observed in several magpie species, including Pica.
asirensis in Saudi Arabia, Pica pica in India, Pica sericea
in South Korea, and Pica mauritanica in North Africa.
These variations may also apply to other populations of
Pica pica across different regions globally. The differences
in altitudinal preferences among these populations could
potentially be explained by various climate conditions,
particularly  temperature levels and precipitation
amount, which are influenced by geographical and
topomorphological factors, creating what was known as an
altitudinal pluvial-thermal gradient (Douguédroit and de
Saintignon, 1984). It appears that the negative correlation
between annual precipitation and habitat suitability is
attributed to variations in spring precipitation, with higher
spring rainfall potentially harming nest success during the
nestling period (Nefla et al., 2021).

Additionally, our model indicated a suitable slope of
less than 20%, which is comparable to the Saudi Arabian
endemic species Pica asirensis, where it was observed on
mountains with slopes less than 30% (Boland and Burwell,
2020). Most of the studied stations were located in
semiarid bioclimatic regions. This finding was consistent
with the study of Nefla et al. (2021) on the relict population
of the Maghreb magpie in Tunisia. Furthermore, the
wide geographical distribution of the magpie species,
spanning from America to the northwest, includes several
isolated populations (Kryukov et al., 2017). Each of
these populations is characterized by unique bioclimatic
conditions due to their specific geographical locations
and local environmental conditions. In summary, the
elevation variability in nesting habitats observed among
different magpie species and populations can be attributed
to a combination of factors, including climatic conditions
linked to geographical and topomorphological influences,
as well as the diverse ecological adaptations exhibited by
these widespread and geographically distinct populations.

4.5. Human settlement

The peak frequency was between 10 and 12, indicating that
species occurrences and nesting sites were mainly located
near small villages and farms. A similar observation was
reported in Spain, where Ponz and Gil-Delgado (2004)
studied a population close to bull breeding activity. This
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finding is also consistent with the study by Nefla et al.
(2021) on Maghreb magpies in Tunisia. Although the
Tunisian population was found closer to a farm in a rural
habitat, the results suggest that even in rural habitats,
magpies select nesting sites closest to human activity.

Therefore, to ensure the sustainable survival of
farmland bird population, we endorse the preservation
of traditional farming practices, where farmland birds are
mainly impacted by agricultural intensification and land
use changes (Nefla et al., 2021).

Kamburova (2004) have focused on Pica pica in urban
areas. Furthermore, other studies have reported Pica pica
nesting on human constructions and electricity pylons
(Lu et al., 2008). However, in the eleven stations visited in
Algeria, such nesting behaviors were not observed for Pica
mauritanica. The Maghrebian species was not as much of
a generalist species as others magpie species, which could
explain its lower adaptation to anthropized environments,
where the distribution of Pica mauritanica was mainly
concentrated in farmland near rural region.

Our methodological approach, based on integrating
occurrence, topographic, and climatic data, has refined
the precision of our models. The selected variables showed
a significant influence on the distribution of bird species
in the studied region, especially the enhanced vegetation
index; however, it is important to acknowledge the
limitations of our study. As cited in Boland and Burwell
(2020), the habitat model outlined in this context is
recognized for its simplicity, as it draws upon restricted
data. Despite its inherent limitations, the model represents
a proactive initiative to rapidly assess and map the potential
habitat for the Maghreb magpie. SDM model depends
on occurrence data and environmental variables, raising
questions about the generalization of our results to other
geographical contexts. Hence, environmental variables
can vary significantly across different regions, leading
to inaccuracies when models are applied outside their
original context (Peterson and Soberén, 2012). Species
may also exhibit local adaptations that are not captured
by models trained in different areas (Guisan et al., 2017).
Additionally, the quality and completeness of species
occurrence data can be inconsistent, with regions lacking
comprehensive data resulting in unreliable predictions
(Elith et al., 2011).

Climate change and dynamic environmental
conditions further complicate predictions, as SDMs
often rely on static historical data (Thomas et al., 2004).
Model transferability is another challenge, as species-
environment relationships can differ across regions,
reducing model performance when applied elsewhere
(Rodder and Lotters, 2010). Biotic interactions, which
are typically not included in SDMs, can vary regionally
and affect species distributions (Wisz et al., 2013). Spatial

autocorrelation and sampling bias in occurrence data
can also lead to overfitting and decreased generalizability
(Boria et al., 2014). To address these limitations and
enhance the model’s applicability to diverse regions,
future studies could focus on refining the model by
incorporating more influencing variables specific to
different habitat scales. Future research could explore
the effectiveness of identifying additional influencing
variables on bird species at microhabitat scales.

