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Abstract

Our study presents a comprehensive method for measuring the distribution of urban wildlife and human-wildlife conflicts
based on citizen reports. We investigate the ecological and social factors affecting the distribution of synurbic wild boars
(Sus scrofa) and related human-wildlife conflicts within Haifa, northern Israel. Using Maximum Entropy (Maxent) species
distribution modeling, we analyzed 2,921 citizen reports of wild boar sightings collected between January 2014 and May
2016. We modeled two distribution maps predicting: (1) wild boar presence, and (2) human-wild boar conflict within the
city. Our models incorporated both ecological variables (e.g., normalized difference vegetation index, built area density,
distance to nature reserves) and social variables (e.g., human population and density, socioeconomic status). The results
of the wild boar habitat suitability model confirm previous studies, associating boar presence with the availability and
fragmentation of green areas. In contrast, the conflict model suggests that human-boar conflicts are primarily linked to
human population size, density, and socioeconomic status. Notably, areas with higher socioeconomic status exhibited a
greater likelihood of reported conflicts, even after controlling for ecological factors. This study highlights the importance
of integrating both ecological and social factors in understanding and managing urban human-wildlife conflicts. Our find-
ings suggest that effective management strategies should consider the ecological needs of urban wildlife along with the
social and economic contexts of urban neighborhoods.

Keywords Human-Wildlife Conflict - Urban Wildlife Management - Synurbization - Socio-ecology

Introduction term “Synurbization” is used to describe the overall
phenomenon of wildlife adapting to human-dominated
areas (Luniak, 2004). Although synurbization has been
occurring since ancient human settlements (Soulsbury &
White, 2016), systematic research on it has only started
since the 1970s (Magle et al., 2012). Wildlife responses
to urban conditions can vary greatly over time and
location, as well as due to differences in urban areas,
public perceptions, and human behavior (Collins et al.,
2000, Luniak, 2004, Parker & Nilon, 2012, Soulsbury &
White, 2016, Stillfried et al., 2017). Therefore, a syn-
urbic population in a specific area may be different not
only from other populations of the same species but also

Around the world, wildlife populations are adapting to
living alongside humans in urban environments. The
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from other synurbic populations in the same city (Parker
& Nilon, 2012).

Although some researchers described synurbization as
“taking up a free ecological niche” (Luniak, 2004), urban
areas are not accurately considered “free.” Instead, they are
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inhabited by a keystone species — Homo sapiens (Adams,
2016). Besides their ecological role as niche constructors,
humans and their social dynamics—including demograph-
ics, socioeconomics, politics, and technology—are all fac-
tors that influence and define urban ecosystems (Alberti,
2005). Furthermore, humans often engage directly with syn-
urbic species in various positive and negative human-wild-
life interactions (Nyhus, 2016; Soulsbury & White, 2016).

Interactions between humans and wildlife in urban areas
often lead to conflicts, but they can also produce positive
results. The term “human-wildlife conflict” is frequently
used to describe negative encounters, although some
researchers argue that this terminology might uninten-
tionally suggest wildlife is deliberately causing problems
(Redpath et al., 2013). Other frameworks, such as “human-
wildlife coexistence” or “human-wildlife interactions,”
have been proposed to offer a more balanced view (Konig
et al., 2020).

According to the [IUCN (2020), human-wildlife conflicts
include a variety of negative interactions between people
and wildlife. These range from disputes among humans
over wildlife management to confrontations with poten-
tially dangerous or economically impactful wild animals.
The TUCN notes that conflict usually occurs when “people
react negatively to this real or perceived damage and espe-
cially if the situation becomes a recurring event” (IUCN,
2020). Unlike other conflicts, human-wildlife conflicts are
mostly unilateral, with wildlife interests represented only by
human agents (Peterson et al., 2010). Redpath et al. (2015)
provocatively suggest that nearly all (98%) human-wildlife
conflicts are human-human conflicts involving wildlife.
While this claim is controversial, it underscores the crucial
role of socio-cultural perspectives in addressing these issues
(IUCN, 2020, Peterson et al., 2010, Dickman, 2010).

Socio-cultural factors such as religious affiliation, cul-
tural beliefs, and public perceptions play key roles in shap-
ing human-animal interactions (Manfredo, 2008; Dickman,
2010). These perceptions influence whether certain wildlife
encounters are seen as conflicts and, if so, how they should
be managed (IUCN, 2020, Peterson et al., 2010). As syn-
urbization varies between cities and is highly localized, so
do human-wildlife conflicts (IUCN, 2020). Human-wildlife
conflicts in urban areas are therefore complex, embedded
within the local ecosystem, socio-cultural context, and
political system, and correctly identified as part of coupled
human and natural systems (Liu et al., 2007).

Despite emerging insights into the vital role of social
factors in nature conservation (Alberti et al., 2003; Liu et
al., 2007; Manfredo, 2008; Mascia et al., 2003; Miller &
Hobbs, 2002), they are still often ignored in urban human-
wildlife conflict studies (Magle et al., 2012). Acknowledg-
ing the dominant social component in these conflicts, social

@ Springer

sciences can provide valuable theoretical frameworks and
methodological tools to better understand their develop-
ment and find solutions (Madden, 2004; Baruch-Mordo et
al., 2009, Inskip & Zimmermann, 2009, Dickman, 2010,
Peterson et al., 2013, Madden & McQuinn, 2014).

Regarding the ecological aspect of such conflicts, recent
research on wildlife distribution in urban areas has mainly
focused on the impacts of biophysical landscape features,
such as green spaces, building density, and water bodies
(e.g., Bradsworth et al., 2021, Gras et al., 2018, Jaman et
al., 2021, Nelli et al., 2022). However, few studies have
included social factors like socio-economic status, ethnic-
ity, demographics, or education in their analyses (Baruch-
Mordo et al., 2011; Ben-Moshe & Iwamura, 2020; Davis et
al., 2012; Gilleland, 2010; Marley et al., 2017). The links
between social factors, human-wildlife conflict, and the
presence of synurbic species are still understudied, high-
lighting an important gap in our understanding of urban
ecology.

