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Resumen

Antecedentes

Durante las ultimas décadas, la destruccion del habitat y diversos factores
antropogénicos han provocado modificaciones en la estructura de los ecosistemas.
Entre las especies que se han visto mas perjudicadas estarian los carnivoros, los
cuales han sufrido amenazas constantes como la persecucién directa hasta la
disminuciéon de sus poblaciones debido a la desaparicion de sus presas o0 la
fragmentacion del habitat. La desaparicion de los grandes carnivoros ha permitido que
especies de carnivoros mas pequefias, mesocarnivoros, ocupen hichos ecoldgicos
antes ocupados por estos grandes depredadores. Sin embargo, esta transicion
también ha expuesto a los mesocarnivoros a nuevas amenazas, como la caza no
selectiva y la pérdida de habitat debido a la actividad humana. Esto ha generado la
necesidad de implementar programas de monitoreo para comprender sus dindmicas
de abundancia, funciones e interacciones con otras especies y su impacto en los

ecosistemas.

El estudio de la abundancia de las especies se ha abordado desde numerosas
perspectivas, como puede ser a través de los modelos de idoneidad de habitat
derivados de los modelos de nicho ecolégico (ENM). Sin embargo, si bien se espera
una relacion positiva entre la idoneidad del hébitat y la abundancia, esta relacion
puede ser mas compleja de lo esperado debido a la informacién que nos aportan los
datos de presencia, o bien a la implicacion de factores bioticos, limitaciones de
dispersion y otras interacciones de coexistencia. Los avances tecnoldgicos y
estadisticos han mejorado la precision en la estimacion de la abundancia de las
especies. Entre ellos, el conteo fisico de individuos, el uso de indices relativos de
abundancia basados en heces o capturas de cémara trampa o la identificacion
individual mediante la extraccion de ADN de heces son usadas para evaluar la
abundancia. Sin embargo, es necesario evaluar las diferencias y las limitaciones del
uso de cada método. El uso de un método u otro puede verse limitado por el nimero
de sitios de muestreo, el numero de capturas de cada individuo, la posibilidad de
identificacion individual de la especie, y la probabilidad de deteccién entre otras.
Conocer la relacion entre diferentes métodos que estiman abundancia puede ayudar a
identificar que método se puede usar bajo diferentes escenarios. Asi, la obtencion de
los datos de abundancia se realizar4 de una forma mas eficiente y se podra estudiar

su efecto en diversos estudios que impliquen interacciones bidticas.

Estudios recientes sefialan la necesidad de incorporar variables bidticas, como la

abundancia de presas y otras especies intervinientes, para comprender mejor la
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Resumen

ocupacion de especies en un habitat. La abundancia de presas desempefia un papel
crucial en la ocupacion de depredadores, y la competencia por este recurso puede
influir en la coexistencia de especies. La particiobn de recursos y la segregacion
espacial y temporal son mecanismos clave para minimizar la competencia y facilitar la
coexistencia. Existe una compleja interaccibn entre caracteristicas del habitat,
abundancia de presas, competencia interespecifica y patrones de actividad y
ocupacion en la coexistencia de especies de carnivoros terrestres. Estos factores son
fundamentales para comprender la ecologia de las comunidades de carnivoros y

pueden tener implicaciones importantes para la conservacion de la biodiversidad.

El zorro (Vulpes vulpes) y la gardufia (Martes foina) comprenden dos de los
mesocarnivoros intragremiales mas abundantes de la Comunidad de Madrid. Ambas
especies presentan un marcado comportamiento nocturno, comparten habitat y tienen
un elevado solapamiento tréfico siendo sus presas principales los roedores
(Apodemus sylvatucus, Mus spp.) y el conejo (Oryctolagus cuniculus). Sin embargo,
algunos estudios han descrito depredacién del zorro sobre la gardufia mostrando
cierta dominancia del zorro sobre esta. Asi, el estudio de la coexistencia entre ambas
especies y los factores que la regulan es de sumo interés en areas donde los grandes

depredadores estan ausentes.
Objetivos

Dada la urgencia de comprender el estado de una amplia gama de especies y sus
roles ecolégicos, el objetivo principal de esta tesis es estudiar la relacién entre
metodologias de muestreo en la estimacion de la abundancia de especies. Se evalla
las ventajas, limitaciones, costes y esfuerzos de muestreo para estimar la abundancia
de una forma eficiente. Ademas, la incorporacion de datos de abundancia de las
especies, junto con los factores abibticos puede ser crucial para comprender las
relaciones de coexistencia entre especies que comparten el mismo nicho ecoldgico.
Para abordar este objetivo esta tesis se centra en dos de los mesocarnivoros mas
abundantes en la Comunidad de Madrid: el zorro rojo y la gardufia. En el capitulo 1
comparamos indices relativos de abundancia obtenidos mediante metodologias de
fototrampeo y conteo de excremento. Ademas se compararon los modelos de
abundancia obtenidos con los indices con aquellos que usan conteos controlando la
deteccién incompleta. En el capitulo 2 se estudia el nimero minimo de individuos
obtenidos por la metodologia de fototrampeo y genotipado de ADN extraido de
excrementos. Ademas se evalta el numero minimo de individuos como un indice de

abundancia mediante su comparacién con estimaciones de la abundancia. En ambos
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capitulo se utiliza el zorro como especie modelo. En el capitulo 3 y 4 se aborda la
implicacion de la abundancia de las especies intragremiales (zorro y gardufia) y presas
(roedores y conejo) en la ocupacibn y en las relaciones de coexistencia.
Especificamente en el capitulo 3 se evalla si la ocupacion entre zorros y gardufias
estan reguladas por la seleccion de habitat, la abundancia de presas y la dominancia
de los zorros sobre las gardufias. En el capitulo 4 se examina el solapamiento espacial
y de los patrones de actividad entre zorros, gardufias y sus principales presas
(roedores y conejos) en diferentes habitats. Ademas, se evalla la implicacion de la
abundancia relativa de ambos mesocarnivoros y presas en la superposicion espacio-

temporal entre los dos mesocarnivoros.
Metodologia

Se eligieron 18 localidades independientes dentro de la Comunidad de Madrid,
algunas de las cuales fueron muestreadas en diferentes estaciones y afios, generando
un total de 24 areas de muestreo. Estas se organizaron en tres areas geograficas:
Norte, Sureste y Suroeste, cada una con condiciones climaticas y vegetacién distintas.
El area de muestreo se delimitd mediante la disposicion de cAmaras trampa. En cada
area se colocaron entre 8 y 10 cAmaras separadas entre 450-600 metros durante 20 a
36 dias. Se asumié que el area total muestreada comprendia el minimo poligono
convexo (MCP) que abarcaba el perimetro trazado por las ubicaciones de las camaras
mas un buffer de 500 metros alrededor del MCP. Las camaras operaron las 24 horas
del dia, tomando tres fotografias secuenciales a cinco segundos de diferencia, y
registrando la fecha y hora de captura. Se colocaron dos cebos frente a la camara
(aproximadamente 2 metros), sardinas y un atrayente comercial. Se revisaron las

camaras cada cuatro a siete dias.

Especificamente, en el capitulo 1 y 2 se tomaron muestras de heces de diferentes
senderos de un kilometro de longitud. Cada sendero se subdividi6 en segmentos de
100 metros y se recogieron y cuantificaron el nimero de heces en el sendero y el

namero de segmentos marcados con heces.

En el capitulo 1 usando al zorro como especie modelo se seleccionaron 12 areas de
muestreo y 24 transectos para censo de excrementos. Estudiamos la relacion entre
diferentes indices de abundancia relativa: RAI (nGmero de capturas/ocasiones totales);
NI (namero de individuos identificados por fotografia) generados por la metodologia de
fototrampeo y NSE (numero de segmentos con heces) obtenido mediante el método

de muestreo de censo de heces. Ademas, modelamos la abundancia relativa del zorro
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en relacion a un conjunto de predictores de habitat para cada uno de los tres indices
de abundancia relativa estimados. Finalmente, comparamos los modelos de
abundancia relativa explicados para cada indice con modelos N-Mixture que estiman

la abundancia controlada para la variaciéon en la deteccion.

En el capitulo 2 usando de nuevo el zorro rojo como especie modelo y usando los
datos de siete localidades comparamos el minimo ndmero de individuos detectados.
Para ello, analizamos las caracteristicas morfoldgicas de los diferentes individuos que
aparecian en las fotografias y genotipamos ADN fecal mediante un conjunto de 16
microsatélites. Ademas usamos los modelos N-Mixture para estimar la abundancia y

estudiar su relaciéon con el nimero minimo de individuos detectados.

En el capitulo 3 se estudié como la abundancia relativa de las presas puede influir en
la ocupacion de los depredadores en un habitat. Para esto se usoé el zorro y la gardufia
como mesocarnivoros modelo y a los roedores y conejo como sus presas principales.
Utilizamos los datos de fototrampeo de las 24 areas de muestreo y realizamos
modelos de ocupacion individual para conocer la presencia de estas especies.
Examinamos variables vegetales y la abundancia relativa de presas como un factor

involucrado en la presencia del zorro rojo y la gardufia.

El capitulo 4 se centré en la coexistencia entre el zorro, gardufia, roedores y conejo.
Para ello se estudio la presencia y los patrones de actividad de las cuatro especies
usando los datos de fototrampeo de las 24 areas de muestreo durante dos periodos
estacionales (estacion calida y fria). Aplicamos modelos de ocupacién de mudltiples
especies para estudiar la presencia e interaccion entre zorros y gardufias y si esta se
veia influida por la abundancia relativa de las especies estudiadas. Ademas se estimé
coeficientes de superposicion de los patrones de actividad entre las cuatro especies
utilizando el paquete R overlap para estudiar la coexistencia temporal entre las

especies.
Resultados

Capitulo 1: No se observd una relacion positiva entre todos los indices relativos de
abundancia. Mientras que los indices derivados de fototrampeo (RAI y NI) tuvieron una
correlacion positiva entre ellos (] = 0.77), ambos indices mostraron una relacion
negativa con el indice derivado del censo de excremento (NSE) (RAI-NSE: |r| = — 0.44;
NI-NSE: |r| = - 0.33). Los modelos de abundancia relativa y los modelos de N-Mixture
mostraron una seleccion diferente de predictores para explicar las tendencias de

abundancia. De hecho, los indices NSE y RAIl seleccionaron predictores de
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abundancia (estacion y caza) los cuales en los modelos N-Mixture explicaban
variabilidad en la deteccion de zorros. Sin embargo, el indice NI y los modelos de N-
Mixture seleccionaron los mismos predictores para explicar la abundancia de zorros

(distancia a nacleos urbanos y matorral)

Capitulo 2: EI nidmero minimo de individuos (NI) identificados mediante fototrampeo
fue ligeramente mayor que el obtenido mediante el genotipado de heces de ADN, con
23.66 y 19 individuos, respectivamente. Ademas, la abundancia estimada mediante los
modelos N-Mixture y el NI detectados mediante la captura con camaras mostraron
una relacion positiva (Jr] = 0.68; p-). Sin embargo, hubo una relacién negativa no
significativa entre los NI detectados por ambas metodologias (|r|] = -0.07) y por NI del
ADN fecal y las estimaciones de abundancia (|r|= -0.32).

Capitulo 3: El zorro y la gardufia seleccionaron caracteristicas de habitat similares que
sus presas en funcion del area de estudio. En el norte y sureste de la Comunidad de
Madrid los mesocarnivoros seleccionaron habitat ocupados por roedores (bosque de
pino; bosques de Quercus ilex y areas urbanizadas) mientras que en suroeste
eligieron zonas ocupadas por conejo (zonas con mayor abundancia de conejo y
matorral). El zorro selecciono sitios con una mayor abundancia de roedores en el norte
y sureste mientras que en el suroeste selecciono sitios con mayor abundancia de
conejos. Sin embargo, la gardufia no siguié este patrén en el norte y sureste y
selecciond los mismos habitats que los roedores pero sin seleccionar sitios con mayor

abundancia de esta presa.

Capitulo 4: Se observo una relacién espacial positiva entre ambos mesocarnivoros.
Asi la ocupacion de la gardufia era mayor en areas donde el zorro estaba presente.
Los resultados mostraron una interaccion espacial positiva: la ocupacion de las
gardufias aument6 en areas donde estaban presentes los zorros. Asi la probabilidad
condicionada de la gardufia en presencia de zorro fue de 0.488, mientras que en
ausencia de zorro fue de 0.283. Ademas, la ocupacion del mismo sitio aumento
cuando ambas especies eran mas abundantes (p = 0.325). El zorro y la garduia
tuvieron un patrén de actividad nocturno. Sin embargo, ambos mesocarnivoros
mostraron una baja superposicion temporal independientemente de la estacion y del
area de muestreo. Sus patrones de actividad fueron mas dispares cuando la
abundancia relativa de ambos mesocarnivoros era mayor. El solapamiento temporal
entre zorros y roedores siguié un patron estacional siendo mayor en los meses de
invierno. El solapamiento temporal entre roedores y gardufia fue mayor cuando el

solapamiento temporal entre zorros y roedores era menor.
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Conclusiones

Esta tesis destaca la necesidad de seleccionar métodos de muestreo adecuados para
estudiar la abundancia. Diferentes métodos pueden proporcionar resultados dispares
debido a sus requerimientos y limitaciones inherentes. Por lo tanto, es muy importante
seleccionar cuidadosamente la técnica usada dependiendo de objetivos especificos de
investigacion y la especie en estudio. Independientemente del método usado es
imprescindible controlar la variabilidad de deteccién para una modelizacién precisa de
la abundancia. De hecho, cuando métodos de muestreos de abundancia mas
sofisticados no pueden ser implementados, el indice no invasivo minimo namero de
individuos (NI) puede ser una alternativa fiable para estudiar la variacion de
abundancia de las especies foto-identificadas. Este indice muestra una correlacion
positiva con la abundancia real y no se ve influenciado por el sesgo de deteccion. Sin
embargo, si se elige métodos basados en capturas por ocasion, se sugiere un
procesamiento de datos que implique un control de la variacion en la deteccion. El uso
de las heces para el estudio de la abundancia puede verse influido por el disefio de
muestreo. Los disefios de muestreo que se centran en transectos en lugar de
senderos existentes, probablemente aumentaria la variabilidad de heces encontradas
al reducir el sesgo causado por individuos que marcan con mas intensidad a lo largo
de los senderos. Del mismo modo, es necesario realizar mas investigaciones para
comparar la relacion costo-eficacia de los nuevos métodos genéticos con la
metodologia de foto-trampeo con el fin de establecer los pros y contras de cada uno.
Una estimacién eficiente de la abundancia ayudaria a incorporar estos datos en
estudios relacionados con las interacciones y coexistencia entre especies. La
adaptabilidad ecol6gica de los mesocarnivoros hace que estudiar su coexistencia y los
factores biolégicos que la impulsan sea de interés para comprender su papel dentro de
diferentes ecosistemas. Dentro de los mecanismos de coexistencia, la ocupacion de
las especies dominantes puede seguir un patrén dirigido principalmente por la
abundancia de alimentos, mientras que las especies subordinadas tendrian patrones
més complejos dependientes de la interaccién con competidores dominantes. Cuando
las especies tienen un solapamiento de habitat y tréfico significativo, la segregacion
temporal puede ser el mecanismo que permite la coexistencia entre competidores. Las
especies dominantes pueden ajustar sus patrones de actividad con los patrones de
actividad de sus presas, teniendo una mayor disponibilidad de alimento. Sin embargo,
las especies subordinadas adaptan sus patrones para priorizar habitats de bajo riesgo
de interacciones con sus competidores a pesar de tener una menor disponibilidad de

recursos alimenticios. En las zonas de la Comunidad de Madrid estudiadas bajo la
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ausencia de carnivoros superiores, el zorro puede estar ejerciendo un papel de
carnivoro dominante e influir significativamente en las relaciones de coexistencia con

la garduia.
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Background

Over the past few decades, habitat destruction and anthropogenic factors have
modified the structure of ecosystems. Among the species most affected are carnivores,
which have faced constant threats from population declines due to the disappearance
of their prey or habitat fragmentation. The disappearance of large carnivores has
allowed smaller carnivores, or mesocarnivores, to occupy ecological niches abandoned
by these large predators. However, this transition has exposed mesocarnivores to new
threats, such as non-selective hunting and habitat loss due to human activity. This has
generated the need to implement monitoring programs to understand their dynamics of

abundance, functions, interactions with other species, and impact on ecosystems.

The study of species abundance has been approached from numerous perspectives,
such as through habitat suitability models derived from ecological niche models (ENM).
While a positive relationship between habitat suitability and abundance is expected,
this relationship can be more complex. The information provided by presence/absent
data the involvement of biotic factors, dispersal limitations, and other coexistence
interactions can affect this positive relationship. Technological and statistical advances
have improved the precision in estimating species abundance. Among these, physical
counts of individuals, as well as the use of relative abundance indices based on scat or
camera trap captures, or individual identification through DNA extraction from scat,
which are used to evaluate abundance. However, it is necessary to assess the
differences and limitations of each method. The use of one method or another may be
limited by the number of sampling sites, the number of captures of each individual, the
possibility of individual identification of the species, or the detection probability, among
others. Understanding the relationship between the different methods that estimate
abundance can identify which method can be used under different scenarios. As a
result, obtaining abundance data will be more efficient, and it's effect can be seen in

various studies related to biotic interactions.

Recent studies show the need to incorporate biotic variables, such as the abundance
of prey and other coexisted species, to better understand species occupation in a
habitat. The abundance of prey plays a crucial role in predator occupation, and
competition for this resource can influence species coexistence. Resource partitioning
and spatial and temporal segregation are mechanisms to minimize competition and
facilitate coexistence. There is a complex interaction between habitat characteristics,
prey abundance, interspecific competition, and patterns of activity and occupation in

the coexistence of terrestrial carnivore species. These factors are fundamental to
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understanding the ecology of carnivore communities and can have important

implications for biodiversity conservation.

The red fox and the stone marten (Martes foina) are two of the most abundant
intraguild mesocarnivores in the Community of Madrid. Both species have nocturnal
behaviour, share habitats, and have a high trophic overlap, with their main prey being
rodents (Apodemus sylvaticus, Mus spp.) and rabbits (Oryctolagus cuniculus).
However, some studies have described predation of the stone marten by the red fox,
indicating a certain dominance of the fox over the marten. Thus, the study of the
coexistence between these two species and the factors driving it is of great interest in
areas where large predators are absent.

Objectives

Given the urgency of understanding the status of a wide range of species and their
ecological roles, the main objective of this thesis is to study the relationship between
sampling methodologies to estimate species abundance. The advantages, limitations,
costs, and sampling efforts for efficiently estimating abundance are evaluated.
Additionally, incorporating species abundance data along with abiotic factors can be
crucial for understanding the coexistence relationships between species that share the
same ecological niche. To address this objective, this thesis focuses on two
mesocarnivores: the red fox and the stone marten. In Chapter 1, we compare relative
abundance indices obtained through camera-trapping and scat counts methods.
Additionally, we compare abundance models obtained with these indices to those using
counts that control imperfect detection. In Chapter 2, the minimum number of
individuals obtained through camera-trapping and DNA genotyping from scat is
studied. Moreover, the minimum number of individuals is evaluated as an abundance
index by comparing it with abundance estimates. In both chapters, the red fox is used
as a model species. Chapters 3 and 4 address the implications of the abundance of
intraguild species (fox and marten) and prey (rodents and rabbits) on occupancy and
coexistence relationships. Specifically, in Chapter 3, we evaluate whether the
occupancy of foxes and martens is regulated by habitat selection, prey abundance, and
fox dominance over martens. In Chapter 4, we examine the spatial overlap and activity
patterns between foxes, martens, and their main prey (rodents and rabbits) in different
habitats. Finally, we assess the implications of the relative abundance of both
mesocarnivores and prey in the spatiotemporal overlap between the two

mesocarnivores.
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Methodology

Eighteen independent locations within the Community of Madrid were selected, some
of which were sampled in different seasons and years, including a total of 24 sampling
areas. These were encompassed into three geographic areas: north, southeast, and
southwest, each with different climatic and vegetation characteristics. The sampling
area was delimited by the arrangement of camera traps. In each area, between 8 and
10 cameras were placed 450-600 metres apart for 20 to 36 days. It was assumed that
the total sampled area comprised the minimum convex polygon (MCP) encompassing
the perimeter outlined by the camera locations plus a 500-metre buffer around the
MCP. The cameras operated 24 hours a day, taking three sequential photographs at
five-second intervals, and recording the date and time of capture. Two baits were
placed in front of the camera (approximately 2 metres away), sardines and a
commercial attractant. The cameras were checked every four to seven days.
Specifically, as discussed in chapters 1 and 2, faecal samples were taken from
different trails one kilometre in length. Each trail was subdivided into 100-metre
segments, and the number of scats on the trail and the number of segments marked

with scats were collected and quantified.

In Chapter 1, using the fox as a model species, 12 sampling areas and 24 transects for
scat census were selected. We studied the relationship between different relative
abundance indices: RAI (number of captures/total occasions); NI (number of individuals
identified by photograph) generated by the camera-trapping methodology and NSE
(number of segments with scats) obtained through the scat census sampling method.
Additionally, we modelled the relative abundance of the fox in relation to a set of habitat
predictors for each of the three estimated relative abundance indices. Finally, we
compared the relative abundance models explained for each index with N-Mixture

models that estimate abundance controlled for variation in detection.

In Chapter 2, again using the red fox as a model species and using data from seven
locations, we compared the minimum number of individuals detected. For this, we
analysed the morphological characteristics of the different individuals captured in the
photographs and genotyped faecal DNA using a set of 16 microsatellites. We also used
N-Mixture models to estimate abundance and study its relationship with the minimum

number of individuals detected.

In Chapter 3, we studied how the relative abundance of prey can influence the

occupancy of predators in a habitat. For this, the fox and stone marten were used as
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model mesocarnivores and rodents and rabbits as their main prey. We used camera-
trapping data from the 24 sampling areas and conducted individual occupancy models
to determine the presence of these species. We examined vegetation variables and the
relative abundance of prey as a factor involved in the presence of the red fox and stone

marten.

Chapter 4 focused on the coexistence between the fox, stone marten, rodents, and
rabbits. We studied the presence and activity patterns of the four species using
camera-trapping data from the 24 sampling areas during two seasonal periods (warm
and cold seasons). We applied multi-species occupancy models to study the presence
and interaction between foxes and martens. We evaluated whether the relative
abundance of both mesocarnivores influence in their interactions. Additionally, we
estimated the coefficients of overlap of the activity patterns among the four species

using the R package overlap to study the temporal coexistence between the species.
Results

Chapter 1: No positive relationship was observed among all the relative abundance
indices. While the indices derived from camera-trapping (RAI and NI) were positively
correlated with each other (Jr| = 0.77), both indices showed a negative relationship with
the index derived from scat census (NSE) (RAI-NSE: |r] = —=0.44; NI-NSE: |r] = —0.33).
The relative abundance models and the N-Mixture models showed different selections
of predictors to explain abundance pattern. In fact, the NSE and RAI indices selected
predictors of abundance (season and hunting), which in the N-Mixture models
explained variability in fox detection. However, the NI index and the N-Mixture models
selected the same predictors to explain fox abundance (distance to urban centres and

scrubland).

Chapter 2: The minimum number of individuals (NI) identified by camera-trapping was
slightly higher than that obtained through faecal DNA genotyping, with 23.66 and 19
individuals, respectively. Additionally, the abundance estimated by the N-Mixture
models and the NI detected by camera-trapping showed a positive relationship (|r] =
0.68). However, there was a non-significant negative relationship between the NI
detected by both methodologies (Jr| = -0.07) and between the NI from faecal DNA and

the abundance estimates (|r| = -0.32).

Chapter 3: Foxes and stone martens selected habitat characteristics similar to their
prey depending on the study area. In the north and southeast of the Community of

Madrid, the mesocarnivores selected habitats occupied by rodents (pine forest;

14



Abstract

Quercus ilex forests and urban areas), while in the southwest, they chose areas
occupied by rabbits (areas with higher rabbit abundance and scrubland). Foxes
selected sites with a higher abundance of rodents in the north and southeast, while
they selected sites with higher rabbit abundance in the southwest. However, stone
martens did not follow this pattern in the north and southeast, selecting the same
habitats as rodents but not selecting sites with higher rodent abundance.

Chapter 4: A positive spatial relationship was observed between both mesocarnivores.
Thus, the occupancy of stone martens was higher in areas where foxes were present.
The results showed a positive spatial interaction: the occupancy of stone martens
increased in areas where foxes were present. The conditional probability of stone
marten occupancy in the presence of foxes was 0.488, while in the absence of foxes, it
was 0.283. Additionally, co-occupancy increased when both species were more
abundant (p = 0.325). Both foxes and stone martens had a nocturnal activity pattern.
However, both mesocarnivores showed low temporal overlap regardless of season and
sampling area. Their activity patterns were more disparate when the relative
abundance of both mesocarnivores was higher. The temporal overlap between foxes
and rodents followed a seasonal pattern, being greater in the winter months. The
temporal overlap between rodents and stone martens was higher when the temporal

overlap between foxes and rodents was lower.

Conclusions

This thesis highlights the need to select appropriate sampling methods to study
abundance. Different methods can provide disparate results due to their inherent
requirements and limitations. Therefore, it is very important to carefully select the
technique used depending on the specific research objectives and the species under
study. Regardless of the method used, it is essential to control for detection variability
for accurate abundance modelling. In fact, when more sophisticated abundance
sampling methods cannot be implemented, the non-invasive minimum number of
individuals index (NI) can be a reliable alternative for studying the variation in
abundance of photo-identified species. This index shows a positive correlation with
actual abundance and is not influenced by detection bias. However, if methods based
on captures per occasion are chosen, data processing that involves controlling for
detection variation is suggested. The use of scats to study abundance can be
influenced by sampling design. Sampling designs that focus on transects rather than
existing trails are likely to increase the variability of scats found by reducing the bias

caused by individuals marking more intensively along trails. Similarly, further research
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is needed to compare the cost-effectiveness of new genetic methods with camera-
trapping methodology to establish the pros and cons of each. Efficient abundance
estimation would help incorporate this data into studies related to species interactions
and coexistence. The ecological adaptability of mesocarnivores makes studying their
coexistence and the biological factors driving it of interest to understand their role
within different ecosystems. Among coexistence mechanisms, the occupancy of
dominant species may follow a pattern mainly driven by food abundance, while the
subordinate species may have more complex patterns dependent on interaction with
dominant competitors. When species have significant habitat and trophic overlap,
temporal segregation may be the mechanism allowing coexistence among competitors.
Dominant species may adjust their activity patterns to match those of their prey, having
greater food availability. However, subordinate species adapt their patterns to prioritise
low-risk habitats of interaction with competitors despite having lower food resource
availability. In the areas of the Community of Madrid studied, in the absence of higher
carnivores, the fox may be playing the role of a dominant carnivore, significantly

influencing a coexistence relationship with the stone marten.
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Background

Loss of carnivore biodiversity

During the last decades, anthropogenic-driven agents of environmental change such
as global warming, habitat destruction, invasive species, pollution and the
overexploitation of resources have all seen a substantial rise causing the loss of
biodiversity (Habibullah et al. 2022). In the Mediterranean regions, the impact of these
global threats has particularly caused significant modifications in the structure and
organisation of terrestrial ecosystems (Pefiuelas et al. 2017), with the loss of habitat for
many wildlife species (Bermudez 2001; Valladares 2007; Portner et al. 2022).

Other human-driven impacts, stemming from competition with wildlife species for
shared resources, also frequently cause conservation conflicts with detrimental effects
for wildlife species. This is particularly evident with mammalian carnivores that, due to
their predatory behaviour, target game and domestic species (Lozano et al. 2019).
Consequently, 60% of carnivore species are classified as vulnerable, endangered, or
critically endangered on the IUCN Red List, and 70% have experienced population
declines (Ripple 2014; Trouwborst 2015).

Despite persecution and negative perceptions, carnivore species play a vital role in
ecosystems (Terborgh et al. 1999; Ray et al. 2013). By regulating prey populations
they trigger cascade effects throughout food chains (Beschta and Ripple 2009; Estes et
al. 2011). This important function has received increased attention on the conservation
of carnivores and their habitats (LCIE.org 2013; Ripple et al. 2014; Papp et al. 2020).
Protecting carnivore areas benefits other coexisting species through a process known

as the 'umbrella effect' (Noss et al. 1996).

Among carnivore species, the population of large carnivores have suffered significant
declines worldwide (Ripple et al. 2014) due to habitat loss, human persecution,
removal of prey presence or reductions of prey abundance (Gittleman et al. 2001; Wolf
and Ripple et al. 2016; Wolf and Ripple et al. 2017). A consequence of the decline of
large carnivores is a phenomenon called 'meso-predator release’ (Ritchie and Johnson
2009; Brashares et al. 2010; Prugh et al. 2009). With less predation pressure from
apex carnivores, the populations of smaller carnivore species can surge, which alters

the entire trophic community (Prugh et al. 2009). .

Mesocarnivores, defined as carnivore species weighing less than 15 kg, are

characterized by a remarkable diversity, richness, and greater behavioural and
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ecological versatility compared to larger carnivores (Roemer et al. 2009).
Mesocarnivores play crucial roles in various ecosystem functions. Notably, they can
influence soil nutrient availability by altering plant composition and nutrient cycling
(Roemer et al. 2009). Additionally, they may facilitate seed dispersal over longer
distances, either directly or by preying on seed dispersing animals (Herrera 1989;
Silverstein 2005; Jordano et al. 2007). However, mesocarnivores can also have
negative impacts in the abundance and distribution of prey, and even lead to the
extinction of native species when introduced as exotic predators (Johnson 2006; Letnic
and Dickman 2010). Due to this potential duality, the role of mesocarnivores remains a
topic of ongoing debate. Further research is required to fully understand their

abundance dynamics, functions, and interactions with other species.

In the Iberian Peninsula, large carnivores like the wolf (Canis lupus) and the Iberian
lynx (Lynx pardinus) (Blanco et al. 1992; Delibes et al. 2000; Molsher et al. 2017) were
extirpated from many areas. Consequently, this loss of apex predators allowed
mesocarnivores to fill the vacant ecological niches. The emergence of mesocarnivores
led to new interactions and ecological roles among predators, impacting local

ecosystem functions and dynamics (Monterroso et al. 2020).

The Iberian Peninsula is home to two relevant and abundant mesocarnivores: the red
fox (Vulpes vulpes) and the stone marten (Martes foina). The stone marten, a member
of the Mustelidae family, is a generalist that thrives in a wide range of habitats across
its distribution range (Virgés and Garcia 2002; Santos and Santos-Reis 2010). It
weights between 1.100-2.500 g for males and 900-1.400 g for females. With a
remarkable diet adaptability, the primary prey of the stone marten are micromammals
such as Apodemus and Microtus, but its diet also includes small and medium-sized
birds and reptiles, and fruits, with seasonal variations (Genovesi et al. 1996;
Bakaloudis et al. 2012).

The red fox, on the other hand is a member of the family Canidae and the sole
representative of the genus Vulpes in the Iberian Peninsula. Males typically weigh
around 8.6 Kg and females are slightly smaller at 7.8 Kg (Gortazar 2007). The fox is
broadly distributed throughout the Iberian Peninsula and selects heterogeneous
habitats (Virgds et al. 2002; Pita et al. 2009; Pereira et al. 2012). Well known for its
opportunistic foraging behaviour, the red fox selects prey according to the relative
abundance of available food sources (Diaz-Ruiz et al. 2013). Rabbits (Oryctolagus
cuniculus), micromammals, fruits, and invertebrates, are all part of the fox diet in the

Iberian Peninsula (Padial et al. 2002; Delibes-Mateos et al. 2008; Diaz-Ruiz et al.
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2013). Additionally, this dietary flexibility extends to scavenging carrion and consuming
anthropogenic waste in human-dominated environments (Lucherini and Lovari 1995;
Jankowiak et al. 2016).

While mesocarnivores may benefit from the loss or decline of large carnivores through
the 'meso-predator release’ effect (Prugh and Sivy 2020), they also face threats from
humans. The use of non-selective hunting techniques such as snares traps or poisons
significantly reduce their populations (Virgdés and Travaini 2005). Habitat fragmentation
caused by human fragmentation also restricts their movements and resources (Virgos
et al. 2002). Additionally, intra and inter specific (within and between species,
respectively) competition and interactions can further exacerbate population decline
(Remonti et al. 2022). Therefore, monitoring programs of mesocarnivore populations is
crucial for understanding the patterns and factors influencing their abundance and the
potential consequences for ecosystem function. In this vein, sampling methods have
been developed over the last decades to estimate species abundance (MacKenzie et
al. 2002; Royle and Nichols 2003; Efford et al. 2004; O'Brien 2011; Jiménez et al.
2019). However, there is still a need for comparative studies to evaluate the most cost-
effective and reliable methods for conducting abundance estimates. Accurate
estimates of mesocarnivore species abundance are essential for understanding how
they respond to their environment and to inform effective management and

conservation programs.

Abundance data are often used to identify the population status of a species and its
interactions with the physical environment. These data are also valuable for
determining the nature and strength of relationships between species, including their
ability to coexist (Chase et al. 2002). Processes such as competition, coexistence, and
predation between species sharing the same habitat can be substantially affected by
the abundance of resources and the species involved in these ecological interactions
(Amarasekare 2008; Kendall et al. 2012; Barrull et al. 2014). Moreover, these
relationships often show variation depending on specific locations, habitat type,
productivity, and other contextual factors (Virgés et al. 2002; Pita et al. 2009; Carbone
et al. 2011; Ripple et al. 2013). Understanding these relationships between species is
vital for delineating species’ ecological niche (Elton 1957; Hutchinson 1957; Soberdn
2010), including competitive interactions, coexistence mechanisms, and predator-prey
dynamics within a shared habitat (i.e. the physical environment that allows organisms
to survive and reproduce). Moreover, comprehending the biotic and abiotic factors

influencing these relationships is essential for accurately interpreting each species' role
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in the ecosystem. This knowledge is fundamental for developing specific conservation
and management strategies that ensure a healthy and balanced ecosystem.

Ecological niche models (ENMs) and abundance

Hutchinson (1957) built upon the concept of the ecological niche as an n-dimensional
hyper volume. Each dimension represents an environmental factor crucial for a

species' survival and reproduction. He further distinguished two types of niche:

1. The fundamental niche (NF), building on Grinnell's (1917) niche concept,
encompasses the abiotic variables (environmental conditions) and scenopoietic
variables (factors unrelated to species interactions) that define the theoretical
conditions where a species could exist and thrive in the absence of competition
or other interactions with other species.

2. The realized niche (NR), building upon Elton's (1927) niche concept, reflects a
species' actual ecological niche. Unlike the fundamental niche, the realized
niche incorporates biotic interactions (bionomic variables) alongside abiotic
conditions. These biotic factors encompass competition, predation, mutualism,

and diseases (Vandermeer 1972).

The ecological niche concept links a set of environmental variables to a species’ ability
to survive and reproduce, also known as fithess (Hizel and Lay 2008). Ecological niche
models (ENMs) take observations of a species occurrence and absence and relate
them to its environment. This approach allows estimating aspects of the species’ niche
across space and time (Brown and Griscom 2022). The main goal of ENM is to create
a map showing the probability of a species’ presence at each geographic location. This
map is built based on the abiotic variables that define the species’ ecological niche
(Wiens et al. 2010; Becerra-Lépez et al. 2017). Multiple available modelling
approaches use either species’ presence-only or both presence and absence data to
project the potential distribution of suitable habitat for the species across the

geographic landscape (Rios-Mufioz et al. 2021).

Several limitations need to be considered when using ENMs for niche modelling
(Sillero et al. 2021). Most models rely solely on abiotic variables, which define the
fundamental niche. However, the biotic relationships between the species and
accessibility of areas are also crucial factors to model the realized niche where a
species actually thrives (Sober6n and Peterson 2005; Peterson et al. 2011). This
limitation stems from the challenges of measuring biotic variables, their geographical

accessibility, and the lack of knowledge for some species (Soberén and Peterson
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2005; Soberén 2007). Consequently, models using only abiotic variables may have
limited explanatory and predictive accuracy in explaining species distributions (Rios-
Mufioz et al. 2021). Furthermore, presence data in ENMs might not always represent
optimal environmental conditions for a species’ ecological niche. For instance,
presence data can come from sink populations, which exist in very low-quality habitats
that would not typically support a population. In such cases, the presence data would
reflect areas accessible to the species but with suboptimal variables for its ecological
niche (Pulliam 1988; Clark et al. 1993).

Ecological niche models are widely used to model and map species distributions, but
the link between these models and the species’ remains a topic of investigation (Weber
et al. 2017). Habitat suitability models derived from ENM offer an approach to identify
the spatial variation of a species abundance within a population (VanDerWal et al.
2009; Weber and Grelle 2012; Pérez-Irineo et al. 2019; Fuente et al. 2021). In fact,
both abundance and distribution are ultimately limited by the combination of physical
and biotic environmental factors defining a species’ niche (Brown 1984; Fuente et al.
2021). Weber et al. (2017) found a positive relationship between abundance and
environmental suitability. Brown (1984) further proposed that the specific spatial
distribution of abundance depends on the number and nature of environmental factors
shaping the niche, as well as the spatial variations of these factors. Distance-
abundance niche theory (Maguire 1973) suggests that abundance at a patrticular site
should be related to its environmental position within the niche space. Sites with
environments closest to the centre of the fundamental niche, where species fitness is
expected to be highest, would then harbour the highest population densities (Martinez-
Meyer et al. 2013; Osorio-Olvera et al. 2019). However, this theory is controversial and
has been contested by other studies (Sagarin and Gaines 2002; Dallas et al. 2017;
Dallas and Hastings 2018; Santini et al. 2018).

Gathering data on how a species’ abundance varies across its geographic range can
be a significant challenge due to the high costs and logistic efforts involved (Soberén
and Peterson 2004). This challenge leads to a critical question: can habitat suitability
models, built using presence-only data, provide insights into local abundance patterns?
(Jiménez-Valverde 2011). Intuitively, this might seem unlikely in many cases. Sites with
higher environmental suitability likely represent the best environmental conditions for a
species, leading to larger populations. Conversely, areas with lower environmental
suitability are expected to support smaller populations (VanDerWal et al. 2009; Weber
et al. 2017). This suggests a positive relationship with abundance, which could be

linear (Pearce and Ferrier 2001; Nielsen et al. 2005; Jiménez-Valverde et al. 2009) or
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more moderate (Seoane et al. 2005; Telleria et al. 2012). Some studies have even
suggested that high species abundance may be associated with low habitat suitability
values, suggesting a more complex interplay between niche suitability, abundance, and
species fitness (Morris 1989; Gergs et al. 2014; Aliperti et al. 2022). Certain abiotic
factors, biotic interactions, or limitations on dispersal can potentially restrict the
abundance in otherwise suitable areas (Soberén and Peterson 2005; VanDerWal et al.
2009; Torres et al. 2012; Osorio-Olvera et al. 2016; Dallas and Hastings 2017). In fact,
the predicted environmental suitability often reflects the upper limit of abundance for a
species in a given location rather than the mean abundance (VanDerWal et al. 2009;
Acevedo et al. 2017).

Abundance estimation

Ecologists have developed various methods to directly assess species abundance.
These methods can involve physically counting individuals or using relative abundance
indices based on indicators such as scat counts or camera trap captures (Karanth and
Nichols 1998; Cavallini 1994; Virgos et al. 2000; Palmer et al. 2018). Recent
technological and statistical advancements have revolutionized the study of species
abundance, particularly through individual identification of animals. These methods
include camera-trapping, which allows researchers to identify animals based on unique
physical characteristics like body size, age, markings, tail features, or any other trait.
Another widely used non-invasive technique involves extracting DNA from scats for
individual identification (Karanth and Nichols 1998; Jackson et al. 2006; Mondol et al.
2009; Galaverni et al. 2012). Data on identified individuals from these methods are
then incorporated into capture-recapture models to estimate species abundance or
other population parameter of interest like birth and mortality rates, as well as

immigration and emigration rates.

Recent advancements in capture-recapture methods, particularly those incorporating
spatially capture-recapture (SCR) techniques, have significantly improved our ability to
assess species abundance. These technigues account for the variations in detection
probability across an area, providing more accurate and comprehensive abundance
estimates (O'Brien et al. 2011; Morin et al. 2016; Burgar et al. 2018; Davis et al. 2022).