4.6. Leveraging emerging remote sensing platform for
habitat monitoring

Land wuse changes, coupled with climate change,
play a crucial role in influencing species distribution
by modifying habitat suitability. Habitat loss and
fragmentation resulting from deforestation and
urbanization lead to population declines and genetic
isolation, altering species interactions and distributions
(Fahrig, 2003). Moreover, climate change is causing
species to move their habitats toward the poles and to
higher elevations as they seek more suitable temperature
and precipitation conditions (Parmesan and Yohe, 2003).
In this context, remote sensing offers valuable insights
into habitat dynamics, enabling the detection of current
changes and the projection of future trends.

This, in turn, facilitates the development of informed
conservation strategies to safeguard biodiversity in
the face of environmental challenges. The recent
implementation of species distribution models in
the Google Earth Engine platform may be valuable,
especially for less economically developed countries,
for monitoring and analyzing changes in habitats
over time (Crego et al, 2022). This integration of
advanced platforms like Google Earth Engine, along
with frameworks such as GEE_xtract, facilitates the
preparation of time series data (Gorelick et al., 2017).
Researchers can utilize this to understand how habitats
evolve by processing satellite data time series, enabling
the detection and quantification of changes in vegetation,
water bodies, and other habitat features (Valerio et al.,
2024). This advancement enhances the capability to track
and predict shifts in species distributions and habitat
suitability for environmental management. Despite
habitat suitability, the application of species distribution
modeling techniques within an ecological framework
provides several advantages and implications. These
include establishing priority zones for management,
identifying crucial environmental drivers, predicting
range shifts due to climate change (Khwarahm, 2020),
as well as monitoring population dynamics and biotic
interactions (Guisan and Thuiller, 2005). Hence, these
models can inform proactive management strategies to
support biodiversity conservation and mitigate climate
change impact (Hama and Khwarahm, 2023).
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5. Conclusion

Nowadays the distribution of Pica mauritanica is
discontinuous, especially with more isolated populations
in the northeast of Africa due to the fragmentation of its
natural habitats caused by various factors. In this critical
situation, there is an urgent need to provide information
regarding the current distribution of the species across
North Africa to assess the distribution and habitat
vulnerability of Maghreb Magpie. Our study discussed
the outcomes concerning the relationship between habitat
preferences and habitat vulnerability of Pica mauritanica
at North Africa scale based on the environmental variables
used in the model. The discontinuity of the remaining high
suitability habitat patches, which is more fragmented in
the real-world situations, explains the vulnerability of the
species. However, recognizing the limitations, our study

References

Allouche O, Tsoar A, Kadmon R (2006). Assessing the accuracy of
species distribution models: prevalence, kappa and the true
skill statistic (TSS). Journal of Applied Ecology 43 (6): 1223-
1232. https://doi.org/10.1111/j.1365-2664.2006.01214.x

Aratjo MB, Peterson AT (2012). Uses and misuses of bioclimatic
envelope modeling. Ecology 93 (7): 1527-1539. https://doi.
0rg/10.1890/11-1930.1

Baker DJ, Maclean IMD, Goodall M, Gaston KJ (2022). Correlations
between spatial sampling biases and environmental niches
affect species distribution models. Global Ecology and
Biogeography 31 (6): 1038-1050. https://doi.org/10.1111/
geb.13491

Barbet-Massin M, Jiguet F, Albert CH, Thuiller W (2012). Selecting
pseudo-absences for species distribution models: how, where
and how many? Methods in Ecology and Evolution 3 (2): 327-
338. https://doi.org/10.1111/j.2041-210X.2011.00172.x

Beck J, Boller M, Erhardt A, Schwanghart W (2014). Spatial bias
in the GBIF database and its effect on modeling species’
geographic distributions. Ecological Informatics 19: 10-15.
https://doi.org/10.1016/j.ecoinf.2013.11.002

Boland CRJ, Burwell BO (2020). Habitat modelling reveals extreme
habitat fragmentation in the endangered and declining Asir
Magpie, Pica asirensis, Saudi Arabia’s only endemic bird (Aves:
Passeriformes). Zoology in the Middle East 66 (4): 283-294.
https://doi.org/10.1080/09397140.2020.1833471

Boria RA, Olson LE, Goodman SM, Anderson RP (2014). Spatial
filtering to reduce sampling bias can improve the performance
of ecological niche models. Ecological Modelling 275: 73-77.
https://doi.org/10.1016/j.ecolmodel.2013.12.012