This research gap raises questions about the potential
impact of less-studied factors on wildlife distribution in
urban settings. When examining wildlife presence in urban
neighborhoods, it is important to consider not only biophys-
ical factors like water sources and green spaces but also the
characteristics of human residents. Our study aims to fill
this gap by conducting a spatial socio-ecological analysis of
urban human-wildlife conflicts, specifically focusing on the
human-wild boar conflict in Haifa, Israel.

The wild boar (Sus scrofa) is a large (20200 kg) omniv-
orous mammal (Davidson, 2021; Mendelson & Yom-Tov,
1987). 1t is one of the most widely distributed land mam-
mals, with its range greatly expanded by human activities
due to its adaptable habitat needs. The species currently
exists (wild or feral) on all continents except Antarctica
(Keuling & Leus, 2019). Boars are generalists, highly
adaptable, and reproduce rapidly (Giménez-Anaya et al.,
2008). They have the highest reproductive rate among
ungulates, with annual population growth that can exceed
100% (Bieber & Ruf, 2005). The social structure of boars
usually includes solitary adult males and herds consisting
of females with young boars and groups of male juveniles.
However, local conditions may cause deviations in this
pattern (Davidson, 2021, Maselli et al., 2014, Mendelson
& Yom-Tov, 1987).

These traits have transformed the human-boar con-
flict into one of the most difficult human-wildlife conflicts
worldwide (Davison, 2021); in fact, the annual cost of boar
damage in Europe was estimated at 80 million euros in
2010 (Apollonio et al., 2010). Mainly identified as a threat
to agricultural crops (Davison, 2021, Keuling & Leus, 2019,
Licoppe etal., 2013, Linnel et al., 2020, Massei et al., 2015),
here we focus on urban human-boar conflict.
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Boar dispersion into periurban and urban areas is facili-
tated by easy access to food and water, the absence or
limitation of hunting and predation, and the expansion
of urbanization into areas previously occupied by boars
(Licoppe et al., 2013). Although some studies claim that
boars are merely visiting urban sites, depending on natural
rather than anthropogenic resources (Stillfried et al., 2017),
it is well documented that urban boar populations are under-
going a synurbization process that includes increasing body
mass and size, dietary shifts, biometric and physiological
changes (Castillo-Contreras et al., 2021), as well as changes
in fertility and group structure (Davidson, 2021).

Human perceptions of urban boars are complex and often
conflicted. A survey in Berlin found that 36% of participants

Fig. 1 Haifa. The area bounded
by a black line is the area where
the model was conducted, as
detailed in the Methods section.
The total area within the black
line is 33.23 km?
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held conflicting views about boars in the city (Kotulski &
Konig, 2008). In Haifa, Israel, the focus of our study, the
increasing presence of boars is highly controversial. Per-
ceived as a threat by many residents, opinions vary on man-
agement strategies, ranging from eradicating them as pests,
protecting them as a natural resource, or even nurturing and
feeding them (Beeri et al., 2025).

Haifa (Fig. 1), the third-largest city in Israel, with
approximately 285,000 residents and a metropolitan area of
over one million, is situated on the slopes of Mount Carmel,
overlooking the Mediterranean Sea. It sits at an average
height of 97 m above sea level, with a wide range between
0 and 546 m due to its mountainous terrain. Haifa’s socio-
economic cluster is rated 6 out of 10 (CBS, 2021a).
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The mountainous terrain of the city features ravines
(“wadis”) that cut into the urban area (Toger et al., 2016).
These long, finger-like wadis make Haifa accessible to wild-
life entering the city, including jackals (Canis aureus), mon-
gooses (Herpestes ichneumon), porcupines (Hystrix indica),
badgers (Meles meles), rock hyrax (Procavia capensis), red
foxes (Vulpes vulpes), and many other species (Broitman
et al., 2017). Toger et al. (2018) modeled boar movement
within Haifa and found that the wadis and the city’s perme-
ability allow boars to move into the city in search of food.

Broitman et al. (2017, 2019) suggest that although prox-
imity to open and green spaces is positively linked to hous-
ing prices, wildlife presence has a negative impact. For many
years, Haifa’s boar management strategy involved culling
(Beeri et al., 2025). Studies conducted since the implemen-
tation of this policy have shown that it has altered the boars’
social structure and hormone levels. This may explain the
observed increase in reproduction rates and the growth
of the boar population (Davidson et al., 2021; Davidson,
2021). Although the culling policy was recently stopped and
then reinstated (Beeri et al., 2025), it was continuously in
use during our data collection period (2014-2016).

In similar research to the one presented here, Castillo-
Contreras et al. (2018) demonstrated how biophysical
factors create ecological corridors that facilitate boar move-
ment in Barcelona. However, this study’s social aspect was
clearly overlooked. No social factors—such as the socio-
economic status of neighborhoods or human population
density—were included in the model. Additionally, the data
used to determine the distribution of wild boars was not
the actual distribution of the animals but rather sightings
reported by citizens via phone calls to the local emergency
number (Ibid.). These reports are not randomly distrib-
uted; they reflect the distribution of human reporters, not
the boars themselves. This represents a distinctly social and
biased data source. Therefore, they should be regarded as a
proxy for the distribution of human-boar conflicts.

We provide a detailed analysis that includes both ecolog-
ical and social perspectives on boar presence in Haifa. We
examine how socio-ecological factors influence the species
distribution (i.e., where boars are likely to be found) and
conflict distribution (i.e., locations where humans report
negative encounters with boars). Specifically, we address
the following research questions:

1. What are the ecological factors affecting boar distribu-
tion within Haifa?

2. What social and ecological factors influence the spatial
distribution of human-boar conflicts?

3. How do the spatial patterns of boar distribution and
human-boar conflicts differ, and what could explain
these differences?
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To answer these questions, we developed two distribu-
tion prediction maps using Maximum Entropy (Maxent)
species distribution modeling: one showing the predicted
distribution of boars, and another illustrating the distribu-
tion of human-boar conflicts within the city. By comparing
the results of these models, we aim to clarify the complex
interaction between ecological and social factors in shaping
urban human-wildlife interactions.