Also, SCR methods address spatial limitations of conventional capture-recapture
techniques (Borchers and Efford 2008; Royle et al. 2014). Traditional capture-recapture
methods often neglect the spatial distribution and structure of the data. Additionally,
traditional methods fail to link between abundance and sampling area. This can lead to

arbitrary estimates. Furthermore, abundance estimates in standard capture-recapture
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methods depend on the size of the capture grid. Thus, traditional methods require a
grid size at least four times larger than an individual's home range to avoid biases in
density estimation (Sollmann et al. 2012; Royle et al. 2014; Roffler et al. 2019).
However, SCR methods also come with certain assumptions that can be challenging.
Maintain key assumptions, such as demographic and geographic closure, random
distribution of activity centres, and a decrease in detection probability with distance,
can be difficult through a study (Royle and Andrew 2013). SCR methods also require
substantial sampling effort, with typically a minimum of 20-25 recaptures, including
spatial recaptures, to accurately model movement patterns (Efford et al. 2004; Efford et
al. 2009). Alternatively, movement data from telemetry tags can be incorporated to

enhance abundance estimates (Jiménez et al. 2019a).

If individual identification or species’ range is unknown, employing traditional capture-
recapture methods or spatially explicit capture-recapture (SCR) methods becomes
impractical. In such cases, techniques such as N-Mixture models offer a valuable
alternative. N-Mixture models use data from spatially-replicated count surveys to
estimate population size while accounting for the detection process (Royle 2004;
Ficetola et al. 2018; Kidwai et al. 2019; Costa et al. 2020). However, these methods
have limitations. To account for imperfect detection, a substantial number of spatially
replicated surveys are typically required, often exceeding 20 sites (Kéry and Schaub
2012). Additionally, a high probability of detection is necessary for reliable abundance
estimates (Royle 2004; Veech et al. 2016).

When implementing more robust methods for studying species abundance are
impractical, indices of relative abundance can be a practical and valuable alternative,
especially for species that are difficult to monitor or capture (Williams et al. 2002;
O'Brien 2011). Common alternatives are faecal counts along transects and capture
rates in camera traps (Barea-Azcon et al. 2007; Palmer et al. 2018). These indices
often correlate positively with population size (Caughley and Sinclair 1994), meaning
changes in index values typically reflect changes in true abundance (Romesburg 1981,
Anderson 2003). However, this relationship is not always constant or positive across
species or over time (O'Brien 2011). Moreover, different indices can respond differently
to the same habitat characteristics, requiring careful selection of habitat predictors to
explain abundance patterns specific to the chosen index (Martin-Garcia et al. 2022). A
major limitation of these indices is their tendency to underestimate population size
when detection probability is less than 1 or varies over time (O'Brien 2011). Detection
variability is influenced by factors influencing count variations, not just changes in
species abundance (Pollock et al. 2002; Gu and Swihart 2004; Royle et al. 2005).
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Furthermore, the effectiveness of these sampling techniques can be constrained under
certain conditions, impacting the reliability of abundance estimates. For instance, low
humidity and temperature can lead to poor quality of DNA in faecal samples (Murphy et
al. 2007). Individual variation in faecal deposition or habitat preferences can also affect
accuracy (Vila et al. 1994; Webbon et al. 2004; Barja and List 2014). Similarly,
temperature fluctuations can reduce animal detection and introduce detection biases in

camera-trapping with infrared camera traps (Meek et al. 2015).

The role of spatial and temporal overlap in species coexistence: Utilizing occupancy
models

Habitat characteristics have long been linked to species presence and their habitat
preferences (Virgés et al. 2003; McDonald et al. 2008; Santos and Santos-Reis 2010;
Soto and Palomares 2015). Niche models have traditionally relied on these habitat
characteristics and abiotic factors to investigate species coexistence (Fedriani et al.
1999; Zielinski et al. 2017; Hemami et al. 2018). However, recent research suggest that
beyond abiotic factors, other biotic elements such as prey abundance and the
abundance of interacting species can significantly influence a species' occupancy
within a habitat and its ability to coexist with others (Soto and Palomares 2015; Karanth
et al. 2017; Pokheral and Wegge 2018; Monterroso et al. 2020; Strampelli et al. 2023).
Therefore, incorporating spatial interactions that facilitate species coexistence into

niche modelling becomes a crucial research area.

Occupancy models have significantly revolutionized the study of habitat selection to
explain species occupancy within a habitat (MacKenzie et al. 2002; Bailey and Adams
2005). Similar to ecological niche models, occupancy models use presence and
absence data to determine a species’ presence in a specific location. However,
occupancy models can incorporate spatial-temporal or biotic variables (Bailey et al.
2014) while accounting for imperfect detection. This means the model can account for
situations where a species might be present but go undetected (Royle 2006).
lidentifying factors that influence a species’ detectability across different habitats is
crucial for constructing robust occupancy models. Failing to consider these variations,
assuming perfect or constant detection, can lead to biased estimates of occupancy,
especially when detectability varies between habitat types (Guand Swihart 2004,
MacKenzie and Royle 2005). By addressing these issues, occupancy models have
enabled a more precise understanding of factors influencing species occupancy within
a habitat. Furthermore, occupancy models can potentially identify those variables that

remain consistent across diverse habitats, influencing the selection of other habitat
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variables. Distinguishing between invariant variables and those exhibiting spatial and
contextual variations is critical to better understand species occurrence across different
habitats. This knowledge is particularly valuable for assessing occupancy patterns and
coexistence mechanism, especially for wide-ranging mesocarnivores (Cavallini and
Lovari 1991; Virgos et al. 2002; Pereira et al. 2012).

Biotic variables such as prey abundance play an important role in shaping the
occupancy patterns of predator species. Predators tend to prefer areas with high prey
abundance (Robison et al. 2014; Rabelo et al. 2019). Thus, food becomes a critical
resource, and its partitioning among sympatric species (i.e. species occupying the
same geographic area) is essential for their coexistence (Jedrzejewski et al. 1989;
Carvalho and Gomes 2004). Mesocarnivores can achieve trophic segregation through
various mechanisms, including differences in body size, seasonal variations in prey
abundance, or their level of dietary specialization (Carvalho and Gomes 2004; Santos
et al. 2019). Prey abundance significantly influences the competitive dynamics between
species that share these resources. For example, low prey abundance can lead to the
exclusion of dominant species, while high abundance may facilitate the displacement of
subordinate species. Intermediate prey levels, however, can promote coexistence by
reducing agonistic encounters (direct confrontations) between dominant and
subordinate species (Holt and Polis 1997; Robison et al. 2014). Additionally, other
variables such as the density of dominant species can further regulate the intensity of
competition (Creel and Creel 1996; St-Pierre et al. 2006). Creel and Creel 1996
observed a negative correlation between the densities of African wild dogs (Lycaon
pictus) spotted hyenas (Crocuta Crocuta), and lions (Panthera leo). Similarly, St-Pierre
et al. 2006 studied the intraguild competition between two mustelid species. They
found that the smaller species, the least weasel (Mustela erminea) responded to
increased abundance of the larger species, the long-tailed weasel (Mustela frenata), by

reducing its use of preferred habitats already occupied by the latter.

For terrestrial carnivores, resource partitioning (i.e. dividing resources like food or
shelter) or spatial and temporal segregation (i.e. separating activity times or locations)
are key mechanisms that minimize competition and facilitate coexistence (Ramesh et
al. 2012; Torreta et al. 2016; Monterroso et al. 2020). However, maintaining these
strategies can be particularly challenging for species like the red fox and the marten,
which exhibit significant overlap in their diets and habitat use (Padial et al. 2002;
Papakosta et al. 2010; Pereira et al. 2012). In competitive interactions, body size ratio
plays a crucial role in determining the intensity and direction of the interaction

(Palomares and Caro 1999, Donadio and Buskirk 2006). The larger red fox, in some
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areas no longer subject to control by even larger carnivores, can be considered the
dominant species in this relationship with the marten. Dominant individuals can
influence the population size, distribution, and behaviour of subordinate species (Vanak
et al. 2013; Fedriani et al. 2000; Monterroso et al. 2020). One potential consequence of
this competition is intraguild predation, where one species prey on the other, as both
the fox and the marten share prey resources (Polis et al. 1989; Rosenheim et al. 1995).

For species sharing spatial and trophic resources (habitat and food), segregation of
activity patterns can emerge as a key regulatory mechanism for species coexistence
(Monterroso et al. 2014). Daily activity patterns are influenced by internal factors like
genetics (Buhr and Takahashi 2013) and endogenous rhythms (Kronfeld-Schor and
Dayan 2003). However, external factors play a crucial role in shaping and modifying
these patters, including abiotic and biotic factors that ultimately shape and modulate
activity patterns (Monterroso et al. 2013; Torretta et al. 2016). Studying activity patterns
can therefore provide valuable insights into the ecological and behavioural strategies

that enable species to coexist.

As previously mentioned, predators often select areas with an abundant prey but may
adjust their activity patterns to match those of their prey, maximizing access to food
resources (Linkie and Ridout 2011; Foster et al. 2013). They may even exploit the
same prey species but at different times of the day (Garneau et al. 2007). However,
dominant species can significantly influence the activity patterns of subordinate
competitors, impacting their access to food (Hayward and Slotow 2009; Monterroso et
al. 2014; Elbroch and Kusler 2018). Dominant species may disrupt the synchronization
between subordinate species and their shared prey, leading to reduced food availability
for the subordinates (Kronfeld-Schor and Dayan 2003). Consequently, subordinate
species must weigh the risk of encountering dominant competitors against the potential
benefits of increased prey availability (Fedriani et al. 2000). In addition to prey
abundance, the abundance of dominant species, climate conditions, and habitat
composition are additional factors that can influence the activity patterns of

mesocarnivores (Rosalino et al. 2005; Suraci et al. 2016; Monterroso et al. 2013).
Objectives

This doctoral thesis steams from the key methodological issues raised in the
introduction. While recent decades have seen significant progress in developing more
sophisticated and reliable techniques for studying species abundance, these methods

often involve and require increased sampling effort and financial investment. However,
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the pressing need to understand the status of a wider range of species and their
ecological roles requires the development of faster, less expensive, and reliable
methods for population size estimations. With this aim, this thesis studies two of the
most abundant mesocarnivores in the Community of Madrid: the red fox and the stone
marten. The general aim is to gain a deeper understanding of how the different
abundance estimators correlate and their advantages and limitations under varying
environmental conditions. Furthermore, incorporating biotic data, such as species
population size, can be crucial in understanding the relationships (predation-prey,
coexistence) between species sharing the same ecological niche. Therefore, assessing
species abundance alongside abiotic factors will provide valuable insights into the
mechanisms of coexistence between species. To achieve this overarching goal, the

following four specific objectives are addressed in four dedicated chapters:

Chapter 1.- Comparing abundance indices: This chapter compares relative
abundance indices obtained by camera-trapping and scat counting methodologies.
Additionally, the abundance models generated by each index are compared with

models that account for imperfect species detection.

Chapter 2.- Minimum Number of Individuals as an Abundance Index: the red fox
as a model species within the same spatiotemporal environment, this chapter
compares the effectiveness of camera-trapping and DNA genotyping from scats in
detecting the minimum number of individuals. Furthermore, it evaluates the minimum
number of individuals as an abundance index by comparing it with estimates of fox

abundance derived using other methods.

Chapter 3.- Occupancy Patterns and Coexistence of Foxes and Martens: This
chapter investigates the factors that consistently influence the occupancy patterns of
foxes and martens across different habitats and their implications for coexistence.
Specifically, it assesses whether the spatial overlap between foxes and martens is
regulated by habitat selection, prey abundance, and the dominance of foxes over

martens.

Chapter 4.- Activity Patterns and Overlap Between Mesocarnivores and Prey:
This chapter examines the overlap in activity patterns between foxes, martens, and
their main prey (rodents and rabbits) across different habitats. Additionally, it evaluates
whether the relative abundance of both mesocarnivores and prey determines the

spatiotemporal overlap between the two mesocarnivores.
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Study area

We chose 18 independent locations within the Community of Madrid. Five of these
locations were surveyed in different years and seasons, resulting in data from a total of
24 locations (Figure 1). These locations were grouped into three geographical areas:
North, Southeast and Southwest. Each area encompassed unique climatic conditions,
land uses, and predominant plant communities, spanning both supramediterranean
and mesomediterranean bioclimatic environments (Ministerio de Medio Ambiente y
Ordenacion del Territorio, 2001) (Table 1).
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Figure 1. Location of the 24 sampling sites in three areas of central Iberian Peninsula (Autonomous
Community of Madrid): north (N), noutheast (SE) and southwest (SW).

The specific locations and sampling years employed varied depending on the research
objective of each chapter (Table 2). Chapter 1 utilized data from 12 locations, Chapter
2 from 7 locations and for chapter 3 and 4 leveraged data from all 24 locations. Details
regarding the specific locations chosen for each chapter can be found in the respective

material and methods sections.
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Table 1. Plant composition; Climate; Temperature (T (°C)); Precipitations (PP (mm)) and Land uses of the three areas studied in the Autonomous Community of Madrid

Area

North

Southeast

Southwest

Plant composition

Holm oak (Quercus ilex) accompanied by Juniperus
oxycedrus, Fraxinus angustifolia and Cistus
ladanifer. Melojar oak woodlands (Q. pirenaica) with
C. laurifolius, Genista florida, J.communi and some
grassland areas. Areas of Scots pine (Pinus
sylvestris). Rockrose broom (Cistus spp) and thyme
(Thymus vulgaris) form thickets with the presence of

pine forests over 1400 meters above sea level.

Different vegetation mosaics with a predominance of
olive groves (Olea europaea); holm oak groves (Q.
ilex) accompanied by Q. coccifera and C. clusii;
thyme groves (Thymus vulgaris), atochares (Stipa
tenacissima), Genista scorpius and Rosmarinus

officinalis.

Mostly coniferous forest, particularly stone pines
(Pinus pinea) and Pinus pinaster. On the slopes,
holm oaks (Quercus ilex), cork oaks (Quercus
suber), junipers (Juniperus oxycedrus) and

chestnuts trees (Catanea sativa) occur.

Climate

Meso and supra-

mediterranean

Meso-

mediterranean

Meso-

mediterranean
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T(°C)

Average
minimum
temperature
of -1.5and a
maximum of
28°C

Average
minimum
temperature
of -0.4 and a
maximum of
33.2°C

Average
minimum
temperature
of 2and a
maximum of
33°C

PP(mm)

Annual
precipitation
around 561

mm

Annual
precipitation
around
267.5mm

Annual
precipitation
around 382

mm

Land uses

Pasture,
livestock and
recreational

areas

Predominantly
agricultural
and game

hunting uses

Predominantly
agricultural,
pasture uses,
with some
game hunting

areas.
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Table 2. Sampling of 18 locations within the study areas. Data show the year and season of scats and camera-trapping sampling. Faecal DNA was extracted from 7 study
areas. Camera-trapping (days) show the number of nights cameras-traps were operating depending on the year. Number of camera traps shows the number of cameras placed
for each year. The number between brackets together to each location corresponds to the numbered locations represented on the map in Figure 1.

Manzanares
del Real (16) North 2013 Spring 2013 - Yes (20) 10
La Berzosa
(17/19) North 2013/2017 Spring/Autumn 2013 2017 Yes (20/35) 9/9
Miraflores
de la Sierra North 2013 Spring 2013 - Yes (19) 8
(18)
Carabafia Southeast 2014/2017 Autumn/Sum 2014 2017 Yes (36/35) 8/10
(2/6) mer
Ambite (4/7) Southeast 2014/2019 Winter/Summer 2014 - Yes (23/35) 9/8
Villarejo de
Salvanés Southeast 2014/2018 Winter/Spring 2014 2018 Yes (35/35) 10/8
(3/8)
Valdaracete Southeast 2014 Autumn 2014 - Yes (36) 8

@
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Torres de la

Alameda (5)

San Mames
(20)

Robledo (14)
Pelayos de
la Presa (11)
Quijorna
(9/23)
Madarcos
(21)
Cenicientos
(10/24)
Chapineria
(13)
Fresnedillas
de la Oliva
(12)

Braojos (22)
Navas del
Rey (15)

Southeast

North

Southwest

Southwest

Southwest

North

Southwest

Southwest

Southwest

North

Southwest

2014

2017

2017

2018

2018/2019

2019

2016/2019

2019

2019

2020

2016

Spring

Summer

Autumn

Summer

Spring/Summer

Winter

Autumn /Spring

Autumn

Autumn

Winter

Winter

2014

2017

2017

2018

2018

2017

2017

2018

2018

33

Yes (21)

Yes (35)

Yes (35)

Yes (35)

Yes (35/35)

Yes (35)

Yes (23/35)

Yes (35)

Yes (35)

Yes (35)

Yes (28)

10

8/8

8/8
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Sampling area and camera-trapping arrangement (Chapters 1, 2, 3, 4)

The arrangement of camera traps defined the sampling area. We placed 8-10 camera
traps at each of the study location for 20-36 days, resulting in 751 sampling nights and
6336 capture occasions (number of nights x number of cameras) (Table 2). We spaced
the cameras approximately 450-600 m apart. This arrangement maximized the number
of individuals photographed while minimizing potential "shadows" resulting from
unsampled foxes (similar to Sarmento et al. 2009). ArcGis 10.2 ESRI Inc., Redlands,
California, USA) was used to generate the minimum convex polygon (MCP) based on
camera locations. The resulting polygon was buffered by 500 m (Figure 2). This buffer
area extended approximately half the length of the fox home range (~600 m; Cruz and
Sarmento, 1998). According to the methodology applied by Sarmento et al. (2009), we
assumed the total sampled area was the MCP encompassing the outermost camera
locations, plus the buffer area. The total area covered differed across regions: 2595 ha
in the north, 3607 ha in the southeast and 3541 ha in southwest. The mean area of
sampled locations within each study area mirrored this variation, with 370 ha in the
north, 450 ha in the southeast and 395 ha in the southwest. These values are
comparable to the average home-range area reported for red foxes in the mountains of
Central Spain (L6pez-Martin 2010).

Minimum convex polygon Buffer 500m around

Cameras Minimun convex polygon

Figure 2. Representation of sampled area.

Eight camera models were deployed for this study: Wildview Xtreme2, Bushnell
Trophy, DLC Covert Il, Acorn LTL, Cuddle Back Ambrush, HCO Scoutguard SG565,
Scout Guard SG560K, and Scout Guard SG562. These cameras operated
continuously (24 hours a day) and captured three sequential photographs at five-

seconds intervals, with each image recording the date and time for each photo. To
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maximize the probability of detection, we placed two baits approximately 2 meters in
front of each camera: sardines (Heinlein et al. 2020; Sebastian-Gonzélez et al. 2020)
and a commercial lure (HAGOPUR® Premium Attractant Fox) (Monterroso et al. 2013;
Gil-Sanchez et al. 2021). The baits were tethered to prevent any species from
consuming them. This ensured that the baits did not influence the behaviour of the
target species or their activity levels (Gerber et al. 2012; Braczkowski et al. 2016). We
checked the cameras every four to seven days to replenish baits and batteries, and
download captured photographs.

Photo-identification of red foxes (Chapter 1 and 2)

Fox individuals were identified in camera trap photographs (Chapter 1 and 2) based on
a combination of physical characteristics, including body size, age class, talil
appearance, specific spotting patterns, and other distinctive features. We adopted the
criteria outlined by Sarmento et al. (2009) and Dorning and Harri (2019) to select these
diagnostic traits that aided individual identification (Figure 3). Seasonal variations in fur
coloration were not considered in this analysis. The sampling period was not extensive
enough to capture these seasonal changes, and the same area was not sampled over

different seasons.

To minimize potential bias in photo-identification and reduce the risk of overestimation
(Foster and Harmsen 2012; Ferreras et al. 2017; Johansson et al. 2020), a second
observed reviewed all captures photographs. In cases where the first and second
observers disagreed on the number of foxes identified, a third observer reanalysed the
photographs to reach a consensus. We considered the minimum number of individuals
as the mean of the number of individuals identified by each observer (Chapter 2) or the
number of individuals on which both observers agreed (Chapter 1).
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A) B)

Figure 3. Examples of identification of individual foxes by camera trap A) Individual with two spots at the
base of the snout and tail with thick fur. b) Individual with thin tail and, distinct fur pattern on the base of the

tail and snout.

Sampling of scats (Chapter 1 and 2)

Faecal samples were collected along designated trails measuring one-kilometre in
length (Chapter 2). We further divided each trail into 100-meter segments. We then
gquantified the total number of scats encountered along the entire trail, as well as the
number of segments marked containing scats (Chapter 1) (Figure 4A).Carreras-Duro et
al. (2015) identified 1.5 km transects as the most efficient sampling effort, minimizing
the discrepancy between trail length and red fox detection probability (72.9% detection
rate). To maximize the probability of detecting the same individuals using both camera
traps and faecal sampling, trails were selected in close proximity to camera locations
(Figure 4B). On the day camera deployment commenced, nearby sampling trails were
cleared of any existing scats. Trails within the same location were always inspected on
the same day. The sampling regime varied between a single sampling in the middle of
the study (Chapter 1), or three sampling events distributed throughout the entire study
(Chapter 2). For scats DNA extraction (Chapter 2), scats were soaked in 96% alcohol
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for 12 hours after collection and then stored on silica gels at 2-4°C until further
processing (Nsubuga et al. 2004). Sample collection was conducted by trained
personnel with expertise in carnivore sign identification, achieving a high accuracy rate
of 90% (Martin-Garcia et al. 2023). The detailed procedures for DNA extraction,
microsatellite genotyping, and the specific genotype identification software employed
are addressed in Chapter 2.

A) B)

TRAIL1 TRAIL 2

200m
300m
400m 5
s0om |
600m

700m

800m

Figure 4. Faecal sampling protocol. A) lllustrates the division of each trail into segments for estimation
purposes. Stars represent the locations of faecal samples, while dots represent the starting points of each
trail segment. B) Example of trail and camera location sampling. Green, yellow and read lines represent

trails, and pink squares represent cameras traps

N-Mixture models for the study of abundance and the correlations between indices of
abundance and relative abundance (Chapters 1 and 2).

We employed N-Mixture models to estimate fox abundance while accounting for
potential detection biases. The ‘Unmarked’ package (Fiske and Chandler, 2011) within
R software was used to parameterize these models through the pcount function. This
package utilizes a hierarchical modelling approach to estimate abundance based on
repeated count data and the maximum likelihood to fit the models. The count data were
organized into a matrix containing the number of captures per occasion and site (Fiske
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and Chandler, 2011). We counted each independent fox trapping event per camera-
trap and occasion (24 h). We defined an occasion with multiple fox captures as an
instance where several foxes were detected together during the same independent

capture event.

N-Mixture models estimate true abundance by considering the local variation in
abundance (1) across sites i over multiple j temporal counts, while simultaneously
incorporating the influence of detection probability. There are two linked processes

involved in the abundance estimation (Kéry and Schaub 2012):

a) Abundance process (A): This process is modelled using a Poisson distribution

with a mean of (1) and the variation of local abundance at a given site i
(A) ~ Poisson (A)

b) Observation process(p): This process is modelled using a binomial distribution.
It estimates the probability of detection (p) based on observed counts (yi,j) of

individuals at each site (i) and for each temporal replicate (j).
yi,j |1 ~ Binomial (A,p)

To investigate both abundance and detection probability across sampling areas
(Chapter 2), we compared three competing models using Akaike’s Information Criterion
corrected for small sample size (AICc) (Akaike 1974) ranked three models to study
(Burnham and Anderson 2002). The models were:

(1) Constant detection probability: This model assumes a consistent detection
probability across all areas, with variation in abundance estimates between
areas (i.e.p (.) ~ A (site)).

(2) Variation in detection probability and abundance estimates: This model allows
for both detection probability and abundance estimates to vary across areas
(i.e. p (site) ~ A (site)).

(3) Variation in detection probability with constant abundance: This model assumes
variation in detection probability across areas, but with constant abundance

estimates across all areas (i.e.p (site) ~ 1 (.)).

For each model, we compared the performance of three candidate distributions:
Poisson, zero-inflated Poisson, and negative binomial. Following selection using AlCc,
we employed the 'Unmarked’ package to estimate the posterior distribution of both

detection and abundance (1) using empirical Bayes random effects (ranef) methods.
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To assess model fit, we implemented a parametric bootstrap approach involving 5000
simulated bootstrap samples for each fit. This procedure allowed us to obtain the mean
abundance for each area, along with its corresponding standard error and confidence

interval.

In Chapter 1, we added predictor variables into abundance models to explore how they
influenced both abundance and observation/detection processes. Due to limitations
imposed by our relatively small sample size, we restricted each model to a maximum of
two predictors for abundance. Additionally, we excluded models containing highly
correlated predictors (Jr|>0.61). We employed AIC to identify the most plausible
predictors of fox abundance under the assumption of constant detection probability.
Following this initial analysis, we selected abundance models with constant detection
exhibiting a AAIC < 2 (Burnham & Anderson, 2002). Subsequently, we added detection
predictors into these models to assess how detectability affects the modelling of fox
abundance. Finally, we ranked all resulting models, encompassing both constant
detection model and those incorporating detection predictors to select the most
plausible top-ranked models based on AAIC < 2 threshold (Burnham and Anderson,
2002).

In Chapter 1, we compared abundance models derived from N-Mixture models with
those generated by applying General Linear Models (GLMs) to relative abundance
indices. In addition, we quantified the correlation between these relative abundance
indices using a Spearman rank correlation test. We proposed three relative abundance

indexes:

1) NSE: Number of segments with fox scat presence (scat sampling).
2) RAI: Ratio of total fox captures (photographs) to the number of sampling
occasions (camera-trapping).

3) NI: Number of identified foxes (camera-trapping).

In Chapter 2, we also investigated the correlation between the relative abundance
index NI obtained by camera-trapping and faecal DNA genotyping. Furthermore, we

compared its relationship with the abundance obtained using N-Mixture models.

Occupancy and temporal models (Chapter 3 & 4) of foxes, martens, rodents and
rabbits.

In Chapter 3, we utilized the ‘Unmarked’ package (Fiske and Chandler 2011) in R

software to parameterize single season occupancy models using the occu function.

39



General material and methods

This function fits occupancy models based on zero inflated binomial models

(MacKenzie et al. 2006). The model incorporates two processes:

1) The occupancy state process (zi) modelled as a Bernoulli distribution.

Represents the probability of species occupancy at a given site (i).
z; ~ Bernoulli(y;)

2) The observation process models the probability of detecting a species at site (i)

on a particular survey occasion (j), given the site’s occupancy state:

yij |zi ~ Bernoulli(zipij)

Data for each species were organized into matrices where rows represent sites and
columns represent surveys (i.e. sampling occasion, i.e. each day a camera was
operational). Each entry into the matrix indicated whether the species was observed
(value 1) at the site i and survey j or not (value 0). Additionally, “NA” indicated a site i
was not sampled on a particular survey j. In our study, i is each camera site andj is

the sampling occasion (i.e. each day of camera operation).

We evaluated the influence of various predictor variables on both occupancy (¥) and
detection probability (p), considering models with and without covariates. This involved
running a global model that included all predictors and comparing it to the null model
assuming constant occupancy and detection probability (i.e. ¥ (.),p (.)). We used
AICc to rank candidate models and calculate their Akaike weights (Burhman and
Anderson 2002). For top-ranked models with AAICc <2, we employed a model
averaging technique to estimate occupancy and the relative importance of predictor
variables across these multiple models. We used the ‘MuMIn’package to select the

model and calculating the relative importance of the model parameters (Barton 2022).

In Chapter 4, we employed multispecies occupancy models (Rota et al. 2016) to study
the occurrence and potential interactions between red fox and stone marten. This
analysis was conducted using the occuMulti function within the ‘Unmarked’ package of
R software (Fiske and Chandler 2011). Multispecies occupancy models follow single
season occupancy models of Mackenzie et al. 2009 to model occupancy and detection
processes. Nevertheless, multispecies models assume a latent occupancy state vector
Zi of length s for a set of s potentially interacting species at site i. The latent state is

modelled as a multivariate Bernoulli random variable, denoted as:
Zi ~ MVB (i)
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where i represents a vector of length 2° where “s” is the number of potentially
interacting species at a site i. Each element in this vector corresponds to the probability
of a specific combination of species occupancy states (0 = absent, 1 = present). The

sum of all elements in i equals 1.

Observations yij at site i on occasion j are also vectors of length s. The observation
process allows for independent detection probabilities (p) for each species s. This is

modelled by:
vij|Zi ~ Bernoulli (Zi * psij)
In addition, multispecies occupancy models incorporate three natural parameters:
1) Occupancy of dominant specie fA: This parameter is estimated by
fA =1log(/$00),

representing the difference in occupancy probability between a site with only the

dominant species present (1»10) and a site with neither species present (1/00).

2) occupancy of subordinate specie fB: This is estimated by

fB = log(¥01/400),

representing the difference in occupancy probability between a site with only the

subordinate species present (y01) and a site with neither species present (100).

3) Occupancy/interaction between species (fA/fB): This parameter is estimated by

fA/fB = log((¥11 % 00)/(110 * y01)),
reflecting the interaction effect of occupancy.

The summary of the possible states comprises [11], [10], [01], or [00], corresponding to
both species present, only species 1 present, only species 2 present, or both species

absent, respectively.

Our analysis focused on occupancy probability (psi) and strength of interaction
between species (fA/fB). We investigated the influence of relative abundance of
mesocarnivores and prey on this interaction parameter. Models were constructed by
incorporating various combinations of variables within fA/fB, including the relative
abundance of mesocarnivores and prey using RAI. We employed AIC (Burnham and

Anderson 2012) to select models with AAIC < 2. The optimizePenalty function with K-
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fold cross-validation was used to determine the optimal penalty term value for model
re-fitting (Clipp et al. 2021). We predicted the occupancy probability for all four possible
states, including the marginal occupancy of both mesocarnivores and the conditional
occupancy.

In Chapter 4, we estimated the overlap coefficients between fox, stone marten rodents
and rabbits by assessing the activity patterns of target species. For this goal, we used
the overlap package (Ridout and Linkie 2009) within R 3.4.4 software (R Development
Core Team 2017). Photographic captures were first organized by location, camera,
species, and time (UTC). For each camera, independent detections were defined as
photographs of the same species separated by at least one hour (Silveira et al. 2003;
Linkie and Ridout 2009). Captures of multiple individuals were considered multiple
detections (Ridout and Linkie 2009). We analysed the activity pattern of each target
species based on their independent detections. Overlap coefficients i (4) were then
estimated for all pairwise comparisons between the combined target species. An
overlap coefficient closer to 1 indicates a higher degree of overlap in activity patterns.
We categorized the overall pairwise comparisons made across the three study areas
into three levels of activity overlap (see Monterroso et al. 2014 for a similar approach):
1) low overlap (below the 50™), 2) Moderate overlap (between the 50™ and 75"
percentiles) and 3) high overlap (above the 75" percentile).

Finally, we calculated in the R package 'CircStats' (Agostinelli and Lund 2018) a
Watson's two-sample test for homogeneity of activity patterns between species
(Jammalamadaka and Sengupta 2001). This test assessed statistically significant
differences in the activity patterns between species pairs (p < 0.05).
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Chapter 1

Abstract

The correct interpretation of relative abundance indices provided by different sampling
methods is essential to correctly estimate population size. Although multiple indices
and models have been proposed, their ability to estimate relative abundances and their
performance in models explaining abundance trends remains unclear. We used the red
fox (Vulpes vulpes) as a model species to compare the relationship and derived
models of relative abundance between three indices of relative abundance: RAI
(number of captures/total occasions); NI (number of photo-identified individuals)
obtained by camera-trapping, and NSE (number of segments with scats) obtained by
the scat census sampling method. In addition, we modelled the relationship between a
set of habitat predictors and fox relative abundance for each of the three estimated
relative abundance indices. We compared the relative abundance models explained for
each index against N-Mixture models that estimate abundance controlled for variation
in detection. Results showed a positive correlation between the RAI and NI indices,
while both indices showed a negative relationship with the NSE index. Relative
abundance models and N-Mixture models showed a different selection of predictors to
explain abundance trends. NSE and RAI indices selected predictors that could explain
variability in fox detection rather than fox abundance. In contrast, the NI index and N-
Mixture models selected the same predictors to explain fox abundance. Our results
suggest the use of the NI index for abundance models without the need to control for
variation in detection. Relative abundance indices based on scats and captures per
occasion are suboptimal indices for species abundance studies due to possible bias
caused by animal behaviour. If count-based methods on captures per occasion (RAI)
are selected, we suggest using session-based data processing to incorporate

detectability variation in N-Mixture models.
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Introduction

In the current scenario of increasing biodiversity loss, understanding the factors that
influence the abundance of wildlife species is paramount for appropriate conservation
and management actions. Relative abundance indices are widely used to quantify,
model, and predict a proxy of the actual abundance of wildlife species across their
habitat under the assumption that their persistence depends on specific environmental
conditions (Kinnaird and O’Brien 2012; Githlin et al. 2013; Ramesh and Downs 2015;
Weber et al. 2017). However, the relationship between the relative abundance of
species and their habitat may be highly dependent on the sampling method and the
index of relative abundance used. Despite the large number of methods and indices
available for estimating relative abundance, their ability to effectively estimate species
abundance as well as their performance in models used to explain abundance patterns

still need to be assessed.

A relative abundance index is a count of animal’s signals (e.g. nests, scats, etc.) that is
assumed to correlate with the population size of the species (Caughley and Sinclair
1994); thus, changes in index values reflect changes in population numbers
(Romesburg 1981; Anderson 2003). A classic method for collecting data based on
animal signals is the count of scats along transects or paths (Cavallini 1994; Virgos et
al. 2000; Virg6s 2001a; Webbon et al. 2004, Barea-Azcén et al. 2007). This sampling
method has been widely used to calculate RAI and subsequent models (Mangas and
Rodriguez-Estival 2010; Guthlin et al. 2013), although it is often limited by the difficulty
of accurately assigning signals to a species (Kohn and Wayne 1997; Hansen and
Jacobsen 1999; Davidson et al. 2001) and the lack of validation of the index with actual
abundance data (Anderson 2003). Alternatively, recent methods based on camera-
trapping (Bengsen et al. 2011; Karanth and Nichols 2011; Palmer et al. 2018) are used
to estimate the actual abundance or population density of a species when individual
body characteristics or artificial markings (e.g. radio collars, tags) of photographed
animals can be used. A relative abundance index is then calculated by considering the
frequency of capture as the number of captures (photographs) per the total number of
capture occasions (Carbone et al. 2001; O’Brien 2011, Palmer et al. 2018). This is a
common and widely used index in relative abundance models (O’Brien et al. 2003;
Kinnaird and O’Brien 2012; Gil-Sanchez et al. 2021).

The use of relative abundance indices provides an approximation of species
abundance while reducing sampling effort, which is especially important for species

that are difficult to monitor or capture (O’Brien 2011). Although any relative abundance
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index is assumed to require a monotonic relationship with actual abundance, this may
not necessarily be a constant and positive relationship across habitats and time. In fact,
an index may fail to provide accurate estimates when the species’ population size is
large (O’Brien 2011). In addition, different indices may show different sensitivity to the
same habitat characteristics and therefore, conclusions on the environmental drivers of
species abundance may depend on the index. Another major problem with the use of
indices is that the counts underestimate the population size when the probability of
detection is <1 and is not constant between periods (O’Brien 2011). Moreover, the non-
detection of a species may be the consequence of a true absence or a failed detection
attempt (type | error, also known as imperfect detection) (MacKenzie et al. 2002; Royle
et al. 2005). Factors influencing variability in detection are associated with differences
in counts that cannot be attributed solely to variations in the species abundance
(Pollock et al. 2002; Gu and Swihart 2004; Royle et al. 2005). Therefore, to address
this variability in detection, N-Mixture models incorporating detection probability have
been used to improve the less accurate inferences of species abundance produced by
classical relative abundance indices (Royle, 2004). N-Mixture models were proposed to
estimate species abundance using count data without identifying animals at the
individual level while controlling for detection biases (Royle 2004; Kéry et al. 2005). In
particular, this method takes into account imperfect detection per sampling unit by
integrating a state process (animal abundance) and an observation process
(detectability).

Numerous studies have focused on the comparison of N-Mixture models with capture-
recapture methods (e.g. mark-recapture-recapture models, removal sampling) to
quantify abundance (Schmidt et al. 2015; Keever et al. 2017; Ficetola et al. 2018; Link
et al. 2018; Costa et al. 2020, Della Rocca et al. 2020). However, the comparison of N-
Mixture models with relative abundance indices in the production of abundance models
to identify which predictors explain species abundance has not been studied.
Understanding the performance and sensitivity of different indices of relative
abundance and methods for determining the relationship between the relative
abundance of a species and the environment is critical for a suitable management of

wildlife populations.

Here, we compared indices of relative abundance and relative abundance models
obtained from widely used sampling methods such as camera-trapping and scat
sampling. We considered three relative abundance indices: 1) the number of total
captures (i.e. photographs) of animals per number of occasions (RAI), 2) the number of

animals identified (NI), and 3) the number of segments marked with scats (NSE). Next,
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we compared the relative abundance models generated by each index with the results
obtained by applying N-Mixture models. In total, we specifically tested the following
questions: 1) Are RAI, NSE and NI indices correlated? 2) Do RAI, NSE and NI indices
tend to identify the same predictors when used in relative abundance models? and 3)
Do RAI, NSE and NI models provide relative abundance models similar to N-Mixture
models in explaining the abundance of a wildlife species?. We tested these questions
using the red fox (Vulpes vulpes) as a model species. This is one of the most abundant
species of meso-carnivores in Europe and particularly in the Iberian Peninsula (Lloyd
1980), which added to a curious and territorial behaviour makes it suitable to sampling
using non-invasive methods based on camera-trapping and scat sampling (Sadlier et
al. 2004; Mackay et al. 2008; Lyra-Jorge et al. 2008).

Material and Methods

Study area

We selected 12 independent study areas in the central Iberian Peninsula (Figure 1).
We sampled fox populations in the selected study sites in the years 2013, 2014, 2017
and 2018. This period spanned different seasons to account for variability in
detectability and marking behaviour of foxes (Travaini et al. 1993; Ralls et al. 2010).
The selected areas encompassed a wide variety of climatic conditions and plant
communities in typical supra and meso-mediterranean environments (Ministry of

Environment and Spatial Planning, 2001).

The daily average temperature ranged between 14° C and 29 °C during the hottest
season and 3°C to 15°C during the cool season. Annual precipitations were over 400
mm with a pronounced minimum in summer (particularly in July and August), which is
the characteristic trend of Mediterranean climates. Vegetation included typical
Mediterranean forest of holm oaks (Quercus ilex), junipers (Juniperus oxycedrus), holly
oak (Quercus ilex), kermes oak (Quecus coccifera) and Pyrenean oak (Quercus
pyrenaica). Coniferous forest was represented by Scots pine (Pinus sylvestris), Stone
pine (Pinus pinea) and Aleppo pine (Pinus halepensis). Scrubland of gum rockrose
(Cistus ladanifer), and thyme (Thymus vulgaris) were also typical. Irrigated and non-
irrigated crops, pasture grass vegetation, and gypsophilous were the most common
agricultural land use. Other land uses included livestock and recreational areas and
game hunting. In these areas, the red fox is common and is considered a species to
control due to its predation pressure on game species (Beja et al. 2009). However, the

effectiveness of predator control strategies to reduce the abundance of this specie in

47



Chapter 1

game areas is controversial, as the lack of a selective fox control programme could
negatively affect or harm other endangered species (Virgés and Travaini 2005).
Therefore, an accurate assessment of fox abundance can provide more precise

assessments of the need and intensity of control campaigns in these areas.

Figure 1. Location of the 12 sampling areas.

Cameras - sampling

For RAI (number of total captures (i.e. photographs) of animals per number of
occasions) and NI (number of animals identified), we placed 8-10 camera traps in each
of the 12 study areas during 20—36 days, resulting in 365 sampling nights and 3158
captures (Supplementary Table 1). Each camera was separated from each other by
approximately 450-600 m, which we considered a sufficiently large area to maximize
the number of individuals photographed while reducing possible ‘shadows’ from
unsampled foxes (similar to Sarmento et al. 2009). We used ArcGis 10.2 (ESRI Inc.,
Redlands, California, USA) to generate a minimum convex polygon (MCP) using the
camera locations, and buffered the resulting polygon by 500 m. This buffer area was
approximately half the length of fox's average home range (~600 m; Cruz and
Sarmento 1998). According to the method implemented by Sarmento et al. (2009), we
assumed that the total sampled area comprised the MCP encompassing the perimeter
drawn by the outermost camera locations plus the buffer area. In total, this area
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covered the average home-range area of the red fox reported in the mountains of
Central Spain (412 ha; Lépez-Martin 2010).