Boyd RJ, Harvey M, Roy DB, Barber T, Haysom KA et al. (2023).
Causal inference and large-scale expert validation shed light
on the drivers of SDM accuracy and variance. Diversity
and Distributions 29 (6): 774-784. https://doi.org/10.1111/
ddi.13698

230

employs a habitat model acknowledged for its simplicity,
relying on restricted data. Despite these inherent
limitations, the model serves as a proactive initiative
for rapid assessment and mapping of potential suitable
habitats for Pica mauritanica. Future research could
explore the effectiveness of identifying more influential
variables on the bird species at different habitat scales.
Based on these potential distribution results, further
extensive fieldwork is still needed to explore microhabitat
requirement and estimate population sizes, thereby
determining the vulnerability and conservation status of
Maghreb populations across North Africa. In addition,
genetic studies might be useful for understanding the
diversity within populations and potential connectivity
between different populations.

Brambilla M, Ficetola GF (2012). Species distribution models as a tool
to estimate reproductive parameters: a case study with a passerine
bird species. Journal of Animal Ecology 81 (4): 781-787. https://
doi.org/10.1111/§.1365-2656.2012.01970.x

Cancellario T, Miranda R, Baquero E, Fontaneto D, Martinez A et al.
(2022). Climate change will redefine taxonomic, functional,
and phylogenetic diversity of Odonata in space and time. npj
Biodiversity 1 (1): 1. https://doi.org/10.1038/s44185-022-00001-3

Cohen ] (1960). A coefficient of agreement for nominal scales.
Educational and Psychological Measurement 20 (1): 37-46.
https://doi.org/10.1177/001316446002000104

Crase B, Liedloft AC, Wintle BA (2012). A new method for dealing with
residual spatial autocorrelation in species distribution models.
Ecography 35 (10): 879-888. https://doi.org/10.1111/§.1600-
0587.2011.07138.x

Crego RD, Stabach JA, Connette G. (2022). Implementation of species
distribution models in Google Earth Engine. Diversity and
Distributions 28 (5): 904-916. https://doi.org/10.1111/ddi.13491

Del Hoyo J, Collar N, Christie DA (2018). Maghreb Magpie (Pica
mauritanica). In: Del Hoyo J, Elliott A, Sargatal J, Christie DA,
De Juana E (editors). Handbook of the Birds of the World Alive.
Barcelona, Spain: Lynx Edicions.

Dormann CE, Elith J, Bacher S, Buchmann C, Carl G et al. (2013).
Collinearity: a review of methods to deal with it and a simulation
study evaluating their performance. Ecography 36 (1): 27-46.
https://doi.org/10.1111/j.1600-0587.2012.07348 x

Douguédroit A, de Saintignon MF (1984). Les gradients de températures
et de précipitations en montagne. Revue de Géographie Alpine 72
(2): 225-240 (in French).

Elith J, Phillips SJ, Hastie T, Dudik M, Chee YE et al. (2011). A
statistical explanation of MaxEnt for ecologists. Diversity and

Distributions 17 (1): 43-57. https://doi.org/10.1111/.1472-
4642.2010.00725.x


https://doi.org/10.1111/j.1365-2664.2006.01214.x
https://doi.org/10.1890/11-1930.1
https://doi.org/10.1890/11-1930.1
https://doi.org/10.1111/geb.13491
https://doi.org/10.1111/geb.13491
https://doi.org/10.1111/j.2041-210X.2011.00172.x
https://doi.org/10.1016/j.ecoinf.2013.11.002
https://doi.org/10.1080/09397140.2020.1833471
https://doi.org/10.1111/ddi.13698
https://doi.org/10.1111/ddi.13698
https://doi.org/10.1111/j.1365-2656.2012.01970.x
https://doi.org/10.1111/j.1365-2656.2012.01970.x
https://doi.org/10.1177/001316446002000104
https://doi.org/10.1111/j.1600-0587.2011.07138.x
https://doi.org/10.1111/j.1600-0587.2011.07138.x
https://doi.org/10.1111/ddi.13491
https://doi.org/10.1111/j.1472-4642.2010.00725.x
https://doi.org/10.1111/j.1472-4642.2010.00725.x

MEDERBAL et al. / Turk ] Zool

Engler JO, Stiels D, Schidelko K, Strubbe D, Quillfeldt P et al. (2017).
Avian SDMs: current state, challenges, and opportunities.
Journal of Avian Biology 48 (12): 1483-1504. https://doi.
org/10.1111/jav.01248