Methods
Data Collection

To measure boar presence and distribution, we used data
collected by the Haifa municipality, which recorded 3,000
citizen reports to the municipal call center between January
2014 and May 2016 (unpublished data, Haifa municipality).
The call center serves as a hotline for residents to report
local issues, including roaming boars. These reports were
not collected systematically and included the date, address,
and a free-text description of the complaint. We geocoded
the data into 8-digit XY coordinates (WGS84 grid) using
the Google Maps platform. As described above, these
reports do not directly confirm the presence of boars but
rather serve as a proxy for the occurrence of the human-boar
conflict, as these calls reflect citizen complaints.

To analyze the potential impact of urban landscape char-
acteristics on conflict and estimate its socio-ecological
predictors, we characterized three aspects of the urban envi-
ronment: structural, biophysical, and social (Table 1). We
used data from various sources, including the Israel Central
Bureau of Statistics (CBS), OpenStreetMap, Isracl Nature
and Parks Authority (INPA), Society for the Protection of
Nature in Israel (SPNI), and HaMaarag — Israel’s National
Nature Assessment Program (Table 1). Each data layer was
converted into a raster with a 10x 10 m cell size, clipped
to the study areas’ boundaries, using ArcGIS Pro software
version 2.7.0 (ESRI, 2019), and R programming language
version 4.2.1 (R Core Team, 2022).

Built area density layers were generated from OpenStreet-
Map’s Israel and Palestine building layer (OpenStreetMap,
2022). The building polygons were converted into a binary
raster using the Polygon to Raster function in ArcGIS Pro.
Using the Focal Statistics function, we summed the radii of
25 neighboring cells for each cell, creating a representative
raster of built area density within a 250 m radius, following
the distances specified by Castillo-Contreras et al. (2018).

The distance to a nature reserve or an urban nature site
layer was generated using INPA’s nature reserves and parks
layer, along with SPNI’s urban nature sites layer. The lay-
ers were created with the Euclidean distance function in
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Table 1 Explanatory variables to be considered in the models

Urban context  Predictor [layer name] Description

Source

Proportion of built-up area within 250 m radius

Euclidean distance to nearest nature reserve or

Average Normalized Difference Vegetation Index

HaMaarag, unpublished

OpenStreetMap (2022), Israel
and Palestine, available at: https:/
/download.geofabrik.de/asia/israe
l-and-palestine-latest-free.shp.zip
INPA, available at:
https://www.parks.org.il/govmap/
SPNI, available at: https://mapate
va.org.il/Apps/StoryTelling/Play
List UrbanNaturelndex/
HaMaarag, unpublished

CBS 2019

Environment Elevation [Elevation] Elevation above sea level (m)
structure Slope [Slope] Slope steepness (degrees)
Built area density in 250 m search
radius [Built25]
Biophysical Distance to nature reserve/urban
environment nature [Distance] urban nature site (m)
NDVI average in 250 m search radius
[NDVI25] within 250 m radius
Social Human population [Population] Total population in statistical area

environment Human density [Density]

Socioeconomic Cluster [SE cluster]
statistical area

Population density (people/km?) in statistical area
CBS socioeconomic index (010 scale) for

ArcGIS Pro. Based on the cell size, distances are measured
on a 10 m scale. This layer primarily shows the distance
from Mount Carmel Park and from the wadis that penetrate
the city, creating corridors for boar movement (Toger et al.,
2018, Castillo-Contreras et al., 2018).

The normalized difference vegetation index (NDVI) lay-
ers were obtained from HaMaarag. They were created using
Sentinel-2 data and NDVI code in Google Earth Engine.
These layers represent the average NDVI for August-Sep-
tember 2016 (Israel’s dry season), serving as a valid proxy
for evergreen green areas that are not seasonal, making
them useful as reliable urban resources for food, canopy,
and shelter throughout the year. Using the Focal Statistics
function in ArcGIS Pro, they were transformed—similar to
the built area layers—to reflect the average NDVI within a
250 m radius.

The topographic layers (elevation and slope) were also
obtained from HaMaarag, who created them using Google
Earth Engine. We included elevation and slope because of
the landscape features of mountainous Haifa, which could
influence boar movement (Toger et al., 2018).

Demographic layers (population, density, socio-eco-
nomic cluster) were created using CBS’s statistical areas
layer (CBS, 2021b) and the socioeconomic clustering
database from 2015 (CBS, 2019). These databases were
integrated into three layers in ArcGIS Pro. CBS’s socio-
economic clustering is a 1-10 index, calculated based on
14 parameters (CBS, 2019). To include unclassified (non-
residential) areas in the model, we assigned them a rank of
0. It is important to note that, unlike the layers described
above, these layers are not processed at the cell level. The
smallest spatial units of demographic data in Israel are “sta-
tistical area” polygons, which we converted into pixels.
Although CBS (2021b) states that separation between areas

requires geographical or statistical justification, these layers
may create artificial boundaries between neighboring cells,
based on different statistical areas they correspond to.

The pixel size we used (10 % 10 m) was selected based on
the highest resolution NDVI layer available. Although we
did not apply this scale to all layers, using statistical areas
and focal statistics of 250 m, small cells still provide more
precise information about the environment of each report’s
location and enable us to conduct meaningful analysis at
higher resolutions (Hengl, 2006).

We chose not to include waterways and water bodies
in the model despite their importance in several studies
(e.g., Castillo-Contreras et al., 2018, Licoppe et al., 2013).
In Haifa, waterways and water bodies are found within
the wadis, which are already part of the model as nature
reserves and urban nature sites, serving as a proxy layer.
As Castillo-Contreras et al. (2018) reported, waterways and
streams act as corridors for boar movement in the city, a role
that the wadis in Haifa also fulfill (Toger et al., 2018).

Modelling

We generated the predicted distribution maps using the
maximum entropy species distribution modeling approach
with Maxent, version 3.4.4 (Phillips et al., 2022). Maxent
is a machine-learning model that analyzes the relationship
between spatial variables and the probability distribution
of a species (Phillips et al., 2004, 2006, 2017). Maxent’s
output provides both a distribution map of the occurrence
probability and an analysis of each environmental layer’s
contribution to the final distribution map (Elith et al., 2011;
Merow et al., 2013).