We used eight models of cameras, Wildview Xtreme2, Bushnell Trophy, DLC Covert II,
Acorn LTL, Cuddle Back Ambrush, HCO Scoutguard SG565, Scout Guard SG560K,
and Scout Guard SG562. We configured the cameras to with a five second delay. Each
photograph recorded the date and time. For camera placement, we selected sites of
relatively dense wild woodland vegetation near trails or tracks typically used by
carnivores (Macdonald 1980; Barja et al. 2004), and tie the cameras to the trunk of
trees or shrubs about 20 cm above the ground. We placed two types of bait in front of
each camera (~1 m), sardines (Heilein et al. 2020; Sebastian-Gonzéalez et al. 2020)
and a commercial lure (HAGOPUR® Premium Attractant Fox) to maximize the
probability of detecting foxes. We checked the cameras every four to seven days to
download photographs, replenish baits and change batteries when necessary.

Scat - sampling

We sampled 24 trails (two per study area) of one kilometre and subdivided each tralil
into 100-metre segments to meet with NSE index calculations (i.e. number of segments
marked with scats). Carreras-Duro et al. (2015) showed that the most efficient
sampling effort minimizing the difference between the transect length and red fox
detection was 1.5 km (72.9% detection rate). We selected trails close to camera sites
to increase the probability of detecting the same individuals by both sampling methods.
On the same day that we set up a camera, we also cleared of scats the nearby two
trails to be sampled. We then surveyed these two trails per study site in the middle of
the camera deployment period; both trails were surveyed on the same day. We
counted the number of fox scats along the trail and the segments where they were
deposited. Sampling was carried out by operators skilled in carnivore sign identification

with a ~ 90% accuracy in identifying scats (Martin-Garcia et al. 2023).
Index description

We calculated the relative abundance index NSE from the scat sampling. This index
takes into account the total number of segments with fox scat present (Supplementary
Material 1). We discarded the count of the total number of scats to control for any
individual fox marking the same segment and thus avoid overestimating abundance.
From the camera-trapping data, we quantified the total number of fox captures
(photographs) by the number of occasions (RAI) (Supplementary Material 1) and the

number of foxes identified (NI). We used occasions (i.e. the total number of cameras
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times total number of camera placement nights) rather than nights (i.e. total number of
cameras placement nights) to control for bias due to differences in the number of nights
and cameras between the study areas

a) b) <)

Figure 2. Examples of camera-trap identification of fox individuals from different sampling areas. a)
Individual from area number seven with narrow lateral fur pattern on the muzzle and well-defined white
circular feature on the chest. b) Individual from area number 11 with two dots at the base of the muzzle
and tail with thick fur. c) Individual from area number seven with a distinct coat pattern on the shoulder,

base of the tail, leg and under the neck. d) Individual from area number five with a distinct black line on the

neck e) individual from area number 11 with a fine hairless tail.
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We identified foxes at the individual level based on unique characteristics of body size,
age range (cub, juvenile, and adult), tail appearance, fur patches, and any other
particular characteristics that might aid identification (Sarmento et al. 2009; Dorning
and Harris 2019) (Figure 2). To reduce identification bias, each photograph was
revised by a second observer (Ferreras et al. 2017; Johansson et al. 2020). When
agreement could not be reached, a third observer reviewed the photograph to obtain a
third opinion, so that the same two opinions of all three determined the identification.

Predictor’s selection

We modelled the relationship between a set of habitat predictors and fox relative
abundance for each of the three estimated relative abundance indices. For this, we
selected relevant habitat predictors identified as relevant for red foxes identified in
previous studies in Mediterranean ecosystems (Cavallini and Lovari 1994; Lucherini et
al. 1995; Virgdés 2001b; Pereira et al. 2012). These predictors included vegetation
cover and human activities (Virgds and Travaini 2005; Diaz-Ruiz et al. 2015; Recio et
al. 2015). We also included season of the year, because it is considered to influence
fox activity (Andelt and Andelt 1984; Vine et al. 2009). We extracted predictors of
vegetation cover from digital vegetation maps produced by the Autonomous
Community of Madrid using ArcGis 10.2. The extracted vegetation classes were
grouped into lush forest, crops, pastures, urbanized land, and shrubs. Lush forests
comprised conifers (e.g. Pinus pinea and Pinus silvestris), oak trees (e.g. Quercus ilex,
Q. Pyrenaica, Q. coccifera) and other hardwoods (e.g. Fraxinus sp). Crops category
included irrigated and rained crops, vineyards and olive trees. Shrubs included different
species of shrubs (e. g. Rosaceae sp, Cistus sp, legume, and bushy riparian
vegetation), Lavandula stoechas, Thymus vulgaris and Retama sphaerocarpa species.
The pastures included high mountain pasture and meadows. We calculated the area of

each patch within the sampled area (i.e. the buffered MCP).

Additionally, we also measured the distance from the boundary of each study area to
the nearest urban area. We added the categorical predictor period, which included the
categories spring, summer and autumn—winter. These categories represented a
balanced duration of the sampling periods, for which we also accounted for differences
in fox behaviour. The birth and lactation stages occur in spring (Lopéz-Martin 2010),
cubs continue to accompany the mother in summer, and the autumn—winter category
includes the dispersal of juveniles and the mating period (Andelt and Andelt 1984;
Travaini et al. 1993; Phillips and Catling 1991; Vine et al. 2009; Ralls et al. 2010).

Lastly, we included a binomial predictor on the presence/absence of small game
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hunting activities in the area. The red fox is considered a predatory species to control
due to its predation habits on game populations. Virgdés and Travaini (2005) showed a
similar presence of red fox in places with/without predator control while Barrull et al.
(2014) identified an increasing presence of the specie in areas with predator control.
Also, Beja et al. (2009) found the fox was more abundant in hunting reserves than in

areas without hunting management.
Relationship between indices and relative abundance modelling

As a measure of proportionality and similarity between the relative abundance values
of the different indices, we quantified the correlation between RAI, NI, and NSE using a
Spearman rank correlation test. We considered a moderate correlation (|r|) between
0.41 and 0.60, a strong correlation between 0.61 and 0.80, and a very strong

correlation between 0.81 and 1 (Prion and Haerling 2014).
Relative abundance models

To model the relationship between red fox abundance and habitat using the different
indices, we performed a General Lineal Model (GLM) analysis with a Poisson, Binomial
and Gaussian distribution for the NI, NSE and RAI indices, respectively. For each
model procedure, we performed a stepwise forward model selection based on the
Akaike’s Information Criterion (AIC) as the selection parameter (Burnham and
Anderson, 2002) using the step function of the stats package of the R software (version
2.14.2; R Core Team 2012). We calculated the deviance explained by the selected
model and the likelihood ratio test (LRT) (which follows a chi-squared distribution) to
assess the goodness of fit of the selected model. Significant p-values (<0.05) indicated
that the final selected model was accurate (i.e. better than the null model, that is, the

model with no variables depending on the selected predictors).
N-Mixture Models from count data

We performed N-Mixture models of fox abundance taking into account the influence of
detection. N-Mixture models were parameterized in the unmarked package (Fiske and
Chandler, 2011) in R software using the pcount function. This package estimates
abundance following a hierarchical model approach of repeated count data using the
maximum likelihood to fit models. Count data are organized into a matrix containing the
number of captures per occasion and site (Fiske and Chandler 2011). The effect of
predictors is determined by the logit-link part (i.e. the detection component of the model
(p)) and the log-link function (i.e. the abundance component (ni)) (Royle, 2004). We

proposed the following predictors in the abundance component of the model: lush
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forest, crops, pasture, urbanized land, shrubs, small game, distance to urban areas,
and period. Small game and period were also chosen for the detection component of
the model. We selected the predictors of detection in line with previous research that
showed that small game and predator control had a more significant influence on fox
activity patterns than on variations in fox abundance (Harding et al. 2001; Virg6s and
Travaini 2005; Diaz-Ruiz et al. 2016). Moreover, seasonality could influence the
movement of foxes and thus the variation in detection (Cavallini and Lovari 1994; Vine
et al. 2009). We identified the correlation between predictors using Spearman’s
correlation test to avoid multicollinearity (Graham 2003). Given our small sample size,
we used the “one-in-ten rule” that considers only one predictor can be used per ten
samples (n = 10) (Harrell et al. 1996). Thus, we combined up to two predictors of
abundance in each model. We removed models that included highly correlated
predictors (Jr|> 0.61). We ranked our models using the Akaike’s Information Criterion
(AIC) (Burnham and Anderson 2002) to identify the most plausible predictors of fox
abundance when the uniform detection process is maintained. We then selected
abundance models with a uniform detection process that obtained a AAIC < 2. We
added detection predictors to these models to study the influence of detectability on the
modelling of fox abundance. Finally, all resulting models (i.e. the model with uniform
detection and the models with predictors in the detection process) were ranked to
select the most plausible top-ranked models with AAIC < 2 (Burnham and Anderson
2002).

Results

Correlation between relative abundance indices

From camera-trapping, we obtained 390 fox captures among a total of 3158 occasions
(18% of occasions), which represented a mean of 32.46 + 24.91 SE (standard error) of
fox captures per site. In total, we identified 30 fox individuals (2.5 + 1.38 SE per site).
From the scat surveys, we found fox scats on 24.58% of the trails and a mean of 4.92 +
2.9 SE of segments with scats per site (Supplementary Table 2). The RAI index was
strongly correlated with NI (n = 12; |r| = 0.77; pvalue = 0.003). Conversely, the NSE
index showed a negative, although not significant, correlation with the RAI and NI
indices (|r] = — 0.44; p-value = 0.13 and |r| = — 0.33; p-value = 0.3 respectively). This
result indicates that a higher number of captures per occasion or a higher number of

individuals implies a lower number of segments with scats present.

Relative abundance models
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Stepwise selection-based modelling analyses resulted in a model indicating that the
RAI index on fox relative abundance was explained by the presence of small game and
shrubs (AIC = - 20.62). Both predictors showed a negative relationship with relative fox
abundance, but this relationship was only significant with the predictor presence of
small game (i.e. confidence intervals (Cl) not contained zero) (Table 1). For the
categorical predictor small game activities, the absence of small game hunting had a
positive relationship with the relative abundance of foxes (Bapsence = 0.11). This model
explained 39% of the total deviance and the goodness-of-fit test indicated a good
model fit (x*> = 5.98; p-value = 0.05). Modelling procedures associated with the NI index
resulted in a final model that included the distance to urban areas and shrubs to

explain relative abundance (AIC = 41.38).

Table 1 Results of step-wise regression model for each relative abundance index (RAI, NI, and NSE).
Predictor’s selection is represented for each relative abundance model. The following statistics are shown:
Regression coefficient (Estimate); standard error (S.E); lower and upper interval coefficient (Cl [2.5,
97.5%]).

Estimate S.E Cl [2.5, 97.5%)]
RAI index model

Intercept 0.208 0.043 [0.122, 0.294]

Small game (presence) -0.11 0.05 [-0.206, -0.011]
Shrubs -0.0004 0.0003 [-0.0009, 0.0001]
NI index model

Intercept 1.541 0.282 [0.950, 2.062]

Distance urban areas -0.001 0.0007 [-0.003, 0.0001]
Shrubs -0.003 0.002 [-0.008, 0.0005]
NSE index model

Intercept -1.293 0.313 [-1.940, -0.703]
Small game (presence) 1.031 0.328 [0.408, 1.711]

Period(Spring) -0.458 0.343 [-1.167, 0.182]

Period(Summer) -1.011 0.458 [-1.962, -0.146]

Model coefficients showed a negative relationship between fox relative abundance,
with the distance to urban areas, and with cover of shrubs. However, only distance to
urban areas showed a significant relationship (Table 1). This model explained 60% of
the total deviance and the goodness-of-fit test indicated that the model fitted well (x> =
6.47; p-value = 0.03). Finally, period and presence of small game were the predictors

included in the model that best explained relative abundance using the NSE index (AIC
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= 55.49). We considered absence and autumn—winter as the reference level for the
predictors of small game and period, respectively. Results showed that areas with
presence of small game have a positive and significant relationship with fox relative
abundance (Table 1). In contrast, the absence of small game showed a negative
relationship with relative abundance ( = — 1.031). Moreover, the number of segments
with scats had a negative and significant relationship with the summer period and
negative but non-significant with the spring period (i.e. confidence intervals (ClI)
contained zero) (Table 1). Therefore, autumn—winter period also showed a negative
relation (Bautumn-winer = — 0.263) (i.e. B (intercept) — B (absence) = B (autumn—winter))
with red fox relative abundance, but less intense. This model explained 59% of the total
deviance and the goodness-of-fit test indicated that the model fit well (x> = 17.667; p-

value < 0.01)
N-Mixture models from count data

Spearman’s correlation test showed a high correlation between the predictors crops
and small game (n = 12; |r] = 0.80; p-value = 0.015). We also found a moderate
correlation between crops and the distance to urban areas (n = 12; |r| = 0.60; p-value =
0.04). We used a total of 35 models with uniform detection that combined a maximum
of two explanatory variables in the abundance process. We discarded the model that
included crops and small game due to a high correlation (|r] = 0.80; p-value = 0.015).
According to the AAIC, model selection revealed two top-ranked models with AAIC < 2
that explained abundance when detection was uniform. The first-ranked model
contained the predictors distance to urban areas and period (AIC = 358.19). The
second-ranked model included shrubs and distance to urban areas (AIC = 359.98)
(Table 2).

Then, the small game and period, and the combination of both predictors were included
in the process of detecting the best models with uniform detection to the influence of
observer detection. A total of 41 models were ranked (35 models with uniform detection
and six with variable detection). The final model selection analysis favoured one model
with AAIC < 2 (Table 2). Distance to urban areas and shrubs showed a negative and
significant relationship with fox abundance. Fox detection had a negative and
significant relationship with the presence of small game but a positive and significant
relationship with period spring and summer. The intercept of detection process
indicated that the reference level absence of small game had a positive influence on
fox detection (Bapsence = 0.932) but the reference level autumn—-winter period (Bauwmn-winter

= - 2.019) has a high negative relationship with fox detection (Table 3).
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Table 2 Model selection ranking on fox abundance from N-Mixture model considering abundance and
detection predictors. ni is the abundance component and p is the detection component. (.) indicates only
the intercepts. Model selection based on Akaike’s Information Criterion (AIC), number of estimated

parameters in the model (nPars), AIC difference of best fit models (AAIC < 2), model weights (WAIC).

Model nPars AIC AAIC wAIC

With Uniform detection

p(.)~ ni (Period + Distance to urban area) 5 358.19 0 0.53
p(.)~ ni ( Shrubs + Distance to urban area) 4 359.98 1.8 0.21
p(.)~ ni (Small game + Distance to urban areas) 4 361.2 3.21 0.12

With Detection predictor

p(Period + Small Game ) ~ ni ( Shrubs + Distance to 10 340.48 0 0.99

urban areas)

p( Period + Small Game ) ~ ni (Period + Distance to urban 8 350.71 10.23 0.006
areas)

Table 3 Predictor selection in the abundance model using N-Mixture models. The abundance component
is defined by predictors that explain variations in fox abundance. The detection component is defined by
the predictors that explain variations in fox detection. The regression coefficients (Estimate) are shown,

and also the standard error (S.E) and the lower and upper interval coefficient (Cl [2.5, 97.5%)]).

Estimate  S.E Cl [2.5, 97.5%]

Abundance component

Intercept 3.794 0.15 [3.499,4.089]
Distance urban areas -0.002 0.0003 [-0.0025, -0.0013]
Shrubs -0.003 0.001 [-0.005,-0.001]

Detection component

Intercept -1.089 0.215 [-1.509, -0.668]
Small game (presence) -0.932 0.236 [-1.393, -0.469]
Period(Spring) 1.025  0.267 [0.502, 1.548]
Period(Summer) 0.693 0.252 [0.199, 1.187]
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Discussion

By using non-invasive sampling methods such as camera-trapping and scat sampling,
we evaluated and compared the performance of different indices of relative abundance
of the red fox, as study case, and whether they provide similar results on abundance-
habitat relationships. Using camera-trapping method, we found that the indices on the
number of animals identified (NI) and the number of total captures per number of
occasions (RAI, i.e. photographs of foxes per number of occasions) explained the
same patterns of variation in fox relative abundance. In contrast, the scat census
method showed that locations with a higher number of segments with scats (NSE)
showed low values of the RAI and NI indices. The observed differences in predictors
associated with fox abundance suggested that management or conservation guidelines
based on abundance indices are not comparable. Furthermore, we observed that NI
and the N-Mixture models selected the same predictors to explain variations in fox
abundance. In contrast, RAl and NSE indices selected predictors to explain fox
abundance that were selected to N-Mixture models to explain variations in fox
detection rather than fox abundance. Thus, our results reveal that the relative
abundance indices NSE and RAI might be sensitive to detection variability. In this case,
they might not correctly explain abundance variations. Therefore, using these indices

would provide unreliable estimates and models of fox abundance.

Despite differences in the interpretations of index-based abundance models, RAI and
NI showed similar trends in variations in fox abundance. Therefore, areas with more
foxes identified were those that yielded more captures per occasion in a camera-trap
survey. In this vein, previous research focusing on the relationship between indices of
relative abundance and tiger population size showed that the number of camera
days/tiger photographs (RAI index) correlated with independent estimates of tiger
density (Carbone et al. 2001). Similarly, evaluation of relative abundance indices of
African herbivore species showed a strong correlation of the RAI index with
independent abundance estimates from aerial surveys (Palmer et al. 2018). The
number of identified individuals has been widely used to estimate abundance in
species populations using capture-recapture methods (Karanth 1995; Silver et al. 2004;
Jackson et al. 2006; Sarmento et al. 2010). However, the use of this information as a
proper index of relative abundance and its implementation in abundance models has
not been proposed previously. Unexpectedly, the scat index was not related to the
remaining indices, so despite our lack of actual abundance estimates we can conclude
that some of these indices could not be related to actual abundance. In fact, methods

based on scat sampling have been questioned for estimating abundance because
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scats are primarily used for communication and marking function by carnivore species
(Gorman and Trowbridge 1989; Gese 2004) therefore, the NSE index may be closer to
explaining marking behaviour at each site than fox abundance in this area. Defecation
rates often change during the mating and dispersal periods (Barja et al. 2008) and
depend on season and diet (Andelt and Andelt 1984; Goszczynski 1990). Changes in
marking frequency due to the location of tracks within foraging areas have been
extensively studied (Vila et al. 1994; Barja and List 2014; Zaman et al. 2019). We
chose well-demarcated and random paths that covered the areas selected for camera
deployment; however, the site selected for fox depositions might have followed a non-
random distribution (Kruuk et al. 1986; Macdonald 1980; Gorman 1990; Soler et al.
2009). Scats tend to occur at the boundary of territories or are used to mark key
resources for individuals (see Macdonald 1985; Barja et al. 2001; Monclus et al. 2009,
Burgos et al. 2019 for other carnivores species). In addition, not all individuals mark the
territory in the same way, so information on some individuals is lost and biased results
on abundance are obtained (Gorman and Trowbridge 1989; Webbon et al. 2004).
Consequently, to reduce the influence of the scat marking function, other scat sampling
methods (e.g. random transect) should be considered to cover different areas and not
only well-defined trails (Guthlin et al. 2012).

Differences in interpretations of abundance models and relative abundance values
derived by an index cannot be unambiguously attributed to actual differences in
abundance, but may have arisen from differences in detection (Pollock et al. 2002;
Archaux et al. 2012). Gu and Swihart (2004) studied non-random detectability in
relation to habitat characteristic using occupancy models. Their simulations showed
that models derived from non-random detectability tend to increase the importance of
habitat variables that are positively related to detection probability as factors influencing
occupancy. Their results on occupancy models showed an analogy with our
abundance models. The sensitivity of certain indices to detection variations was
observed in the interpretation of abundance models based on each index when
compared to N-Mixture abundance models controlling for detection variation. Results
showed that predictors of high importance in relative abundance models might be
mainly involved in the detection variability rather than abundance variation. We
observed that the RAI abundance model and N-Mixture model selected shrub predictor
to explain fox abundance. However, the small game predictor explained fox abundance
in the RAI model but fox detection in N-Mixture models. The resulting negative
selection of small game hunting areas in the models explaining relative abundance by

RAI could be a consequence of variation in detection due to behavioural patterns. Fox
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activity seems to be affected by human presence in areas of high human disturbance,
thus decreasing diurnal activity (Diaz-Ruiz et al. 2015). Areas with small game are
considered landscape of fear, which could affect the behavioural patterns of foxes.
Some individuals might be more shy and fearful, avoiding interactions with cameras,
which could introduce variations in the number of fox captures on cameras. Thus, the
number of captures on camera could be explaining whether some foxes are more
subject to small games than others. Sensitivity to detection variations was most
strongly observed in the abundance models produced with the NSE index. These
models selected the same predictors to explain fox abundance as the N-Mixture
models did to explain fox detection, which were small game and period. The positive
selection of the small game predictor in the NSE model suggests that the NSE index
could explain variation in fox detection in relation to marking behaviour rather than
variation in abundance. Hunting areas often have suitable vegetation for rabbits (Fa et
al. 1999), the main prey of the red fox (Villafuerte et al. 1998; Diaz-Ruiz and Ferreras
2013; Fernandez-de-Simon et al. 2015). Therefore, more resources, including prey, are
available and more marking behaviour could occur (Burgos et al. 2019). Also in hunted
areas, fox restocking may be higher, so foxes may mark their territories more
frequently than in non-game areas (Murdoch et al. 2016). In addition, scat detection
might be higher in hunting areas where trails are cleaner due to human transit and
more exposed areas are available facilitating their detection (Cortazar-Chinarro et al.
2019). The influence of seasonality on faecal detection has occurred in other fox
species. Consistent with our results, Schauster et al. (2002) and Dempsey et al. (2014)
found that scat detection was highest during the breeding period (winter) and lowest

during pup-rearing period (summer).

In contrast to the RAI and NSE indices, the NI and N-Mixture models selected the
same predictors to explain abundance. This result suggests that the NI index might be
less biased by detection variability, so it could be used directly to easily explain
abundance patterns in red foxes when the capture-recapture method is not possible
(e.g. a minimum number of identified individuals in the population and a minimum
number of captures of these identified individuals for reliable estimates (Otis et al.
1978). Both models selected distance to urban areas and shrubs as predictors of
abundance. This result aligned with the positive selection of areas closer to urban
areas in central Spain (Recio et al. 2015), where generalist carnivores such as red
foxes were more abundant in urban and ex-urban areas. Proximity to urban areas
could provide human associated resources (e.g. rubbish, rodent prey, or shelters in

abandoned buildings) (Fraterrigo and Wiens 2005; Sorace and Gustin 2009; Bateman
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et al. 2012) capable of supporting higher number of foxes. Regarding shrubs, Pita et al.
(2009), showed the importance of forest cover and mosaic landscape (i.e. open, woody
habitat patches) favouring carnivore diversity, and not only the prevalence of semi-
natural habitats (i.e. the proportion of area with cork oak, scrubland, marshes and
coastal dunes), which provide safe refuges and positively affect fox abundance.
Similarly, Mangas et al. (2008) showed the importance of tree cover and tree height in
carnivore richness in Mediterranean scrubland. In terms to variations in detection
provided by N-Mixture models, red fox activity appeared to be determined by increased
human disturbance (Diaz-Ruiz et al. 2015). In this vein, persecution might affect fox
behaviour, with more wary and cautious individuals resulting in a lower probability of
detection. During spring (birth/ lactation) and summer (mother accompanied by cubs),
the probability of detection was higher, which may be explained by the behavioural
changes that occur during these periods. During the denning period, female foxes were
more active on a daily basis (Phillips and Catling 1991). In addition, during summer and
spring, foxes have larger activity ranges (Martin-Garcia et al. unpublished) with greater
movements within the sampled areas and thus increasing the probability of detection.
The presence of cubs and juveniles during these seasons could also increase

detection due to their curious and exploratory behaviour.

Overall, our research supports the importance of controlling for detection variability for
a proper study of abundance modelling. Relative abundance indices are widely used to
explain changes in abundance. For this reason, knowledge of their sensitivity to the
influence of detection is essential for a correct interpretation of abundances trends. Our
results suggest concordance between N-Mixture and NI models, supporting the use of
NI index for abundance models without the need to control for detection variation.
Therefore, the NI index could easily be used as an index of abundance when there are
limitations to implement capture-recapture methods. If methods based on a capture-
per-occasion count (RAI) are selected, we suggest using session-based data
processing to incorporate variation in detectability into N-Mixture models (Royle 2004).
Other methods of scat sampling could be tested, such as the use of transects that do
not follow existing trails. This method would cover landscapes that are varied in both
composition and configuration (Guthlin et al. 2012) and could reduce the bias caused
by some individuals marking more intensively by depositing scats along trails. It could
also reduce the influence of detection on the NSE index and improve the precision of
relative abundance estimation. Other indices of abundance, such as the minimum

number of individuals identified from faecal DNA genotyping, could also be tested. The
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influence of detection on relative abundance models derived from DNA genotyping

could be compared with those using an NI index.
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Supporting information chapter 1

Supplementary Table 1 Sampling design of sampled areas. Presence of small game (Yes) and absence of small game (No); Period: birth and lactation stage (B/L), dispersal
and mating stage (D/H), period when cubs are with mother (M/C); Season during sampling (Season); Ha: size of area sampled (Ha); Number of night during cameras
placement (No. of nights); Number of cameras used (No. of cameras); No. occasions (No. of nights per No. of cameras

1 No B/L Spring 413 20 10 200
2 No B/L Spring 311 20 8 160
3 Yes D/H Autumn 390 36 8 288
4 Yes D/H Winter 417 23 9 207
5 Yes B/L Spring 507 21 8 168
6 Yes m/C Summer 479 35 10 350
7 No m/C Summer 422 35 9 315
8 No D/H Autumn 364 35 8 280
9 No D/H Winter 466 35 10 350
10 Yes B/L Spring 438 35 8 280
11 Yes B/L Spring 377 35 8 280
12 No M/C Summer 369 35 8 280
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Supplementary Table 2 Results of total of number of captures (photographs) of foxes (No. of total capture
of foxes); RAI (total number of captures/number of occasions); NSE (number of segments with scats); NI

(number of identified foxes) using camera-trap and scats census methods.

Area No. of captures RAI NSE NI

1 16 0.08 1 2
2 47 0.293 3
3 5 0.016 9 1
4 12 0.06 10 2
5 0 0.00 6 0
6 24 0.068 4 3
7 88 0.28 1 3
8 62 0.221 1 5
9 29 0.082 6 2
10 29 0.103 5 2
11 56 0.2 7 5
12 22 0.078 3 2
Total 390 59 30
a)
TRAIL1 TRAIL 2

100m

200m

300m

400m

500m

600m

700m

800m

900m
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b)

Number of  Number of segments Number of segments
Trail  Segment scats with scats without scats

=

0-100
100-200
200-300
300-400
400-500
500-600
600-700
700-800
800-900

900-1000

o

0-100
100-200
200-300
300-400
400-500
500-600
600-700
700-800
800-900

900-1000

N RN N NNNDMNRNN[RPRR R R R R R PR
N O P O OFRP OFP O RFRPR|OO o 0or oo o o

N

SE — I\ — (

Total
2 20 7 6 14

n= number of segments
k= total number of segments with scats
p= probability of segment with scats

p — 1= probability of segments without scats
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c)

Number of Number of

Area Number of cameras hights captures RAI index
1 10 20 16 0.08
2 8 20 47 0.293
3 36 5 0.016
4 23 12 0.06
5 21 0 0.00
6 10 35 24 0.068
7 9 35 88 0.28
8 35 62 0.221
9 10 35 29 0.082
10 35 29 0.103
11 35 56 0.2
12 8 35 22 0.078
RAl index = Number of captures/ number of cameras x number of nights
- J
Number}/occasions

Supplementary Material 1. Estimation of NSE and RAI relative abundance indices. a)
Example of the division of each trail into segments and estimation of the NSE index.
The stars represent the scats' location, and the dots represent the beginning of the trail
segments. b) The table shows the information on the organization of the scat data:
name of the trail (Trail); segments of trails (Segment); the number of scats in each
segment (Number of scats); the number of segments that included scats in each trail
(Number of segments with scats); the number of segments without scats in each trail
(Number of segments without scats). The formula shows the estimation of the NSE
index: n (number of segments); k (total number of segments with scats); p (probability
of having a segment with scats); p — 1 (probability of having a segment without scats).
c) Example of RAIl index estimation. The table contains information on camera-trapping
sampling: the number of cameras used in each area (Number of cameras); the number
of camera nights (Number of nights); the number of photographs of foxes (Number of
captures). The formula shows the estimation of RAI index. The numbers of occasions

are defined as the number of cameras per nights.
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Chapter 2

Abstract

Applying the most appropriate sampling method is essential for estimating population
size. Sampling methods and techniques to estimate abundance may be limited by
environmental characteristics, species traits, and specific requirements of the
techniques, or the economic resources to carry out the sampling. Thus, evaluating
multiple sampling methods in monitoring populations is essential for establishing
effective conservation strategies. In this study, we compare two of the most commonly
used sampling methods with the red fox (Vulpes vulpes) as the type species. On the
one hand, we compared the minimum number of individuals (NI) detected by camera-
trapping, identifying individuals by morphological characteristics with the minimum
number of individuals detected by DNA scats and a set of 16 microsatellites. On the
other hand, we estimated abundance by performing an N-Mixture model using
information from camera-traps to study the relationship between abundance and the
minimum number of individuals detected. Results showed that the minimum NI
provided by camera-trapping was slightly higher than that of DNA faecal genotyping,
with 23.66 and 19 individuals, respectively. In addition, abundance and NI detected by
camera-trapping showed a positive relationship. In contrast, there was a non-significant
negative relationship between NI detected by faecal DNA and abundance estimates.
Our results suggest using the minimum number of photo-identified individuals as a
reliable index to study variation in red fox abundance when other advanced methods
cannot be implemented in the study of population size. However, it is necessary to
improve the methods of faecal sampling to study the relationship with camera-trap
data.
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Introduction

The recent acceleration of biodiversity loss urgently requires the development of
monitoring programmes to understand trends and spatial patterns of the abundance of
wildlife species. Among these, the order Carnivora is among the most threatened
groups worldwide (Gittleman et al. 2001). Carnivores are emblematic species with an
important ecological role; however, they also cause conservation conflicts with human
and their activities (Linnell and Strand 2000; Prugh et al. 2009; Ritchie et al. 2012).
Many carnivore species are elusive and solitary mesocarnivores (hereafter
mesocarnivores), with nocturnal habits, large territories and low population densities.
These characteristics make non-invasive survey methods highly suitable for studying
and monitoring these species. Camera-trapping and DNA-genotyping are currently the
most relevant non-invasive sampling methods applied to monitor mesocarnivores and
analyse their abundance assisted by different analytical techniques (Srbek-Araujo and
Chiarello 2005; Trolle et al. 2007; O’Connell et al. 2011; Sollmann et al. 2013; Rodgers
et al. 2014). However, these methods are unreliable in all scenarios because
environmental characteristics and species traits may limit them, as well as the specific
requirements of the techniques to estimate species abundance or the economic
resources available to carry out the sampling. Therefore, because different sampling
methods and techniques can be applied to estimate mesocarnivore abundance in
different regions or seasons, it is necessary to assess the relationship between these
methods and how they can be selected in terms of their sampling effort, economic
costs, precision and accuracy of abundance estimates (Silveira et al. 2003; Gaidet-
Drapier et al. 2006; Gompper et al. 2006; Balme et al. 2009).

Abundance can be assessed using population size estimates or indices of relative
abundance. Among the former, capture-recapture methods are widely used by
biologists to estimate parameters of wildlife population (Pollock 1976) using the capture
histories of identified individuals to draw the detection probability. Camera-trapping and
non-invasive DNA samplings are among the most widespread techniques used to
identify individuals (Karanth and Nichols 1998; Jackson et al. 2006; Mondol et al. 2009;
Galaverni et al. 2012). However, other techniques such as N-Mixture methods can be
used when individuals cannot be individually identified. N-Mixture models use data
from spatially replicated count surveys to effectively estimate population sizes while
accounting for the detection process (Royle 2004; Ficetola et al. 2018; Kidwai et al.
2019; Costa et al. 2020). However, these methods imply a great effort and resources
as they require a high number of spatial replicates to account for imperfect detection

(instance >20 sites; Kéry and Schaub 2012) and a high probability of detection (Royle
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2004; Veech et al. 2016) to obtain reliable abundance estimates. Under these
limitations for estimating abundance, relative abundance indices are helpful and
convenient for studying population size. Indices of relative abundance are positively
correlated with the population size of the species (Caughley and Sinclair 1994), so
changes in index values reflect a change in actual abundance (Romesburg 1981;
Anderson 2003). Among relative abundance indices scats counts along transects and
capture rates by camera-traps are the most important. However, using relative
abundance indices should be taken with caution because the monotonic relationship
with true abundance may not be constant and positive over time and across habitats. In
addition, different indices may show different sensitivities to the same habitat
characteristics; therefore, relative abundance estimates will depend on the index used.
In addition, the indices do not control the probability of detection of a species as do the
techniqgue mentioned above (CR and N-Mixture methods), which may influence
abundance estimates. Moreover, we should consider that the efficient use of camera-
trapping and DNA scats sampling might be limited under some circumstances that
could affect abundance estimation. For example, environments with high humidity and
temperature poorly preserve DNA in scats (Murphy et al. 2007). Temperature
differences can also lead to reduced detection of animals and undesirable detection

biases in camera-traps triggered by ‘heat-in-motion’ (Meek et al. 2015).

Identifying relative abundance indices that follow a constant relationship with
abundance without depending on the sampling method used, habitat characteristics or
probability of detection is of great interest when other advanced methods cannot be
implemented in the study of population size. Here, we compare the relationship
between camera-trapping and DNA faecal sampling to study population size during the
same spatio-temporal settings. We compared the minimum number of individuals (NI)
identified by each sampling method in several areas covering different habitat
characteristics. We propose the minimum NI as a relative index of abundance and
study the relationship of this index with abundance estimation. In particular, we used N-
Mixture models (Royle 2004) to estimate abundance using camera traps. Previous
studies focused on carnivore species with spotted fur or animals marked to facilitate
the identification of individuals using camera-traps (Karanth and Nichols 1998; Silveira
et al. 2003; Soisalo and Cavalcanti 2006; Mosquera et al. 2016). We used one of the
most abundant mesocarnivore species in Europe and particularly in the Iberian
Peninsula (Lloyd 1980), the red fox (Vulpes vulpes). Although the red fox lacks a
distinct fur pattern, all individuals show distinctive characteristics (i.e. body and tail

coat; muzzle, head and ears shape; leg and paw marking; injuries) that allow individual
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for identification (Sarmento et al. 2009; Dorning and Harris 2019). Furthermore,
territory marking by foxes’ character facilitates scats sampling (Goszczynski 1990).
These characteristics make the fox a model species to test non-invasive sampling
techniques in carnivores. The abundance of red foxes is not well-documented in all
areas of the Iberian Peninsula. However, some studies have tested different non-
invasive sampling techniques to determine its abundance (Jiménez et al. 2017;
Jiménez et al. 2019a; Jiménez et al. 2019b). The red fox has a critical ecological role in
seed dispersal (Campos and Ojeda 1997; Juan et al. 2006), the transmission of rabies
disease (Chautan et al. 2000), and its impact on game species (Beja et al. 2009). In
Spain, the red fox is a game species with annual hunting quotas. However, the quota
implementation follows non-scientific criteria based on abundance estimations. Also,
the lack of selective techniques for fox control may harm other endangered carnivores
without an effective control of fox abundance (Virgés and Travaini 2005), which
highlights the importance of the species for the carnivore guild and associated

conservation conflicts.

Using red fox as model species, we tested the following questions: (1) are both
methods correlated in detecting the same minimum NI? (2) is the minimum NI index
correlated with red fox abundance estimates by both methods? (3) which method is the
most economical for estimating red fox abundance in the same spatial and temporal
environment? Our applied aim is to provide methodological information to assist
decision-making in research requiring estimates of the relative abundance of

mesocarnivores.
Material and Methods

Study area

The red fox is continuously distributed in the Autonomous Community of Madrid
(Spain). Thus, we selected seven areas in this region for our study: Carabafia (C) and
Villarejo de Salvanés (V) in the southeast, La Berzosa (B) and San Mames (SM) in the
north and Robledo (R), Quijorna (Q) and Pelayos de la Presa (P) in the southwest
(Figure 1).

The southeast part of the mesomediterranean floor has a temperature range of 5.7-7.5
°C in winter and 20.7-25.2°C in summer and annual precipitation of around 390 mm
per year. Here, rained crops, irrigated, and pasture predominate. Oak (Quercus ilex
rothundifolia and Quercus coccifera) forests on calcareous soils result in a fragmented

landscape characterized by a mixture of open spaces, Ilow vegetation
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(https://www.comunidad.madrid/servicios/urbanismo-medio-ambiente/parque-regional-

sureste), also with a strong human influence (Pascual et al. 2010).

The northern part of our study area lay between the meso- and supramediterranean
floors characterized by milder summers and colder winters than the southeaster area;
precipitations are also more abundant in this area. The landscape consists of
Sclerophyllous vegetation (vegetation with hard leaves, short internodes and leaf
orientation parallel or oblique to direct sunlight), oaks with gum rockrose (Cistus spp)
and abundant granite boulders. Likewise, scrublands of broom (Cistus spp) and thyme

(Thymus vulgaris) with pine woods are present from an altitude of 1400 m a.s.l.

Figure 1. Sampling areas, cameras, and trail distribution in the study areas. Carabafa (C), Villarejo de
Salvanés (V), La Berzosa (B), San Mames (SM), Robledo (R), Quijorna (Q) and Pelayos de la presa (P).
The dots show the camera locations, and the lines show the faecal trails (red is trail 1; yellow is trail 2, and
green is trail 3).

The southwest region of Madrid is characterized by a great variety of landscapes,
reliefs and plant species, with predominant coniferous forests, especially stone pine
(Pinus pinea). On the slopes, there are holm oaks (Quercus ilex), cork oaks (Quercus
suber), other oaks (Quercus spp), and junipers (Juniperus communis), which are
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typical species of Mediterranean forests. Rainfall is abundant throughout the year

except in summer, and winters are cold with occasional frosts and snowfalls.

The sampling period took place in 2017 (B, C, SM and R) and 2018 (V, Q and P) to
cover different seasons: B, C and P in summer, V and Q in spring, SM in autumn, and
R in winter. In this way, differences in detectability and marking that depend on
seasonality were avoided (Ralls et al. 2010).

Camera-trapping sampling and scats collection sampling

At each site, we placed eight to ten cameras (Scoutguard SG562C LED White model),
spaced approximately 450-600 m apart, covering as large an area as possible to
maximize the number of individuals photographed and reduce the likelihood of
unsampled foxes (similar to Sarmento et al. 2009). We used ArcGIS 10.2 (ESRI Inc.,
Redlands, California, USA) to create a minimum convex polygon (MCP) using the
camera locations. We placed sardines and a commercial lure (HAGOPUR® Premium
Attractant Fox) at the camera-trap sites to increase the probability of detection of foxes
(Heinlein et al. 2020; Sebastian-Gonzéalez et al. 2020). The cameras operated for 35
days and were checked every seven days to replenish baits, collect the photographs
and check the battery (see Martin-Garcia et al. 2022 for additional information on the
photographic sampling design).

We collected scats in 21 trails of 1 km distributed in seven areas (i.e. three trails per
area) (Supplementary Table 1). We cleaned each trail on the first day of camera
placement to ensure an exclusive collection of scats deposited within the sampling
period. After that, each trail was sampled every two weeks three times during camera
placement to increase the probability of detecting scats from all individuals in the
population. Trails were also inspected the day after the cameras were checked. We
chose trails based on proximity to the camera placement areas to increase the
probability of detecting the same individuals by both methods (Figure 1). Fresh scats
that could potentially belong to foxes due to morphology and odour were collected by
the same operators. All the operators had broad experience in recognizing carnivore
scats. We placed scats in 96% alcohol for the first 12 h and then stored them on silica

gels at 2—4°C until they were processed (Nsubuga et al. 2004).
DNA extraction and amplification

We extracted DNA from the scats using a QlAamp DNA Stool Kit (Qiagen) following
the manufacturer’s protocol. DNA purity and quantification were determined with a

NanoDrop® 2000 spectrophotometer and Qubit® 3.0 fluorometer Quantitation Kit
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(Invitrogen™). For species verification, we amplified a short region (120 bp) of the
mitochondrial (mt) DNA “ND1” gene. Samples were BLAST using the BLASTx option at
the NCBI platform to identify foxes. PCR reactions were performed in a total volume of
20 pL (the protocol for species verification is explained in detail in Supplementary
material S1). All amplifications were carried out using filter tips in separate rooms (pre-
and post- PCR), and negative controls/blanks were included in all amplifications to
avoid contamination. PCR products were run and visualized on a 1.5% agarose gel
using gel green (BIOTIUM). PCR products were sequenced at Macrogen
(Netherlands).