Fahrig L (2003). Effects of habitat fragmentation on biodiversity. Annual
Review of Ecology, Evolution, and Systematics 34 (1): 487-515.
https://doi.org/10.1146/annurev.ecolsys.34.011802.132419

Galidaki G, Zianis D, Gitas I, Radoglou K, Karathanassi V et al.
(2017). Vegetation biomass estimation with remote sensing:
focus on forest and other wooded land over the Mediterranean
ecosystem. International Journal of Remote Sensing 38 (7):
1940-1966. https://doi.org/lO.1080/01431161.2016.12661 13

GBIF (2021). The Global Biodiversity Information Facility. GBIF
Occurrence  Download (09 January 2021). https://doi.
org/10.15468/dl.kvrqug

Gorelick N, Hancher M, Dixon M, Ilyushchenko S, Thau D et al.
(2017). Google Earth Engine: planetary-scale geospatial analysis
for everyone. Remote Sensing of Environment 202: 18-27.
https://doi.org/10.1016/j.rse.2017.06.031

Guillera-Arroita G, Lahoz-Monfort JJ, Elith J, Gordon A, Kujala H
et al. (2015). Is my species distribution model fit for purpose?
Matching data and models to applications. Global Ecology and
Biogeography 24 (3): 276-292. https://doi.org/10.1111/geb.12268

Guisan A, Tingley R, Baumgartner JB, Naujokaitis-Lewis I, Sutcliffe
PRetal. (2013). Predicting species distributions for conservation
decisions. Ecology Letters 16 (12): 1424-1435. https://doi.
org/10.1111/ele.12189

Guisan A, Zimmermann NE (2000). Predictive habitat distribution
models in ecology. Ecological Modelling 135 (2-3): 147-186.
https://doi.org/10.1016/S0304-3800(00)00354-9

Guisan A, Thuiller W (2005). Predicting species distribution: offering
more than simple habitat models. Ecology Letters 8 (9): 993-
1009. https://doi.org/10.1111/j.1461-0248.2005.00792.x

Guisan A, Thuiller W, Zimmermann NE (2017). Habitat
Suitability and Distribution Models: With Applications in
R. Cambridge, UK: Cambridge University Press. https://doi.
0rg/10.1017/9781139028271

Gutierrez-Velez VH, Wiese D (2020). Sampling bias mitigation for
species occurrence modeling using machine learning methods.
Ecological Informatics 58: 101091. https://doi.org/10.1016/j.
ecoinf.2020.101091

Hama AA, Khwarahm NR (2023). Predictive mapping of two endemic
oak tree species under climate change scenarios in a semiarid
region: range overlap and implications for conservation.
Ecological Informatics 73: 101930. https://doi.org/10.1016/j.
ecoinf.2022.101930

Hanley JA, McNeil BJ (1982). The meaning and use of the area under
a receiver operating characteristic (ROC) curve. Radiology 143
(1): 29-36. https://doi.org/10.1148/radiology.143.1.7063747

Hijmans R], Cameron SE, Parra JL, Jones PG, Jarvis A (2005). Very
high resolution interpolated climate surfaces for global land
areas. International Journal of Climatology 25 (15): 1965-1978.
https://doi.org/10.1002/joc.1276

Inman R, Franklin ], Esque T, Nussear K (2021). Comparing sample
bias correction methods for species distribution modeling
using virtual species. Ecosphere 12 (3): €03422. https://doi.
org/10.1002/ecs2.3422

Isenmann P, Gauthier T, El Hili A, Azafzaf H, Dlensi H et al. (2005).
Oiseaux de Tunisie - Birds of Tunisia. Ed. Paris, France: Société
d’Etudes Ornithologiques de France, p. 432 (in French).

Isenmann P, Thévenot M (2020). Endemism in terrestrial bird species
of continental North Africa. Go-South Bulletin 17: 161-184.

Kamburova N (2004). Magpie (Pica pica) Population Density and
Habitat Distribution in the City of Sofia. In: Penev L, Niemeld
J, Kotze DJ, Chipev N (editors). Ecology of the City of Sofia.
Species and Communities in an Urban Environment. Sofia,
Bulgaria: PENSOFT Publishers, pp. 451-455.