According to the protocol provided by Merow et al.
(2013), the layers were analyzed in R using Pearson’s
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Table 2 Pearson’s correlation coefficient of haifa’s environmental layers (rounded). Strongly related variables (>0.8) appear in bold. Notably, the
strong correlation between elevation and socio-economic cluster reflects the tendency of haifa’s more affluent neighborhoods to be on top of the

mountains
Built25 NDVI25 Distance Slope Elevation Population SE cluster Density
Built25 1
NDVI25 0.313 1
Distance -0.172 —0.433 1
Slope 0.051 0.226 —0.148 1
Elevation 0.302 0.668 —0.525 0.451 1
Population 0.269 0.333 -0.294 0.348 0.581 1
SE cluster 0.206 0.401 —0.355 0.403 0.834 0.756 1
Density 0.542 0.192 —0.131 0.394 0.322 0.594 0.418 1
Table 3 Summary of the models Model No. of records Background layers Excess data Proxy
produced and their components removed for
Socio-ecological 2,921 NDVI25, Built25, Distance, No Human-
model Slope, Population, SE cluster, boar
Density conflict
Ecological model 1,545 NDVI25, Built25, Distance, Duplicate presence ~ Boar
Slope records distri-
removed bution

correlation coefficient (Table 2). Although machine-learn-
ing-based models are less impacted by covariates (Elith
et al., 2011; Feng et al., 2019), we chose to exclude some
predictors if they were strongly correlated with others that
would be included in the model (>0.8, as a compromise
between Elith et al., 2006 and Dormann et al., 2013, as in
Yang et al., 2013) for more accurate results (as suggested by
Merow et al., 2013). Based on these results, we excluded
several layers from the model—specifically, we omitted the
elevation layer since, from a social perspective, it appears
less relevant than the socio-economic cluster, and biologi-
cally, elevation layers are less significant for mammal dis-
tribution (Hof et al., 2012).

The regularization values, convergence threshold, and
maximum number of iterations were all set to recommended
default values in all the models (Elith et al., 2011; Phillips
et al., 2017). All variables were assigned as continuous. To
enable the reproduction of results, we used a random seed.
Output maps were configured to Complementary log-log
regression (cloglog, which is the default option), which visu-
alizes the probability of distribution (Phillips et al., 2017).
We set the model to run 10-fold cross-validation. With this
feature, the model uses different train and test records each
run and produces more generalized and robust predictions,
as an average of the models generated in each run (Merow
et al., 2013; Phillips et al., 2006).

Addressing Biases
Maxent, along with other machine-learning models, can be

easily influenced by biased data (Elith et al., 2011; Merow et
al., 2013, Phillips et al., 2017). Therefore, it is recommended
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to maximize the accuracy of the background data to align
closely with the research’s objectives (Merow et al., 2013).

To improve the accuracy of the background data, we
clipped the background layers to only include the urbanized
areas of each city. As Hysen et al. (2022) showed, Maxent
is less sensitive to the number of background points. There-
fore, refining the background data by clipping it does not
appear to reduce the model’s accuracy. Haifa’s municipal
area contains many wadis and parts of the Carmel Forest,
which may bias the model to suggest that green areas and
NDVI negatively affect the distribution of boar sightings,
since there are almost no citizen reports from those regions.
Since presence records outside urban areas were also
excluded, the model used fewer records when background
data was clipped. The exact number of records used in each
model is detailed below (Table 3).

Although we rely on citizen reports as our main data
source for boar presence, we recognize that they are a highly
biased source. The biases in citizen reports include several
major issues: the profile of reporters, which is often influ-
enced by various social factors (e.g., Jefford et al., 2005);
pseudo-replications caused by multiple reports of a single
boar seen by different neighbors (Castillo-Contreras et al.,
2018; Toger et al., 2018); and serial complainants that skew
sampling towards their specific addresses. To address these
biases, we aimed to create a heatmap of all reports submit-
ted to the call center, regardless of their topic, to generate a
bias background layer for weighting in the model (Merow et
al., 2013; Elith et al., 2011). Unfortunately, Haifa’s munici-
pality refused our data requests.

Several researchers relying on similar data sets (citizen
reports) have proposed strategies to address these inherent
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biases. Toger et al. (2018) used a human density layer to
reduce these biases. We argue that human density alone
cannot serve as a proxy for biases, as it does not mitigate
pseudo-replications or the serial complainer’s effect. Cas-
tillo-Contreras et al. (2018) employed a buffer in space and
time (i.e., reports occurring within 500 m and two hours of
each other) to omit pseudo-replications. While this method
reduces pseudo-replication, it does not address the serial
complainer’s effect. Furthermore, this approach cannot be
applied in Haifa, as a 500 m buffer could merge sightings
from different wadis due to the fingered pattern of Haifa’s
built-up areas (Toger et al., 2016). Broitman et al. (2017,
2019) normalized boar observations using the Kernel den-
sity function in ArcGIS Pro, likely reducing the non-repet-
itive reports rather than the serial complainer’s repetitive
ones, while also amplifying the effect of the wadis. All three
methods fail to consider the factors shaping the social pro-
file of those reporting to the call center.

Configurations of Models

Due to those biases, we created separate models: one repre-
senting the conflict distribution and the other representing
the boar distribution within the city. The model representing
human-wildlife conflict simply includes all biases — since an
unreported boar is a boar that conflicts with no one, while
the reports indicate conflict. Once we apply this understand-
ing to the study, these biases are no longer biases — they
become features of the conflict that we are interested in.
Pseudo-replications are no longer considered pseudo-repli-
cations, and the focus of the model shifts from the synurbic
species to the citizens who express complaints. This is the
socio-ecological model.