We used 16 autosomal microsatellites loci of different canid species (Canis familiaris,
Canis lupus and Vulpes vulpes) to genotype the individuals. The 16 autosomal
microsatellites markers were: DB1, DB3 (Holmes et al. 1993); CXX173 (ul73),
CXX225 (u225), CXX 109 (ul09) (Ostrander et al. 1993); c2168. CPH9, CPH1
(Fredholm and Wintero 1995); FH2054 (CXX/c2054), FH2001 (CXX/c2001), c2168,
€2140, c2004 (Francisco et al. 1996); REN105L 03, INU030 (Sacks et al. 2011) and
PEZ03 (Perkin-Elmer, Zoogen). Another set of ten microsatellite loci was
unsuccessfully tested (Supplementary Table 2). Microsatellites were multiplexed in
combinations with similar melting temperatures. We included from two to seven
microsatellites in each multiplexed combination (Mplex). For PCR amplification, we
followed the two-step multiplexing touch-down approach modified from Arandjelovic et
al. 2009 (Supplementary Tables S3 and S4). For the Mplex, microsatellites were
amplified by combinations, all in the same PCR reaction (Supplementary Table 3). The
amplification was performed in a volume of 20 pL using DreamTaq polymerase
(Thermo Scientific). The Mplex was diluted to 1:100 for the second PCR reaction. For
the second PCR amplification, the Singleplex (Splex), we used 1 pL of 1:100 diluted
multiplex (Mplex) and each microsatellite was amplified independently (see
Supplementary Table 4). Splex PCR amplification was performed in a final volume of
10 L. PCR conditions for the Mplex and the Splex are summarized in Supplementary
Tables S3 and S4. The PCR products from the Splex were then diluted in water (1:10),
mixed 1 pL with 9.8 pL EDTA (0.1 M) and 0.2 pL of size standard (GeneScanTM, 600
LIZ®, Thermo Scientific) and run on 3730xI DNA Analyzer (Applied Biosystems ™).
Samples were genotyped using GeneMapper® Software 5 (Applied Biosystems ™).

Photo-identification and microsatellite genotyping

Individuals were identified based on traits such as body size, age range and, the

appearance of the tail, spotting at specific points and other diagnostic features. We
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followed Sarmento et al. (2009) and Dorning and Harri (2019) to select traits to assist
identification (Table 1; see also Figure 2 for examples of individual identification). We
did not account for seasonal changes in coat for each individual. The sampling time
was not long enough to appreciate these seasonal differences, and we did not repeat
sampling in the same area during different seasons. Cubs were not individually
identifiable due to their juvenile fur lacking sufficient distinctive features. However,
juveniles tend to move together, so we decided to consider the maximum number of
juveniles appearing together in the same photo as the minimum number of juveniles in

the population and include it in the study.

Figure 2. Examples of identification of individual foxes by camera trap a) Individual with two spots at the

base of the snout and tail with thick fur. b) Individual with thin tail and no fur. c) Individual with a distinct fur

pattern on the shoulder, base of the tail, paw and under the neck.

We reviewed photos by a second observer to control for photo-identification bias and
reduce overestimation (Foster and Harmsen 2012; Ferreras et al. 2017; Johansson et
al. 2020). A third observer re-analysed fox photographs when the first and second
observers disagreed on the number of foxes identified. We considered the minimum

number of individuals as the mean of the number of individuals identified by each
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observer. We also estimated the standard error and confidence intervals of the number
of individuals photo-identified.

Table 1 Features selected for fox identification

Feature Source of variation

Body coat Condition and colour of coat on body, belly and chest (black or
white patches or stripes).

Head/face/muzzle shape Size of the head; length of the muzzle; the fullness of cheeks;
marks on top of nose; colour and shape of fur markings on
each side of the muzzle.

Ears Length; shape (rounded or pointed); colour and texture of the
coat on the inside of the ears; mottling on the back of the ears;
wounds on the rims of ears

Height and shape of black socks on the legs; black or white
Leg and paw coat on the front of the thighs; coat colour on the inside of the
legs; mottling of the coat and presence of white markings.

Tail coat Coat condition; colour and pattern; shape and size of the dark
patch around the supracaudal gland.

Tail shape Length; thickness; straightness; tip shape (pointed, rounded,

tapered, tufted, curly or flattened)
Injuries
Sarcoptic mange infection; bites; scars and deformities.

In microsatellite genotyping, allele sizes were manually scored relative to an internal
size standard (GeneScan GS600LIZ) in GeneMapper version 5 (Applied Biosystems
™). Each locus was amplified three times to minimise genotyping errors. Genotypes
were accepted as reliable if: (1) a heterozygote was observed at least twice in two
independent reactions, and/ or (2) a homozygote was observed at least twice
independently and failed amplification of the third replicate (Taberlet et al. 1996; Frantz
et al. 2003; Flagstad et al. 2004). We defined ambiguous genotypes as (1) genotypes
with only one amplified replicate, (2) genotypes that failed all replicates, (3) genotypes
that generated different alleles in each replicate, or (4) genotypes with two identical
homozygous replicates and a different third. These genotypes were annotated as

missing alleles (000000) for the corresponding marker.

We used FreeNA program to test the null allele frequency (Chapuis and Estoup 2009).

Gimlet 3.4 (Valiere 2003) was used to evaluate heterogeneity observed (Ho) and
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expected (He); Hardy-Weinberg equilibrium (H-W equilibrium) and probability of identity
(Pp) to evaluate the reliability of the microsatellites used. The P, among genotypes
(Kalinowski et al. 2007) is the most widely used statistical method to quantify the power
or ability of molecular markers to distinguish between two individuals. We tested Pyp,
Pio @iy, multilocus Pp and Multi-locus Pp si). The Pyp is the probability that a single
unrelated individual has this genotype (individuals are randomly mated); Pp (ip) IS the
probability that a single full sibling has this genotype (sister-sibling only population),
and the multi-locus Pyp is the Pp calculated over several loci by sequentially multiplying
the Pp value over the loci (considering that the loci are independent) (Scandura et al.
2001). The multi-locus P (i) iS the Ppp (sib) Calculated over several loci. We considered
that a multi-locus Pp iby less than 0.01 (Mills et al. 2000) or a multi-locus P,p between
0.001 and 0.0001 was sufficiently sensitive for identification and avoided
underestimation (Waits et al. 2001). The presence of null alleles was checked with the
FreeNa program. We also tested the effect of removing markers with a null allele
frequency above 0.30 (Dakin and Avise 2004; Huang et al. 2016).

We used Cervus 3.0.7 (Kalinowski et al. 2007) and Gimlet 3.4 to create genotype
profiles for all the samples and test the consensus in the number of individuals
provided by both programs. Cervus 3.0.7 identifies samples with identical genotypes
for the specified number of loci. From our set of 16 microsatellites, we scored
individuals as the same if they had identical genotypes for at least eight or more
common loci. This grouping method with matching samples ensures a conservative
number of identified individuals by minimizing individuals created through erroneous,
multi-locus genotypes (Mondol et al. 2009). Also, we allowed a maximum of two
mismatching loci to control genotyping errors and increase success in genotype
assignment (Kalinowski et al. 2007). We used Gimlet 3.4 to reconstruct the consensus
genotypes. Finally, we tested the genotype reassortment function with the assumption

that missing alleles are considered distinctive alleles.
Model selection: abundance estimation

We ran N-Mixture models to estimate fox abundance from camera-trapping without
individual identification and accounting for the influence of imperfect detection. We
used unmarked package (Fiske and Chandler 2011) in R software (R Core Team 2022)
using the pcount function. This function estimates abundance in a hierarchical model.
The actual abundance is estimated from the local variation of abundance (A) at i sites
using j temporal counts controlling for detection probability. There are two linked

processes for estimating abundance (Kéry and Schaub 2012):
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a) Abundance process (A): Fitted by a Poisson distribution with mean A and the

variation of local abundance at site i
A ~ Poisson (1)

b) Observation process (p): Fitted by a binomial distribution of the observed counts
(vi,j) of individuals at each site (i) in each temporal replicate (j) with a probability of
detection.

yi,j|A ~ Binomial (1,p)

We counted each independent fox trapping event in each camera-trap per occasion (24
h). We considered more than one fox capture per occasion when we detected several
foxes together in the same independent fox capture event. We first ranked three
models to study abundance and detection probability among sampling areas: (1)
constant detection probability among areas with a variation of abundance estimates
among areas (i.e. p (.) ~ A (site)), (2) variation in detection probability and variation of
abundance estimates among areas (i.e. p (site) ~ A (site)), and (3) variation in
detection probability among areas with constant abundance estimates among areas
(i.e. p(site) ~A(.)). We compared the performance of the Poisson, zero-inflated
Poisson, and negative binomial distributions for each model. For model selection, we
used Akaike’s Information Criterion (AIC) (Akaike 1974) corrected for small sample size
(AlCc) (Burnham and Anderson 2002). We run a chi-square test in Nmix.gof.test
function of package AlCcmodavg (Mazerolle and Mazerolle 2017) to assess the
goodness-of-fit and overdispersion of the selected model. We then estimated the
posterior distribution of detection and abundance (1) using empirical Bayes random
effects (ranef) methods from the unmarked package. We used a parametric bootstrap
approach with a simulation of 5000 bootstrap samples for each fit assessment. We
obtained the mean abundance of each area, the standard error and the confidence

interval.
Pearson correlation

We used a Pearson’s correlation test to quantify the proportionality and similarity
between (a) minimum photo-identified and genotyped NI, (b) minimum photo-identified
NI and abundance estimates, (c) minimum genotyped NI and abundance estimates.
We performed a logarithmic transformation when data were not normally distributed.
We followed Prion’s classification to establish correlation ranges (Prion and Haerling
2014).
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Results

Individual identification: photo-identification and microsatellite genotyping

We obtained 309 photos of foxes. We identified a total of 23.66 individuals with a mean
of 3.38 individuals per area (Table 2). Identified foxes per each observer were
described in Supplementary Table 5.

We collected 77 scats along the trails (Table 2). According to the molecular species
identification, mtDNA sequence (“ND1” gene) identified 69 samples of Vulpes vulpes.
Based on GIMLET analyses, six samples (three from C and three from Q) could not be
assigned to a specific genotype and were eliminated from the analyses, resulting in 63

faecal genotypes.

Table 2 Identified individuals and the number of photos and scats using both methods. Total photos (total
number of fox photos per area); Foxes (NI identified); Total scats (number of fox scats collected per area).
The following statistics are shown: standard error of NI photo-identified (S.E); lower and upper interval
coefficient of error of NI photo-identified (Cl [2.5, 97.5%)]).

CAMERA- DNA SCATS
TRAPPING SAMPLING
Total Foxes S.E Cl[2.5, Total scats Foxes
photos 97.5%]
La Berzosa
(B) 81 3.33 1.15 [2.08; 4.64] 6 1
Carabafia
©) 26 3 0 [3.00; 3.00] 19 3
Villarejo de
Salvanés 32 2 0 [2.00;2.00] 12 4
V)
Quijorna (Q) 56 5 0 [5.00; 5.00] 16 4
Pelayos de
la Presa (P) 22 2.66 0.57 [2.01; 3.32] 5 2
San Mames
(SM) 54 5 1 [3.86; 6.13] 2 2
Robledo de
Chavela (R) 31 2.66 0.57 [2.01; 3.32] 9 3

Consensus genotypes of sample types with 16 microsatellite loci (N=63) revealed the
presence of 19 individuals (Table 2). All loci included in the study were polymorphic.

We found 3-12 alleles per locus and an average of 7.06 annotated alleles per locus.
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The mean allelic dropout rate was 24% (loci=16; SD=0.149) among loci and 35%
(samples=69; SD=0.235) among samples. The single locus probabilities were
combined to obtain the total probability over the 16 loci, assuming the independence of
different loci. Results of Ho, He and H-W equilibrium of 16 microsatellites are shown in
Supplementary Table 6. The different identity probabilities for the 16 microsatellites loci
were multi-locus Pp =1.98x10-14 and multi-locus Pp ipy = 3.43%x10-06. Based on the
identified probability, the 16 loci considered were sufficient to distinguish with 99%
certainty between sibling red foxes (Supplementary Table 6). We obtained null allele
values of less than 0.30 in almost all loci, except for INUO30, which had a null allele
frequency of 0.33 (Supplementary Table 6). We repeated the analyses after removing
INUO30 and obtained the same results regarding the same number of individuals and
sample genotypes. However, the multi-locus P, increased slightly to 1.16x10-13.
Therefore, we decided to retain this microsatellite in subsequent analyses (Huang et al.
2016). The number of individuals identified was consistent between the two software
tools used (Cervus 3.0 and Gimlet 3.4), with a single exception in the P location
population, where we detected two individuals by Gimlet 3.4 but could not obtain
results with Cervus 3.4. The number of assigned scats to each individual is described
in Supplementary Table 5.

Model selection: abundance estimation

Model selection resulted in two top-ranked models (lowest AlCc). The model with lower
AlICc indicated a constant detection probability and variation in abundance estimation
between areas. The second model maintained a constant abundance estimate and a
variable detection probability between areas (Table 3). In both models, the Poisson
distribution was more supported than the zero-inflated Poisson and negative binomial.
Although the two top-ranked models were close (i.e. AAICc < 2) we decided to select
the first top-ranked model because it explained our predictions for estimating
abundance in each area (Table 3) to study the relationship between abundance
estimates and the minimum NI between areas. This model yielded a detection
probability of 0.03 (S.E=0.01; intercept = -3.36; Cl [-4.017, -2.694]). The Nmix.gof.test
with 100 bootstrapped samples indicated that the selected model fit well (x2=2167.27;
p-value=0.37) with no evidence of overdispersion (c-hat=1.01) (i.e. observed test

statistic divided by the mean of the simulated test statistics).
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Table 3. Model selection to determine detection probability and abundance between areas. Model
selection results to compare Poisson [P], zero-inflated Poisson [ZIP], and negative binomial [NB]
distributions. Model selection was based on Akaike's information criterion (AIC), the number of degrees of
freedom (df), the difference AICc from the best-fit models (AAICc<2), and the model weights (AICwt). A
defines the abundance process, and p is the detection process. p(.) and A(.) indicates constant detection
probability and abundance between areas, respectively, and p(site) and A(site) indicates the variation in

detection probability or abundance between areas.

Model df AlCc AAICc AlCcwt
p () ~ A(site) [P] 8 1695.359 0.000 0.342
p (site) ~ A (.) [P] 8 1695476 0.117 0.323

p () ~ A(site) [ZIP] 9 1698135 2.776  0.085

p () ~ A (site) [NB] 9 1698.135 2776  0.085

p (site) ~ 1 () [ZIP] 9 1698.253 2.894  0.080

p (site) ~ 1 (.) [NB] 9 1698258 2.899  0.080

p (site) ~ A (site) [P] 14 1705.847 10.488 0.001

p (site) ~ A (site) [ZIP] 15 1709.422 14.063 0.0003

p (site) ~ A (site) [NB] 15 1709.425 14.066 0.0003

Pearson correlation

Genotypes for fox NI, photo-identified data of fox NI and abundance data showed a
normal distribution (Table 4). We found no significant correlation between the minimum
NI derived from photo-identification and faecal genotyping (n= 7; |r] = -0.07; p-value=

0.87), while photo-identified minimum NI showed a strong positive (Prion and Haerling
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2014) but non-significant correlation with abundance estimates (n= 7; |r| = 0.68; p-
value= 0.08). In contrast, minimum NI from faecal genotyping and abundance
estimates were weakly (Prion and Haerling 2014) and non-significantly correlated (n=
7; |r|= -0.32; p-value= 0.48).

Table 4. Comparison between the minimum number of individual photo-identified (NI photo-identified), the
minimum number of individual faecal genotyping (NI faecal genotyping) and the abundance. Estimation of
fox abundance in each area was conducted using Poisson models. The following statistics are shown:
mean abundance (abundance mean); standard error of abundance (abundance S.E); lower and upper

interval coefficient of abundance (abundance CI [2.5, 97.5%]).

NI photo- NI faecal Abundance Abundance Abundance CI
Area identified genotyping mean S.E [2.5, 97.5%)]
La Berzosa (B) 3.33 1 6.8 0.6 [5.78;8.0]
San Mames 5 2 55 0.5 [4.5;6.6]
(SM)
Carabania (C) 3 3 2.4 0.3 [1.8;3.1]
Pelayos de la 2.66 2 1.8 0.3 [1.2;2.5]
Presa (P)
Quijorna (Q) 5 4 5.7 0.6 [4.6;6.9]
Robledo de 2 3 2.6 0.3 [2.0;3.3]
Chavela (R)
Villarejo de 2.66 4 3.0 0.4 [2.2;3.9]

Salvanés (V)

Discussion

Evaluating multiple sampling methods in monitoring carnivore populations is essential
for establishing effective conservation strategies (Caughley and Sinclair 1994; Sadlier
et al. 2004; Barea-Azcon et al. 2007). We used camera-trapping and DNA faecal
genotyping to estimate the minimum number of foxes. We estimated fox abundance by
implementing N-Mixture models to assess and compare the relationship between
abundance and minimum NI provided by camera-trapping and DNA faecal sampling.
First, we found that the estimation of minimum NI provided by camera-trapping was
slightly higher than that of DNA faecal genotyping. Second, there are indications that
areas with more NI identified were those with higher fox abundance, following a
positive relationship between abundance and NI detected by camera-trapping.
However, we also found a non-significant negative relationship between NI detected by

faecal DNA and abundance estimates.
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The comparison of camera-trapping and DNA faecal sampling methods showed a
slight variation in the number of the identified foxes. We identified three more
individuals with camera-traps than DNA faecal sampling (minimum NI was identical in
Carabana and Pelayos). However, despite this slight variation, we found no significant
correlation between the minimum NI calculated from photo-identified and faecal
genotyped. Comparisons between both non-invasive sampling methods to estimate the
population abundance of carnivore species are relatively common in the literature
(Mondol et al. 2009 (Panthera tigris); JaneCka et al. 2011 (Panthera uncia); Galaverni
et al. 2012 (Canis lupus); Velli et al. 2015 (Felis silvestris)). Galaverni et al. (2012)
found concordance between the two sampling methods in the number of identified
wolves, which supported their complementarity. However, the minimum number of
wolves identified was slightly higher with the use of DNA than with the cameras. In
particular, Mondol et al. (2009) found non-significant differences between sampling
methods in tigers, although they detected three more individuals using camera-traps
than DNA methods.

We identified fewer individuals using DNA faecal sampling than camera-trapping
(especially in San Mamés and La Berzosa). This difference could be explained by
limitations in the scats sampling design due to the use of scats for communication
between foxes. Carnivores mark their home ranges and territories with scats deposited
in a non-random distribution (Kruuk 1978; Macdonald 1980; Gorman 1990; Soler et al.
2009). Accounting for this behaviour, we chose random but well-delimited paths (trails
and roads) that covered the entire area sampled by cameras. Fox scats often mark the
boundary of territories or sites with critical resources (Macdonald 1985; Barja et al.
2001). Because resource and territory marking occurs unevenly between individuals,
marks of specific individuals in a given area may be over-represented (Gorman and
Trowbridge 1989). Moreover, defecation rates differ between individuals (Cavallini
1994), particularly between males and females, adults, and juveniles (Goszczynski
1990; Peterson et al. 2002; Ralls et al. 2010; Fawcett et al. 2012), which can influence
the number of individuals detected. Defecation rate also vary according to season and
diet (Andelt and Andelt 1984; Goszczynski 1990). Other effects, such as changes in
marking behaviour caused by the spatial distribution of roads (Vila et al. 1994; Barja
and List 2014; Zaman et al. 2019) may also lead to increased non-uniform distribution
of scats. In our study area of Villarejo, in contrast to other locations, the number of
individuals identified by DNA in scats was higher than using cameras. These
differences suggest some limitations of the camera-trapping method. Although 32

photos were obtained for identifying individuals, we obtained 15 unidentified photos of
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either new or previously detected individuals. Camera traps could alter red fox
behaviour, especially in females due to the sounds and flashes they make (Meek et al.
2014). Predation risk or anthropogenic disturbance (Lucherini et al. 1995) might also
increase trap avoidance, thus influencing individual detection. These potential
behavioural changes might impact the more elusive individuals more effusively, with

the consequent bias in their detection.

Although we found a non-significant correlation between the genotyped and photo-
identified minimum NI, the minimum photo-identified NI and the abundance estimation
showed a positive relationship. This result suggests the possibility of using NI as a
straightforward index to explain variations in species abundance. We validated
individual red fox photoidentification according to previous studies (Sarmento et al.
2009; Dorning and Harris 2019but see, Githlin et al. 2014) to obtain a minimum NI.
However, we recommend at least three observers to reduce the bias in over- or under-
estimating the number of individuals (Foster and Harmsen 2012; Ferreras et al. 2017;
Johansson et al. 2020). Photo identification also has limitations for juveniles or cubs.
Identifying juveniles becomes difficult when individuals are alone. Therefore, we
consider the minimum number of juveniles as the total number of juveniles together in
the same photo. However, we acknowledge this approach might be susceptible to
underestimating juvenile populations because we considered only the minimum
number of juveniles. Nevertheless, we assume that adding juveniles to the study
generated less bias when comparing the minimum NI identified and the abundance
estimated by both sampling methods. The identification of individuals has become a
standard method for the abundance estimation of animal populations, such as using
the Spatial Capture-Recapture (SCR) method (Efford 2014; Royle et al. 2014; Rodgers
et al. 2014; Wegge et al. 2019). However, CR methods for abundance estimates
require a sufficient number of recaptures to obtain accurate estimates (Otis et al.
1978). SCR approaches need at least 20—-25 recaptures, including spatial recaptures to
correctly describe the movement (Efford et al. 2004), or alternatively using movement
data from telemetry tagged individuals (Jimenez et al. 2019) to improve the estimate.

Due to the data limitations, we used N-Mixture models to estimate fox abundance.

The N-Mixture model estimates abundance using count data without needing individual
identification or reference to the effective trapping area. Other studies focused on the
reliability of the N-Mixture models to estimate abundance. Basile et al. (2016) found
that N-Mixture models and SCR methods yielded a similar estimation of the abundance
of the short-toed tree creeper (Certhia brachydactyla). Ficetola et al. (2018) obtained

limited differences between N-Mixture models and capture-mark-recapture to estimate
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the abundance of small vertebrates. Also, to avoid violating assumptions of N-Mixture
caused by double counting of a single sampling occasion (Link et al. 2018), we only
considered more than one fox capture per occasion (24 h) when we detected several
foxes together in the same capture event. Our results between photo-identified NI and
abundance showed that NI results are helpful when the minimum number of identified
individuals in the population is not sufficient, or the number of captures of identified
individuals is not enough to produce reliable abundance estimates (Otis et al. 1978). NI
may also be recommended when sufficient temporal and spatial replicates are
unavailable or the assumptions of N-Mixture models are not met (e.g. independence in
the case of gregarious animals). Thus, Martin-Garcia et al. (2022) found that the
minimum photo-identified NI might not be biased by detection probability, thus

obtaining the same predictors as the N-Mixture models to explain abundance patterns.

We found no significant correlation between minimum NI genotyped and abundance.
Including more scats could help identify a potential relationship between the minimum
number of individuals identified by DNA scats sampling, NI photo-identified, and
abundance (Wegge et al. 2019; Lindsg et al. 2022). Future research should include
random transects out of existing trails to increase the number of scats and detections
of individuals. Implementing a random transect design that covers many landscapes
with different compositions and configurations (Guthlin et al. 2012) could reduce the
bias caused by some individuals marking more intensively along the trails. In this vein,
we could better refine and compare the relationship between estimated abundances of
faecal DNA and camera-trapping sampling methods (Rodgers et al. 2014) and between
NI genotypes and abundance. In addition, new state-of-the-art genomic approaches
based on SNPs approach (e.g. RAD-seq) may increase the accuracy of DNA
amplification decreasing the loss of samples and consequently improving abundance
estimates (Andrews et al. 2016; De Barba et al. 2017; Erwin et al. 2021). Another
timely method is the SNP genotyping method based on high-throughput real-time PCR
technique known as Dynamic Array™ by Fluidigm® that is mainly used for degraded

samples such as scats and ancient DNA studies samples (Kraus et al. 2015).

In our experience, using camera-trapping was cheaper than DNA sampling methods to
study red foxes. Our budget for the camera-trapping method was 2756 euros (including
cameras, baits and placement in the study areas) compared to 7500 euros for the
faecal DNA method (including fieldwork, sample shipment and protocol optimization).
Several aspects should be considered in terms of budget. Firstly, a small pilot
optimization study beforehand could help to reduce costs in future analyses. The

optimization process with fewer samples is helpful to check the protocol used and
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obtain preliminary results avoiding using all the valuable samples. Secondly, using
other less costly genetic techniques. Single nucleotide polymorphism (SNPs) is
frequently used as a new genotyping method for individual and sex identification
(Parker et al. 2021; Buchalski et al. 2022; Lopez-Bao et al. 2020). To date, developing
a SNP panel for individual identification is considered an efficient and cost-effective
method to simultaneously genotype hundreds of individuals (Carroll et al. 2018). Lastly,
researchers should consider an extra budget for the replacement of the cameras in
case of loss or failure during the study. Consequently, the budget for camera-trapping

may increase depending on the number of cameras needed for our research.

Our research highlights the importance of correctly selecting sampling methods for
abundance studies. Researchers can adjust the broad choices in sampling methods to
their available funds and logistics. Different methods can perform differently and
provide different results; thus, it is required to identify first the costs and limitations of
the potential techniques for our specific research objectives and the species to study.
Our results suggest the minimum photo-identified NI is a reliable index for studying
abundance variation when other methods are unavailable. In contrast, it is necessary to
improve the methods of scats sampling to estimate population size and to explore its
relationship with camera trap data. Sampling designs with transects away from existing
trails will increase the probability of finding more scats. We should mention that both
methods were compared to study abundance over a short period. On the other hand,
DNA sampling in scats could be useful to identify individuals over a longer period, over
years and seasons when this would be very difficult with photos (Bellemain et al. 2005).
In addition, assessments of genetic diversity, population substructure, gene flow,
paternity, and heritability are easy to evaluate with DNA stool genotyping (Pilot et al.
2014; Zanin et al. 2016). However, this was not the main objective of this study.
Regarding our model species, the red fox, and camera-trapping methods can be a
reference for future red fox management actions. In our study, the validity of using the
camera-trapping method to estimate fox population abundance is also motivated by its
lower cost when compared to the faecal DNA genotyped method. However, further

research on the cost-effectiveness of new genetic methods is encouraged.
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Supporting information Chapter 2

Supplementary material 1 DNA extraction and amplification protocol for species identification

For species verification, we amplified of a short region (120 bp) of the mitochondrial
(mt) DNA “ND1” gene. The primers F1 (5-CGAAACCAGACGAGCTACC-3) and F2 (3-
AACCAGCTATCACCAGGCTC-5) were primarily designed based on mammal
mitochondrial sequences (unpublished data). PCR reactions were conducted in a total
volume of 20ul containing 1 ul of genomic DNA, 2ul of 10X Dream taq buffer (Thermo
Scientific Lab), 0.4yl of 2mM of each dNTP, 0.5ul of each 10uM primer (F1 and F2,
respectively), 1.5 pl of Bovine serum albumine (BSA; 5mg/ml) and 0.25ul of Dream taq
DNA polymerase (5U/ul, Thermo scientific lab) in deionized water. Thermocycling was
performed on the ABI 2720 (Applied Biosystems®). An initial denaturation step of 3min
at 95°C was followed by 35 cycles consisting of 30s at 95°C, annealing for 30s at
temperatures decreasing from 61 to 56°C during ending with an extension step at 72°C

for 1min. PCR products were stored at 4°C.

Supplementary Table 1 Number of scats collected per area, trail, date, session and scats location (UTM

coordinates) on each trail.

ID Area Session Date Trail Typo X Y

1 Carabafia 1 11/06/17 C1 30T 481523 4455741
2 Carabafa 1 11/06/17 C1 30T 481697 4455980
3 Carabafia 1 11/06/17 C1 30T 481718 4456000
4 Carabafia 1 11/06/17 C2 30T 481847 4456694
5 Carabafia 1 11/06/17 C3 30T 481814 4455446
6 Carabafia 2 25/06/17 C1 30T 481111 4455578
7 Carabafia 2 25/06/17 C1 30T 481421 4455688
8 Carabafia 2 25/06/17 C1 30T 481467 4455671
9 Carabafia 2 25/06/17 C1 30T 481525 4455760
10 Carabafia 2 25/06/17 C1 30T 481546 4455805
11 Carabafia 2 25/06/17 C1 30T 481674 4455957
12 Carabafa 2 25/06/17 C2 30T 481838 4456256
13 Carabafia 2 25/06/17 C2 30T 481514 4456297
14 Carabana 2 25/06/17 C2 30T 481234 4456331
15 Carabafia 3 09/07/27 C1 30T 481516 4455710
16 Carabafia 3 09/07/27 C1 30T 481655 4455930
17 Carabafia 3 09/07/17 C1 30T 481781 4456055
18 Carabafia 3 09/07/27 C1 30T 481629 4456287
19 Carabafia 3 09/07/17 C2 30T 482223 4456169
20 San Mames 1 08/08/17 SM2 30T 440803 4539135
21 San Mames 2 21/08/17 SM2 30T 440528 4539712
22 La Berzosa 1 03/10/27 B2 30T 421056 4497618
23 La Berzosa 2 17/10/17 B1 30T 420378 4496924
24 La Berzosa 2 17/10/17 Bl 30T 420314 4497151
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36
37
38
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41
42
43
44
45
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47
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54
55
56
57
58
59
60
61
62
63
64
65
66
67
68
69
70
71
72
73
74
75
76
77

La Berzosa
La Berzosa
La Berzosa
La Berzosa
La Berzosa
Robledo de Chavela
Robledo de Chavela
Robledo de Chavela
Robledo de Chavela
Robledo de Chavela
Robledo de Chavela
Robledo de Chavela
Robledo de Chavela
Robledo de Chavela
Robledo de Chavela
Robledo de Chavela
Villarejo de Salvanes
Villarejo de Salvanes
Villarejo de Salvanes
Villarejo de Salvanes
Villarejo de Salvanes
Villarejo de Salvanes
Villarejo de Salvanes
Villarejo de Salvanes
Villarejo de Salvanes
Villarejo de Salvanes
Villarejo de Salvanes
Villarejo de Salvanes
Quijorna
Quijorna
Quijorna
Quijorna
Quijorna
Quijorna
Quijorna
Quijorna
Quijorna
Quijorna
Quijorna
Quijorna
Quijorna
Quijorna
Quijorna
Quijorna
Quijorna
Pelayos de la presa
Pelayos de la presa
Pelayos de la presa
Pelayos de la presa
Pelayos de la presa
Pelayos de la presa
Pelayos de la presa
Pelayos de la presa

W WMNDNNREPPRPPWOWOWWRPRPRPPPEPRPPPPEPEPREPEPREPOWMWNDNDNDNDNNDNDNDNEWWWWWWWWWNNDNWWWNDN

17/10/17
17/10/17
31/10/17
31/10/17
31/10/17
19/12/17
19/12/17
26/12/17
26/12/17
26/12/17
26/12/17
26/12/17
26/12/17
26/12/17
26/12/17
26/12/17
20/03/18
10/04/18
10/04/18
10/04/18
10/04/18
10/04/18
10/04/18
10/04/18
10/04/18
10/04/18
17/04/18
17/04/18
22/05/18
22/05/18
22/05/18
22/05/18
22/05/18
22/05/18
22/05/18
22/05/18
22/05/18
22/05/18
22/05/18
22/05/18
22/05/18
22/05/18
05/06/18
05/06/18
05/06/18
19/06/18
19/06/18
19/06/18
26/06/18
26/06/18
26/06/18
17/07/18
17/07/18
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B3
B3
Bl
Bl
B3
R2
R2
R1
R2
R2
R2
R2
R2
R2
R3
R3
V2
Vi
V2
V2
V2

V2
V3
V3
V3
V2
V3
Q1
Q1
Q1
Q2
Q2
Q2
Q2
Q2
Q2
Q3
Q3
Q3
Q3
Q3
Q1
Q2
Q2
P1
P2
P2
P2
P2
P3

P2

30T
30T
30T
30T
30T
30T
30T
30T
30T
30T
30T
30T
30T
30T
30T
30T
30T
30T
30T
30T
30T
30T
30T
30T
30T
30T
30T
30T
30T
30T
30T
30T
30T
30T
30T
30T
30T
30T
30T
30T
30T
30T
30T
30T
30T
30T
30T
30T
30T
30T
30T
30T
30T

419662
420242
420472
420472
419727
396820
396531
396697
396733
396799
396815
396735
396626
396528
396188
396154
475520
475725
475836
475734
475730
475656
475640
475178
475344
475377
475731
475894
410498
410448
410434
410301
410115
410231
410260
409941
410204
409661
409649
409477
409485
409622
410547
410278
410366
387436
386670
386307
386349
386024
386180
385685
385685

4497208
4498052
4496832
4496832
4497355
4482983
4482506
4484071
4483443
4483197
4482955
4482638
4482574
4482507
4482531
4482428
4449597
4450090
4449772
4449715
4449712
4449637
4449686
4448965
4448856
4448867
4449715
444878
4479832
4479739
4479703
4479537
4479366
4479437
4479509
4479197
4479468
4479027
4478968
4478784
4478786
4478955
4479893
4479565
4479663
4466086
4466324
4466033
4466027
4466153
4465578
4466497
4466497



Chapter 2

Supplementary Table 2 Microsatellites characteristics. Microsatellite name (Microsatellite); Type of nucleotide (Type), DNA Motif (Motif); Species isolated (Species); Sequence

of forward and reverse primers in 5'-3' direction (Sequence 5'-3"); citation; original PCR product size in base-pair (bp) (original PCR product (bp); and PCR product size in base-

pair (bp) of the current study (PCR product (bp)).

REN105L 03 Dinucleotide (CA)21 Redfox F-GGTGCCTGACAAGATGGAA Sacks et al. 2011 161-167 150-170
R-CATTGAAAGGGAATGCTGGT

PEZ03 Dinucleotide ? Wolf/Dog F-CACTTCTCATACCCAGACTC Perkin-Elmer, 95-154 102-138
R-CAATATGTCAACTATACTTC Zoogen

INUO30 Dinucleotide (CA)10 Redfox F-GGCTCTGTGCTCAAGTCTGT Sacks et al. 2011 127-133 128-136
R-CATTGAAAGGGAATGCTGGT

FH2054 Tetranucleotide (GATA)16 Wolf/Dog F-GCCTTATTCATTGCAGTTAG Francisco et al. 1996 151 139-195

(CXX/c2054)

R-ATGCTGAGTTTTGAACTTTCCC

FH2001(CXX/c2001 Tetranucleotide (GATA)8 Wolf/Dog F-TCCTCCTCTTCTTTCCATTG Francisco et al. 1996 131 116-194

)
R-TGAACAGAGTTAAGGATAGACACG

CXX173 (ul73) Dinucleotide (TG)17 Wolf/Dog F-ATCCAGGTCTGGAATACCCC Ostrander et al. 1993  unknown 122-132
R-TCCTTTGAATTAGCACTTGGC

CPH5 Dinucleotide (TG)17 Wolf/Dog F-TCCATAACAAGACCCCAAAC Fredholm and unknown 106-128
R-GGAGGTAGGGGTCAAAAGTT Wintero 1995

€2168 Tetranucleotide (GAAA)2 Red fox = F-GCAAATTACTTACTTCACTATGC Francisco et al. 1996 213 210-248

R-TTGCAAGACTTCAACATGGC
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CXX225 (u225)

DB3

DB1

CPH9

CPH1

c2140

c2004

CXX 109 (u109)

Markers did not work
PEZ05
PEZ06

PEZ12

Dinucleotide

Dinucleotide

Dinucleotide

Dinucleotide

Trinucleotide

Tetranucleotide

Tetranucleotide

Dinucleotide

(GT13)

(CA)20

(CA)22

(GT)18

(TGG)3
TAG(TGG)11

(GAAA)18

(GAAA) 13

(AC)15

Wolf/Dog

Red fox

Red fox

Wolf/Dog

Red fox

Red fox

Red fox

Wolf/Dog

Wolf

Wolf

Wolf

F-AGCGACTATTATATGCCAGCG
R-CTCATTGGTGTAAAGTGGCG
F-ACAATGCCTCCAGKTAAGG
R-GATCACGTGCITATGTGCTG
F-CCCAATACAGCAAGACCTCT
R-ACCTACTCTGCACAGAGAAG

F-CAGAGACTGCCACTTTAAACACAC

R-

AAAGTTCTCAAATACCATTGTGTTAC

A

F-GCCTAGCCCAGTGAAAGTTAAC

R-TTCCAATGCCTGATAACTGAGA

F-GGGGAAGCCATTTTTAAA
R-TGACCCTCTGGCATCTAGGA
F-CTAAGTGGGGAGCCTCCT

R-ACTGTGACCTACTGAGGTTGCA

F-AACTTTAAGCCACACTTCTGCA
R-ACTTGCCTCTGGCTTTTAAGC

F-GCTATCTTGTTTCCCACAGC
R-TCACTGTATACAACATTGTC
F-ATGAGCACTGGGTGTTATAC
R-ATGAGCACTGGGTGTTATAC
F-GTAGATTAGATCTCAGGCAG
R-TAGGTCCTGGTAGGGTGTGG

89

Ostrander et al. 1993

Holmes et al. 1993

Holmes et al. 1993

Fredholm and
Wintero 1995

Fredholm and
Wintero 1995

Francisco et al. 1996

Francisco et al. 1996

Ostrander et al. 1993

Perkin-Elmer,
Zoogen

Perkin-Elmer,
Zoogen

Perkin-Elmer,
Zoogen

unknown

128-138

141-159

unknown

125-144

228

237

unknown

97-121

164-214

250-320

160-172

118-124

131-149

140-152

124-130

94-102

210-218

137-159
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PEZO1
CPH11
CPH6
CPHS3
DB4

DB6

Dinucleotide

Dinucleotide

Dinucleotide

Dinucleotide

(TA)26(CA) 15

(CA)I9

(GA)2TA(GA) 17

(GT)23

(CA)16

Wolf

Red fox

Red fox

Red fox

Red fox

Red fox

F-GGCTGTCACTTTTCCCTTTC
R-CACCACAATCTCTCTATAAATAC
F-TTAATGTTTCTCCGATGTTTACAT
R-GAAAGCCAAGCATGACTAGG
F-CATTGGCTGTTTGACTCTAGG
R-ACTGATGTGGGTGTCTCTGC
F-CAGGTTCAAATGATGTTTTCAG
R-TTGACTGAAGGAGATGTGGTAA
F-CTTCCATCCCTTGTCTGT
R-CATTTTCTCTCTGTCCACTT
F-ACTTTCATATTACTGTACTG
R-AACACGTCACTTGCTGTCCA
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Supplementary Table 3 Microsatellites grouped in combos according to Multiplex-PCR temperature conditions and PCR mix volumes for Mplex PCR 20uL: Combo; type of
marker (Type); Sequences of primer in direction (5'-3') (Sequences(5'-3')); Temperature of Melting (T? Melting (C°); Polymerase type; MgCl, (25mM); double-distilled water
(ddH20); Bovine serum albumin (BSA (20mg/ml)); Buffer Taq (10xPCR); Super Tag DNA Polymera enzyme (SuperTaq); Primer Forward and Reverse (Primer (10uM));
Deoxynucleotide Triphosphates (DNTPs).