Kang W, Lee D, Park CR (2012). Nest distribution of magpies Pica
pica sericea as related to habitat connectivity in an urban
environment. Landscape and Urban Planning 104 (2): 212-
219. https://doi.org/10.1016/j.landurbplan.2011.10.014

Khan TA, Kumar A, Bhatt D (2022). Breeding biology of Eurasian
Magpie, Pica pica bactriana in Kargil region of Ladakh, India.
Journal of Experimental Zoology India 25 (1): 529-534. https://
connectjournals.com/03895.2022.25.529

Khwarahm NR (2020). Mapping current and potential future
distributions of the oak tree (Quercus aegilops) in the Kurdistan
Region, Iraq. Ecological Processes 9 (1): 1-16. https://doi.
org/10.1186/s13717-020-00259-0

Kryukov AP, Spiridonova LN, Mori S, Arkhipov VY, Red’kin YA
et al. (2017). Deep phylogeographic breaks in magpie Pica
pica across the Holarctic: concordance with bioacoustics and
phenotypes. Zoological Science 34 (3): 185-200. https://doi.
org/10.2108/2s160119

Leonardi M, Colucci M, Pozzi AV, Scerri EML, Manica A (2023).
tidysdm: leveraging the flexibility of tidymodels for species
distribution modelling in R. bioRxiv 2023.07.24.550358.
https://doi.org/10.1101/2023.07.24.550358

Li J, Hughes AC, Dudgeon D (2019). Mapping wader biodiversity
along the East Asian—Australasian flyway. PLoS ONE 14 (1):
€0210552. https://doi.org/10.1371/journal.pone.0210552

Li X, Wang Y (2013). Applying various algorithms for species

distribution modelling. Integrative Zoology 8 (2): 124-135.
https://doi.org/10.1111/1749-4877.12000

Lu Y, Zhang YX, Sai DJ, Zhouo Y (2008). Nest-selection and urban
environment adaption of magpie. Sichuan Journal of Zoology
27:892-893.

Miller J (2010). Species distribution modeling. Geography Compass 4
(6): 490-509. https://doi.org/10.1111/j.1749-8198.2010.00351.x

Naimi B, Aratjo MB (2016). sdm: a reproducible and extensible R
platform for species distribution modelling. Ecography 39 (4):
368-375. https://doi.org/10.1111/ecog.01881

Naimi B, Hamm NAS, Groen TA, Skidmore AK, Toxopeus AG
(2014). Where is positional uncertainty a problem for species
distribution modelling? Ecography 37 (2): 191-203. https://doi.
org/10.1111/j.1600-0587.2013.00205.x

231


https://doi.org/10.1111/jav.01248
https://doi.org/10.1111/jav.01248
https://doi.org/10.1146/annurev.ecolsys.34.011802.132419
https://doi.org/10.1080/01431161.2016.1266113
https://doi.org/10.1016/j.rse.2017.06.031
https://doi.org/10.1111/geb.12268
https://doi.org/10.1111/ele.12189
https://doi.org/10.1111/ele.12189
https://doi.org/10.1016/S0304-3800(00)00354-9
https://doi.org/10.1111/j.1461-0248.2005.00792.x
https://doi.org/10.1017/9781139028271
https://doi.org/10.1017/9781139028271
https://doi.org/10.1016/j.ecoinf.2020.101091
https://doi.org/10.1016/j.ecoinf.2020.101091
https://doi.org/10.1016/j.ecoinf.2022.101930
https://doi.org/10.1016/j.ecoinf.2022.101930
https://doi.org/10.1148/radiology.143.1.7063747
https://doi.org/10.1002/joc.1276
https://doi.org/10.1002/ecs2.3422
https://doi.org/10.1002/ecs2.3422
https://doi.org/10.1016/j.landurbplan.2011.10.014
https://connectjournals.com/03895.2022.25.529
https://connectjournals.com/03895.2022.25.529
https://doi.org/10.1371/journal.pone.0210552
https://doi.org/10.1111/1749-4877.12000
https://doi.org/10.1111/j.1749-8198.2010.00351.x
https://doi.org/10.1111/ecog.01881
https://doi.org/10.1111/j.1600-0587.2013.00205.x
https://doi.org/10.1111/j.1600-0587.2013.00205.x

MEDERBAL et al. / Turk ] Zool

Naimi B, Skidmore AK, Groen TA, Hamm NAS (2011). Spatial
autocorrelation in predictors reduces the impact of positional
uncertainty in occurrence data on species distribution
modelling. Journal of Biogeography 38 (8): 1497-1509. https://
doi.org/10.1111/j.1365-2699.2011.02523 x