In the ecological model, which represents the species
distribution within the city, we corrected for biases. The
Maxent model was configured to remove duplicate pres-
ence records (Phillips et al., 2017; Merow et al., 2013). This
feature makes random reports equivalent to serial complaint
reports and consolidates pseudo-replication into the single
pixels where they are located, significantly reducing biases.
Addressing the bias related to the social profile of those
reporting sightings (as described by Jefford et al., 2005),
we did not include social background layers in the ecologi-
cal model. Including such factors could cause the machine-
learning algorithm to weigh them as predictors of boar
distribution. Therefore, the ecological model was built and
trained using cleaned presence data, including only struc-
tural and ecological background layers (Table 3). The socio-
ecological model was built and trained using all reports and
all background layers, embracing the biases, and thus pre-
dicting the socio-ecological niche of the conflict rather than
the species itself.

Comparing Outputs

Converted output probability maps into a binary distribu-
tion map using the ArcGIS Pro Reclassifying raster tool,
based on the Maximum training sensitivity plus specificity
threshold values provided by Maxent output for each model
(Liu et al., 2005). We used the Raster calculator function to
subtract one raster from another, creating a map that visual-
izes the spatial differences between the socio-ecological and
ecological models.

Results and Interpretation

Since Maxent outputs are generated by machine learning,
they differ from traditional statistical model outputs and
require additional interpretation (Zurell et al., 2020). Each
of the model’s results is analyzed and interpreted in this sec-
tion alongside the presentation of the results, rather than in
a separate discussion section.

Here we focus on four main Maxent outputs: Predic-
tion map, Response curves, Variable contributions table,
and Jackknife test of variable importance (training gain
only). The prediction map is the ultimate output of Max-
ent — it is a map of the model’s predictions, indicating the
suitability of each cell for the species’ occurrence being
modeled. Response curves are graphs that display how each
layer affects the model. Variable contribution tables show
the percentage contribution of each layer to the model. The
jackknife test assesses the importance of each variable to
the model by testing its effect when omitted and when used
alone.

Ecological Model

The ecological model, as mentioned above, aims to depict
the distribution of Haifa’s boars. The average test AUC (dis-
crimination ability) across 10 replicate runs was 0.779, with
a standard deviation of 0.013. Figure 2 shows the predic-
tion map based on the model (Phillips et al., 2017), and Fig.
3 displays a binary distribution map derived from it using
the Maximum training sensitivity plus specificity threshold
value supplied by Maxent output, specifically for this model
(0.3875).

The following curves (Fig. 4) illustrate how each envi-
ronmental variable influences the Maxent prediction. They
show how the predicted probability of presence varies as
each environmental variable changes while keeping all
other variables at their average sample values. The model
may depend on covariates in ways that are not apparent in
the curves. The curves display the mean response from 10
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Fig. 2 Haifa’s Ecological model
prediction map, presenting the
probability of occurrence esti-
mated between 0 and 1. This map
is made of the point-wise mean
of the 10 output grids

replicate Maxent runs (red) and the mean plus or minus one
standard deviation (blue).

These curves illustrate a simplified representation of
the impact of individual variables while controlling for the
others. However, they do not capture the effect of covari-
ates. Unlike the marginal response curves described above,
each of the following curves (Fig. 5) represents a different
Maxent model built using only the corresponding variable.
These plots illustrate how the predicted suitability depends
both on the selected variable and on dependencies caused by
correlations between that variable and others.

The differences in results between the representations are
likely due to varying field conditions. While distance from
nature reserves or urban green spaces appears beneficial
after approximately 890 m in one analysis (Fig. 4), the effect
remains negative at all distances when analyzed alone (Fig.
5). The spike in boar presence at short distances probably
results from excluding non-urban areas where boars may
go unreported. Similarly, building area density exhibits a
bell curve effect, while high vegetation (NDVI) has a nega-
tive impact (Fig. 5), possibly because boars in very green
areas near reserves or urban spaces go unreported. How-
ever, when controlling for other variables (Fig. 4), vegeta-
tion consistently exhibits a positive effect on boar presence.
Essentially, boar presence seems linked to moderate urban-
ization and high vegetation levels, but very dense vegetation
may hide reports, as boars use these areas too, but may not
be reported there.

Table 4 shows the estimates of the relative contributions
of environmental variables to the Maxent model, expressed
as percentages. The model is re-evaluated using permuted
data, and the resulting decrease in AUC is listed in the table.
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Permutation importance is a method used to determine
the relative importance of different variables in a Maxent
model. In this test, each environmental variable’s values are
randomly permuted in turn. The decrease in training AUC
caused by permuting a variable indicates its permutation
importance. The greater the drop, the more important that
variable is to the model. This provides a reliable measure
of variable importance because it considers both the inde-
pendent explanatory power of a variable and its combined
effects and interactions with other variables in the model.

As we observe, the NDVI layer has the greatest contribu-
tion, showing a large gap above the other layers. The impor-
tance of these variables remained consistent throughout the
permutation trial. NDVI is the most significant factor for
boar presence, exerting a positive influence while account-
ing for other factors. This finding is supported by the jack-
knife test of variable importance (Fig. 6). When examined
alone, NDVI provides the highest gain, indicating it has the
most useful information on its own. Additionally, NDVI
causes the greatest decrease in gain when omitted, suggest-
ing it contains the most unique information not found in the
other variables.

Results from this model support previous studies. As
Castillo-Contreras et al. (2018) demonstrated, streams and
green areas are key variables in predicting boar distribu-
tion. Along with the effect of building density, which may
indicate that fragmented areas—both built and green—are
more attractive to boars, since high and low building den-
sities have an adverse effect, while areas with moderate
density have a positive effect (Figs. 4 and 5). The weaker
effect of what can be described as ecological corridors (i.e.,
distance from nature reserves, which may serve as a proxy
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Fig. 3 Haifa’s wild boar distribution according to the model’s Maximum training sensitivity plus specificity threshold value

for the wadis) can be explained by Toger et al. (2018), who
observed that Haifa is porous, with many wadis penetrating
the urban area. This may reduce the impact of this factor,
since most of Haifa is close to a wadi or a nature reserve.
However, this factor still has a positive effect on boar dis-
tribution, as noted in previous studies (Castillo-Contreras
et al., 2018, Licoppe et al., 2013, Toger et al., 2018). Addi-
tionally, our results show that slope has a minor negative

impact on distribution, but this effect appears very weak,
as reflected in the jackknife test and the contribution table.