PCR Mix volumes for Mplex PCR

(20uL)
Combo Marker Type Sequences(5'-3') T2 melting (C°) Polymerase MgCl, ddH;0 BSA Buffer SuperTaq Primer DNTPs Genomic Cycles Touch-
type (25mM) (20mg/ml) (10xPCR) (10uM) (2.5mMm) DNA down
1 CXX109( Microsatellite AACTTTAAGCCACA 57 Dream taq 1,4 9,1 0,8 2 0,1 0,3 1 5 35 57-52
ul09) CTTCTGCA (5Units/uL)
1 ACTTGCCTCTGGCT 58
TTTAAGC
1 CXX225( Microsatellite AGCGACTATTATAT 58 Dream taq 14 9,1 0,8 2 0,1 0,3 1 5 35 57-52
u225) GCCAGCG (5Units/uL)
1 CTCATTGGTGTAAA 57
GTGGCG
1 CXX173 Microsatellite ATCCAGGTCTGGAA 58 Dream taq 14 9,1 0,8 2 0,1 0,3 1 5 35 57-52
(u173) TACCCC (5Units/uL)
1 TCCTTTGAATTAGC 57
ACTTGGC
1 CPH9 Microsatellite CAGAGACTGCCACT 58 Dream taq 14 9,1 0,8 2 0,1 0,3 1 5 35 57-52
TTAAACACAC (5Units/uL)
1 AAAGTTCTCAAATA 58
CCATTGTGTTACA
1 DB1 Microsatellite CCCAATACAGCAAG 55 Dream taq 14 9,1 0,8 2 0,1 0,3 1 5 35 57-52
ACCTCT (5Units/pL)
1 ACCTACTCTGCACA 50
GAGAAG
1 c2140 Microsatellite GGGGAAGCCATTTT 53 Dream taq 14 9,1 0,8 2 0,1 0,3 1 5 35 57-52
TAAA (5Units/pL)
1 TGACCCTCTGGCAT 59
CTAGGA
1 CPH1 Microsatellite GCCTAGCCCAGTGA 58 Dream taq 14 9,1 0,8 2 0,1 0,3 1 5 35 57-52
AAGTTAAC (5Units/pL)
1 TTCCAATGCCTGAT 58
AACTGAGA
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2 DB3

2

2 c2168

2

3 PEZ03

3

3 CPH5

3

4 FH2001

4

4 FH2054

4

5 €2004

5

5 INU030

5

5 REN105
L03

5

Microsatellite

Microsatellite

Microsatellite

Microsatellite

Microsatellite

Microsatellite

Microsatellite

Microsatellite

Microsatellite

ACAATGCCTCCAGK
TAAGG
GATCACGTGCITATG
TGCTG
GCAAATTACTTACTT
CACTATGC
TTGCAAGACTTCAA
CATGGC

CACTTCTCATACCC
AGACTC
CAATATGTCAACTAT
ACTTC
TCCATAACAAGACC
CCAAAC
GGAGGTAGGGGTC
AAAAGTT

TCCTCCTCTTCTTTC
CATTG
TGAACAGAGTTAAG
GATAGACACG
GCCTTATTCATTGC
AGTTAG
ATGCTGAGTTTTGA
ACTTTCCC

CTAAGTGGGGAGC
CTCCT
ACTGTGACCTACTG
AGGTTGCA
GGCTCTGTGCTCAA
GTCTGT
CATTGAAAGGGAAT
GCTGGT
GGTGCCTGACAAGA
TGGAAT
GAGATTGCTGCC
CTTTTTACT

51

54

51

58

50

40

55

55

57

56

54

59

63

63

63

59

61

58

Dream taq
(5Units/uL)

Dream taq
(5Units/uL)

Dream taq
(5Units/pL)

Dream taq
(5Units/uL)

Dream taq
(5Units/pL)

Dream taq
(5Units/pL)

Dream taq
(5Units/pL)

Dream taq
(5Units/pL)

Dream taq
(5Units/pL)

14

14

14

1.4

14

14

14

14

14
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9,1

9,1

9,1

9,1

9,1

9,1

9,1

9,1

9,1

0,8

0,8

0,8

0,8

0,8

0,8

0,8

0,8

0,8

0,1

0,1

0,1

0,1

0,1

0,1

0,1

0,1

0,1

0,3

0,3

0,3

0,3

0,3

0,3

0,3

0,3

0,3

35

35

35

35

35

35

35

35

35

55-48

55-48

55-48

55-48

57-52

57-52

62-55

62-55

62-55



Chapter 2

Supplementary Table 4 Singleplex-PCR temperature conditions and PCR mix volumes for Splex PCR 10uL for each Microsatellite: type of marker (Type); Sequences of primer
in direction (5'-3') (Sequences(5'-3")); Temperature of Melting (C°) (T? Melting (C°)); Polymerase type; MgCl, (25mM); double-distilled water (ddH20); Bovine serum albumin
(BSA (20mg/ml)); Buffer Taq (10xPCR); Super Taq DNA Polymera enzyme (SuperTaq); Primer Forward and Reverse (Primer (10uM)); Deoxynucleotide Triphosphates (DNTPs)

Marker Type Sequences(5'-3) T2 melting Polymerase MgCl, ddH,0 BSA Buffer SuperTaq Primer (10uM) DNTPs Genomic Cycles Touch-
(oY) type (25mM) (20mg/ml) (10xPCR) (2.5mMm) DNA down
CXX109(u Microsatellite AACTTTAAGCCACA 57 Dream taq 0,45 6,3 0,3 1 0,05 0,2 05 1 35 62-57
109) CTTCTGCA (5Units/ pL)
ACTTGCCTCTGGCT 58
TTTAAGC
CXX225(u Microsatellite AGCGACTATTATAT 58 Dream taq 0,45 6,3 0,3 1 0,05 0,2 05 1 35 62-57
225) GCCAGCG (5Units/ pL)
CTCATTGGTGTAAA 57
GTGGCG
CXX173 Microsatellite ATCCAGGTCTGGAA 58 Dream taq 0,45 6,3 0,3 1 0,05 0,2 0,5 1 35 62-57
(u173) TACCCC (5Units/ pL)
TCCTTTGAATTAGC 57
ACTTGGC
CPH9 Microsatellite CAGAGACTGCCACT 58 Dream taq 0,45 6,3 0,3 1 0,05 0,2 0,5 1 35 57-52
TTAAACACAC (5Units/ pL)
AAAGTTCTCAAATA 58
CCATTGTGTTACA
DB1 Microsatellite CCCAATACAGCAAG 55 Dream taq 0,45 6,3 0,3 1 0,05 0,2 0,5 1 35 57-52
ACCTCT (5Units/ pL)
ACCTACTCTGCACA 50
GAGAAG
c2140 Microsatellite GGGGAAGCCATTTT 53 Dream taq 0,45 6,3 0,3 1 0,05 0,2 0,5 1 35 57-52
TAAA (5Units/ pL)
TGACCCTCTGGCAT 59
CTAGGA
CPH1 Microsatellite GCCTAGCCCAGTGA 58 Dream taq 0,45 6,3 0,3 1 0,05 0,2 0,5 1 35 57-52
AAGTTAAC (5Units/ pL)
TTCCAATGCCTGAT 58
AACTGAGA
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DB3

c2168

PEZ03

CPH5

FH2001

FH2054

€2004

INUO30

REN105L0
3

Microsatellite

Microsatellite

Microsatellite

Microsatellite

Microsatellite

Microsatellite

Microsatellite

Microsatellite

Microsatellite

ACAATGCCTCCAGK
TAAGG
GATCACGTGCITATG
TGCTG
GCAAATTACTTACTT
CACTATGC
TTGCAAGACTTCAA
CATGGC
CACTTCTCATACCC
AGACTC
CAATATGTCAACTAT
ACTTC
TCCATAACAAGACC
CCAAAC
GGAGGTAGGGGTC
AAAAGTT
TCCTCCTCTTCTTTC
CATTG
TGAACAGAGTTAAG
GATAGACACG
GCCTTATTCATTGC
AGTTAG
ATGCTGAGTTTTGA
ACTTTCCC
CTAAGTGGGGAGC
CTCCT
ACTGTGACCTACTG
AGGTTGCA
GGCTCTGTGCTCAA
GTCTGT
CATTGAAAGGGAAT
GCTGGT
GGTGCCTGACAAGA
TGGAAT
CATTGAAAGGGAAT
GCTGGT

51

54

51

58

50

40

55

55

57

56

54

59

63

63

63

59

61

58

Dream taq
(5Units/ pL)

Dream taq
(5Units/ pL)

Dream taq
(5Units/ pL)

Dream taq
(5Units/ pL)

Dream taq
(5Units/ pL)

Dream taq
(5Units/ pL)

Dream taq
(5Units/ pL)

Dream taq
(5Units/ pL)

Dream taq
(5Units/ pL)

0,45

0,45

0,45

0,45

0,45

0,45

0,45

0,45

0,45

6,3

6,3

6,3

6,3

6,3

6,3

6,3

6,3

6,3

94

0,3

0,3

0,3

0,3

0,3

0,3

0,3

0,3

0,3

0,05

0,05

0,05

0,05

0,05

0,05

0,05

0,05

0,05

0,2

0,2

0,2

0,2

0,2

0,2

0,2

0,2

0,2

0,5

0,5

0,5

0,5

0,5

0,5

0,5

0,5

0,5

35

35

35

35

35

35

35

35

35

53-48

55-50

48-43

55-50

57-53

56-51

62-57

62-57

60-55
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Supplementary Table 5 Identification of foxes, number of assigned photos per observer and number of

assigned scats for each fox. Foxes (list of identified foxes); Observerl, Observer2, Observer3 (number of

assigned photos of each fox by each observer); Assigned scats (number of genotyped scats assigned for

each individual).

Berzosa

Carabafa

Villarejo

Quijorna

Pelayos

BER.A

BER.B

BER.C

BER.D(2)*

BER.D(3)*

CAR.A
CAR.B

CAR.C

VILLA.A

VILLA.B

QUIA
QUIB
QUI.C*
QUI.D*
QUIE**
PE.A
PE.B
PE.C(1)*

PE.C(2)*

64

22

28

16

16

32

19

16

22

95

19

15

20

BER.1

CARA.1
CARA.2
CARA.3
VILLA.1
VILLA.2
VILLA.3
VILLA.4
QuI1
QuUI.2
QuI3

QuUI.4

PE.1

PE.2
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ROB.A
Robledo ROB.B
ROB.C(1)*
ROB.C(2)*
MA.A
San Mames MA.B
MA.C
MA.D(1,3)*
MA.D(2)*
MAD.E

MAD.F

11

13

14

15

10

96

ROB.1

ROB.2

ROB.3

MA.1

MA.2
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Supplementary Table 6 Hobs (Observed heterozygosity), Hexp (Expected heterozygosity), HW(Hardy-

Weinberg equilibrium); Single locus Pip; Muli-locus Pip; Single locus Pip sin;, Pio; Muli-locus Pip siby and

estimation of the null frequency of alleles for each selected marker.

CPH5 0.481 0.852 ND 4,85E-02 4,85E-02 3,44E-01 3,44E-01 0.19
FH2054 (CXX/c2054) 0.707 0.840 ND 4,56E-02 2,21E-03 3,47E-01 1,19E-01 0.08
c2168 0.759 0.815 ND 6,42E-02 1,42E-04 3,65E-01 4,36E-02 0.00

DB1 0.269 0.806 ND 6,94E-02 9,85E-06 3,68E-01 1,61E-02 0.29
FH2001 (CXX/c2001) 0.474 0.795 NS 7,08E-02 6,97E-07 3,75E-01 6,02E-03 0.17
RENLO5 0.298 0.764 ** 9,07E-02 6,32E-08 3,94E-01 2,37E-03 0.25
CXX225 (u225) 0.367 0.703  *+* 1,33E-01 8,39E-09 4,35E-01 1,03E-03 0.18
PEZ03 0.460 0.683 * 1,32E-01 1,11E-09 4,44E-01 4,59E-04 0.11
CXX173 (u173) 0.324 0.685 * 1,61E-01 1,78E-10 4,53E-01 2,08E-04 0.20
INUO30 0.119 0.673 *** 1,64E-01 2,91E-11 4,59E-01 9,52E-05 0.33
C2140 0.473 0.665 NS 1,59E-01 4,62E-12 3,65E-01 4,38E-05 0.14

CPH9 0.241 0.580 *** 1,93E-01 8,92E-13 4,97E-01 2,18E-05 0.20

DB3 0.096 0.543  *+* 3,15E-01 2,81E-13 5,60E-01 1,22E-05 0.28

CPH1 0.581 0.538 NS 3,19E-01 8,96E-14 5,65E-01 6,90E-06 0.00

C2004 0.173 0.420 ND 3,67E-01 3,29E-14 6,34E-01 4,37E-06 0.18
CXX109 (u109) 0.087 0.237 ND 6,02E-01 1,98E-14 7,84E-01 3,43E-06 0.16
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the stone marten and implications for predator coexistence.

Sara Martin-Garcia, Mariano Rodriguez-Recio, Emilio Virgés

Manuscript in preparation

Keywords: intraguild coexistence; prey abundance; spatial segregation; top-predator.

98



Chapter 3

Abstract

The spatial segregation is a pivotal mechanism to facility coexistence between species
that share a same niche. In this vein, the study of factors that determine species
occurrence is essential to identify this mechanism of coexistence. Here, we study the
occupancy patterns of two abundant mesocarnivores in the central Iberian Peninsula,
the fox (Vulpes vulpes) and the marten (Martes foina), as well as rodents and the rabbit
(Oryctolagus cuniculus) as their main prey. We used camera traps and performed
occupancy models to know the presence of these species in three study areas with
different habitat composition. We examined vegetal variables and the relative
abundance (total number of captures per 24h among the total number of capture
occasions) of prey as a factor involved in the occurrence of red fox and stone marten.
The results showed that both mesocarnivores selected similar habitat characteristics,
related to the selection of prey habitat. The fox and the marten selected the same
landscapes occupied by their prey (rodents and rabbits). The red fox selected sites with
a higher abundance of rodents and rabbits as a predictor of its occurrence in the three
areas. Nevertheless, the marten did not follow this pattern. These results suggest that
prey availability may be a main factor determining fox occupancy in different habitats.
Our results provide further evidence that red foxes and martens have a high overlap of
habitat and food resources. In fact, spatial segregation does not seem to be the main
mechanism of coexistence between the two species. Therefore, it is important to study
other mechanisms, such as temporal segregation, that allow coexistence between both

mesocarnivores.
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Introduction

Identifying the competition, coexistence and predator-prey dynamics between animals
living in the same habitat (the resources and conditions present in an area that produce
occupancy, which may include survival and reproduction by a given organism
(Krausman and Morrison 2016) is essential to understanding the bionomic variables
that shape their ecological niche (Elton 1957; Hutchinson 1957). The competition
between animal species and individuals is prominent in ecosystems where some
reduce the survival or birth rate of others (Connell 1983; Schoener 1983). Intraguild
predation is the most extreme competition between animals and a key component in
structuring carnivore communities (Creel and Creel 1996). Empirical evidence of large
carnivores killing other smaller as intraguild prey is well documented (Gese et al. 1996;
Henke and Bryant 1999; Palomares and Caro 1999). When carnivores share common
prey and the smaller carnivore is a more efficient hunter than the larger carnivore, the
larger carnivore may need to Kill its smaller competitor to persist (Rosenzweig 1966).
Thus, in intraguild relationships, the dominant species could displace temporally and
spatially a subordinate or even force it to shift prey (Bjorklund et al. 2016; Elbroch and
Kusler 2018).

Following the decline of large predators across their distribution range during the 20th
century (Ripple et al. 2014), the populations of mesocarnivores (species under 15 kg)
increased in density and expanded in habitats once occupied by large carnivores. This
process is termed mesopredator release (Ritchie and Johnson 2009; Brashares et al.
2010). Mesopredators play a major role in ecosystem function, structure and dynamics,
including in the balance and imbalance of trophic cascades (Terborgh and Estes 2010).
The replacement of large carnivore species by mesocarnivores resulted in new
hierarchies and coexistence roles for the latter. However, little is known about the
coexistence mechanisms regulating the interspecific interactions between

mesocarnivores.

To compensate for competition, coexistence is one mechanism that allows species
diversity (Schoener 1982; Chesson 2000; Chase and Leibold 2003). The coexistence
mechanisms of terrestrial carnivores often consist of resource partitioning and spatial
or temporal segregation (Ramesh et al. 2012; Torreta et al. 2016; Monterroso et al.
2020). Spatial segregation between carnivores can be modulated by habitat
characteristics (such as vegetation composition, temperature, and precipitations),

resource availability, or the fluctuations in species densities that share the same habitat
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and have an impact on the entire ecosystems (Linnell and Strand 2000; Monterroso et
al. 2020).

Traditionally, species occurrence in habitats is analysed using habitat selection models
(Virgos et al. 2003; McDonald et al. 2008; Santos and Santos-Reis 2010; Soto and
Palomares 2015). These procedures mainly consider abiotic components (i.e. habitat
characteristics). However, biotic components such as prey or other species abundance
are often as important as the abiotic ones. Prey species modulate the occupancy of
predator species by selecting areas of increasing prey abundance (Robison et al. 2014;
Rabelo et al. 2019). However, predator abundance also impacts the relationship
between intraguild species that share prey. The abundance of prey can drive the
exclusion of dominant species in low-prey areas, the coexistence between dominant
and subordinate species when the abundance of prey is intermediate, or the
displacement of subordinate species when prey abundance is high to avoid agonistic
encounters (Holt and Polis 1997; Robison et al. 2014). Other factors, such as the
density of dominant species or type of habitats, can regulate the intensity of intraguild
competition (Creel 2001; St-Pierre et al. 2006; Robison et al. 2014). Therefore, the
characterization of habitat features and the quantification of resources is paramount to
understanding how carnivores occupy and coexist in the same habitat (Karanth et al.
2017; Pokheral and Wegge 2019; Monterroso et al. 2020; Strampelli et al. 2023)

Occupancy models have been one of the most powerful tools to relate the occurrence
of animals with the habitat and can incorporate spatial-temporal or biotic variables
(Bailey et al. 2014) while accounting for the imperfect detection of species (i.e. when
true occupancy of a specie in a site is not observed) (Royle 2006). Failing to consider
the variation of detectability or detectability as perfect or constant can lead to biased
estimates of habitat occupancy, especially when detectability differs between habitats
(Guand Swihart 2004; MacKenzie and Royle 2005). Potential variations of detectability
can change the effect of habitat attributes on detectability estimates. Therefore,
identifying the factors that impact the detectability of species across the space is highly
useful for building robust occupancy models. Using occupancy models can help detect
factors that define the occurrence of species in different habitats. However, the
identification of invariant factors that define the occupancy of a species in different
habitats is poorly understood. Thus, this study encouraged to identify these constant
relationships as well as those factors of high spatial and context dependence. This
need is particularly prominent for species such as meso-predators due to their broad
selection of habitat (Cavallini and Lovari 1991; Virgos et al. 2002; Pereira et al. 2012).
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The red fox (Vulpes vulpes) and the stone marten (Martes foina) are two of the most
abundant generalist mesocarnivores in the central Iberian Peninsula. These species
occupied the role of the wolf (Canis lupus) and the Iberian Lynx (Lynx pardinus) after
the disappearance of these large carnivores in most of their historical distribution
(Blanco et al. 1992; Delibes et al. 2000; Molsher et al. 2017). The red fox and the stone
marten show a high overlap of habitat and food resources, particularly rodents
(Apodemus sp., Mus spp.) (Padial et al. 2002; Papakosta et al. 2010; Pereira et al.
2012). However, the fox is a facultative predator that consumes rabbits (Oryctolagus
cuniculus) as staple prey when it is abundant (Delibes-Mateos et al. 2008; Diaz-Ruiz et
al. 2013). Considering the competitive interactions between carnivores are driven by
the body size of the species (Palomares and Caro 1999, Donadio and Buskirk 2006),
the fox may have a dominant role over the marten due to its larger body size. As the
result of the intraguild competition between these meso-predators in sympatric areas,
the fox may predate (Polis et al. 1989) and potentially extirpate martens, as previously
reported for the case of the pine marten, Martes martes (Storch et al. 1990; Lindstrom
et al. 1995). The characteristic of the red fox and the stone marten as generalists
inhabiting different habitats makes these species of great interest to study the
invariable factors driving the occupation of both species in different habitats. In
addition, both species share similar trophic and spatial requirements. Thus, using
occupancy models can help identify whether spatial segregation is a coexistence

mechanism.

We studied the occurrence of the red fox and the stone marten, and rodents and
rabbits as their potential prey. For this objective, we carried out occupancy models of
the four species in three areas of the central Iberian Peninsula. Each area
encompassed different environmental characteristics. We studied the spatial
segregation between foxes and stone martens, and due to their similar trophic and
spatial requirements, we could expect that foxes and martens show low spatial
segregation with occupancy models explained by similar variables. However,
considering the fox as the dominant species, its occurrence would limit that of the stone
marten and thus would occupy broader habitat characteristics. Within the range of
habitat selected, both species would include the same habitats where their main prey,
rodents and rabbits, occur. Therefore, we predicted that the abundance of prey was
one invariant factor to explain the occupancy of red foxes and stone martens. Under
this scenario, the spatial coexistence between the red fox and the stone marten would
highly depend on the availability of rabbits (the most selected prey by the red fox

(Delibes-Mateos et al. 2008)) in their habitats. Thus, we also predicted that the areas
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with a high abundance of rabbits showed increasing coexistence between both meso-
predators. Our research highlights the assessment of invariant factors that define
occupancy and determine the coexistence mechanisms between the red fox and stone

marten in different habitat.

Material and methods

Study area and field sampling

We collected data at 24 locations in the Central Iberian Peninsula from 2013 to 2020
(Figure 1 of General Material and Methods). We included the locations into three
geographical areas: North, Southeast and Southwest. The North area was
characterized by a meso-supramediterranean climate, with a mean minimum

temperature of 1.5°C, a maximum of 28°C, and an annual precipitation of 561 mm.

The Southeast area was a meso-mediterranean climate, with a mean minimum
temperature of -0.4, a maximum of 33.2°C, and annual precipitation of ~267.5 mm. The
Southwest area was also a meso-Mediterranean climate with a mean minimum
temperature of 2 and maximum of 33°C and annual precipitation of ~382 mm. The
most represented land uses in the North area were pasture, livestock and recreational
areas. Agricultural and game hunting uses predominated in the Southeast area.
Agricultural and pasture land, with some game hunting areas, were the predominant
uses in the Southwest area. The common prey in the three areas was small mammals
(Apodemus sylvatucus, Mus spp.) and rabbits. We studied the influence of season on
species detection over different seasonal periods in each area. The north area included
seven locations, four covering the warm (i.e. spring and summer) and three the cold
(i.e. autumn and winter) seasons. The southeast area comprised eight locations, four
covering the warm and four cold seasons. Lastly, the southwest area included nine

locations, four covering the warm and five the cold seasons.

We deployed between eight to ten camera traps in each location for 20-35 days (an
average of 31.25 days). We deployed a total of respectively, 60, 69 and 74 cameras in
the North, Southeast and Southwest areas. Camera traps were spaced between 450
and 600 m apart, which covered a sufficiently large area to maximize the number of
individuals photographed and reduce potential shades of detection of the species
studied (similar to Sarmento et al. 2009). We generated a minimum convex polygon
(MCP) by linking the camera locations and buffered the resulting polygon by 500 m.
We considered the total sampled area contained both the MCP and the buffer area
(Sarmento et al. 2009). The total area covered was 2595 ha in the north 3607 ha in the
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southeast and 3541 ha in southwest. The mean area of the sampled locations in each
area was 370 ha, 450 ha, and 395 ha in the north, southeast and southwest,
respectively; which is the average home-range area of the red fox reported in the
mountains of Central Spain (LOpez-Martin 2010).

The deployed cameras belonged to the following commercial models and brands to
ensure similar trigger times (in brackets): Wildview Xtreme2 (not specified), Bushnell
Trophy (1s), DLC Covert Il (1s), Acorn LTL (1.1s), Cuddle Back Ambrush (not
specified), HCO Scoutguard SG565 (1.2s), Scout Guard SG560K (1.2s), and Scout
Guard SG562 (1.2s). We configured equally all the cameras to operate 24 hours a day,
take three sequential photographs five seconds apart, use a normal PIR sensitivity, and
record the date and time of each photograph. We placed two baits in front of each
camera (~2 m), sardines (Heinlein et al. 2020; Sebastian-Gonzéalez et al. 2020) and
commercial lure (HAGOPUR® Premium Attractant Fox) to maximize detection
probability (Monterroso et al. 2013; Gil-Sanchez et al. 2021). We pierce the sardine
cans and tie them to surfaces (rocks or vegetation). In this way, we tried to prevent
them from accessing the bait and displacing it. We assumed baits did not affect the
target species’ behaviour and activity rates (Gerber et al. 2012; Braczkowski et al.
2016). We checked the cameras every four to seven days to refill baits and batteries

and to download the photographs.
Predictor’s selection

We modelled the relationship between a set of habitat predictors and fox and stone
marten occupancy in each area. For this procedure, we first selected relevant habitat
predictors identified in previous studies in Mediterranean ecosystems as important for
both meso-predators (Cavallini and Lovari, 1994; Lucherini et al. 1995; Sarmento et al.
2009; Pereira et al. 2012). We also included the season of the year because it is
considered to influence species activity and the probability of detection of the species
(Andelt and Andelt, 1984; Vine et al. 2009).

We extracted predictors of vegetation cover from digital vegetation maps produced by
the Autonomous Community of Madrid using QGis 3.26.3 (QGIS 2022). The vegetation
extracted from maps was grouped into the following predictors: esparto grasses,
scrublands, vineyards, crops, riparian forests, pine forests, Quercus ilex forests,
pastures, ash tree forests, Quercus pyrenaica forests, olive trees and urbanized land
habitats. Esparto grasses encompassed Stipa tenacissima together with other species,
such as Thymus vulgaris. Shrubs encompassed species such as Rosaceae sp,

Genista scorpius, Retama sphaerocarpa, Quercus coccifera, Thymus vulgaris,
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Quercus ilex, Cistus clusii and bushy riparian vegetation. The crops variable included
irrigated and rained crops. Riparian forests included Salix sp., Populus nigra and
Rubus sp. Pine forests included different species of pine (e.g. Pinus nigra, Pinus pinea,
Pinus pinaster and Pinus sylvestris). Pastures encompassed high mountains with

pastures and meadows.

We calculated the area (ha) of each vegetation patch in a buffer of 250 m radius
around each camera. Food availability is critical in species’ habitat selection (Heithaus
2001; Rauset et al. 2012). Thus, we also included the relative abundance of rodents
and rabbits as predictors of occupancy for both mesocarnivores. The relative
abundance of rodents and rabbits was estimated from the relative abundance index
(RAI). RAI was calculated as the number of captures (photographs) of a species per
total occasions. We considered a capture when any species was photographed per
night. We used total occasions (i.e. total number of cameras times the total number of
study nights) instead of nights (i.e. the total number of study nights) to control for bias
due to differences in the number of nights and cameras between study areas (Martin-
Garcia et al. 2022).

Because most habitat predictors were correlated with each other, we decided to use a
principal component analysis (PCA) to summarize them for each area. PCA extracts
the major axes of variation in a dataset and includes them into fewer orthogonal
variables or principal components. The first principal component (PC) explains the
most variation in the dataset (Abdi and Williams 2010). This method allowed us to
account for covariation between predictors and reduced the dimensionality of our
dataset (Garigal et al. 2000). We performed an independent PCA for each zone, as
habitat predictors varied among the three areas. We included the relative abundance of
rabbits and rodents in the PCAs to explain fox and marten occupancy. However, we
only considered the habitat predictors in the PCAs to study the occupancy of rodents
and rabbits without including the relative abundance of both prey. We selected as
predictors the PCs of variance ratio > 1. Following Comrey and Lee (1992), we
selected the most important variables that defined each PC by studying the contribution
of each variable to the PC. The loadings represent the correlation between the original
variables and the PCs. Therefore, a greater loading indicates that a component is a
more accurate measure of the variable. According to these authors, loadings under 0.3
should not be considered when defining a PC (Escribano-Avila et al. 2013). We
selected the variables with loading (r) above 0.40. We used the ‘factoextra’ package in
R Software (R Core Team 2022) and calculated the square of the coordinates (cos?) of

the variables to estimate the quality of the representation of PCAs. We selected those
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variables with cos? greater than 0.35 and r greater than 0.40 as they were the variables

that contributed most in each PC (Comrey and Lee 1992).
Occupancy models

We performed a single-season occupancy model of fox, stone marten, rodents and
rabbits from each area, considering the influence of detection (MacKenzie et al. 2002).
Single-season occupancy models were parameterized in the ‘Unmarked’ package
(Fiske and Chandler 2011) in R software using the occu function. Occu fits occupancy

models based on zero-inflated binomial models (MacKenzie et al. 2006).
The occupancy state process (zi) of site i is modelled as,
zi ~ Bernoulli(yi)

The observation process is modelled as

yij |zi ~ Bernoulli(zipij)

Data for each species were arranged as matrices of sites by surveys (i.e. sampling
occasion). Each entry indicated whether or not the species was observed at site i on
survey j. If the species was observed at site i on survey j, then the entry received a
score of 1. If the species was not observed, the entry received a score of 0. NA
indicated the site i was not sampled on survey j. In our study, i depicts each camera

site, and j is the sampling occasion (i.e. each day of camera operation).

We estimated occupancy i and detection probability (p) with and without covariates.
We evaluated the selected PCs as occupancy covariates, whereas season was
assessed as a detection covariate. Covariates of i and p were modelled using the logit
link. We ran a global model with all covariates (PCs) and compared it with the null
model, which assumes constantiyand p (i.e. ¥ (.), p (). We used the Akaike
information criterion (AlCc) to rank the candidate models and calculate their Akaike
weights (Burhman and Anderson 2002). We applied a model averaging technique for
top-ranked models with AAICc < 2 to estimate occupancy and predictors. We used the
‘MuMIn’ package to select the model and calculate the relative importance of the model

parameters (Barton 2022).
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Results

We obtained fox presence in 90% of the cameras in the North area, 56% in the
Southeast, and 67% in the Southwest. Stone marten was present in 76% of the
cameras in the North area, 31% in the Southeast, and 66% in the Southwest. Rodent
presence was registered in 65% of the cameras in the North area, 71% in the
Southeast, and 62% in the Southwest. Rabbit’s presence was scarce in the North and
Southeast areas, while in the Southwest, it was present in 13% of the cameras. The
relative abundance of target species varied among areas: Red fox showed a relative
abundance of 0.19 in the North area, 0.04 in the Southeast, and 0.07 in the Southwest.
Stone marten had a relative abundance of 0.17 in the North, 0.15 in the Southeast and
0.12 in the Southwest. The relative abundance of rodents was similar among areas,
0.23, 0.21 and 0.2 in the North, Southeast and Southwest, respectively. By contrast,
the relative abundance of rabbits was lowest in the North area with 0.001, 0.01 in the
Southeast, and highest in the Southwest with 0.012.

Predictor’s selection
North area

The first five PCA axes explained 74.34% of the environmental data variation, with
19.2% for the first axis, 15.9% for the second axis, 15.04% for the third axis, 13.7% for
the fourth axis, and 10.5% for the fifth axis. Axes were related to variables that
characterized the type of landscapes. The variables that contributed most to the first
axis were Quercus ilex forests (r = 0.45) with scrublands (r = 0.41) versus landscapes
that included pine forests (r = -0.45) and a high relative abundance of rodents (r = -
0.43). The second axis related to riparian landscapes, with riparian forests and ash tree
forests as the most contributing variables (r = -0.61 and r = -0.55, respectively). The
third axis was defined by landscapes where pine forests predominated (r = 0.44)
versus Quercus pyreniaca forests (r = -0.48). The fourth axis was defined for Quercus
ilex forest (r = 0.56), with a low relative abundance of rabbits (r = -0.50). The fifth axis

defined landscapes of olive trees (r = 0.63) versus pasture (r = -0.56) (Figure 1a)

The first four PCA axes explained 72.50% of the environmental data variation in rodent
occupancy. The first axis explained 21.39% of the variance and defined landscapes
with Quercus ilex forest (r = 0.58) versus Quercus pyreniaca forest (r = -0.49). The
second axis explained 19.74% of the variance and defined landscapes with riparian
forests (r = 0.65) and ash tree forests (r = 0.59). The third axis explained 14.55% of

the variance and defined landscapes lacking pine forest (r = -0.68). Finally, fourth axis
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explained 12.3% of the variance and defined landscapes lacking scrublands (r = -0.62)
(Figure 1b).
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Figure 1 a) Square of the coordinates of the variables to estimate the quality of the representation of
PCAs to the red fox and stone marten in the north area. b) Square of the coordinates of the variables to
estimate the quality of the representation of PCAs to rodents in the north area. Values above 0.35 were

selected to choose the variables that best explained each PC.

Southeast area

Five PCA axes explained 77.53% of environmental variation. The first, second, third,
fourth and fifth axes explained 23.33%, 15.60%, 15.05%, 12.93% and 10.59% of the
variation, respectively. Axis was related to variables that characterized types of
landscapes. The first axis explained landscapes with riparian forest (r = 0.45) and
vineyards (r = 0.50) and lacking Quercus ilex forest (r = -0.40). The second axis was
more related to open areas with pastures (r = 0.58) and urbanized lands (r = 0.62). The
third axis defined olive tree landscapes (r = 0.52). The fourth axis was defined for
scrublands (r = 0.56), with a high relative abundance of rabbits (r = 0.51) versus
Quercus ilex forest (r = -0.56). The fifth axis defined areas with a low relative

abundance of rodents (r = -0.52) (Figure 2a).

The first four PCA axes explained 78.38% of the environmental data variation to
explain rodent occupancy. The first axis explained 28.34% of the variance and defined
landscapes with riparian forests (r = 0.45) and vineyards (r = 0.50) in contrast to
Quercus ilex forest (r = -0.41). The second axis explained 18.75% of the variance and

was more related to open areas with pastures (r = -0.55) and urbanized land (r = -
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0.54). The third axis explained 16.88% of the variance and defined urbanized land (r =
0.41) and olive trees (r = 0.48). The fourth axis explained 14.39% of the variance and
was defined for scrublands landscape (r = 0.74) versus Quercus ilex forest (r = -0.59)
(Figure 2Db).
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Figure 2 a) Square of the coordinates of the variables to estimate the quality of the representation of
PCAs for the red fox and stone marten in the southeast area. b) Square of the coordinates of the variables
to estimate the quality of the representation of PCAs to rodents in the southeast area. The values above

0.35 were selected to choose the variables that best explained each PC.

Southwest area

The first five PCA axes explained 69.82% of the environmental data variation: 21.5%
for the first axis, 13.3% for the second axis, 12.8% for the third axis, 11.6% for the
fourth axis, and 10.3% for the fifth axis. First axis was related to variables that
characterized types of landscapes. The variables that contributed most to the first axis
were Quercus ilex forest (r = 0.63) versus landscapes with scrublands (r = -0.42). The
second axis was more related to areas with low relative abundance of rabbits (r = -
0.50). The third axis was defined by landscapes where pine forests predominated (r =
0.69). The fourth axis defined riparian forests (r = 0.57) versus vineyards (r = -0.59),

and the fifth axis defined landscapes of crops (r = 0.89) (Figure 3a).

The first four PCA axes explained 67.90% of the environmental data variation to

explain rodent and rabbit occupancy. The first axis explained 24.21% of the variance
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and defined landscapes with Quercus ilex forest (r = 0.68) versus pine forest (r = -0.43)
and scrublands (r = -0.45). The second axis explained 16.08% of the variance and
defined landscapes with pine forests (r = 0.67) versus scrublands (r = -0.55). The third
axis explained 14.62% of the variance and defined landscapes without pasture (r = -
0.59) and vineyards (r = -0.61). The fourth axis explained 12.97% of the variance and
defined the landscape of crops (r = 0.85) (Figure 3b).
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Figure 3 a) Square of the coordinates of the variables to estimate the quality of the representation of
PCAs to the red fox and stone marten in the southwest area. b) Square of the coordinates of the variables
to estimate the quality of the representation of PCAs to rodents and rabbits in the southwest area. The

values above 0.35 were selected to choose the variables that best explained each PC.

Occupancy models
North area

According to the AAICc, our multimodel model selection revealed two top-ranked
models with AAIC < 2 that explained the occupancy of the red fox (Table 1). Model-
averaged coefficients showed a negative relationship between PC1 and fox occupancy
(Table 2). The red fox selected pine forests with a high relative abundance of rabbits
instead of Quercus ilex forests and shrubs (Table 3). However, this variable had non-
significant relationship with red fox occupancy. Fox detection had a positive and
significant relationship with the cold season.
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Stone marten occupancy modelling selected a single model that contained the
predictors PC3 explaining occupancy and season explaining detection (Table 1).
Predictor PC3 showed a positive and significant relationship with the stone marten
occupancy (Table 2). The stone marten selected pine forest landscapes instead of
Quercus pyreniaca and ash tree forests (Table 3). The cold season showed a positive
and significant relationship with stone marten detection.

Rodent occupancy modelling selected two models that explained its occupancy (Table
1). Model averaged coefficients showed that PC1 had a negative and significant
relationship, and PC3 had a negative relationship with occupancy (Table 2). Rodents
selected Quercus pyreniaca and pine forests instead of Quercus ilex forests (Table 3).
Rodent detection had a positive and significant relationship with the cold season.

Southeast area

The multimodel selection revealed three top-ranked models in this area (AAIC < 2) that
explained the occupancy of the red fox (Table 1). Model averaged coefficients showed
that PC2 had a positive and significant relationship with fox occupancy (Table 2). The
red fox selected pasture and urbanized land. PC4 and PC5 showed a negative but
non-significant relationship with red fox occupancy. According to this result, the red fox
selected landscapes with Quercus ilex forest and a high relative abundance of rodents
instead of scrublands with a low relative abundance of rabbits (Table 3). Fox detection

had a negative and significant relationship with the cold season.

According to the AAIC, model selection revealed four top-ranked models that explained
the occupancy of stone marten (Table 1). Model averaged coefficients showed that
PC2 had a positive and significant relationship with stone marten occupancy (Table 2).
The stone marten selected pasture and urbanized land. PC4 showed a negative but
non-significant relationship with stone marten occupancy. The stone marten selected
landscape with Quercus ilex forest instead of scrublands with a low relative abundance
of rabbits (Table 3). Stone marten detection had a negative but non-significant

relationship with the cold season.

Our multimodel model selection revealed two top-ranked models with AAIC < 2 that
explained the occupancy of rodents (Table 1). Model-averaged coefficients showed
that PC3 had a positive and significant relationship with rodent occupancy (Table 2).
Rodents preferred urbanized land and olive trees. PC4 showed a negative but non-

significant relationship with rodent occupancy. Rodents selected landscapes with
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Quercus ilex forest instead of scrublands (Table 3). Rodent detection had a negative

and significant relationship with the cold season.
Southwest area

According to the AAIC, the multimodel selection yielded five top-ranked models with
AAIC < 2 to explain red fox occupancy (Table 1). Model averaged coefficients showed
that PC1, PC2, PC3 and PC5 had a negative but non-significant relationship with fox
occupancy (Table 2). The red fox selected landscapes with shrubs and a high relative
abundance of rabbits instead of Quercus ilex forests, pine forests and crops (Table 3).

Fox detection had a negative and significant relationship with the cold season.

The multimodel selection yielded nine top-ranked models with AAIC < 2 that explained
the occupancy of the stone marten (Table 1). The model averaging that resulted from
the nine-ranked model coefficients showed that PC2, PC3 and PC5 had a negative

relationship with stone marten occupancy (Table 1).

Table 1 Results of multimodel selection for red fox, stone marten, rodents and rabbits occupancy in each
area. p defined detection probability and y is the occupancy probability. (.) indicates only the intercepts.
Model selection based on Akaike’s Information Criterion (AlCc), degrees of freedom in the model (df),
AlCc difference of best fit models (AAIC < 2), model weights (wAICc).