Nefla A, Ouni R, Selmi S, Nouira S (2021). Breeding biology of a
relictual Maghreb Magpie (Pica mauritanica) population in
Tunisia. Avian Research 12 (1): 1-9. https://doi.org/10.1186/
540657-021-00249-6

Opdam P (1991). Metapopulation theory and habitat fragmentation:
a review of holarctic breeding bird studies. Landscape Ecology
5 (2): 93-106. https://doi.org/10.1007/BF00124663

Parmesan C, Yohe G (2003). A globally coherent fingerprint of
climate change impacts across natural systems. Nature 421
(6918): 37-42. https://doi.org/10.1038/nature01286

Peterson AT, Ball LG, Cohoon KP (2002). Predicting distributions
of Mexican birds using ecological niche modelling methods.
Ibis 144 (1): E27-E32. https://doi.org/10.1046/1.0019-
1019.2001.00031.x

Peterson AT, Navarro-Sigiienza AG, Gordillo A (2018). Assumption-
versus data-based approaches to summarizing species’ ranges.
Conservation Biology 32 (3): 568-575. https://doi.org/10.1111/
cobi.12801

Peterson AT, Soberdn J (2012). Species distribution modeling and
ecological niche modeling: getting the concepts right. Natureza
& Conservagdo 10 (2): 102-107. https://doi.org/10.4322/
natcon.2012.019

Ponz A, Gil-Delgado JA (2004). Biologia reproductiva de la Urraca
Pica pica en un area de montafia de Aragon. Ardeola 51 (2):
411-423 (in Spanish with an English summary).

232

Rédder D, Lotters S (2010). Explanative power of variables used
in species distribution modelling: an issue of general model
transferability or niche shift in the invasive Greenhouse frog
(Eleutherodactylus planirostris). Naturwissenschaften 97: 781-
796. https://doi.org/10.1007/s00114-010-0694-7

Stiels D, Schidelko K (2018). Modeling avian distributions and
niches: insights into invasions and speciation in birds. In:
Tietze D (editor). Bird Species: How They Arise, Modify and
Vanish. Cham, Switzerland: Springer, pp. 147-164. https://doi.
org/10.1007/978-3-319-91689-7_9

Swets JA (1988). Measuring the accuracy of diagnostic systems.
Science 240 (4857): 1285-1293. https://doi.org/10.1126/
science.3287615

Thomas CD, Cameron A, Green RE, Bakkenes M, Beaumont L] et
al. (2004). Extinction risk from climate change. Nature 427
(6970): 145-148. https://doi.org/10.1038/nature02121

Torezan LE, Calsavara LC, Bochio GM, dos Anjos L (2020).
Vulnerability of bird species in highly fragmented forests of
southern Brazil: implications for conservation. Ornithology
Research 28 (4): 233-240. https://doi.org/10.1007/s43388-020-
00029-8

Valerio F, Godinho S, Marques AT, Crispim-Mendes T, Pita R et
al. (2024). GEE_xtract: high-quality remote sensing data
preparation and extraction for multiple spatio-temporal
ecological scaling. Ecological Informatics 80: 102502. https://
doi.org/10.1016/j.ecoinf.2024.102502

Wisz MS, Pottier J, Kissling WD, Pellissier L, Lenoir J et al. (2013).
The role of biotic interactions in shaping distributions and
realised assemblages of species: implications for species
distribution modelling. Biological Reviews 88 (1): 15-30.
https://doi.org/10.1111/j.1469-185X.2012.00235.x


https://doi.org/10.1111/j.1365-2699.2011.02523.x
https://doi.org/10.1111/j.1365-2699.2011.02523.x
https://doi.org/10.1046/j.0019-1019.2001.00031.x
https://doi.org/10.1046/j.0019-1019.2001.00031.x
https://doi.org/10.1111/cobi.12801
https://doi.org/10.1111/cobi.12801
https://doi.org/10.1007/s00114-010-0694-7
https://doi.org/10.1126/science.3287615
https://doi.org/10.1126/science.3287615
https://doi.org/10.1016/j.ecoinf.2024.102502
https://doi.org/10.1016/j.ecoinf.2024.102502
https://doi.org/10.1111/j.1469-185X.2012.00235.x

	Modeling Habitat Suitability and Current Distribution of the Relicted Maghreb Magpie (Pica mauritanica)
	Recommended Citation

	Modeling Habitat Suitability and Current Distribution of the Relicted Maghreb Magpie (Pica mauritanica)
	Authors

	tmp.1720952643.pdf.Piwae