Socio-ecological Model
The socio-ecological model aims to depict the distribu-
tion of Haifa’s human-boar conflict. The average test AUC

across 10 replicate runs is 0.778, with a standard deviation
of 0.010. Figure 7 shows the prediction map based on the
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Fig. 4 Marginal response curves of Haifa’s ecological model. These
curves illustrate the effect of changing exactly one variable at a time,
while the model may consider sets of variables changing together. The

model (Phillips et al., 2017), and Fig. 8 presents a binary
distribution map derived from the prediction map, using
the maximum training sensitivity plus specificity threshold
value provided by Maxent output for this model (0.461).

Compared to the ecological model maps, it is evident
that the conflict does not cover the entire distribution area
of boars. The following curves (Fig. 9) are the marginal
response curves. The explanation for these is the same as in
the previous section, but this time they relate to the variables
in the socio-ecological model.

The following curves (Fig. 10) represent different Max-
ent models created using only the corresponding variable.
An explanation can be found in the previous section.

The response curves of ecological factors (Figs. 9 and
10) changed little from the previous model (Fig. 5). How-
ever, their marginal response curves and relative impor-
tance changed significantly (Table 5, below). The negative
effect of slope was reduced, while the positive effect of dis-
tance>~890 m, as described above, was eliminated. The
most notable change is the positive constant effect of built
area density, which likely indicates more human-wildlife
encounters, leading to higher conflict levels.
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X axis shows the values of the variables. The Y axis displays the clo-
glog (complementary log-log regression) output—the probability of
presence, ranging from 0 to 1

The social factors need to be interpreted carefully since
the response curves are highly affected by their aggrega-
tion into statistical areas, which may explain their sharp-
overfitting turns. In the marginal response curves, they were
transformed into more continuous and theoretical represen-
tations, which are less influenced by field conditions and the
effects of the statistical areas, resulting a smoother curves.

A larger human population and more affluent socio-
economic groups are positively linked to human-wildlife
conflict. These factors are highly correlated (r=0.756), and
the population’s response curve differs from its marginal
response curve: it begins to decline at populations exceed-
ing approximately 3,500, but then sharply increases from
about 5,400 to 5,600. This significant rise is influenced
by Carmelia, a densely populated (~5,600) neighbor-
hood, rank by the CBS in the 9th (second-highest) socio-
economic cluster. Therefore, we suggest that density and
population size may both exert similar effects—higher and
lower values tend to decrease conflict, while moderate val-
ues increase it. We propose that in areas with fewer people
and lower density, conflict is less frequent due to reduced
human presence, whereas in areas with more people living
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Table 4 Ecological model’s environmental variables contributions
table. Values are the averages over 10 replicate runs
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response curves. The X-axis displays the values of the variables, while
the Y-axis shows the cloglog output—the probability of presence,
ranging from 0 to 1

at higher densities—often accompanied by dense building
patterns—conflict is also lower, likely due to reduced boar
presence. Carmelia’s exception arises from its unique char-
acteristics—a low-density, highly populated, and highly
socio-economically ranked neighborhood near a wadi. The
population effect diminishes in this neighborhood because
all other factors are positive influences.

Variable Percent contribution Permutation importance
NDVI25 56.9 51.3
Built25 222 23.8
Distance 18.1 19.7
Slope 2.9 5.2
. .
=  Builtzs
s
T
= Distance
i)
T NDVI
25
£
S
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[=
w
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Fig. 6 Haifa’s ecological model jackknife test for variable importance. Values represent averages over 10 replicate runs
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Fig. 7 Haifa’s socio-ecological
model prediction map, showing
the probability of occurrence
estimated between 0 and 1. This
map is created by averaging the
10 output grids point-wise

The positive influence of the socio-economic cluster is
significant in both curves. It is evident in the variable con-
tribution table (Table 5), where this variable has the highest
contribution, with a substantial gap above the contribution of
the other layers. Although its major contribution decreases
in the permutation trial, it remains the most important vari-
able for predicting the distribution of human-boar conflict
in Haifa.

Although the socio-economic cluster is identified by the
model as the most significant variable for predicting con-
flict, it is challenging to determine whether conflicts in
higher socio-economic clusters increase due to physical
neighborhood characteristics or if they are mainly a social
phenomenon. As seen in the marginal response curve, even
when controlling for all other variables, the high socio-
economic cluster continues to significantly contribute to
the likelihood of conflict. One might argue that this effect
results from wealthier neighborhoods where residents are
more likely to use the municipal hotline than those in less
affluent areas, or that their gardens and trash cans are more
attractive to boars. We cannot verify either claim, and it is
likely that both factors have an influence. It is also worth
noting that some anecdotal evidence, such as the activism
of neighborhood organizers encouraging residents to com-
plain about the boars, supports this observation (personal
experience).

Nevertheless, the jackknife test of variable importance
results (Fig. 11) may weaken this claim. The variable with
the highest gain when used alone is the socio-economic
cluster, indicating it holds the most useful information by
itself. However, the variable that reduces the gain the most
when omitted is the distance from nature reserves and urban

@ Springer

nature sites, suggesting it contains the most information not
captured by the other variables. It seems that removing the
socio-economic cluster hardly affects the gain.

On the other hand, when comparing the decrease across
other variables, it appears that no variable actually causes
a significant reduction when omitted (standard deviation
of 0.00725). Therefore, we cautiously conclude that a high
socio-economic cluster has a major impact on the human-
boar conflict distribution, along with human population size
and density.

Comparing Models

We used the ArcGIS Pro Raster Calculator function to sub-
tract the ecological model’s binary distribution map from
the socio-ecological model’s map. The resulting map shows
two categories: areas where the model suggests boars are
likely present but are not reported, so there is no conflict
with the local population, and areas where conflicts could
occur despite the low number of boars predicted by the
model. Clearly, the second category is nearly nonexistent.
Unlike the absence of areas in the conflict distribution but
not in the boar distribution, the many areas in the boar dis-
tribution but not in the conflict distribution tell a different
story. To highlight the main differences, we focus only on
large patches covering significant areas rather than scattered
cells or neighborhood margins.