Specie/Area Models df AlCc AAICc wAlICc
Red fox/North p(season)~y (.) 3  1744.87 0 0.52
p(season)~y (PC1) 4 174499 013 0.48
Stone marten/North p(season)~y (PC3) 4  1533.7 0 0.274
p(season)~y (PC1+PC3) 5 1498.54 0 0.7
Rodents/North
p(season)~y (PC1) 4 1500.28 1.74 0.3
p(season)~y (PC2) 4 795.64 0 0.5
Red fox/Southeast p(season)~y (PC2+PC4) 5 796.57 0.93 0.31
p(season)~y (PC2+PC5) 5 79752 1.89 0.19
p(season)~y (PC2+PC4) 5 604.92 0 0.38
Stone p(season)~y (PC2) 4 60562  0.69 0.27
marten/Southeast p()~y (PC2+PC4) 4 60614 1.22 0.21
()~ (PC2) 3 606.82 1.89 0.15
p(season)~y (PC3+PC4) 5 1990.99 0 0.6
Rodents/Southeast
p(season)~y (PC3) 4 1991.8 0.81 0.4
p(season)~y (PC2) 4 1340.71 0 0.35
p(season)~y (PC2+PC3) 5 134208 1.37 0.17
Red fox/Southwest p(season)~y (PC2+PC5) 5 1342.1 1.39 0.17
p(season)~y (.) 3 134222 151 0.16
p(season)~y (PC1+PC2) 5 134249 1.77 0.14
Stone p()~Y () 2 173481 0 0.14
marten/Southwest p(season)~y (.) 3 17349  0.09 0.14
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1735.12 0.3 0.12
1735.2 0.39 0.12
1735.27 0.46 0.11
1735.36  0.55 0.11
1735.43 0.62 0.11
1735.66 0.85 0.09
1736.81 1.99 0.05

p()~y (PC2)
p()~y (PC5)
p(season)~y (PC2)
p(season)~y (PC5)
p(.)~y (PC2+PC5)
p(season)~y (PC2+PC5)
p(season)~y (PC3)

W W w N oo woa b b DWW

p(season)~y (PC1) 2090.99 0 0.57

Rodents/Southwest  p(season)~y (PC1+PC2) 209297 1.98 0.21
p(season)~y (PC1+PC4) 2092.99 2 0.21

p()~yY () 246.71 0 0.4

Rabbit/Southwest p()¥ (PCD) 247,51 086 026
p(.)~y (PC2) 248.47 1.76 0.17

p(.)~y (PC3) 248.52 1.81 0.16

However, all the selected PCAs had a non-significant relationship with the occupancy
of the stone marten, with the null model in the first ranking position (Table 2). According
to selected PCAs, the stone marten may prefer a landscape with a high relative
abundance of rabbits instead of pine forests and crops (Table 3). Stone marten

detection had a negative non-significant relationship with the cold season.

Rodent occupancy modelling selected two models (Table 1). Averaged model
coefficients showed that PC1 had a positive and significant relationship, and PC2 had a
positive but non-significant relationship with occupancy (Table 2). Rodents selected
Quercus ilex forest and pine forest instead of shrubs (Table 3). Rodent detection had a

positive and significant relationship with cold season.

According to the AAIC, model selection revealed four top-ranked models with AAIC < 2
that explained rabbit occupancy (Table 1). Model averaged coefficients showed that
PC1 and PC3 had a positive relationship with rabbit occupancy while PC2 had a
negative relationship (Table 2). Rabbits selected Quercus ilex forests and shrubs
versus pine forests, pasture and vineyards (Table 3). However, both PCAs had non-
significant relationship with rabbit's occupancy, with null model as first top-ranked
model (Table 2).
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Table 2 Predictor selection in the occupancy models for each species and area. The occupancy component (y) is defined by predictors that explain variations in species
occupancy. The detection component (p) is defined by the predictors that explain variations in species detection. The regression coefficients (Estimate) are shown, and also the

standard error (S.E) and p-value

North Estimate S.E. p-value Southeast Estimate S.E. p-value Southwest Estimate S.E. p-value
Red fox Red fox Red fox
P (Intercept) 2.44 0.56 <0.001 P (Intercept) 0.83 0.39 0.032 Y (Intercept) 1.0 0.31 0.0014
p (Intercept) -1.46 0.09 <0.001 p (Intercept) -2.33 0.23 <0.001 p (Intercept) -1.74 0.09 <0.001
p (cold season) 0.35 0.12 0.005 p (cold season) -0.73 0.23 0.002 p (cold season) -0.78 0.23 <0.001
Y (PC1) -0.27 0.40 0.50 Y (PC2) 1.32 0.56 0.017 Y (PC2) -0.41 0.30 0.17
Y (PC4) -0.12 0.25 0.64 Y (PC3) -0.04 0.13 0.76
Stone Marten Y (PC5) -0.05 0.19 0.799 Y (PC1) -0.021  0.09 0.82
P (Intercept) 1.37 0.35 <0.001 Y (PC5) -0.043 0.14 0.76
p (Intercept) -1.44 0.11 <0.001 Stone Marten
p (cold season) 0.38 0.14 0.0053 Y (Intercept) -0.78 0.31 0.01 Stone Marten
P (PC3) 0.66 0.29 0.024 p (Intercept) -2.09 0.17 <0.001 Y (Intercept) 0.68 0.24  0.006
p (cold season) -0.30 0.30 0.31 p (Intercept) -1.39 0.11 <0.001
Rodents Y (PC2) 0.81 0.37 0.03 p (cold season) -0.09 0.13 0.50
Y (Intercept) 0.76 0.31 0.015 Y (PC4) -0.33 0.39 0.399 Y (PC2) -0.13 0.21 0.53
p (Intercept) -0.99 0.09 <0.001 Y (PC5) -0.14 0.24 0.55
p (cold season) 0.57 0.12 <0.001 Rodents Y (PC3) -0.005 0.05 0.92
Y (PC1) -0.57 0.24 0.02 Y (Intercept) 1.18 0.34 <0.001
P (PC3) -0.43 0.39 0.27 p (Intercept) -0.55 0.07 <0.001 Rodents
p (cold season) -0.89 0.11 <0.001 Y (Intercept) 0.53 0.25 0.036
Y (PC3) 0.97 0.35 0.005 p (Intercept) -0.98 0.07 <0.001
Y (PC4) -0.25 0.27 0.37 p (cold season) 0.62 0.10 <0.001
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Y (PC1)
Y (PC2)
Y (PC4)

Rabbits
Y (Intercept)
p (Intercept)
¥ (PC1)
Y (PC2)
Y (PC3)

0.49
0.027
-0.03

-1.76
-2.63
0.084
-0.03
0.035

0.18
0.11
0.12

0.36
0.23
0.20
0.14
0.17

0.007
0.814
0.816

<0.001
<0.001
0.687
0.820
0.835
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Table 3 Variables defining each principal component (PC) selected in each occupancy model. The

occupancy component (y) is defined by predictors that explain species occupancy. The detection

component (p) is determined by the predictors that explained variations in species detection.

North Southeast Southwest
Y Y Y
Pine forest (+) Pastures (+) Rabbits (+)
Rodent (+) Urbanized land (+) Shrubs (+)
Red fox Q. ilex forest (-) Rodent (+) Crops (-)
Shrubs (-) Q. ilex forest (+) Pine forest (-)
p Shrubs (-) Q. ilex forest (-)
Cold season (+) Rabbits (-) p
Warm season (-) P Cold season (-)
Cold season (-) Warm season (+)
Warm season (+)
Y Y Y
Pine forest (+) Pastures (+) Rabbits (+)
Q. pyrenaica forest (-)  Urbanized land (+) Crops (-)

Stone marten

Q. ilex forest (+)

Pine forest (-)

p Shrubs (-) p
Cold season (+) Rabbits (-) Cold season (-)
Warm season (-) P Warm season (+)
Cold season (-)
Warm season (+)
Y Y Y

Pine forest (+)

Olive tree (+)

Q. ilex forest (+)

Rodents Q. ilex forest (-) Q. ilex forest (+) Pine forest (+)
Q. pyrenaica forest (+) Urbanized land (+) Shrubs (-)
p Shrubs (-) Crops (-)
Cold season (+) P p
Warm season (-) Cold season (-) Cold season (-)
Warm season (+) Warm season (+)
Y
Q. ilex forest (+)
Rabbits Shrubs (+)
Pine forest (-)
Pasture (-)
Vineyard (-)
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Discussion

We assessed the strategy of spatial segregation as a coexistence mechanism between
animal species. We focused on the case of the red fox and the stone marten, the most
abundant mesocarnivores in the central lberian Peninsula, where large carnivores are
absent. We compared occupancy models of both mesocarnivores and their potential
prey (rodents and rabbits) across three different habitats. Our findings revealed that the
two mesocarnivores selected similar habitat characteristics and furthermore, this
habitat selection is related to the selection of their prey habitat. The fox and the marten
selected landscapes with high densities of rodents and rabbits. However, in contrast to
the stone marten, the red fox exhibited a stronger correlation with prey abundance as a
predictor of its presence across the north, southeast, and southwest areas. These
results suggest that prey availability might be a main factor influencing fox occupancy
in different habitats. Overall, our results provide evidence for a high degree of overlap
in habitat and food resources between the red foxes and martens. This finding casts
doubt on spatial segregation as the primary mechanism of coexistence between these
two species. Consequently, exploring alternative mechanisms, such as temporal
segregation, becomes crucial for understanding how these mesocarnivores coexist

successfully.

Our analyses revealed variations in fox occupancy models across the different areas.
However, prey availability emerged as a consistent factor influencing fox presence in
all areas. While Sarmento et al. (2011) suggested that environmental factors hold
minimal influence on fox occupancy, they did acknowledge a potential link between fox

occupancy and proximity to vulture feeding grounds (indicating food availability).

Our results showed that high rodent abundance was the common factor of fox
occupancy in the North and Southeast. In contrast, the Southwest region exhibited a
stronger correlation between fox presence and high rabbit abundance. This aligns with
the generalist mesopredator behaviour of the red fox, where it may prioritize abundant
rabbits as prey (Delibes-Mateos et al. 2008; Diaz-Ruiz et al. 2013). Although the
Southwest area had lower overall rabbit abundance compared to rodents, it offered a
higher concentration of rabbits compared to the other regions where rodent populations
declined. This result suggests that for foxes, selecting specific landscape features
might be secondary to prioritizing areas with plentiful food sources. Numerous studies
corroborated this strategy, highlighting how some predators often prioritize habitats
rich in prey (Palomares et al. 2001; Spong 2002; Rauset et al. 2012; Wolff et al. 2015).

In such cases, landscape composition plays a less significant influence in habitat
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selection, with predators selecting areas with higher prey concentrations. This explains
why the red fox selected similar habitat predictors as their prey. In the North area, both
foxes and rodents selected pine forest over Quercus ilex forest. Similarly, in the
Southeast, foxes and rodents selected holm oak forest and urbanized lands over
scrublands. Apodemus sylvaticus, a generalist occupying diverse habitats is known for
its generalist habits, occupying diverse habitats, with a preference for forested and
shrubby environments while avoiding open areas (Alcantara 1992). In the Southwest,
foxes selected patterns aligned with increasing rabbit abundance and scrublands.
While foxes and rabbits only overlapped in their selection of scrublands, previous
research suggests a correlation between scrublands and higher rabbit abundance
(Palomares et al. 2001).

Our results in the North and Southeast showed a high spatial overlap between the
stone marten and the red fox, coinciding with previous studies (Pereira et al. 2012;
Petrov et al. 2016; Roy et al. 2019). The stone marten selected the same habitats as
foxes and rodents, with pine forest in the North and Quercus ilex forest and urbanized
land in the Southeast. Sarmento et al. (2011) showed in occupancy models of stone
martens that the habitat variables, landscape structure, and the wood mouse frequency
from photographic captures were the most important occupancy drivers. Stone marten
occupancy seems to be higher in areas of a patchy structure of pine forest and
Mediterranean scrubland. Thus, in our study, the stone marten selected pine forest
areas in the North area. However, in the Southeast, it selected Quercus ilex forest and
urbanized land instead of scrubland. The stone marten occupancy model did not show
a direct selection for a high relative abundance of rodents, as was the case for the red
fox. The selection of the same landscapes as rodents may show a feeding strategy
following higher rodent “catchability” rather than a high rodent abundance (Hopcraft et
al. 2005; Balme et al. 2007). In the Southwest, the relative abundance of rabbits could
explain stone marten occurrence. Previous studies showed that the stone marten can
consume rabbits in its diet (Padial et al. 2002; Barrientos and Virgds 2006). However,
this model was ranked third in the model selection, with the null model above it.
Therefore, selecting the relative abundance of rabbits to define stone marten
occupancy should be taken with caution. The factors selected had a low interference in
stone marten occurrence in this area. Including factors in the model did not improve
model prediction which emphasised the consideration of the stone marten as a

generalist species (Virgds and Garcia 2002; Santos and Santos-Reis 2010).

Season is considered an important factor influencing species detectability (Andelt and

Andelt, 1984; Vine et al. 2009). We observed an opposite pattern in fox and stone
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marten detectability between the northern and southeast areas and the southwest. In
the North area, detectability was higher in the cold season than in the warm season.
However, the opposite pattern was observed in the southeast and southwest areas.
This finding may be due to different reasons. In the case of the red fox, activity seemed
affected by the increased human disturbance (Diaz-Ruiz et al. 2015). Game hunting
has an important presence in the southeast and southwest during the cold season. In
this vein, the persecution of the fox by hunters might affect its behaviour resulting in
more wary and cautious individuals being more difficult to detect (lower probability of
detection). During spring (birth/ lactation) and summer (mothers accompanied by
cubs), the likelihood of detection was higher, likely due to the behavioural changes that
occur during these periods. During the denning period, female foxes were more active
during the daytime (Phillips and Catling 1991). The presence of cubs and juveniles
during spring and summer could also increase detection due to their curious and
exploratory behaviour. In the north, without game hunting pressure, the dispersion of
juveniles during the cold season could improve the detection of the red fox (Macdonald
1987). In the case of the stone marten, Ferreti et al. (2023) found the detection rate of
Martes spp. had a positive association with that of the red fox and a negative with
human detection rates. In addition, the detection rate of Martes spp. was higher in the
warm season (spring and summer) and lower in the cold season (autumn and winter).
According to our results, the red fox and the stone marten had the same detection
patterns in the three areas. They might avoid humans and have the highest detection

during the warm season in the southeast and areas.

Although martens and foxes share habitats, the fox might limit stone martens in
selecting areas of high rodent abundance. This pressure might also show the role of
the red fox and the stone marten as dominant and subordinate mesocarnivores,
respectively. Thus, a subordinate species might be displaced when prey abundance is
high, consequently avoiding agonistic encounters (Holt and Polis 1997). The landscape
of fear (Laundré et al. 2001; Laundré et al. 2010) occurs when smaller species
perceive the risk of predation by a top predator in the shared area. Decisions on
predatory species might be trade-offs between the risk of predation and the benefits
obtained from a given activity (i.e. habitat selection, sociability, vigilance) (Lima and Dill
1990). Particularly, subordinate species attempt to adapt their behaviour to select low-
risk habitat conditions versus food resources (Heithaus 2001; Bjorklund et al. 2016;
Virgos et al. 2020). Intraguild predation between the red fox and Martes sp. was
identified in previous research (Padial et al. 2002; Remonti et al. 2012). Lindstrom et al.

(1995) observed that foxes strongly limit marten numbers through predation in
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Scandinavia. Although the fox may be dominant over martens, there is still a high
spatial overlap between both mesocarnivores. In fact, spatial segregation does not
seem to be the main mechanism of coexistence between both species, so other
mechanisms, such as temporal segregation, might be driving this coexistence. Chapter
4 of this thesis focused on comparing activity patterns between the red fox and stone
martens. We found that the red fox and the stone marten had a low overlap of daily
activity patterns. Furthermore, the occupancy in cameras between foxes and stone
martens was more significant as marten and fox relative abundance increased;
however, we observed a more significant difference in activity patterns between the two

species in this scenario.

Overall, our research supports the importance of identifying the invariant factors that
define species occupancy patterns in different habitats. The selection of these factors
depends on the coexistence of the species living in the same habitat. Thus, dominant
species can select landscapes based primarily on food abundance, while subordinate
species exhibit more complex habitat selections depending on their relationships with
dominant competitors. Our research assists in assessing the emerging new roles,
dynamics and mechanisms of coexistence between mesocarnivores communities in

different and changeable habitat conditions.
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Abstract

The study of the mechanisms of coexistence between animals and their determinants
is essential to understand the role of species in different ecosystems. Spatial and
temporal segregation allows the coexistence of carnivores in interspecific competition.
Here, we study the activity and occupancy patterns of two abundant mesocarnivores in
the central Iberian Peninsula, the red fox (Vulpes vulpes) and the stone marten (Martes
foina). We also include their main prey species, rodents and the European rabbit
(Oryctolagus cuniculus). Camera traps were used in three study areas across two
seasons to record the presence and activity patterns of these species. Multispecies
occupancy models were employed to analyse co-occurrence and interactions between
foxes and martens. The R package "overlap” was used to estimate activity pattern
overlap coefficients among all four species. Additionally, relative abundance (captures
per 24 hours relative to total capture occasions) was examined as a factor influencing
coexistence mechanisms. The results showed a positive spatial interaction: marten
occupancy increased in areas where foxes were present. Occupancy also increased
when both predators were more abundant. However, temporal overlap between foxes
and martens was low, with greater activity pattern divergence when both were more
abundant. Temporal overlap between foxes and rodents followed a seasonal pattern.
Martens and rodents showed a higher temporal overlap when the temporal overlap
between foxes and rodents was lower. These findings suggest that foxes may exert
dominance over martens in food selection, with temporal segregation as the primary

mechanism enabling coexistence between these two mesocarnivores.
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Introduction

Competition highly drives the structure and dynamics of animal communities (Connell
1983; Schoener 1983). Interspecific competition occurs when different species
compete for the same resources; consequently, threatening or killing subordinate
species can occur (Schoener 1983). As a result, animals have developed mechanisms
of coexistence to alleviate interspecific competition, such as niche partitioning through
different food resources, or the spatial and temporal segregation of resource use
(Schoener 1982; Chesson et al. 2000; Chase and Leibold 2003) through character
displacement (i.e. behavioural evolutionary changes among similar species within the

same environment) (Dayan and Simberloff 2005).

Terrestrial carnivores are representative animals for coexistence mechanisms
(Ramesh et al. 2012; Torreta et al. 2016; Monterroso et al. 2020). Competitive
interactions among carnivores are driven by the body size of the species (Monterroso
et al. 2020). Thus, most studies on coexistence have focused either on large
carnivores (Karanth et al. 2017; Miller et al. 2018; Evers et al. 2022) or on
mesocarnivores (i.e. species of carnivores < 15 kilograms [kg]) coexisting with top-
predators (Wang et al. 2015; Gémez-Ortiz et al. 2019; Gil-Sanchez et al. 2021). After
the decline of top-predator populations during the 20th century (Ripple et al. 2014),
new hierarchies and coexistence roles between mesocarnivores arose, influencing

ecosystem function, structure, and dynamics (Monterroso et al. 2020).

The coexistence mechanisms between mesocarnivores have been less studied in
environments lacking top-predator species (but see Vilella et al. 2020; Ferreiro-Arias et
al. 2021; Hernandez-Puentes et al. 2022). The Iberian Peninsula has historically been
home to top predators like the wolf (Canis lupus) and Iberian lynx (Lynx pardis) (Blanco
et al. 1992; Delibes et al. 2000; Molsher et al. 2017). However, their disappearance in
some areas, particularly central Spain, has allowed mesocarnivore species to fill the
vacant top predator niche. The red fox (Vulpes vulpes) competes with the abundant
stone marten (Martes foina) (Virgés and Casanovas, 1998, Dudus, 2014; Petrov et al.
2016; Roy et al. 2019) due to a high overlap of their used habitat and food resources,
particularly rodents (Padial et al. 2002; Papakosta et al. 2010, Pereira et al. 2012).
However, the fox is a facultative predator that consumes rabbits (Oryctolagus
cuniculus) as staple prey when it is abundant in Iberian Peninsula (Delibes-Mateos et
al. 2008; Diaz-Ruiz et al. 2013). Intraguild competition in sympatric areas could lead to
fox predation on martens. Polis et al. (1989) found marten remains in fox scats

(however, Brzezinski et al. (2014) suggest red fox predation might not be the sole
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driver of marten decline, citing similar observations between red fox and pine marten,
Martes martes (Storch et al. 1990; Lindstrom et al. 1995)). More studies are needed to
definitively assess the impact of foxes on marten populations. Considering the body
mass ratio is the most important factor related to the strength of competitive
interactions (Palomares and Caro 1999, Donadio and Buskirk 2006), red fox and stone
marten can be considered dominant and subordinate species, respectively. Dominant
species can influence subordinate species' population size, distribution and behaviour
(Vanak et al. 2013; Fedriani et al. 2000; Monterroso et al. 2020).

Spatial, diet and activity segregation enables the coexistence of carnivores (Garneau et
al. 2007; Di Betetti et al. 2010; Monterroso et al. 2014; Karanth et al. 2017). However,
these mechanisms may be difficult to maintain in sympatric species such as the red fox
and the stone marten. Due to their high spatial and diet overlap (Padial et al. 2002;
Pereira et al. 2012) the segregation of their activity patterns becomes the principal
mechanism modulating their coexistence (Monterroso et al. 2014). Thus, when sharing
the same specific resource (e.g. a prey species), carnivores can use it at different times
(Garneau et al. 2007). Thus, the activity patterns of a predator are often driven by the
activity patterns of its staple prey, adjusting their daily activity to periods of increased
prey availability (Linkie and Ridout 2011; Foster et al. 2013). However, the dominant
species potentially cause shifts in the activity patterns of subordinate competitors.
Dominant species can modify the timing of activity patterns of the subordinate species
with its prey and reduce food availability (Kronfeld-Schor and Dayan 2003).
Consequently, subordinate species need to assess the risk of agonistic interactions

despite the increasing availability of prey (Fedriani et al. 2000).

Beyond prey abundance and top predator presence, additional factors like climate and
habitat composition can also influence and define mesocarnivore activity patterns
(Chutipong et al. 2017; Rosalino et al. 2005; Suraci et al. 2016; Monterroso et al.
2013). Studies on the activity patterns regarding mesocarnivore coexistence have
increased in recent years (Blake et al. 2012; Ferreiro-Arias et al. 2021; Hernandez-
Puentes et al. 2022). However, a crucial gap remains: a comparative analysis of
activity patterns across different habitats. Such an analysis, considering variations in
interspecific abundance and food availability, would be key to fully understanding how

mesocarnivores coexist.

This study investigated spatial and temporal segregation as potential mechanisms of
coexistence between the red fox and stone marten in central Spain. We examined

occupancy and activity patterns of both mesocarnivores across three areas (north,
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southeast, and southwest) during warm and cold seasons. Each area represented a
distinct habitat with unique plant composition and climatic conditions. We further
explored potential factors influencing activity pattern overlap and occupancy, including
the relative abundance of both mesocarnivores and their prey species (Apodemus sp.,
Mus spp., and Oryctolagus cuniculus).Considering the red fox as the dominant and the
stone marten as the subordinate, we specifically tested the following predictions: 1) the
red fox adjust its activity patterns to the seasonal, daily activity patterns and abundance
of its prey species; 2) The stone marten avoids foxes spatially and/or temporally. Thus,
because the fox and stone marten share common prey, the overlapping of activity
patterns between martens and prey is determined by the relationship between foxes
and prey. We expect that the overlapping of activity patterns between martens and
rodents is less when the overlap of activity patterns between foxes and rodents is more
similar. Our research assists in assessing the emerging new roles and mechanisms of
coexistence between mesocarnivores in different and changeable habitat conditions.
Understanding the diversity and dynamics of mesocarnivore communities is paramount
for specific conservation and management measures without compromising the

balance of the ecosystem.

Material and Methods

Study area

We collected data at 24 locations in the central Iberian Peninsula between 2013 and
2020 (Figure 1 of General Material and methods). The locations were grouped into
three geographical areas: North, Southeast and Southwest. Each area represented a
habitat covering different climatic conditions, land uses and predominant plant
communities within supramediterranean and mesomediterranean bioclimatic
environments (Ministry of Environment and Spatial Planning, 2001). The most
represented land uses were pastures, small game, livestock and recreational areas

(Table 1 of General material and methods).

Each location was camera-trapped for 20-35 days during either the warm (spring and
summer) or cold season (autumn and winter). Six locations were exceptions, being
sampled twice in different years and seasons. The locations were sampled during
different seasons to study the influence of seasonality on temporal movement patterns.
The distribution of sampling across seasons varied by area. In the north, four of the
seven locations were sampled during the warm season, while three were sampled

during the cold season. The southeast area had an even split, with four locations
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sampled in each season. Finally, the southwest area included four locations sampled

during the warm season and five during the cold season (Table 1).

Table 1 Camera sampling details. The Area (North, Southeast and Southwest); Period of sampling

(Period) and Season (summer, spring, autumn and winter) of each location are shown. The number of

camera-trapping days and cameras in each location are specified. The numbers along with the locations

correspond to the locations represented on the map in Figure 1 of General material and methods

Location

(16)Manzanares del
Real

(17) La Berzosa

(19) La Berzosa

(18) Miraflores de la
Sierra

(20)San Mames

(21) Madarcos

(22) Braojos

(2) Carabana

(6) Carabafia

(4) Ambite

(7) Ambite

3) Villarejo de
Salvanés

(8) Villarejo de
Salvanés

(1)valdaracete

(5) Torres de la

Area

North

North

North

North

North

North

North

Southeast

Southeast

Southeast

Southeast

Southeast

Southeast

Southeast

Southeast

Year

2013

2013

2017

2013

2017

2019

2020

2014

2017

2014

2019

2014

2018

2014

2014

Month

10/04-
30/04

04/05-
24/05

27/09-
31/10

1/06-
20/06

1/08-
5/09

17/09-
21/10

8/02-
14/03

3/11-
8/12

04/06-
9/07

12/02-
7/03

04/06-
9/07

18/12-
22/01

13/03-
17/04

03/11-
8/12

04/04-
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Season

Spring

Spring

Autumn

Spring

Summer

Autumn

Winter

Autumn

Summer

Winter

Summer

Winter

Spring

Autumn

Spring

Camera-
trapping (days)

20

20

35

20

35

35

35

35

35

23

35

35

35

35

21

Number of
camera traps

10

10

10
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Alameda 25/04

(14) Robledo Southwest 2017 ;éﬁ;- Autumn 35 10
(Plrt)saPeIayos de 12 Southwest 2018 ;Z;g? Summer 35 8
(9) Quijorna Southwest 2018 8;82 Spring 35 8
(23) Quijorna Southwest 2019 ;g;g; Summer 35 8
(10)Cenicientos Southwest 2016 iéﬁ; Autumn 23 8
(24)Cenicientos Southwest 2019 gg;gi Spring 35 8
(13)Chapineria Southwest 2019 ggﬁg Autumn 35 8
gﬁ\);resnedi”as dela  oouthwest 2019 Z;(l)i Winter 35 8
(15) Navas del Rey Southwest 2016 ;éﬁgg Winter 28 8

Field sampling

We deployed eight to ten camera-traps in each location for 20-35 days (an average of
31.25 days). Camera-traps were spaced 450-600m apart, covering an area sufficiently
large to maximize the number of individuals photographed and reduce potential shades
of detection of the species studied (similar to Sarmento et al. 2009). We created a
minimum convex polygon (MCP) by connecting camera locations and buffered it by
500 meters, considering the total sampled area as the MCP plus buffer (Sarmento et
al. 2009). This resulted in sampled areas of 2595 ha, 3607 ha, and 3541 ha in the
north, southeast, and southwest, respectively. The mean area per location within each
region (north: 370 ha, southeast: 450 ha, southwest: 395 ha) aligns with the average

red fox home range reported in central Spanish mountains (L6épez-Martin 2010).

Eight camera models were used with similar trigger time: Wildview Xtreme2 (not
specified), Bushnell Trophy (1s), DLC Covert Il (1s), Acorn LTL (1.1s), Cuddle Back
Ambrush (not specified), HCO Scoutguard SG565 (1.2s), Scout Guard SG560K (1.2s),

and Scout Guard SG562 (1.2s). We configured cameras following the same
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parameters (cameras operated 24 hours a day, taking three sequential photographs
five seconds apart , normal PIR sensitivity and recording the date and time of
photograph). To maximize detection probability (Monterroso et al., 2013; Gil-Sanchez
et al., 2021), two baits were placed 1-2 meters in front of each camera: sardines
(Heinlein et al., 2020; Sebastian-Gonzalez et al., 2020) and a commercial fox lure
(HAGOPUR® Premium Attractant Fox). We secured the sardines by piercing the cans
and tying them to rocks or vegetation, preventing access and bait displacement.
Following Gerber et al. (2012) and Braczkowski et al. (2016), we assumed the baits did
not influence target species behaviour or activity rates. Cameras were checked every
4-7 days for bait/battery replacement and image download.

We studied seasonal effects in each area by selecting locations in different seasons:
The warm season, which included spring and summer (April to September) and the
cold season, which included autumn and winter (October to March) (Vilella et al. 2020)
(Table 1). The locations that coincided with part of their sampling in both stations (the
case of Villarejo de Salvanés 2018 and Madarcos), were classified within the station
with more sampling days. The resulting scenarios were six: Warm season in the North
area (Nwarm); Cold season in the North area (Ncold); Warm season in the Southeast
area (SEwarm); Cold season in the Southeast area (SEcold); Warm season in the

Southwest area (SWwarm) and, cold season in the Southwest area (SWcold).
Multispecies occupancy models

We conducted multispecies occupancy models to study the occurrence and the
interaction between red fox and stone marten. We followed the Rota et al. (2016)
occupancy model using the function occuMulti in the ‘Unmarked’ package of R
software (Fiske and Chandler 2011). This model assumes the latent occupancy state at
site i for a set of s potentially interacting species is a vector Zi of length s containing a
sequence of the values 0 or 1 ( 0 when species is not detected, 1 when species is

detected). The latent state is modelled as a multivariate Bernoulli random variable:
Zi ~ MVB (¥i)

where i is a vector of length 2° containing the probability of each possible
combination of Os and 1s, such that } wi=1. We studied the occurrence and interaction

between red fox and stone marten (s = 2) having three natural parameters.
fred fox = log(110/400)
fstone marten = log(y01/400)
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fred fox/stone marten = log((y¥11 *y00)/(10 *p01))

where the possible states are [11], [10], [01], or [00], corresponding to both species
present, only species 1 or species 2 present, or both species absent, respectively.

The observations yij at site i on occasionj are vectors of length s and there are
independent values of detection probability (p) for each species s in the observation

process.
yij|Zi ~ Bernoulli(Zi * psij)

We focused on occupancy probability (psi) and strength of interaction between species
(fred fox/stone marten) and the effect of relative abundance of mesocarnivores and
preyon this natural parameter. We run a total of 16 models combining four variables
in fred fox/stone marten: relative abundance of red fox, stone marten rodents and
rabbits (RAlieq fox» RAlsione martens RAlrodents @and RAlapni, respectively). We considered
intercept-only (~1) in fred fox, fstone marten parameters and detection probability
modelling. Each species' relative abundance index (RAI) was calculated as the number
of captures (photographs) of a species per total occasion. We considered a capture
whenever any of the species was photographed in a camera-trap every 24h, and an
occasion as the number of cameras per day of the camera-trapping campaign. We
used Akaike's Information Criterion (AIC) (Burnham and Anderson 2012) to select
models with AAIC < 2. We used the optimizePenalty function to choose the best value
of penalty using K-fold cross-validation, and re-fit the models using the optimal penalty
term value. The use of penalized likelihood helps with separation/boundary issues,
eliminate unreasonably large estimates, and reduce error (Clipp et al. 2021). We
predicted occupancy probability of four possible states, marginal occupancy of both

mesocarnivores and conditional occupancy of stone marten under dominant red fox.
Assessment of activity pattern and overlap of activity pattern

Photographic captures were manually tagged by location, camera, species, and time
(UTC) by the same researcher. For each camera, we considered an independent
detection when photographs of the same species were separated by at least one hour
(Silveira et al. 2003; Linkie and Ridout 2009). Captures of more than one individual
were considered multiple detections (Ridout and Linkie 2009). We identified target
mesocarnivores at the species level. Small mammals (Apodemus sylvaticus and Mus

spp.) were classified altogether as rodents.
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We used the ‘overlap’ package (Ridout and Linkie 2009) in R 3.4.4 software (R
Development Core Team 2017) to estimate the overlap coefficients between fox, stone
marten and their potential prey (rodents and rabbits) by assessing the activity patterns
of target species. Activity pattern: the independent detection records for each target
species were regarded as a random sample from the underlying continuous temporal
distribution (Ridout and Linkie 2009). Activity pattern is the probability density function
of this temporal distribution fit with Kernel density functions (Ridout and Linkie 2009).

Overlap coefficient: comparisons of the pairwise activity pattern of the combined target
species in each area and season (i.e. the area shared by the two functions) with

confidence intervals.

The overlap coefficient i (4) takes values from zero to one (4 ~ 1 indicates a higher
overlap of activity patterns). We used the estimators 41, and 44 recommended for
small (<50 independent detections) and large (>50 independent detections) sample
sizes, respectively (Ridout and Linkie 2009). Confidence intervals were obtained as
intervals of percentiles from 999 bootstrap samples. Next, we assessed the overlap of
the activity patterns values related to the overall pairwise comparisons made in the
three areas. We considered values below the 50" percentile as low activity overlap and
values above the 75" percentile as a high overlap. Values in between were regarded

as moderate activity overlap of activity patterns (see Monterroso et al. 2014).

The overlap coefficient is only descriptive; thus, to test for significant differences in the
activity pattern, we calculated in the R package 'CircStats' (Agostinelli and Lund 2018)
a Watson's two-sample test for homogeneity of activity patterns between species
(Jammalamadaka and Sengupta 2001). A p-value < 0.05 depicted significant

differences between activity patterns.
Results

We had a total of 750 sampled days with a total of 6328 occasions of capture (number
of days per number of cameras). We obtained 1036 photographs of foxes and 1176 of
stone martens separated by a minimum time interval of 1 hour. We also recorded 4007
photographs of rodents (including Apodemus sylvaticus and Mus spp.) and 126 of
rabbits. Due to a low number of rabbit captures, we could only perform the interaction

fox-rabbit in the Southeast and Southwest areas (Table 2).

Although genet (Genetta genetta) and badger (Meles meles) were also detected in all

three areas, these two species presented a low number of captures (photographs). We
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decided to exclude them from the study and focus on the coexistence relationships of

the two most abundant mesocarnivores in these areas.

Table 2: Number of independent detections of each carnivore and potential prey detected in the sampling
areas concerning North, Southeast and Southwest areas and seasons. Vulpes vulpes (red fox); Martes
foina (Stone Marten); small mammals (includes Apodemus sp., Mus spp); Oryctolagus cuniculus (rabbit);
Genetta genetta (Genet) and Meles meles (Badger).

North Southeast Southwest

Warm Cold Warm Cold Warm Cold

season season season season season season
Vulpes vulpes 216 429 91 46 175 79
Martes foina 147 363 72 46 154 394
Rodents 452 475 1084 625 574 797
Sﬁ%ﬁ:jﬁus 1 1 71 19 15 19
Genetta genetta 16 22 16 52 23 148
Meles meles 13 47 10 2 1 4

Occupancy and interaction of red fox and stone marten

We fitted models with a penalty value of 0.5. Model selection showed an interspecific
dependence among red fox and stone marten. The two top models assume a positive
interaction between both mesocarnivores. The first top model (AIC = 9095.19; AICwt =
0.32) showed that the probability of two species' occupancy varied as a function of the
relative abundance of red fox and stone marten. The second top model (AIC =
9095.54; AICwt = 0.27) selected the relative of both mesocarnivores and rodents to
explain two species occupancy. Nevertheless, while variables RAlg0x @and RAlgione
maren ShOWed a significant relationship, RAIrodents had a non-significant relationship
(Table 3).

Hereafter we report results from our first-ranked model with significant variables. We
estimated occupancy probability, and marginal and conditional occupancy of red fox
and stone marten from each site (Supplementary material 1). In addition, we predicted
occupancy probability and marginal and conditional occupancy of red fox and stone
marten from all sites. Red fox showed a marginal occupancy higher than the stone

marten (Table 4).
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Furthermore, the marginal occupancy of both mesocarnivores increased as the relative
abundance of both mesocarnivores increased (Figure 2). The marginal occupancy of
martens was similar to foxes with high abundances of both species (Figure 2). The
probability of two mesocarnivores being presented (psi [11]) was higher than the
probability of red fox presence and stone marten absence (psi [10]). This was also
reflected in the conditional occupancy where marten occupancy was higher in areas
where foxes were present (Table 4). The probability of detection of both

mesocarnivores was similar

Table 3 Predictor selection in the multispecies occupancy models. Occupancy probability (psi) in defined
for the tree natural parameters (fred fox; fstone marten; fred fox/stone marten). Selected predictors
explain variations in fred fox/stone marten occupancy probability. fred fox and fstone marten is defined
by the intercept. The detection probability (p) is defined by the intercept. The regression coefficients

(Estimate) are shown, and also the standard error (S.E) and the p-value (0=0.05).

Model Natural parameter Estimate SE p-value
psi (red fox) Intercept 0.358 0.190 5.92e-02
psi (stone marten) Intercept -0.931 0.270 5.68e-04

fred fox (~1) psi (redfox:stonemarten) Intercept 0.882 0.317 5.46e-03

fstone marten (~1) psi (redfox:stonemarten) RAlregrox 2.161 0.741 3.54e-03
fred fox/stone marten psi (redfox:stonemarten) RAlsionemaren  5.834 0.553 5.15e-26

( NRAIredfox +

RAIslunemarten)

p (red fox) Intercept -1.45 0.0894 6.56e-59
p (stone marten) Intercept -1.48 0.1057 1.73e-44
psi (red fox) Intercept 0.355 0.259 1.70e-01
fred fox (~1) psi (stone marten) Intercept -0.938 0.279 7.74e-04
fstone marten (~1) psi (redfox:stonemarten) Intercept 0.743 0.302 1.37e-02
fred fox/stone marten psi (redfox:stonemarten) RAlegrox 2.182 0.883 1.35e-02

( '”RAIredfox + RAIrodems)
psi (redfox:stonemarten) RAlsonemarten  5.755 0.525 5.33e-28
psi (redfox:stonemarten) RAl odents 0.693 0.419 9.80e-02
p (red fox) Intercept -1.45 0.0861 2.89e-63
p (stone marten) Intercept -1.48 0.0941 9.95e-56
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Table 4 Predicted occupancy probability (psi) and detection probability (p) of red fox and stone marten
from all sites. Probability occupancy was predicted in the four states [11], [10], [01], or [00], corresponding
to both species present, only red fox or stone marten present, or both species absent, respectively.
Marginal occupancy of both mesocarnivores and conditional occupancy probability with/without presence
of red fox was showed. Predicted values (Predicted) are shown, and also the standard error (S.E) and the

lower and upper interval coefficient (Cl [2.5, 97.5%)]).

Predicted SE Cl lower Clupper
psi[11] 0.325 0.025 0.279 0.382
psi[10] 0.342 0.035 0.278 0.399
psi[01] 0.094 0.020 0.059 0.129
psi[00] 0.239 0.041 0.178 0.322
p [red fox] 0.191 0.014 0.165 0.219
p[stone marten] 0.186 0.012 0.162 0.211
marginal psi [red fox] 0.667 0.040 0.584 0.729
marginal psi[stone marten] 0.419 0.033 0.366 0.488
conditional psi with fox 0.488 0.031 0.443 0.548
conditional psi without fox 0.283 0.063 0.172 0.430

0.6 08 10
I 1

Marginal occupancy

04

— redfox

——  stone marten

02
1

T T T T T T T
00 01 02 03 04 05 06

RAlred fox + RAlstone marten

Figure 2 Marginal occupation of foxes (Vulpes vulpes) and martens (Martes foina) according to the

relative abundance of both mesocarnivores. Red line represents fox and blue line represents marten.

Activity patterns

We identified significant differences in the activity patterns of the considered species
across areas and seasons (Table 5). The red fox was predominantly nocturnal,

although its activity pattern was not uniform across seasons and areas. In SEwarm and
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SWwarm scenarios, the activity pattern of the red fox was unimodal, with maximum

activity peaks at 0:00hr and between 21:00hr to 2:00hr, respectively (Figure 3).

Table 5 Pairwise comparisons of activity patterns of red fox, stone marten, rodents and rabbit studied
species across areas in two seasonal periods (warm and cold seasons). The following statistic is shown:

Watson.two test value and signification (Watson.two).

Species Season Area watson.two

N-SE 0.167

Warm N-SW  0.308**
SE-SW 0.051
Red fox N-SE  0.077
Cold N-SW  0.159
SE-SW 0.087
N-SE 0.138
Warm N-SW 0.179
SE-SW 0.054

Stone marten N-SE 0.804***

Cold N-SW 0.732%*=*
SE-SW 0.281**
N-SE 0.413*%*=

Warm N-SW 0.208*
SE-SW  0.713***

Rodents N-SE 0,506+
Cold N-SW 0.681***

SE-SW 0.091

Rabbit Warm SE-SW 0.118

Cold SE-SW 0.157

*0.01 < p-value < 0.05
**0.001 < p-value < 0.01

*** p-value < 0.001

However, the activity pattern was only more diurnal in Nwarm. In the Nwarm scenario,
the activity of the red fox tended to a trimodal pattern of three peaks of maximum
activity at 16:00hr, 23:00hr and 4:00hr (Figure 3). However, we only found significant
differences in the fox activity patterns between Nwarm and SWwarm. During the
autumn-winter season, the pattern of fox activity was nocturnal and similar between
areas (Table 5), with increased activity hours concentrated between 18:00h and 7:00h
(Figure 3). We found no significant differences in the activity pattern between areas this

season.
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Figure 3 Activity patterns of red fox, stone marten, rodents and rabbits in each area (North, Southeast and
Southwest) and seasonal period (warm and cold seasons). The red and continuous line represents the
pattern of activity of the red fox (Vulpes vulpes); the green and discontinuous line represents the pattern of
activity of the stone marten (Martes foina); blue dotted line represents the pattern of activity of rodents.
The yellow dotted and discontinuous line represents the patterns of activity of rabbits (Oryctolagus

cuniculus).

The activity pattern of the stone marten was bimodal and nocturnal in each area and
season. However, significant differences in activity patterns were only found in all areas
during the cold season (Table 5). During the warm season, the pattern had two activity
peaks at 19:00hr and 3:00hr. However, the activity pattern was shorter in the northern
area during the cold season. It showed two peaks of activity at 20:00hr and 3:00hr in
Ncold, two peaks of activity at 19:00hr and 6:00hr in SEcold, and two peaks of activity
at 19:00hr and 4:00hr in the SWcold scenarios (Figure 3).
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Rodents exhibited a predominant nocturnal activity pattern. However, we only found
significant differences in the activity pattern between SEcold and SWcold scenarios
(Table 6). In Nwarm and SWwarm scenarios, the rodent activity pattern was bimodal
with two peaks at 21:00h and 3:00hr and 21:00hr and 1:00hr, respectively (Figure 3). In
contrast, the activity showed a trimodal pattern in SEwarm scenario with three peaks of
activity at 20:00hr, 1:00hr and 3:00hr (Figure 3). The activity pattern of rodents showed
a trimodal pattern in Ncold scenario with peaks at 21:00hr; 23:00hr and 3:00hr. This
activity pattern was a uniform pattern between 19:00hr to 4:00hr in SEcold and SWcold
scenarios (Figure 3).

Overlap of activity pattern.

We considered the 50" percentile (4 = 0.795) of the range of the overlap coefficient
values as the threshold for separating low and moderate overlapping activity patterns.
Similarly, we used the 75" percentile (4 = 0.832) to separate between a moderate and
high overlap. Overlap of activity patterns between a red fox and stone marten was low
in Nwarm, SEcold, SWwarm and SWcold scenarios (A= 0.744; A= 0.767 and A= 0.793,
respectively) and moderate in Ncold (A= 0.798) and SEwarm scenarios (A= 0.807)
(Table 6). Results from the Watson's two-sample test showed that the activity pattern
between the stone marten and the red fox was only significantly different in Nwarm,

Ncold and SWwarm scenarios (Table 6).

The overlap of activity patterns between the red fox and rodents was low in Nwarm (A=
0.714) and SWcold (A= 0.785); moderate in SEwarm (A= 0.803), SE-cold (A= 0.813)
and SWwarm (A= 0.798) and high in Ncold (A= 0.845) scenarios (Table 6). Fox and
rodents showed significant differences in the activity pattern in all areas and seasons,

with the exception of SEcold scenario (Table 6).

The overlap of activity patterns between stone martens and rodents was high in all the
scenarios (A > 0.832) except for SEcold, which was low (A= 0.779) (Table 6). Despite
the high temporal overlap between the two species, we observed significant differences

in activity patterns in Ncold and SWwarm scenarios (Table 6).

The overlap of activity patterns between the red fox and rabbits was low in the
Southeast and Southwest during all seasons (A< 0.795) (Table 6). However, significant
differences in the pattern of activity were only observed during the warm season in both

areas (Table 6).
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Our analysis revealed significant differences in activity patterns between the two

species in scenarios with higher relative abundance of both mesocarnivores (Nwarm

Ncold, and SWcold). These scenarios had the highest relative abundance values (1.35;

2.06; 1.45, respectively) (Table 6). Conversely, in areas with lower relative abundance

of mesocarnivores (SEwarm, SEcold, and SWwarm), where the relative abundance

values were much lower (0.41; 0.28; 0.42, respectively), we found no significant

differences in activity patterns between fox and stone marten (Table 6).

Table 6 Pairwise comparisons of overlap of activity patterns between red fox, stone marten, rodents and

rabbits in each area in two seasonal periods (warm and cold seasons). The following statistics are shown:

Activity coefficient for large samples Dhat4 (Dhat); degree of overlap of activity pattern (Overlap); lower

and upper interval coefficient (Cl [2.5, 97.5%]) and Watson.two test value and signification (watson.two)

Area Season

Warm
N

Cold

Warm
SE

Cold

Warm
SW

Cold

1 Dhatl

*0.01 < p-value < 0.05

**0.001 < p-value < 0.01

*** p-value < 0.001

Species interaction
Red fox - Stone marten
Red fox - Rodents
Stone marten - Rodents
Red fox - Stone marten
Red fox - Rodents
Stone marten - Rodents
Red fox - Stone marten
Red fox - Rodents
Stone marten - Rodents
Red fox - Rabbit

Red fox - Stone marten
Red fox - Rodents
Stone marten - Rodents
Red fox - Rabbit

Red fox - Stone marten
Red fox - Rodents
Stone marten - Rodents
Red fox - Rabbit

Red fox - Stone marten
Red fox - Rodents
Stone marten - Rodents
Red fox - Rabbit

Dhat
0.744
0.714
0.912
0.798
0.845
0.842
0.807
0.803
0.898
0.536
0.767*
0.813t
0.7791
0.6321
0.793
0.798
0.858
0.6171
0.780
0.785
0.936
0.726*
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Overlap
Low

Low

High
Moderate
High
High
Moderate
Moderate
High

Low

Low
Moderate
Low

Low

Low
Moderate
High

Low

Low

Low

High

Low

CI[97,5%-2,5%]

[0.642,0.796]
[0.634,0.764]
[0.868,0.991]
[0.742,0.839]
[0.804,0.884]
[0.778,0.897]
[0.717,0.928]
[0.761,0.906]
[0.881,1.000]
[0.373,0.618]
[0.686, 0.914]
[0.733, 0.910]
[0.686, 0.888]
[0.468,0.868]
[0.711,0.854]
[0.747,0.872]
[0.778,0.919]
[0.432,0.827]
[0.714,0.869]
[0.725,0.876]
[0.931,0.993]
[0.634,0.933]

watson.two
0.891***
1.531%*
0.086
1.132%**
0.710%**
0.648***
0.123
0.195*
0.035
1.241%**
0.079
0.056
0.193*
0.173
0.140
0.421%**
0.436***
0.223*
0.301**
0.286**
0.030
0.059
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Discussion

This study investigated temporal segregation as a key mechanism for coexistence
between red fox and stone marten by analysing their activity patterns and occurrence
alongside potential prey. Using the overlap of activity patterns between pairwise target
species, we found that red fox and stone marten had a low overlap of activity patterns
suggesting avoidance between them. Additionally, the red fox exhibited a seasonal
pattern linked to rodent activity, while the overlap between martens and rodents may
be influenced by the risk of fox predation. These observed differences suggest that the
red fox acts as the dominant predator in these ecosystems, where wolves and lynxes
have been absent for decades. Interestingly, we found a positive interaction between
mesocarnivore occupancy, with higher occurrences of both fox and stone marten when
their relative abundances were high. However, despite increased co-occurrence,
activity patterns remained largely segregated. These findings support the importance
of differential day-cycle use in promoting red fox and stone marten coexistence,
aligning with previous observations (Di Bitetti et al. 2010).

Despite their differing activity patterns, both red fox, stone marten, and their rodent
prey primarily exhibit nocturnal behaviour, aligning with previous research (fox: Meek &
Saunders 2000, Diaz-Ruiz et al. 2013; marten: Monterroso et al. 2014, Torretta et al.
2017; rodents: Galsworthy et al. 2005, Bennie et al. 2014). However, seasonal and
regional variations influence these patterns. Their range of activity was broader during
the cold season and more concentrated in the warm season, according to other studies
in Mediterranean environments (Tester 1987; Posillico et al. 1995; Vilella et al. 2020).
Yearly variations in daylight hours also play a role, with rodents generally active for
fewer hours in spring and summer compared to autumn and winter (Flowerdew 2000).
Additionally, temperature, precipitation, and cloud cover significantly impact rodent
activity patterns (Stokes et al. 2001; Wrébel & Bogdziewicz 2015). These factors can
lead to subtle differences in peak activity times between regions during the same
season. Notably, the red fox's broader activity range in the cold season might be a
response to prey behaviour strategies (Azevedo et al. 2018). Indeed, our findings show
greater overlap in activity patterns between foxes and rodents during the colder months
compared to the warmer season. Red foxes likely consume more rodents during colder
months due to increased prey availability (Padial et al. 2002; Carvalho and Gomes
2004; Barrull et al. 2014). Conversely, their diet becomes more varied in warm months
with the inclusion of fruits and insects (Carvalho and Gomes 2004). This suggests a
potential predator-prey relationship driving red fox activity patterns, aligning with rodent

activity shifts during colder seasons (Mukherjee et al. 2020). Although red fox had
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mainly nocturnal activity, it showed some diurnal activity in the North area during the
warm season. Other studies have observed this pattern, assuming that the fox may
have a diurnal activity during the breeding period (Servin et al. 1991), also during
lactation, and after a succession of rainy days (Meek and Saunders 2000).

The influence of seasonality on activity patterns between martens and rodents appears
weaker compared to the pressure exerted by foxes on rodents. Martens and rodents
showed more similar activity patterns and greater overlap of activity patterns when
activity patterns between foxes and rodents were more different and had less overlap.
The red fox and stone marten are considered generalist species (Barrientos and Virgos
2006; Diaz-Ruiz et al. 2013). They select different food resources and have large diet
variability depending on the temporal availability of food. However, both species can
have a high overlap in their diet (Barrull et al. 2014), with rodents as an essential part
of the diet of both species (Padial et al. 2002; Carvalho and Gomes 2004; Barrull et al.
2014). Although the two species may share some dietary overlap, the potential for
intraguild predation by red fox could be influencing the activity patterns of the stone
marten. We observed low to moderate overlap in activity between the two
mesocarnivores, with stone marten activity decreasing or starting later when red fox
activity peaked. This phenomenon aligns with the concept of the "landscape of fear"
(Laundré et al. 2001; Laundré et al. 2010), where smaller prey species adjust their
behaviour based on the perceived risk of predation by larger predators within a shared
space. This can influence factors like habitat use, diversity, and abundance. Previous
research supports the existence of intraguild predation between red fox and Martes sp.
(Padial et al. 2002; Remonti et al. 2012). These studies documented dietary overlap,
with marten remains found in fox scats during spring and summer, suggesting
asymmetric predation by foxes. Additionally, Lindstrém et al. (1995) observed strong
limitation of marten populations through fox predation in Scandinavia. Within the
landscape of fear, prey species face trade-offs between the risk of predation and the
benefits associated with specific activities (e.g., habitat selection, social interactions,
vigilance) (Lima and Dill 1989). Notably, subordinate species often prioritize low-risk
habitats over readily available food resources (Heithaus 2001; Bjorklund et al. 2016;
Virgos et al. 2020).

Our results of the occurrence and activity patterns relationship between the red fox and
stone marten could also show the roles of dominant and subordinate mesocarnivores,
respectively. The relative abundance of stone marten and red fox determined the
occurrence between the red fox and stone marten; scenarios with a higher occupancy

were those with a higher relative abundance of both mesocarnivores. Red fox and
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stone marten showed a positive interaction. Both species could have a significant
spatial overlap indicating the exploration of the same general habitat conditions
(Pereira et al. 2012; Petrov et al. 2016). However, the stone marten's arboreal habits
likely minimize predation risk from red fox despite potential spatial overlap (Pereira et
al., 2012). Importantly, activity patterns diverged in areas with higher mesocarnivore
abundance, suggesting that temporal segregation is the key driver of coexistence. By
minimizing potential intraguild predation, spatial and food competition, temporal
segregation allows both mesocarnivores to coexist (Petrov et al. 2016).

The red fox can be a facultative carnivore that selects rabbits as its staple food when
these are abundant but selects rodents, seeds, and fruits when rabbits are scarce
(Delibes-Mateos et al. 2008; Diaz-Ruiz et al. 2013). However, due to the very low
rabbit presence in our study areas, we cannot definitively assess its influence on rodent
selection and its potential impact on activity pattern overlap between rodents and stone
martens. We observed higher overlap in activity patterns between red fox and rodents
during the cold season in the North compared to the Southwest and Southeast regions.
Notably, rabbit presence in the North was practically nonexistent (2 observations),
while the other two areas had a higher relative abundance. This pattern suggests that
areas with available rabbits may experience less pressure on rodent populations,
reflecting the red fox's dietary flexibility. However, these results require cautious
interpretation. Only diet analysis could confirm whether increased temporal overlap

between predator and prey translates to higher prey consumption in those areas.

Overall, our research supports the importance of temporal segregation as a
mechanism of coexistence between the red fox and stone marten. This mechanism
allows for a dynamic balance between occupancy and competition, adapting to
seasonal and local changes while maintaining individual fithess (Chesson 2000).
Furthermore, our results suggest that the fox can play a dominant predator role (mainly
in food selection), driving the coexistence mechanism with subordinate species where
large carnivores are absent. The ecological plasticity of mesocarnivores underscores
the importance of studying their coexistence and the factors influencing it.
Understanding these mechanisms can provide valuable insights into the functional role
of mesocarnivores within various ecosystems. Notably, knowledge of inter-
mesocarnivore coexistence can also be highly relevant to reintroduction programs for

large carnivores.
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Supporting information chapter 4

a) Marginal occupancy of stone marten

Site
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Predicted
0.419
0.538
0.634
0.694
0.843
0.499
0.587
0.867
0.762
0.440
0.651
0.462
0.585
0.612
0.815
0.749
0.922
0.650
0.709
0.697
0.479
0.440
0.811
0.610
0.626
0.524
0.566
0.588
0.811
0.688
0.666
0.601
0.864
0.827
0.941
0.515
0.539
0.530
0.732

SE
0.034
0.027
0.022
0.019
0.016
0.030
0.042
0.017
0.025
0.034
0.057
0.036
0.026
0.070
0.023
0.018
0.019
0.025
0.025
0.088
0.039
0.034
0.016
0.047
0.031
0.048
0.058
0.024
0.020
0.029
0.025
0.033
0.019
0.016
0.012
0.046
0.030
0.038
0.018

lower
0.371
0.494
0.599
0.659
0.811
0.454
0.519
0.831
0.709
0.393
0.540
0.409
0.546
0.481
0.770
0.711
0.883
0.601
0.656
0.510
0.425
0.393
0.778
0.526
0.577
0.448
0.466
0.550
0.773
0.637
0.629
0.550
0.821
0.795
0.916
0.444
0.496
0.475
0.697

upper
0.493
0.590
0.679
0.732
0.867
0.560
0.667
0.894
0.808
0.512
0.754
0.538
0.637
0.739
0.856
0.780
0.950
0.690
0.753
0.840
0.559
0.512
0.836
0.699
0.687
0.615
0.676
0.637
0.848
0.742
0.716
0.667
0.897
0.851
0.959
0.602
0.602
0.604
0.765

b) Marginal occupancy of red fox
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Predicted
0.667
0.735
0.790
0.825
0.910
0.713
0.763
0.924
0.864
0.679
0.800
0.691
0.762
0.778
0.894
0.856
0.955
0.799
0.833
0.826
0.701
0.679
0.891
0.776
0.786
0.727
0.751
0.764
0.892
0.821
0.808
0.771
0.922
0.901
0.966
0.722
0.736
0.730
0.846

SE
0.032
0.029
0.022
0.020
0.014
0.028
0.024
0.014
0.023
0.030
0.027
0.028
0.024
0.032
0.014
0.018
0.013
0.026
0.025
0.041
0.027
0.030
0.015
0.024
0.021
0.026
0.028
0.024
0.014
0.019
0.020
0.022
0.015
0.014
0.007
0.026
0.025
0.025
0.019

lower
0.593
0.672
0.746
0.786
0.880
0.653
0.715
0.890
0.814
0.613
0.751
0.633
0.714
0.720
0.865
0.821
0.925
0.747
0.785
0.747
0.646
0.613
0.861
0.725
0.745
0.675
0.696
0.713
0.864
0.785
0.772
0.728
0.887
0.871
0.953
0.671
0.685
0.681
0.812

upper
0.721
0.787
0.829
0.861
0.932
0.765
0.808
0.945
0.898
0.733
0.854
0.745
0.802
0.845
0.919
0.888
0.972
0.840
0.870
0.902
0.751
0.733
0.917
0.824
0.824
0.777
0.807
0.806
0.915
0.857
0.843
0.812
0.945
0.925
0.978
0.771
0.781
0.775
0.879
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40
41
42
43
44
45
46
47
48
49
50
51
52
53
54
55
56
57
58
59
60
61
62
63
64
65
66
67
68
69
70
71
72
73
74
75
76
77
78
79
80
81
82
83
84

0.557
0.631
0.883
0.857
0.953
0.876
0.902
0.895
0.734
0.811
0.910
0.980
0.828
0.543
0.730
0.675
0.444
0.675
0.625
0.652
0.489
0.419
0.419
0.419
0.419
0.453
0.430
0.430
0.419
0.419
0.430
0.419
0.494
0.540
0.641
0.419
0.462
0.419
0.447
0.429
0.547
0.476
0.457
0.419
0.429

0.056
0.074
0.014
0.021
0.009
0.014
0.028
0.015
0.028
0.016
0.020
0.006
0.028
0.052
0.019
0.026
0.035
0.026
0.022
0.032
0.032
0.034
0.034
0.034
0.034
0.036
0.034
0.034
0.034
0.034
0.034
0.034
0.029
0.027
0.021
0.034
0.032
0.034
0.032
0.034
0.026
0.030
0.032
0.034
0.034

0.463
0.486
0.854
0.816
0.935
0.847
0.839
0.867
0.681
0.781
0.869
0.968
0.771
0.457
0.690
0.633
0.396
0.633
0.588
0.597
0.443
0.371
0.371
0.371
0.371
0.403
0.383
0.383
0.371
0.371
0.383
0.371
0.449
0.497
0.601
0.371
0.415
0.371
0.400
0.382
0.505
0.429
0.411
0.371
0.382

0.662
0.762
0.906
0.894
0.968
0.899
0.941
0.919
0.786
0.839
0.940
0.988
0.876
0.642
0.762
0.727
0.517
0.727
0.670
0.714
0.556
0.493
0.493
0.493
0.493
0.528
0.503
0.503
0.493
0.493
0.503
0.493
0.557
0.597
0.680
0.493
0.528
0.493
0.515
0.502
0.598
0.538
0.524
0.493
0.502
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54
55
56
57
58
59
60
61
62
63
64
65
66
67
68
69
70
71
72
73
74
75
76
77
78
79
80
81
82
83
84

0.746
0.788
0.933
0.918
0.973
0.929
0.944
0.940
0.847
0.892
0.948
0.989
0.902
0.738
0.845
0.813
0.681
0.813
0.785
0.800
0.707
0.667
0.667
0.667
0.667
0.687
0.673
0.673
0.667
0.667
0.673
0.667
0.710
0.736
0.794
0.667
0.691
0.667
0.683
0.673
0.740
0.699
0.689
0.667
0.673

0.028
0.034
0.011
0.013
0.006
0.011
0.014
0.010
0.017
0.014
0.011
0.003
0.015
0.027
0.020
0.019
0.030
0.019
0.023
0.020
0.028
0.032
0.032
0.032
0.032
0.029
0.031
0.031
0.032
0.032
0.031
0.032
0.029
0.027
0.024
0.032
0.030
0.032
0.032
0.031
0.028
0.031
0.030
0.032
0.031

0.690
0.726
0.911
0.894
0.961
0.904
0.914
0.920
0.813
0.865
0.929
0.981
0.874
0.682
0.807
0.777
0.617
0.777
0.737
0.761
0.650
0.593
0.593
0.593
0.593
0.626
0.604
0.604
0.593
0.593
0.604
0.593
0.645
0.680
0.744
0.593
0.623
0.593
0.610
0.603
0.681
0.629
0.620
0.593
0.603

0.799
0.859
0.951
0.940
0.983
0.948
0.966
0.956
0.880
0.917
0.966
0.994
0.928
0.789
0.879
0.849
0.735
0.849
0.825
0.839
0.759
0.721
0.721
0.721
0.721
0.741
0.727
0.727
0.721
0.721
0.727
0.721
0.762
0.785
0.835
0.721
0.744
0.721
0.736
0.727
0.789
0.752
0.742
0.721
0.727
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85
86
87
88
89
90
91
92
93
94
95
96
97
98
99
100
101
102
103
104
105
106
107
108
109
110
111
112
113
114
115
116
117
118
119
120
121
122
123
124
125
126
127
128
129

0.723
0.440
0.449
0.449
0.419
0.434
0.419
0.434
0.546
0.419
0.508
0.419
0.419
0.419
0.419
0.419
0.472
0.419
0.419
0.501
0.499
0.612
0.590
0.565
0.612
0.419
0.442
0.419
0.451
0.453
0.442
0.430
0.484
0.453
0.477
0.451
0.419
0.912
0.442
0.465
0.477
0.430
0.474
0.824
0.419

0.023
0.034
0.035
0.035
0.034
0.034
0.034
0.034
0.053
0.034
0.033
0.034
0.034
0.034
0.034
0.034
0.030
0.034
0.034
0.043
0.034
0.022
0.024
0.025
0.022
0.034
0.035
0.034
0.032
0.036
0.035
0.034
0.029
0.036
0.039
0.032
0.034
0.013
0.035
0.037
0.039
0.034
0.032
0.017
0.034

0.674
0.392
0.400
0.400
0.371
0.386
0.371
0.386
0.459
0.371
0.461
0.371
0.371
0.371
0.371
0.371
0.425
0.371
0.371
0.438
0.450
0.572
0.552
0.523
0.572
0.371
0.394
0.371
0.404
0.403
0.394
0.383
0.438
0.403
0.423
0.404
0.371
0.885
0.394
0.412
0.423
0.383
0.428
0.791
0.371

0.763
0.512
0.523
0.523
0.493
0.507
0.493
0.507
0.646
0.493
0.576
0.493
0.493
0.493
0.493
0.493
0.535
0.493
0.493
0.585
0.569
0.655
0.639
0.614
0.655
0.493
0.514
0.493
0.519
0.528
0.514
0.503
0.545
0.528
0.556
0.519
0.493
0.932
0.514
0.542
0.556
0.503
0.541
0.855
0.493
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85
86
87
88
89
90
91
92
93
94
95
96
97
98
99
100
101
102
103
104
105
106
107
108
109
110
111
112
113
114
115
116
117
118
119
120
121
122
123
124
125
126
127
128
129

0.841
0.679
0.684
0.684
0.667
0.675
0.667
0.675
0.739
0.667
0.718
0.667
0.667
0.667
0.667
0.667
0.697
0.667
0.667
0.714
0.712
0.778
0.765
0.750
0.778
0.667
0.680
0.667
0.685
0.687
0.680
0.673
0.704
0.687
0.700
0.685
0.667
0.949
0.680
0.693
0.700
0.673
0.699
0.899
0.667

0.023
0.030
0.029
0.029
0.032
0.031
0.032
0.031
0.027
0.032
0.026
0.032
0.032
0.032
0.032
0.032
0.031
0.032
0.032
0.026
0.027
0.024
0.024
0.027
0.024
0.032
0.030
0.032
0.032
0.029
0.030
0.031
0.031
0.029
0.027
0.032
0.032
0.009
0.030
0.028
0.027
0.031
0.029
0.013
0.032

0.795
0.613
0.622
0.622
0.593
0.607
0.593
0.607
0.683
0.593
0.663
0.593
0.593
0.593
0.593
0.593
0.627
0.593
0.593
0.663
0.657
0.725
0.714
0.693
0.725
0.593
0.615
0.593
0.613
0.626
0.615
0.604
0.635
0.626
0.644
0.613
0.593
0.928
0.615
0.635
0.644
0.604
0.636
0.873
0.593

0.876
0.733
0.738
0.738
0.721
0.729
0.721
0.729
0.791
0.721
0.767
0.721
0.721
0.721
0.721
0.721
0.750
0.721
0.721
0.762
0.762
0.821
0.807
0.799
0.821
0.721
0.734
0.721
0.738
0.741
0.734
0.727
0.757
0.741
0.751
0.738
0.721
0.965
0.734
0.747
0.751
0.727
0.752
0.923
0.721



Chapter 4

130
131
132
133
134
135
136
137
138
139
140
141
142
143
144
145
146
147
148
149
150
151
152
153
154
155
156
157
158
159
160
161
162
163
164
165
166
167
168
169
170
171
172
173
174

0.555
0.443
0.504
0.581
0.491
0.454
0.479
0.466
0.504
0.419
0.568
0.443
0.602
0.466
0.443
0.491
0.867
0.419
0.720
0.750
0.760
0.750
0.803
0.827
0.727
0.419
0.419
0.638
0.419
0.475
0.525
0.625
0.419
0.419
0.894
0.794
0.949
0.844
0.664
0.500
0.680
0.763
0.656
0.656
0.688

0.055
0.035
0.043
0.062
0.041
0.036
0.039
0.037
0.043
0.034
0.058
0.035
0.055
0.037
0.035
0.041
0.023
0.034
0.025
0.025
0.023
0.025
0.025
0.025
0.020
0.034
0.034
0.022
0.034
0.032
0.038
0.022
0.034
0.034
0.019
0.022
0.014
0.017
0.025
0.029
0.020
0.017
0.025
0.025
0.025

0.462
0.395
0.440
0.470
0.433
0.404
0.425
0.413
0.440
0.371
0.466
0.395
0.503
0.413
0.395
0.433
0.818
0.371
0.667
0.696
0.711
0.696
0.750
0.775
0.694
0.371
0.371
0.604
0.371
0.429
0.471
0.589
0.371
0.371
0.851
0.745
0.920
0.807
0.627
0.455
0.640
0.727
0.606
0.606
0.637

0.659
0.515
0.588
0.696
0.573
0.529
0.558
0.543
0.588
0.493
0.678
0.515
0.705
0.543
0.515
0.573
0.905
0.493
0.765
0.796
0.801
0.796
0.848
0.869
0.768
0.493
0.493
0.683
0.493
0.542
0.600
0.670
0.493
0.493
0.924
0.832
0.969
0.871
0.715
0.557
0.716
0.793
0.695
0.695
0.731
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130
131
132
133
134
135
136
137
138
139
140
141
142
143
144
145
146
147
148
149
150
151
152
153
154
155
156
157
158
159
160
161
162
163
164
165
166
167
168
169
170
171
172
173
174

0.745
0.680
0.715
0.759
0.708
0.687
0.701
0.694
0.715
0.667
0.752
0.680
0.772
0.694
0.680
0.708
0.924
0.667
0.839
0.856
0.862
0.856
0.887
0.901
0.843
0.667
0.667
0.792
0.667
0.699
0.728
0.785
0.667
0.667
0.939
0.882
0.971
0.910
0.808
0.713
0.816
0.864
0.802
0.802
0.821

0.027
0.030
0.026
0.029
0.026
0.029
0.027
0.028
0.026
0.032
0.028
0.030
0.027
0.028
0.030
0.026
0.018
0.032
0.024
0.023
0.021
0.023
0.021
0.020
0.017
0.032
0.032
0.022
0.032
0.029
0.025
0.023
0.032
0.032
0.014
0.020
0.009
0.015
0.020
0.030
0.022
0.017
0.026
0.026
0.025

0.688
0.616
0.664
0.705
0.657
0.627
0.646
0.636
0.664
0.593
0.697
0.616
0.719
0.636
0.616
0.657
0.882
0.593
0.791
0.807
0.817
0.807
0.839
0.854
0.812
0.593
0.593
0.751
0.593
0.637
0.679
0.738
0.593
0.593
0.905
0.838
0.950
0.876
0.771
0.646
0.769
0.831
0.751
0.751
0.773

0.798
0.734
0.764
0.819
0.757
0.741
0.751
0.747
0.764
0.721
0.808
0.734
0.825
0.747
0.734
0.757
0.947
0.721
0.876
0.892
0.896
0.892
0.918
0.928
0.876
0.721
0.721
0.830
0.721
0.752
0.772
0.825
0.721
0.721
0.958
0.912
0.982
0.933
0.842
0.766
0.854
0.895
0.842
0.842
0.859
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175
176
177
178
179
180
181
182
183
184
185
186
187
188
189
190
191
192
193
194
195
196
197
198
199
200
201
202
203

0.419
0.475
0.582
0.569
0.753
0.451
0.700
0.668
0.684
0.750
0.509
0.734
0.547
0.556
0.886
0.487
0.463
0.832
0.509
0.910
0.543
0.586
0.500
0.671
0.419
0.459
0.459
0.419
0.419

0.034
0.032
0.029
0.028
0.018
0.032
0.022
0.022
0.021
0.025
0.029
0.018
0.032
0.027
0.017
0.033
0.031
0.016
0.029
0.017
0.026
0.025
0.029
0.025
0.034
0.031
0.031
0.034
0.034

0.371
0.429
0.539
0.529
0.712
0.404
0.653
0.623
0.651
0.696
0.464
0.699
0.501
0.515
0.849
0.442
0.417
0.801
0.464
0.873
0.501
0.541
0.455
0.620
0.371
0.412
0.412
0.371
0.371

¢) Conditional occupancy with red fox

Site

© 00 N O O b~ W NP

R =
N B O

Predicted
0.488
0.630
0.728
0.782
0.898
0.587
0.682
0.916
0.838
0.515
0.743
0.542

SE
0.028
0.027
0.022
0.020
0.015
0.025
0.040
0.015
0.025
0.028
0.054
0.031

lower
0.431
0.573
0.678
0.737
0.864
0.529
0.605
0.882
0.781
0.455
0.642
0.480

0.493
0.542
0.641
0.626
0.782
0.519
0.737
0.705
0.728
0.796
0.569
0.768
0.613
0.611
0.913
0.556
0.529
0.857
0.569
0.936
0.600
0.633
0.557
0.711
0.493
0.525
0.525
0.493
0.493

upper
0.535
0.675
0.758
0.811
0.918
0.624
0.743
0.936
0.877
0.558
0.822
0.596

175
176
177
178
179
180
181
182
183
184
185
186
187
188
189
190
191
192
193
194
195
196
197
198
199
200
201
202
203

0.667
0.699
0.760
0.753
0.858
0.685
0.828
0.810
0.819
0.856
0.718
0.848
0.740
0.745
0.935
0.706
0.692
0.903
0.718
0.948
0.738
0.762
0.713
0.811
0.667
0.689
0.689
0.667
0.667

0.032
0.029
0.023
0.024
0.019
0.032
0.023
0.024
0.019
0.023
0.028
0.018
0.024
0.025
0.013
0.028
0.030
0.014
0.028
0.013
0.027
0.028
0.030
0.026
0.032
0.031
0.031
0.032
0.032

0.593
0.637
0.716
0.705
0.820
0.613
0.782
0.761
0.785
0.807
0.660
0.814
0.693
0.693
0.902
0.649
0.624
0.876
0.660
0.919
0.683
0.704
0.646
0.761
0.593
0.618
0.618
0.593
0.593

d) Conditional occupancy without red fox

Site

1-203

145

Predicted
0.283

SE
0.064

lower
0.168

0.721
0.752
0.799
0.794
0.890
0.738
0.864
0.848
0.854
0.892
0.770
0.881
0.782
0.790
0.955
0.759
0.745
0.927
0.770
0.965
0.787
0.811
0.766
0.850
0.721
0.742
0.742
0.721
0.721

upper
0.436
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13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30
31
32
33
34
35
36
37
38
39
40
41
42
43
44
45
46
47
48
49
50
51
52
53
54
55
56
57

0.679
0.707
0.878
0.827
0.952
0.742
0.794
0.784
0.563
0.515
0.875
0.704
0.720
0.615
0.660
0.682
0.875
0.776
0.757
0.696
0.913
0.887
0.964
0.605
0.631
0.621
0.813
0.650
0.724
0.926
0.909
0.972
0.921
0.939
0.934
0.815
0.876
0.944
0.988
0.888
0.635
0.812
0.765
0.520
0.765

0.023
0.069
0.021
0.019
0.014
0.027
0.026
0.083
0.035
0.028
0.016
0.045
0.029
0.047
0.058
0.023
0.019
0.027
0.024
0.031
0.017
0.016
0.009
0.044
0.027
0.035
0.019
0.056
0.072
0.013
0.018
0.007
0.013
0.022
0.013
0.026
0.016
0.016
0.004
0.024
0.052
0.020
0.025
0.028
0.025

0.624
0.584
0.829
0.785
0.917
0.679
0.733
0.626
0.494
0.455
0.839
0.622
0.661
0.528
0.556
0.629
0.830
0.722
0.702
0.633
0.878
0.852
0.944
0.521
0.573
0.551
0.771
0.549
0.593
0.896
0.862
0.955
0.891
0.882
0.907
0.760
0.839
0.902
0.978
0.830
0.540
0.766
0.711
0.460
0.711

0.712
0.807
0.908
0.854
0.972
0.784
0.835
0.891
0.630
0.558
0.896
0.772
0.766
0.695
0.752
0.712
0.901
0.815
0.793
0.746
0.937
0.908
0.975
0.681
0.670
0.683
0.841
0.740
0.828
0.942
0.934
0.981
0.939
0.964
0.950
0.850
0.897
0.964
0.993
0.921
0.721
0.841
0.803
0.566
0.803
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58
59
60
61
62
63
64
65
66
67
68
69
70
71
72
73
74
75
76
77
78
79
80
81
82
83
84
85
86
87
88
89
90
91
92
93
94
95
96
97
98
99
100
101
102

0.719
0.744
0.574
0.488
0.488
0.488
0.488
0.531
0.502
0.502
0.488
0.488
0.502
0.488
0.580
0.632
0.734
0.488
0.541
0.488
0.523
0.501
0.639
0.559
0.536
0.488
0.501
0.806
0.514
0.526
0.526
0.488
0.507
0.488
0.507
0.638
0.488
0.596
0.488
0.488
0.488
0.488
0.488
0.554
0.488

0.022
0.030
0.027
0.028
0.028
0.028
0.028
0.030
0.028
0.028
0.028
0.028
0.028
0.028
0.026
0.024
0.022
0.028
0.027
0.028
0.028
0.028
0.025
0.027
0.027
0.028
0.028
0.024
0.028
0.029
0.029
0.028
0.028
0.028
0.028
0.053
0.028
0.028
0.028
0.028
0.028
0.028
0.028
0.027
0.028

0.669
0.684
0.514
0.431
0.431
0.431
0.431
0.471
0.444
0.444
0.431
0.431
0.444
0.431
0.523
0.576
0.683
0.431
0.483
0.431
0.466
0.443
0.585
0.502
0.478
0.431
0.443
0.750
0.455
0.466
0.466
0.431
0.448
0.431
0.448
0.542
0.431
0.535
0.431
0.431
0.431
0.431
0.431
0.497
0.431

0.748
0.789
0.617
0.535
0.535
0.535
0.535
0.583
0.543
0.543
0.535
0.535
0.543
0.535
0.620
0.666
0.766
0.535
0.585
0.535
0.570
0.542
0.677
0.603
0.580
0.535
0.542
0.839
0.557
0.575
0.575
0.535
0.548
0.535
0.548
0.725
0.535
0.641
0.535
0.535
0.535
0.535
0.535
0.598
0.535
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103
104
105
106
107
108
109
110
111
112
113
114
115
116
117
118
119
120
121
122
123
124
125
126
127
128
129
130
131
132
133
134
135
136
137
138
139
140
141
142
143
144
145
146
147

0.488
0.589
0.586
0.706
0.684
0.659
0.706
0.488
0.517
0.488
0.528
0.531
0.517
0.502
0.568
0.531
0.560
0.528
0.488
0.945
0.517
0.546
0.560
0.502
0.557
0.885
0.488
0.648
0.518
0.592
0.675
0.577
0.533
0.562
0.547
0.592
0.488
0.662
0.518
0.697
0.547
0.518
0.577
0.915
0.488

0.028
0.041
0.029
0.023
0.023
0.025
0.023
0.028
0.028
0.028
0.028
0.030
0.028
0.028
0.027
0.030
0.034
0.028
0.028
0.011
0.028
0.032
0.034
0.028
0.027
0.016
0.028
0.055
0.028
0.041
0.062
0.038
0.030
0.035
0.032
0.041
0.028
0.058
0.028
0.054
0.032
0.028
0.038
0.019
0.028

0.431
0.511
0.524
0.656
0.631
0.605
0.656
0.431
0.457
0.431
0.471
0.471
0.457
0.444
0.512
0.471
0.492
0.471
0.431
0.920
0.457
0.483
0.492
0.444
0.498
0.846
0.431
0.548
0.458
0.513
0.565
0.503
0.471
0.493
0.484
0.513
0.431
0.557
0.458
0.601
0.484
0.458
0.503
0.872
0.431

0.535
0.661
0.633
0.738
0.713
0.695
0.738
0.535
0.561
0.535
0.574
0.583
0.561
0.543
0.613
0.583
0.626
0.574
0.535
0.960
0.561
0.601
0.626
0.543
0.594
0.905
0.535
0.737
0.562
0.664
0.771
0.648
0.585
0.629
0.604
0.664
0.535
0.754
0.562
0.778
0.604
0.562
0.648
0.945
0.535
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148
149
150
151
152
153
154
155
156
157
158
159
160
161
162
163
164
165
166
167
168
169
170
171
172
173
174
175
176
177
178
179
180
181
182
183
184
185
186
187
188
189
190
191
192

0.804
0.828
0.836
0.828
0.869
0.887
0.809
0.488
0.488
0.731
0.488
0.558
0.616
0.719
0.488
0.488
0.933
0.862
0.969
0.899
0.755
0.587
0.769
0.839
0.747
0.747
0.777
0.488
0.558
0.676
0.663
0.830
0.528
0.787
0.759
0.773
0.828
0.597
0.816
0.640
0.649
0.928
0.573
0.543
0.890

0.026
0.025
0.022
0.025
0.023
0.022
0.020
0.028
0.028
0.022
0.028
0.027
0.035
0.022
0.028
0.028
0.016
0.021
0.010
0.016
0.024
0.027
0.022
0.018
0.027
0.027
0.026
0.028
0.027
0.027
0.025
0.019
0.028
0.024
0.024
0.021
0.025
0.025
0.019
0.029
0.024
0.014
0.028
0.027
0.015

0.743
0.770
0.784
0.770
0.817
0.837
0.766
0.431
0.431
0.680
0.431
0.499
0.546
0.669
0.431
0.431
0.900
0.815
0.945
0.863
0.701
0.531
0.718
0.799
0.684
0.684
0.714
0.431
0.499
0.615
0.606
0.785
0.471
0.730
0.701
0.723
0.770
0.540
0.774
0.578
0.593
0.897
0.513
0.485
0.856

0.844
0.868
0.870
0.868
0.906
0.921
0.839
0.535
0.535
0.762
0.535
0.595
0.678
0.748
0.535
0.535
0.957
0.894
0.983
0.920
0.793
0.632
0.801
0.864
0.789
0.789
0.817
0.535
0.595
0.717
0.697
0.857
0.574
0.819
0.792
0.804
0.868
0.634
0.844
0.687
0.684
0.949
0.617
0.586
0.910
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193
194
195
196
197
198
199
200
201
202
203