The first differences to explain are between the University
of Haifa and the Technion (Israel Institute of Technology).
Both universities are located within the area where boars
are found, but since families rarely live in their dormitories,
they are not included in the conflict reports, as they are less
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Fig. 8 Distribution of Haifa’s human-wild boar conflict based on the model’s maximum training sensitivity plus specificity threshold

frequently reported. Additionally, at the Technion, there is
an independent and active effort to control boar entry, which
involves better waste storage and collection, electric fences,
and repairing holes in the perimeter fence. The institution
is addressing boars on its campus but does not report their
presence to the call center.

In Neve David, the most likely reason for under-report-
ing is the socio-economic cluster (3 out of 10). It is pos-
sible that although the area is suitable for boars, residents of
this neighborhood are less likely to report encounters with

them. Another possible explanation is that, despite being
a suitable area for boars, it is isolated from other suitable
regions within the distribution model maps (Fig. 3). This
explanation is less probable because there is a wadi that runs
through Neve David, connecting the neighborhood to other
urban boar habitats.

Along with Neve David, additional neighborhoods in
lower socio-economic clusters also appear as under-reported
on the differences map. These include Qiryat Eliezer,
Qiryat Eliyahu, Geula, and Ramat Vizhnitz. The last two
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{ Fig. 9 Marginal response curves of Haifa’s socio-ecological model.
These curves show the marginal effect of changing exactly one vari-
able, while the model can also analyze sets of variables changing
together. The X axis displays the values of the variables. The Y axis
shows the cloglog output — the probability of presence, ranging from
Oto1l

are Ultra-Orthodox, and further research is needed to deter-
mine whether cultural perceptions of pigs as impure animals
drive the under-reporting (personal communication), or if it
is a broader effect of the lower socio-economic status.

A significant area with under-reporting is Neve Sha’anan
and its neighboring. They fall into the 5-6th socio-economic
clusters, which are less likely to explain the under-report-
ing. It could be suggested that in these neighborhoods, the
actual number of boars is low enough that residents do not
complain. However, further research is necessary to deter-
mine the causes of under-reporting in each neighborhood
discussed in this section.

In the top northwestern part of Haifa, the different patch
represents the neighborhood called En Ha’Yam. This is a
mixed Jewish-Arab neighborhood, which, although in a mid-
dle socio-economic cluster (6), is still perceived as a minor-
ity neighborhood. Similarly, other Arab neighborhoods on
this map were indicated as non-conflicting with boars —e.g.,
Abbas and parts of the German Colony. An exception to this
pattern is Kababir, which is a mixed Jewish-Arab neighbor-
hood with a relatively high socio-economic cluster (7). As
in Ultra-Orthodox neighborhoods, the Muslim population
may under-report boars’ presence since they perceive pigs
as impure. However, these neighborhoods also include an
Arab-Christian population.

Other areas identified as under-reporting include Stella
Maris Monastery and the Baha’i Hanging Gardens, likely
because of their social isolation from the city and the munic-
ipality. Few residents live there, and they probably have
effective barriers like walls and fences.

The sites identified as under-reporting boars despite
being within their known range are promising areas for
further research. In this study, we cannot determine what
makes these locations different or how their populations
view boars. They might be places where humans and wild-
life coexist peacefully, or they could be areas where conflicts
are managed by local residents without involving municipal
authorities (e.g., Technion).

Discussion

We aimed to explore the ecological and social aspects of
urban human-wildlife conflict, recognizing that such con-
flicts cannot be understood or managed without a thorough
knowledge of the local environment and its social, cultural,

and ecological factors. The need for interdisciplinary
research in managing and making decisions about human-
wildlife interactions is already emphasized in the TUCN
(2020) recommendation for human-wildlife conflict man-
agement and is widely discussed in the literature on human-
wildlife conflicts and conservation (Alberti et al., 2003; Liu
et al., 2007; Manfredo, 2008; Mascia et al., 2003; Miller &
Hobbs, 2002; Madden, 2004; Baruch-Mordo et al., 2009,
Inskip & Zimmerman, 2009, Dickman, 2010, Peterson et
al., 2013, Madden & McQuinn, 2014).

Previous studies that included social factors in their anal-
ysis differ from this study in several key ways. Davis et al.
(2012) and Ben-Moshe and Iwamura’s (2020) studies did
not focus on conflict itself but rather on social disparities
and wildlife presence. Baruch-Mordo et al. (2011) and Mar-
ley et al. (2017), although strongly disagreeing with each
other (Dietsch et al. 2017), both only considered education
and enforcement as management tools, without examining
the role of underlying social factors influencing the con-
flict. This study’s main contribution is showing that those
factors are not just important as “external” management
tools but are actually a vital part of how those conflicts are
constructed.

Here, we demonstrate how all these issues are intercon-
nected and cannot be separated. Social disparities affect
wildlife presence (as in Davis et al., 2012 and Ben-Moshe
& Iwamura, 2020), but they also interact with factors like
the urbanization gradient (Gilleland, 2010), education
level (Baruch-Mordo et al., 2011; Marley et al., 2017), and
willingness to coexist with wildlife (Vogel et al., 2022),
with those less willing to do so submitting more reports
to municipal authorities. As a feedback loop, green areas
and wildlife presence may influence housing prices (as sug-
gested by Broitman et al., 2017, 2019), and a high occur-
rence of wildlife can lead to conflicts. Therefore, social and
ecological factors interact reciprocally.

More specifically, the material and social nature of
wealthier neighborhoods could not be separated to deter-
mine whether residents’ complaints stem from over-sensitiv-
ity to the mere presence of boars, whether the neighborhood
is more attractive to boars, or both. This ambiguity could
not be resolved with our data, and answering this question
would likely require qualitative studies that focus on resi-
dents’ attitudes and perceptions. Nonetheless, the ambiguity
remains a key aspect of the urban human-wildlife conflict
(Fig. 13).