0.597
0.944
0.636
0.680
0.587
0.761
0.488
0.538
0.538
0.488
0.488

0.025
0.014
0.024
0.027
0.027
0.026
0.028
0.027
0.027
0.028
0.028

0.540
0.914
0.580
0.619
0.531
0.697
0.431
0.481
0.481
0.431
0.431

0.634
0.964
0.669
0.724
0.632
0.802
0.535
0.583
0.583
0.535
0.535

e)Predicted probability of occupancy of the four

states
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psi[11]
0.325
0.463
0.575
0.644
0.817
0.418
0.520
0.846
0.724
0.349
0.595
0.374
0.517
0.550
0.785
0.708
0.909
0.594
0.662
0.648
0.395
0.349
0.780
0.547
0.566
0.447
0.496
0.521

psi[10]
0.342
0.272
0.215
0.180
0.093
0.295
0.243
0.078
0.140
0.330
0.205
0.317
0.244
0.228
0.109
0.148
0.046
0.206
0.171
0.178
0.307
0.330
0.112
0.229
0.220
0.280
0.255
0.243

psi[01]
0.094
0.075
0.059
0.050
0.025
0.081
0.067
0.021
0.039
0.091
0.057
0.087
0.067
0.063
0.030
0.041
0.013
0.057
0.047
0.049
0.084
0.091
0.031
0.063
0.061
0.077
0.070
0.067

psi[00]
0.239
0.190
0.150
0.126
0.065
0.206
0.170
0.055
0.098
0.230
0.144
0.222
0.171
0.159
0.076
0.103
0.032
0.144
0.120
0.125
0.214
0.230
0.078
0.160
0.154
0.196
0.179
0.170

f) SE of probability of occupancy of the four states
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psi[11]
0.026
0.030
0.024
0.026
0.024
0.025
0.033
0.026
0.037
0.025
0.048
0.026
0.024
0.059
0.023
0.027
0.026
0.035
0.037
0.079
0.028
0.025
0.024
0.038
0.026
0.036
0.047
0.025

psi[10]
0.027
0.020
0.018
0.016
0.012
0.024
0.028
0.012
0.017
0.027
0.034
0.028
0.021
0.041
0.015
0.014
0.012
0.017
0.017
0.048
0.029
0.027
0.013
0.030
0.022
0.033
0.036
0.020

psi[01]
0.028
0.024
0.019
0.017
0.010
0.025
0.019
0.010
0.016
0.026
0.016
0.025
0.021
0.017
0.010
0.015
0.008
0.020
0.018
0.014
0.024
0.026
0.012
0.018
0.018
0.021
0.019
0.021

psi[00]
0.025
0.020
0.015
0.013
0.008
0.021
0.018
0.009
0.014
0.023
0.020
0.023
0.017
0.024
0.008
0.011
0.009
0.017
0.015
0.029
0.022
0.023
0.009
0.019
0.015
0.021
0.022
0.017
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29
30
31
32
33
34
35
36
37
38
39
40
41
42
43
44
45
46
47
48
49
50
51
52
53
54
55
56
57
58
59
60
61
62
63
64
65
66
67
68
69
70
71
72
73

0.781
0.637
0.612
0.537
0.842
0.799
0.932
0.437
0.465
0.453
0.688
0.485
0.571
0.864
0.834
0.946
0.856
0.886
0.878
0.690
0.781
0.895
0.977
0.801
0.469
0.687
0.622
0.354
0.622
0.565
0.596
0.406
0.325
0.325
0.325
0.325
0.365
0.338
0.338
0.325
0.325
0.338
0.325
0.412
0.465

0.111
0.184
0.197
0.235
0.080
0.102
0.035
0.285
0.271
0.277
0.158
0.261
0.217
0.069
0.084
0.028
0.073
0.058
0.062
0.157
0.111
0.053
0.012
0.101
0.269
0.159
0.192
0.327
0.192
0.221
0.205
0.301
0.342
0.342
0.342
0.342
0.322
0.335
0.335
0.342
0.342
0.335
0.342
0.298
0.271

0.031
0.051
0.054
0.065
0.022
0.028
0.010
0.079
0.075
0.076
0.044
0.072
0.060
0.019
0.023
0.008
0.020
0.016
0.017
0.043
0.031
0.015
0.003
0.028
0.074
0.044
0.053
0.090
0.053
0.061
0.056
0.083
0.094
0.094
0.094
0.094
0.089
0.092
0.092
0.094
0.094
0.092
0.094
0.082
0.075

0.078
0.129
0.137
0.164
0.056
0.071
0.024
0.199
0.190
0.194
0.110
0.182
0.152
0.048
0.059
0.019
0.051
0.040
0.043
0.110
0.078
0.037
0.008
0.071
0.188
0.111
0.134
0.229
0.134
0.154
0.143
0.210
0.239
0.239
0.239
0.239
0.225
0.234
0.234
0.239
0.239
0.234
0.239
0.208
0.189
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29
30
31
32
33
34
35
36
37
38
39
40
41
42
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a7
48
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69
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72
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0.022
0.025
0.024
0.027
0.029
0.024
0.013
0.034
0.024
0.028
0.026
0.045
0.064
0.019
0.021
0.012
0.021
0.025
0.018
0.025
0.023
0.019
0.007
0.026
0.041
0.028
0.024
0.025
0.024
0.025
0.027
0.025
0.026
0.026
0.026
0.026
0.025
0.025
0.025
0.026
0.026
0.025
0.026
0.026
0.025

0.014
0.020
0.019
0.024
0.013
0.012
0.007
0.032
0.024
0.028
0.015
0.036
0.043
0.010
0.013
0.006
0.011
0.015
0.010
0.019
0.013
0.012
0.004
0.017
0.034
0.015
0.019
0.027
0.019
0.018
0.023
0.025
0.027
0.027
0.027
0.027
0.028
0.027
0.027
0.027
0.027
0.027
0.027
0.023
0.021

0.011
0.016
0.017
0.019
0.010
0.011
0.004
0.022
0.022
0.022
0.015
0.019
0.016
0.008
0.008
0.004
0.008
0.006
0.007
0.014
0.011
0.006
0.002
0.009
0.020
0.016
0.016
0.026
0.016
0.020
0.017
0.024
0.028
0.028
0.028
0.028
0.026
0.027
0.027
0.028
0.028
0.027
0.028
0.025
0.023

0.008
0.013
0.013
0.016
0.010
0.009
0.004
0.021
0.019
0.020
0.011
0.022
0.025
0.006
0.007
0.004
0.007
0.008
0.006
0.011
0.008
0.006
0.002
0.009
0.022
0.012
0.013
0.023
0.013
0.015
0.014
0.021
0.025
0.025
0.025
0.025
0.023
0.024
0.024
0.025
0.025
0.024
0.025
0.021
0.019
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74
75
76
77
78
79
80
81
82
83
84
85
86
87
88
89
90
91
92
93
94
95
96
97
98
99

100

101

102

103

104

105

106

107

108

109

110

111

112

113

114

115

116

117

118

0.583
0.325
0.374
0.325
0.357
0.337
0.473
0.391
0.369
0.325
0.337
0.678
0.349
0.360
0.360
0.325
0.342
0.325
0.342
0.472
0.325
0.428
0.325
0.325
0.325
0.325
0.325
0.386
0.325
0.325
0.420
0.417
0.549
0.523
0.494
0.549
0.325
0.351
0.325
0.362
0.365
0.351
0.338
0.400
0.365

0.211
0.342
0.317
0.342
0.326
0.336
0.267
0.309
0.319
0.342
0.336
0.163
0.330
0.324
0.324
0.342
0.333
0.342
0.333
0.267
0.342
0.290
0.342
0.342
0.342
0.342
0.342
0.311
0.342
0.342
0.294
0.295
0.228
0.241
0.256
0.228
0.342
0.328
0.342
0.323
0.322
0.328
0.335
0.304
0.322

0.058
0.094
0.087
0.094
0.090
0.092
0.073
0.085
0.088
0.094
0.092
0.045
0.091
0.089
0.089
0.094
0.092
0.094
0.092
0.074
0.094
0.080
0.094
0.094
0.094
0.094
0.094
0.086
0.094
0.094
0.081
0.081
0.063
0.066
0.071
0.063
0.094
0.090
0.094
0.089
0.089
0.090
0.092
0.084
0.089

0.148
0.239
0.222
0.239
0.228
0.235
0.187
0.216
0.223
0.239
0.235
0.114
0.231
0.227
0.227
0.239
0.233
0.239
0.233
0.187
0.239
0.203
0.239
0.239
0.239
0.239
0.239
0.217
0.239
0.239
0.205
0.206
0.160
0.169
0.179
0.160
0.239
0.230
0.239
0.226
0.225
0.230
0.234
0.212
0.225
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74
75
76
7
78
79
80
81
82
83
84
85
86
87
88
89
90
91
92
93
94
95
96
97
98
99
100
101
102
103
104
105
106
107
108
109
110
111
112
113
114
115
116
117
118

0.028
0.026
0.026
0.026
0.027
0.025
0.028
0.027
0.026
0.026
0.025
0.034
0.025
0.025
0.025
0.026
0.025
0.026
0.025
0.042
0.026
0.025
0.026
0.026
0.026
0.026
0.026
0.027
0.026
0.026
0.031
0.025
0.027
0.025
0.028
0.027
0.026
0.025
0.026
0.027
0.025
0.025
0.025
0.028
0.025

0.017
0.027
0.025
0.027
0.025
0.027
0.020
0.023
0.025
0.027
0.027
0.016
0.027
0.027
0.027
0.027
0.027
0.027
0.027
0.034
0.027
0.025
0.027
0.027
0.027
0.027
0.027
0.024
0.027
0.027
0.031
0.026
0.018
0.020
0.020
0.018
0.027
0.027
0.027
0.025
0.028
0.027
0.027
0.023
0.028

0.020
0.028
0.026
0.028
0.027
0.027
0.023
0.026
0.026
0.028
0.027
0.017
0.026
0.026
0.026
0.028
0.027
0.028
0.027
0.020
0.028
0.023
0.028
0.028
0.028
0.028
0.028
0.026
0.028
0.028
0.023
0.024
0.021
0.021
0.023
0.021
0.028
0.026
0.028
0.027
0.026
0.026
0.027
0.026
0.026

0.015
0.025
0.023
0.025
0.023
0.024
0.019
0.022
0.023
0.025
0.024
0.014
0.023
0.023
0.023
0.025
0.024
0.025
0.024
0.022
0.025
0.020
0.025
0.025
0.025
0.025
0.025
0.022
0.025
0.025
0.022
0.021
0.016
0.017
0.018
0.016
0.025
0.023
0.025
0.023
0.023
0.023
0.024
0.022
0.023
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119
120
121
122
123
124
125
126
127
128
129
130
131
132
133
134
135
136
137
138
139
140
141
142
143
144
145
146
147
148
149
150
151
152
153
154
155
156
157
158
159
160
161
162
163

0.392
0.362
0.325
0.897
0.351
0.378
0.392
0.338
0.389
0.795
0.325
0.483
0.352
0.423
0.513
0.409
0.366
0.394
0.380
0.423
0.325
0.498
0.352
0.538
0.380
0.352
0.409
0.846
0.325
0.675
0.709
0.721
0.709
0.771
0.798
0.682
0.325
0.325
0.579
0.325
0.390
0.448
0.565
0.325
0.325

0.308
0.323
0.342
0.052
0.328
0.315
0.308
0.335
0.309
0.104
0.342
0.262
0.328
0.292
0.247
0.300
0.321
0.307
0.314
0.292
0.342
0.254
0.328
0.234
0.314
0.328
0.300
0.078
0.342
0.165
0.147
0.141
0.147
0.116
0.102
0.161
0.342
0.342
0.213
0.342
0.309
0.279
0.220
0.342
0.342

0.085
0.089
0.094
0.014
0.090
0.087
0.085
0.092
0.085
0.029
0.094
0.072
0.090
0.080
0.068
0.082
0.088
0.085
0.086
0.080
0.094
0.070
0.090
0.064
0.086
0.090
0.082
0.022
0.094
0.045
0.041
0.039
0.041
0.032
0.028
0.044
0.094
0.094
0.059
0.094
0.085
0.077
0.061
0.094
0.094

0.215
0.226
0.239
0.036
0.230
0.220
0.215
0.234
0.216
0.072
0.239
0.183
0.229
0.204
0.173
0.209
0.224
0.214
0.220
0.204
0.239
0.178
0.229
0.164
0.220
0.229
0.209
0.055
0.239
0.115
0.103
0.099
0.103
0.081
0.071
0.112
0.239
0.239
0.149
0.239
0.216
0.195
0.154
0.239
0.239
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119
120
121
122
123
124
125
126
127
128
129
130
131
132
133
134
135
136
137
138
139
140
141
142
143
144
145
146
147
148
149
150
151
152
153
154
155
156
157
158
159
160
161
162
163

0.027
0.027
0.026
0.018
0.025
0.026
0.027
0.025
0.025
0.021
0.026
0.044
0.025
0.032
0.051
0.030
0.025
0.028
0.026
0.032
0.026
0.047
0.025
0.045
0.026
0.025
0.030
0.033
0.026
0.037
0.037
0.034
0.037
0.037
0.036
0.023
0.026
0.026
0.024
0.026
0.025
0.028
0.025
0.026
0.026

0.029
0.025
0.027
0.009
0.027
0.028
0.029
0.027
0.025
0.013
0.027
0.035
0.027
0.031
0.038
0.030
0.028
0.029
0.028
0.031
0.027
0.037
0.027
0.034
0.028
0.027
0.030
0.015
0.027
0.017
0.017
0.016
0.017
0.016
0.016
0.016
0.027
0.027
0.018
0.027
0.025
0.028
0.018
0.027
0.027

0.024
0.027
0.028
0.006
0.026
0.025
0.024
0.027
0.025
0.010
0.028
0.019
0.026
0.022
0.018
0.023
0.026
0.024
0.025
0.022
0.028
0.019
0.026
0.018
0.025
0.026
0.023
0.011
0.028
0.018
0.017
0.016
0.017
0.014
0.013
0.015
0.028
0.028
0.019
0.028
0.025
0.022
0.020
0.028
0.028

0.022
0.023
0.025
0.006
0.023
0.022
0.022
0.024
0.022
0.008
0.025
0.022
0.023
0.022
0.023
0.022
0.023
0.022
0.022
0.022
0.025
0.022
0.023
0.021
0.022
0.023
0.022
0.011
0.025
0.015
0.015
0.013
0.015
0.013
0.013
0.011
0.025
0.025
0.014
0.025
0.022
0.020
0.015
0.025
0.025
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164
165
166
167
168
169
170
171
172
173
174
175
176
177
178
179
180
181
182
183
184
185
186
187
188
189
190
191
192
193
194
195
196
197
198
199
200
201
202
203

f) Lower CI of probability of occupancy of the four

States

0.877
0.760
0.941
0.818
0.610
0.419
0.628
0.725
0.600
0.600
0.638
0.325
0.390
0.514
0.499
0.713
0.362
0.652
0.614
0.632
0.709
0.429
0.691
0.474
0.484
0.868
0.404
0.376
0.804
0.429
0.895
0.469
0.519
0.419
0.617
0.325
0.371
0.371
0.325
0.325

0.063
0.121
0.030
0.092
0.198
0.294
0.188
0.139
0.203
0.203
0.183
0.342
0.309
0.246
0.254
0.145
0.323
0.176
0.195
0.186
0.147
0.289
0.156
0.267
0.261
0.067
0.302
0.316
0.099
0.289
0.053
0.269
0.244
0.294
0.194
0.342
0.319
0.319
0.342
0.342

0.017
0.033
0.008
0.025
0.054
0.081
0.052
0.038
0.056
0.056
0.051
0.094
0.085
0.068
0.070
0.040
0.089
0.049
0.054
0.051
0.041
0.080
0.043
0.073
0.072
0.018
0.083
0.087
0.027
0.080
0.015
0.074
0.067
0.081
0.053
0.094
0.088
0.088
0.094
0.094

0.044
0.085
0.021
0.064
0.138
0.206
0.132
0.097
0.142
0.142
0.128
0.239
0.216
0.172
0.177
0.102
0.226
0.123
0.137
0.130
0.103
0.202
0.109
0.186
0.183
0.047
0.211
0.221
0.069
0.202
0.037
0.188
0.170
0.206
0.136
0.239
0.223
0.223
0.239
0.239

164
165
166
167
168
169
170
171
172
173
174
175
176
177
178
179
180
181
182
183
184
185
186
187
188
189
190
191
192
193
194
195
196
197
198
199
200
201
202
203

0.028
0.033
0.019
0.026
0.024
0.028
0.029
0.026
0.035
0.035
0.036
0.026
0.025
0.024
0.024
0.028
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f) Upper CI of probability of occupancy of the four

states
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Supplementary material 1. Occupancy probabilities for each site. a) Predicted marginal occupancy of
stone marten for each site. b) Predicted marginal occupancy of red fox for each site. d) Predicted
conditional occupancy of stone marten in presence of red fox in each site e) Predicted conditional
occupancy of stone marten in absence or red fox. Standard error (SE) and the lower and upper interval
coefficient (Cl [2.5, 97.5%]) are shown. f) Predicted occupancy for four states in each site. [11], [10], [01],
or [00], corresponding to both species present, only red fox or stone marten present, or both species
absent, respectively. g) Standard error (SE) of predicted occupancy for four states in each site. h) Lower

confidence interval of predicted occupancy for four states in each site. i) Upper confidence interval of
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0.413
0.698
0.661
0.666
0.765
0.472
0.728
0.511
0.520
0.903
0.443
0.425
0.835
0.472
0.929
0.510
0.571
0.466
0.669
0.381
0.420
0.420
0.381
0.381

0.369
0.212
0.230
0.221
0.184
0.333
0.190
0.319
0.304
0.094
0.354
0.363
0.126
0.333
0.081
0.308
0.277
0.332
0.229
0.393
0.363
0.363
0.393
0.393

0.156
0.093
0.101
0.095
0.082
0.140
0.083
0.128
0.128
0.045
0.145
0.152
0.057
0.140
0.039
0.131
0.122
0.144
0.101
0.164
0.154
0.154
0.164
0.164

0.266
0.153
0.166
0.154
0.135
0.240
0.130
0.222
0.217
0.066
0.250
0.261
0.086
0.240
0.057
0.223
0.205
0.244
0.168
0.280
0.262
0.262
0.280
0.280
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General discussion

Accurately assessing and understanding population size and the factors influencing its
fluctuations are crucial for determining the conservation status of a wildlife species.
However, obtaining reliable abundance data can be challenging and expensive to
obtain (Soberén and Peterson 2004). Two of the main difficulties include the need for
sufficient recaptures per individual animal (Otis et al.1978) and the requirement for a
high number of spatially replicated surveys (Kéry and Schaub 2012). In some cases,
relative abundance can be a valuable tool for tracking changes in population size and
abundance. Real abundance refers to the actual/absolute number of individuals in a
population species at a specific time and place, whereas relative abundance allows
comparisons of abundance between different situations (Walker et al. 2000; O’Brien
2011). However, it is important to remember that the relationship between relative and
real abundance is not always positive and constant (O’Brien et al. 2011). Furthermore,
controlling variations in species detection is also critical (Royle 2004; Veech et al.
2016) to obtain reliable abundance estimates. Fortunately, numerous techniques have
been developed to study species abundance (O’Brien et al. 2003; Kinnaird and O’Brien
2012; Efford 2014; Royle et al. 2014; Ficetola et al. 2018). However, the choice of
method depends on several factors, including the specific requirements of each
technique, budget constraints, environmental characteristics of the study area, and the

target species itself, among others (Silveira et al. 2003; Balme et al. 2009).

Species abundance can also be a driver of ecological processes and mechanisms.
Abundance can influence the intensity and direction of interactions between species
(Chase et al.2002; Amarasekare, 2008; Kendall et al.2012; Barrull et al.2014). Cost-
effective methods for obtaining abundance data would allow us to better assess this
factor and understand its implications, particularly regarding coexistence between
species. For instance, the abundance of resources (e.g., prey) or competing species
can influence spatial segregation as a coexistence mechanism (Linnell and Strand,
2000; Monterroso et al.2020). Dominant species may select habitats with higher food
abundance and availability, displacing subordinate species that share the same
resources (Donadio and Buskirk 2006; Lonsinger et al. 2017; Marneweck et al. 2019).
However, the density of coexisting species within the same habitat can also affect the
intensity of this spatial displacement (Monterroso et al. 2020). Thus, when dominant
species abundance is lower, the spatial overlap between dominant and subordinate
species can be greater (Fedriani et al. 2000). However, other coexistence
mechanisms, such as temporal segregation, can play a more significant role in
relationships between species of the same guild. This allows for spatial overlap and the

use of the same resources (Torretta et al. 2016; Ferreiro-Arias et al. 2021).
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Building on the ideas above, this thesis examined the effectiveness of different non-
invasive sampling techniques in explaining changes in species abundance. We aimed
to identify cost-effective, time-efficient, and reliable methods for studying abundance
estimation. Our results revealed that different sampling methods can produce
contrasting patterns in explaining variations in relative abundance, potentially leading to
biased abundance estimates. Specifically, chapters 1 and 2 demonstrated that some
relative abundance indices lack positive correlations with each other or with actual
abundance. Additionally, some indices appeared to be influenced by variations in
detectability, rendering the chosen predictors unreliable for explaining abundance
variations. These observed discrepancies in abundance-related predictors suggest that
management or conservation guidelines based on abundance indices should not be

considered directly comparable.

Furthermore, our study emphasizes the importance of guild species abundance and
their prey availability as modulators of spatial and temporal coexistence mechanisms.
We observed in chapters 3 and 4 that the abundance of co-occurring species
significantly impacts habitat occupancy, with greater spatial overlap when both species
are abundant. However, dominant species preferentially select areas with higher prey
abundance, aligning with their temporal patterns and potentially restricting access for
subordinate species. Additionally, when overall abundance of species was high,
temporal segregation appeared to be the primary coexistence mechanism between
dominant and subordinate species, even with substantial spatial overlap. These
findings highlighted the critical role of studying species abundance as a potential driver

in coexistence relationships among species sharing the same spatial and trophic niche.
Use of Relative Abundance Indices

Monitoring carnivore populations requires the evaluation of multiple sampling methods
to identify the most suitable ones to assist in effective conservation strategies
(Caughley and Sinclair 1994; Sadlier et al. 2004; Barea-Azcén et al. 2007). Camera-
trapping and trail surveys for scat detection are two of the most widely used non-
invasive techniques for carnivore studies (Trolle et al. 2007; O’Connell et al. 2011;
Sollmann et al. 2013; Rodgers et al. 2014). This thesis employed both methodologies
to collect relative abundance indices. Chapter 1 compared the relationships between
these indices, while chapter 2 examined their relationship with estimated abundance.
However, the results did not reveal a consistently significant and positive relationship

between all the indices and the abundance estimates.
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Our study revealed that camera-trapping indices, including the Relative Abundance
Index (RAI) and the minimum number of individually photo-identified animals (NI),
captured similar patterns of variation in fox relative abundance (Chapter 1).
Additionally, the NI photo-identified index exhibited a positive relationship with the
estimated abundance (Chapter 2). However, these camera-trapping indices differed
from scat detection indices in explaining abundance changes. Specifically, locations
with a higher number of scat segments (NSE) showed low values for RAI and NI photo-
identified (Chapter 1). Furthermore, no correlation was found between the NI detected
by faecal DNA and NI identified through camera-trapping (Chapter 2). In fact, there was
even a non-significant negative relationship between NI detected by faecal DNA and

abundance estimates.

Previous studies have assessed the link between RAI and abundance estimates,
finding that areas with higher RAI typically harbour greater abundance (Carbone et al.
2001 on Panthera tigris; Palmer et al. 2018 on African herbivore species). Individual
identification through capture-recapture methods has been established as a reliable
technique for abundance estimation (Karanth 1995; Silver et al. 2004; Jackson et al.
2006; Sarmento et al. 2010). However, utilizing individual identification data as a

separate relative abundance index within abundance models is a novel approach.

Our findings suggest that the number of individuals photo-identified (NI) can be a
reliable index for studying variations in abundance, particularly when more complex
methods are not feasible. Capture-recapture (CR), commonly used for abundance
estimation, requires a sufficient number of recaptures per individual for accurate results
(Otis et al. 1978). Similarly, spatial capture-recapture (SCR) approaches necessitate at
least 20-25 recaptures, including those involving spatial data; to effectively describe
movement patterns (Efford et al. 2004). Alternatively, telemetry data from tracked
animals using telemetry can be incorporated to enhance abundance estimates
(Jiménez et al. 2019).

Other methods, such as N-Mixture models, offer an alternative approach for estimating
abundance using count data without requiring individual identification or defining the
effective trapping area (Royle 2004). These models rely on count data, and their
reliability has been demonstrated through comparisons with SCR (Basile et al. 2016)
and capture-mark-recapture methods (Ficetola et al. 2018), often yielding similar
abundance estimates. However, implementing N-Mixture models requires significant
investment in terms of effort and resources. To account for imperfect detection, a

substantial number of spatially replicated surveys are necessary, typically exceeding
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20 sites (Kéry and Schaub 2012). Additionally, a high probability of detection is crucial
for reliable abundance estimates (Royle 2004; Veech et al. 2016). Furthermore, the
assumption of independent counts within a sampling occasion may not always hold
true (Link et al. 2018).

Interestingly, the usefulness of the NI photo-identified index as a relative abundance
measure appeared to be dependent on the sampling method employed. Our findings
suggest that the NI indices obtained from scats DNA and NSE (Number of Scat
Segments) through scat surveys may not reflect actual abundance. This lack of
relationship between the NI identified by both sampling methods might be explained by
variations in territorial marking behaviour among individuals. This can lead to missed
detections of some individuals and biased abundance estimates (Gorman and
Trowbridge 1989; Webbon et al. 2004).

Scat-sampling methods for abundance estimation in carnivores have faced criticism
due to the primary function of scats in communication and territorial marking (Gorman
and Trowbridge 1989; Gese 2004). Defecation rates can fluctuate during mating and
dispersal seasons (Barja et al. 2008), and vary between males, females, adults, and
juveniles (Goszczyhski 1990; Peterson et al. 2002; Ralls et al. 2010; Fawcett et al.
2012), influencing detection rates. Additionally, seasonal changes and diet can also
affect scat deposition (Andelt and Andelt 1984; Goszczynski 1990). Furthermore,
marking frequency may exhibit non-random distribution along paths (Macdonald 1980;
Gorman 1990; Vila et al. 1994; Barja and List 2014).

To mitigate marking bias and increase individual detection, scat sampling should
encompass diverse landscapes with varied compositions and configurations. Thus,
randomly selected transects within the study area might be preferable over well-defined
paths (Guthlin et al. 2012). Moreover, the relationship between abundance and NI
detected by faecal DNA could potentially be improved by incorporating other genomic
techniques. Single Nucleotide Polymorphisms (SNPs) analysis, such as RAD-seq, can
enhance DNA amplification precision, reduce sample loss, and consequently improve
abundance estimates (Andrews et al.2016; De Barba et al.2017; Erwin et al.2021).
Another promising method is the SNP genotyping using Fluidigm's Dynamic Array™, a
real-time PCR technique particularly suited for degraded samples like scats and those

applied in DNA from ancient samples (Kraus et al.2015).

The importance of controlling detection in abundance studies
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The choice of index in abundance studies can significantly impact the interpretation of
environmental factors influencing species populations. While sensitivity to habitat
characteristics is important, detection variability is another crucial consideration
(Pollock et al. 2002; Archaux et al. 2012). Discrepancies between abundance models
and relative abundance indices may not necessarily reflect true abundance variations,
but rather inconsistencies in detection probability. Indices with detection probability
below 1 and temporal variation can underestimate population size (O'Brien 2011). Our
study revealed that different indices favoured distinct models for explaining abundance
changes. This suggests that some indices might be particularly susceptible sensitive to
variations in detection. As a result, predictors of significant importance in relative
abundance models might primarily capture detection variation rather than true

abundance fluctuations.

Gu and Swihart (2004) studied the influence of random and non-random detection on
habitat relationships using occupancy models. Their simulations revealed that models
based on random detection errors at occupied sites underestimated the significance of
habitat variables positively linked to occupancy. Conversely, when detection was non-
random and related to habitat characteristics, models often overestimated the
importance of habitat variables positively associated with detection probability as
drivers of occupancy. These findings from occupancy models parallel our observations
with N-Mixture abundance models. N-Mixture models integrate variables that control
both detection and abundance variation to study changes in species abundance (Royle
2004). However, some relative abundance indices lack this functionality. When is non-
random, this limitation can introduce biases. These indices might select habitat
variables influencing detection as indicators of abundance changes, leading to

misinterpretations.

The RAI index selected abundance predictors identified by the N-Mixture model as
detection factors. However, RAI also captured additional factors influencing abundance
changes according to the N-Mixture models. This suggests that the RAI index might be
susceptible to detection bias, potentially due to its dependence on factors affecting
animals entry into camera traps. An illustrative example obtained in this study, is the
negative relationship between small game presence and fox abundance identified by
the RAI index, while the N-Mixture models linked it to detection probability. This
selection by RAI could be driven by behavioural differences. Areas with abundant small
game are considered "scary landscapes" for foxes. Thus, shyer individuals within the

fox population might avoid interaction with cameras, leading to a lower capture rate by
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camera traps and a potential underestimation of fox abundance in those areas (Diaz-
Ruiz et al. 2015).

The NSE index exhibited the strongest evidence of sensitivity to detection variations.
The predictors it selected to explain fox abundance mirrored those chosen by the N-
Mixture models selected to explain fox detection, but with an inverse relationship. For
instance, NSE positively selected hunting areas and negatively selected summer and
spring seasons, suggesting it might capture variation in fox detection linked to marking
behaviour rather than true abundance changes. Hunting areas likely provide more prey
resources, potentially leading to increased marking activity by foxes (Burgos et al.
2019). Additionally, recolonization dynamics might be higher in these areas, causing
foxes to mark their territories more frequently compared to non-hunting areas (Murdoch
et al. 2016). The influence of seasonality on scat detection is not unique to this study.
Schauster et al. (2002) and Dempsey et al. (2014) similar findings in other fox species,
with scat detection peaking during the mating season (winter) and dropping to its
lowest point during the breeding season (summer).

The NI photo-identified index selected the same predictors as the N-Mixture models,
with the same directional relationships, to explain fox abundance variations. This
suggests minimal detection bias in the NI index. Consequently, NI photo-identified
emerges as a valuable relative abundance index for studying abundance patterns of
red fox populations, particularly when other more complex methods are not feasible.
Such limitations might arise due to a low number of individuals or captures (Otis et al.
1978), insufficient spatial replicates, or very low detection probability, hindering reliable
abundance estimates (Efford et al. 2004; Royle 2004; Kéry and Schaub 2012; Veech et
al. 2016).

While chapter 1 highlighted a positive relationship between RAI and NI photo-
identified), both indices ultimately yielded distinct models for explaining abundance
changes. For species where individual identification is not achievable, necessitating
capture-based methods, controlling detection variations becomes crucial to identify
factors influencing abundance. N-Mixture abundance models offer a powerful

alternative, despite their inherent assumptions (Royle 2004).
Abundance of food and species as determinants of occupation.

While abiotic factors have traditionally dominated ecological niche research (Soberén
and Peterson 2005; Soberén 2007), biotic factors also play a crucial role in shaping

species niche and interactions between species (Elton 1957; Hutchinson 1957). Among
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biotic factors, prey abundance, availability, and competitor density can significantly
influence species occupancy within a habitat and drive interspecific relationships (Holt
and Polis 1997; Creel 2001; St-Pierre et al. 2006; Robison et al. 2014; Rabelo et al.
2019). Occupancy models are a valuable tool to analyse the combined effect of abiotic
and biotic factors on species' occupancy in a habitat. These models can also account
for detection variations, allowing us to distinguish between factors influencing presence
and those affecting detection probability (Royle 2006). In our study, prey abundance
(rodents and rabbits) emerged as a main determinant of fox occupancy. We found that
foxes preferentially selected vegetation compositions chosen by their prey across
different habitat types (Chapter 3). Furthermore, Chapter 4 revealed a positive
relationship between the spatial overlap of foxes and stone martens with increasing

relative abundance of both species.

Our findings suggest that prey abundance is a consistent factor influencing fox
occupancy across diverse habitats. Furthermore, this biotic factor might act as a
secondary filter on top of other factors shaping fox occupancy models. Numerous
studies support the notion that some predators select foraging areas based on prey
abundance (Palomares et al. 2001; Spong 2002; Rauset et al. 2012; Wolff et al. 2015).
For example, Sarmento et al. (2011) found that while environmental factors played a
lesser role, fox occupancy had a relationship with proximity to vulture feeding sites,
suggesting a link to food availability. Goldyn et al. (2003) observed that red foxes
primarily foraged in habitats with high abundance of Apodemus sylvaticus, and Pereira
et al. (2012) reported foxes selecting coniferous forests with increased density of

rodents.

Similar to the fox, stone marten occupancy also correlated with rodent occupancy
patterns. However, unlike the fox, martens did not directly select for high rodent relative
abundance. Selecting the same landscapes as their prey might suggest a feeding
strategy focused on exploiting "capturability” of rodents rather than simply seeking high
abundance (Hopcraft et al.2005; Balme et al.2006). Alternatively, this behaviour could
reflect the competition between the red fox (dominant) and the stone marten
(subordinate) (Holt and Polis 1997). In this scenario, the results might indicate
displacement of the stone marten by the red fox, even in areas with abundant prey, to

avoid encounters and confrontations (Holt and Polis 1997).

While dominant species can supress subordinate competitors (Palomares et al. 1996),
coexistence within the same area without population suppression is also possible

(Miller et al. 2018). Interestingly, in our study, the fox population did not suppress the
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stone marten population. In fact, a positive correlation emerged between their relative
abundance and spatial overlap. This spatial overlap between the fox and the stone
marten might be a strategy by the marten to minimize predation risk. By utilizing the
vertical component of the habitat, the marten leverages its arboreal abilities to
potentially avoid the primarily terrestrial red fox by utilizing the vertical component of
the habitat (Pereira et al. 2012; Padial et al. 2002). The selection of pine and oak
forests by both mesocarnivores and rodents further supports this hypothesis. The
presence of arboreal forest mice (Montgomery 1980; Rosalino et al. 2010) in these
habitats could benefit both predators, potentially explaining the higher abundance of
stone marten in these environments. Alternatively, the high spatial overlap may be

facilitated by temporal segregation, another potential coexistence mechanism.

Occupancy models applied to both mesocarnivores suggest a link between occupancy
patterns and species roles within the shared habitat. Dominant species may prioritize
landscapes based on food abundance, while subordinate species have more complex
habitat selections influenced by their relationship with dominant competitors. Therefore,
understanding these factors, along with characterizing habitat features and quantifying
resources, is crucial to deciphering how carnivores coexist within the same space
(Karanth et al. 2017; Pokheral and Wegge 2018; Monterroso et al. 2020; Strampelli et
al. 2023). This knowledge is essential for a deeper understanding of species’ ecological
niche, informing conservation and management strategies that promote ecosystem

balance, as previously discussed.
Temporal segregation as a coexistence mechanism in highly overlapping spatial niches

High spatial and trophic overlap between coexisting species in the same habitat can be
mitigated by temporal segregation, allowing subordinate species to share resources
with dominant competitors (Garneau et al. 2007; Monterroso et al. 2014). Our findings
support this concept, as shown in chapter 3 by occupancy models and the selection of
same landscapes than their prey. Also, chapter 4 revealed a spatial overlap between
fox and stone marten that coincided with more disparate activity patterns between the
two species. These results, along with previous research (Pereira et al. 2012; Petrov et
al. 2016), suggest that temporal segregation might be the key mechanism enabling
coexistence between these mesocarnivores despite of sharing a spatial and trophic

niche.

Both the fox and the stone marten selected similar habitats to their rodent prey
(Chapter 3), but they adjusted their activity patterns differently (Chapter 4). The fox

showed greater temporal overlap with rodents during the colder months, when it
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presumably consumes more rodents (Padial et al. 2002; Carvalho and Gomes 2004;
Barrull et al. 2014). This overlap likely reflects the fox’s hunting behaviour (Azevedo et
al. 2018) driven by the predator-prey dynamics (Mukherjee et al. 2020). In contrast, the
stone marten’s activity patterns showed no such seasonal link to rodent activity.
Interestingly, the stone marten and rodent activity patterns became more similar when
the fox and rodent activity diverged (i.e. less overlap). Additionally, the fox and stone
marten showed low to moderate activity patterns overlap. These results, coupled with
the stone marten's lack of selection for high rodent abundance in occupancy models
(Chapter 3), which suggest a potential dominance hierarchy with the red fox as the
superior competitor. Within the concept of the “landscape of fear” (Laundré et al. 2001,
Laundré et al. 2010), predation implies trade-offs between the risk of predation and the
benefits of specific activity (i.e. habitat use, social interactions, vigilance) (Lima and Dill
1989). Notably, subordinate species often prioritize to low-risk habitats over food
resources (Heithaus 2001; Bjorklund et al. 2016; Virgés et al. 2020). The stone
marten’s activity patterns suggest a potential adaptation to minimize encounters with

the dominant red fox.
Future Applications

Reliable data abundance on species abundance is essential to understand their status
and developing effective conservation programs. Moreover, cost-effective and rapid
methods for gathering such data would enable researcher to study a wider range of
species and implement long-term monitoring programs. This thesis highlights the
importance of abundance in species interactions and coexistence, an aspect often
overlooked due to the challenges of studying it. However, incorporating abundance into

studies of species interactions is crucial for generating more conclusive results.

The Non-invasive Index (NI) described in this thesis offers a promising tool as a relative
abundance index for other identifiable species. This index exhibits a positive
relationship with true abundance changes and is not affected by detection probability.
Moreover, its application requires less intensive sampling (both spatially and
temporally) compared to other density estimation methods like mark-recapture (SCR).
Additionally, camera-trapping might be a more cost-effective alternative to using

microsatellites for DNA genotyping from faecal samples.

The current general scenario presents the paradox of biodiversity loss alongside
species expansion and recolonization of historical habitats. Monitoring these species is
crucial. For instance, if we resort to the case of an emblematic and conflictual species,

the Iberian wolf (Canis lupus) is reclaiming its lost distribution in Central Spain as the
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result of recent decades of protection (Blanco 2017). Similar to the fox, studies like
Galaverni et al. (2012) have demonstrated that camera traps can be used to identify
individual Iberian wolves based on their unique morphological characteristics.
Additionally, this thesis explored scats-based sampling methods, which are widely used
for study of wolf (Caniglia et al. 2012; Piaggio et al. 2016; Mattioli et al. 2018). The
wolf’s role as a top carnivore within trophic networks and its contribution to ecosystem
health are well-established (Miller et al. 2012; Beschta and Ripple 2016). Extensive
research in Yellowstone has documented the long-term population increase of wolves,
as well as their impact on coexistence networks among carnivores where they were
previously absent (Garrott et al. 2010; Bartnick et al. 2013; Beschta and Ripple 2016).
However, the potential effect of wolf recolonization in Mediterranean environments
remains unknown, making it a topic of great interest for further research, which would

highly benefit from using accurate abundance indices.

General Conclusions

1. Our research highlights the critical role of selecting appropriate sampling
methods for abundance studies. Different methods can yield different results
due to inherent limitations. Therefore, carefully considering on the limitations of
potential techniques in relation to the specific research objectives and the
species of study is highly important. Additionally, controlling for detection
variability is essential for accurate abundance modelling.

2. When alternative methods are unavailable, the minimum photo-identified Non-
Invasive Index (NI) can be a reliable tool for studying abundance variation. This
index exhibits a positive correlation with true abundance and is not influenced
by detection bias.

3. If methods based on capture per occasion (RAI) are chosen, we recommend
using session-based data processing to account for variation in detectability.

4. Improvements in scats sampling methods are needed to estimate population
size and explore its relationship with camera trap data. Sampling designs that
incorporate transects placed away from existing trails will likely increase the
number of scats found. Moreover, transects can help reduce bias caused by
individuals that mark more intensely along trails. Further research is
recommended to compare the cost-effectiveness of new genetic methods with
camera-trapping.

5. The ecological adaptability of mesocarnivores makes studying their coexistence

and the factors driving it highly interesting for understanding their role within
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different ecosystems. Incorporating data on prey abundance and the species
involved in interactions is crucial to explain the mechanisms of coexistence.

6. Dominant species' occupancy patterns may be primarily driven by landscapes
with abundant food sources, while subordinate species will exhibit more
complex habitat selection strategies based on their interactions with dominant
competitors.

7. When two species have significant spatial and trophic overlap, temporal
segregation is a likely the mechanism for coexistence. Dominant species may
adjust their activity patterns to match their prey availability, while subordinate
species may adapt their behaviour to prioritize low-risk habitats over available
food resources.

8. The red fox can exhibit top carnivore behaviour, playing a dominant role over
other mesocarnivores like the stone marten. In the absence of pressure from
other apex predators, red foxes can significantly influence coexistence

relationships with stone martens.
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