This work is still in progress. First, we only examined
representations of representations (i.e., models of citizen
reports rather than field data). The lack of access to more reli-
able and accurate data (such as a bias map of all calls to the
call center, a more detailed description of wildlife sightings,
etc.) is a main limitation of this study. For instance, a layer
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{ Fig. 10 Response curves of Haifa’s socio-ecological model. These
curves illustrate the impact of each variable on the prediction when
used individually. Therefore, the graph of one variable may reflect cor-
relations with other variables, which can alter the results of the Mar-
ginal response curves. The X-axis shows the values of the variables,
while the Y-axis displays the cloglog output—the probability of pres-
ence, ranging from 0 to 1

showing garbage cans could have significantly improved
the model, but we were unable to obtain it. Garbage cans
likely had a notable impact on the model, as they are a
common food source for synurbic species (Luniak, 2004,
Adams, 2016). Instead of this layer, we present a careful
interpretation of the population size results, which may indi-
cate the amount of garbage in different neighborhood areas
(Wowrzeczka, 2021).

However, in many areas, high-quality data are unavail-
able. Many studies have attempted to address this issue
by using proxies instead of precise data, such as Castillo
Contreras et al. (2018), who used a cat colony layer as a
proxy for available urban food resources, or Davidson et al.
(unpublished), who used local call center reports of over-
turned garbage cans as a proxy for garbage can distribution.
The methods we employed to overcome the lack of reliable
data can be applied to explore and manage similar conflicts

Table 5 Haifa’s socio-ecological model’s environmental variables
contributions table. Values are the averages over 10 replicate runs

Variable

Percent contribution

Permutation importance

worldwide, especially where data are incomplete or prob-
lematic, as is the case here. Despite limited data, our results
are fairly consistent, robust, and intuitive, as certain trends
repeatedly emerged (e.g., NDVI, socio-economic clusters,
and other impacts), and for each trend, a reasonable expla-
nation was identified.

Recommendations

Applicational management recommendations based on the
results of this study mainly address the problematic nature
of the methods usually used for measuring the distribution
of urban human-wildlife conflicts. The biases discussed in
this article are crucial when a local authority seeks to adjust
the conventional methods to assess conflict within its area.
Here, we propose a more comprehensive (and complex)
method that is better suited to urban environments; it may
help identify, for each case, which factors are most important
for selecting management tools. It is important to emphasize
that the results of this study show that urban human-wildlife
conflicts are highly localized, and there is no single solution
that fits all conflicts (as stated by the IUCN, 2020).

In particular, we recommend that Haifa’s municipality
investigate the areas included in the wild boar distribution,
not just those in the conflict’s distribution. These areas may
shed light on the details of the conflict and offer management
tools to replicate the “success” of these areas in reducing

1 Withoutvariahle ®
| With only variable ®
With all variahles ®

SE cluster 66.3 253
Population 98 10.2 conflicts. Additionally, the municipality should recognize
Built25 7.8 16.1 that focusing on the “hot spots” of the conflict, as identi-
Distance 7 17.8 fied by conventional methods, might overlook minorities
NDVI25 43 15.7 and underprivileged neighborhoods, which may not com-
Slope 25 32 plain as much as wealthier and more prosperous neighbor-
Density 23 1.7 hoods. Therefore, Haifa’s municipality should concentrate
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Fig. 11 Haifa’s socio-ecological model jackknife test of variable importance. Values shown are the averages across 10 replicate runs
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Fig. 12 Map showing the differences in distribution between the ecological and the socio-ecological models. In yellow: areas part of the wild
boar’s range but not in the human-boar conflict range. In red: areas included in the human-boar conflict range but not in the wild boar’s range

on addressing social disparities and their connection to the
conflict.

Further research is necessary to validate our find-
ings, clarify finer details, and understand their underly-
ing mechanisms. Field surveys, public questionnaires, and
qualitative methods could help verify species and conflict
distributions, explore cultural dimensions, and examine
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diverse community perspectives on urban wildlife interac-
tions (Drury et al., 2011; Kimmig et al., 2020; Vogel et al.,
2022). Quantitative ecological approaches are also impor-
tant for testing species distribution models and investigat-
ing potential factors driving human-wildlife conflict linked
to species’ life histories, such as group behaviors or sea-
sonal and circadian patterns. Ultimately, an interdisciplinary
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Fig. 13 Visualization of the intertwining of the ecological and the
social in synurbic species. Ecology and Society are represented here
as two aspects of reality. Each can adequately explain the variable’s

approach that combines sociological, ecological, and poten-
tially political factors (Beeri et al., 2025) would improve our
understanding of this complex issue.

Urban expansion is an increasing global trend (UN, 2018,
Ritchie & Roser, 2018), threatening open landscapes
and affecting biodiversity. At the same time, cities serve
as crucial habitats for synurbic species, which are on the
rise (Luniak, 2004). As urban areas keep growing, we can
expect more synurbic species to flourish and for human-
wildlife conflicts within cities to increase (Luniak, 2004,
Adams, 2016). Studies that combine ecological and social
methods, like this one, will be increasingly important for
effective urban planning, coexistence, and “Conservation
where people live and work” (Miller & Hobbs, 2002).

Conclusion

The deep entanglement of social and ecological realms in
urban areas, which creates hybrid zones, attracts hybrid
entities we refer to as “urban wildlife”—a somewhat oxy-
moronic term. We cannot ignore the social aspect when
studying the ecological in these hybrids, as they incorporate
both. Nature-culture hybrid entities and zones, which are a
major part of living in the Anthropocene era, are becoming
increasingly visible and critical for sustainable development
(Tsing et al., 2017). Their visibility compels us to rethink
our scientific approaches and conduct more comprehensive,
interdisciplinary research that integrates both social and
ecological perspectives.

The findings of this research, along with its conceptual
implications, should motivate researchers, local authori-
ties, and nature conservation groups to give social factors as
much importance as ecological factors when studying and
managing human-wildlife conflicts. Social factors are not
only vital for addressing the human side of these conflicts
but also essential for understanding how wildlife issues
unfold in urban settings.

REALITY

NUISANCES

HUMAN WILDLIFE CONFLICT

SOCIETY

GARDENING,
OPEN GREEN AREAS

effect, but they do not explain each other (for further discussion:
Latour, 1991). Here, we demonstrated four variables: socio-economic
cluster, presence data, NDVI, and distance from a nature reserve
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