ETH Library

Advances in landscape genetic
methods and theory

lessons learnt from insects in agricultural landscapes

Doctoral Thesis
Author(s):
van Strien, Maarten J.
Publication date:
2013
Permanent link:
https://doi.org/10.3929/ethz-a-009761395
Rights / license:
In Copyright - Non-Commercial Use Permitted

This page was generated automatically upon download from the ETH Zurich Research Collection.
For more information, please consult the Terms of use.

Diss. ETH No. 20832

ADVANCES IN LANDSCAPE GENETIC
METHODS AND THEORY
‐
LESSONS LEARNT FROM INSECTS
IN AGRICULTURAL LANDSCAPES

A dissertation submitted to
ETH ZURICH
for the degree of
Doctor of Sciences

presented by
MAARTEN JAN VAN STRIEN
MSc in Biology, Wageningen University
born 12 December 1981
citizen of The Netherlands

accepted on the recommendation of
Prof. Dr. Rolf Holderegger, examiner
PD. Dr. Janine Bolliger, co‐examiner
Prof. Dr. Jaboury Ghazoul, co‐examiner
Prof. Dr. Pierre Taberlet, co‐examiner

2013

Table of contents
Summary

3

Zusammenfassung

5

Chapter 1: General introduction

9

Chapter 2: A new analytical approach to landscape genetic modelling:
least‐cost transect analysis and linear mixed models

33

Chapter 3: Isolation‐by‐distance in landscapes: considerations for
landscape genetics

55

Chapter 4: Landscape genetics as a tool for conservation planning:
predicting the effects of landscape change on gene flow
Chapter 5: Synthesis

79
101

Appendix 1: Spatial population configuration affects landscape
genetic analyses

113

Acknowledgements

141

Curriculum Vitae

143

Summary
To counteract the negative effects of habitat loss and fragmentation on the survival of
populations and species, knowledge is needed on the effect of landscape elements on
migration and gene flow. Such knowledge is gathered in the discipline of landscape
genetics. Landscape effects on gene flow are usually assessed by correlating indirect
measures of gene flow between population pairs with measures that quantify the
intervening landscape between populations. However, there are some methodological
and theoretical limitations in current landscape genetic practice that need to be solved
to further develop the discipline. I have identified three such limitations. (i) Currently
methods based on resistance surfaces or interpopulation transects are being used to
quantify the landscape between two populations. While methods based on resistance
surfaces usually require subjective decisions and often represent a single potential
migration path, straight‐line transects have the disadvantage that rectilinear migration
routes are assumed. A combination of both methods could overcome these drawbacks.
(ii) The statistical analysis of pairwise gene flow and landscape measures is complicated
due to the non‐independence of pairwise data. Despite some statistical progress on this
topic, some issues remain to be solved. (iii) Although gene flow is the result of migration,
both processes are bound to different parameters, which should be considered in
landscape genetics. Compared to migration, gene flow takes place over larger distances,
longer time spans and is more affected by population topology. In this thesis I address
the above issues and propose some solutions. As a study system, I choose insect species
in fragmented agricultural landscapes.
In chapter 2 of the thesis, I propose a new analytical approach to quantify the
landscape between populations (least‐cost transect analysis; LCTA), in which traditional
methods based on resistance surfaces (i.e. Ieast‐cost paths) were used to direct the
course of a transect. Compared to straight‐line transects, these least‐cost transects may
better represent migration routes. I aimed to objectively parameterise resistance
surfaces by selecting each landscape element in turn as migration habitat. From the
transects, I calculated landscape predictor variables that were regressed against
measures of indirect gene flow. For multiple regression I used mixed effect models of
which the covariance structure was specifically designed to accommodate for the non‐
independence of the response and predictor variables. Applied to an empirical genetic
dataset on the damselfly Coenagrion mercuriale, I showed that LCTA was an objective
approach that identifies both the most probable migration habitat and the landscape
elements that either inhibit or facilitate gene flow. Although I believe this statistical
approach to be an improvement in landscape genetics statistical analyses, more
stringent testing is needed.

Summary
In chapter 3, I study the effect that habitat configuration has on gene flow
patterns. With a simulation program, I studied the evolution of isolation‐by‐distance
patterns in different habitat configurations and for different maximum migration
distances, by examining relationships between indirect gene flow measures (i.e. FST) and
interpopulation Euclidean distance. I showed that the rate and likelihood of the
appearance of certain isolation‐by‐distance patterns was strongly determined by habitat
configuration and maximum migration distance. Furthermore, I determined that the
maximum FST‐distance correlation, from a subset of population pairs, was a good
estimator of the maximum migration distance. I explain my findings by discussing the
effect of population topology on gene flow rates. In appendix 1, we applied these
findings to a landscape genetic analysis of the large marsh grasshopper (Stethophyma
grossum). With LCTA, we were only able to determine a most likely migration habitat
and facilitators and inhibitors to gene flow, by restricting our analysis to population pairs
within migration range of each other and between which direct gene flow was likely.
In chapter 4, I focus on predicting the effects of landscape change on gene flow
between populations of the S. grossum. From transects drawn between all population
pairs within migration range of each other, I calculated measures of landscape
composition and configuration. These measures, together with measures of population
topology, were used to predict gene flow. Taking into account the non‐independence of
response and predictor variables, I modified a leave‐one‐out‐cross‐validation approach
to select the model with the highest predictive power. With this model, I predicted
future gene flow under several hypothetical landscape change scenarios. Some
scenarios were predicted to have a positive or negative effect on gene flow, while others
had practically no effect. Furthermore, the predictive power of the models was strongly
increased by including measures of population topology as predictor variable.
In summary, (i) I propose a new approach to quantify the landscape between
population pairs and demonstrate this method on two insect species, (ii) I show how
several, formerly unused, statistical methods can be implement or modified for
landscape genetic analysis and (iii) I determine from simulated and empirical datasets
that the effects of population topology on gene flow should not be overlooked in
landscape genetics. Furthermore, this thesis demonstrates how landscape genetic
models can be used to plan conservation measures mitigating the negative effects of
landscape fragmentation and change.
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Zusammenfassung
Um den negativen Effekten von Habitatsverlust und Fragmentierung entgegenzuwirken,
sind Kenntnisse über den Einfluss von Landschaftselementen auf die Ausbreitung und
den Genfluss von Populationen und Arten notwendig. Mit Hilfe landschaftsgenetischer
Methoden können entsprechende Informationen erhalten werden. Meist werden
Landschaftseffekte auf den Genfluss durch die Korrelation von indirekt gemessenem
Genfluss und Daten über die Landschaftszusammensetzung zwischen Populationspaaren
erfasst. Allerdings gibt es in der Landschaftsgenetik einige methodische und
konzeptionelle Probleme zu lösen, damit die Disziplin weiterentwickelt werden kann.
Drei dieser Probleme habe ich in meiner Arbeit behandelt. (i) Zurzeit werden vor allem
Methoden zur Quantifizierung der Landschaft zwischen zwei Populationen angewandt
welche entweder auf Resistenz‐Oberflächen oder auf Transekten basieren. Resistenz‐
Oberflächen Methoden basieren meist auf subjektiven Entscheidungen und beziehen
sich nur auf einen einzigen Ausbreitungspfad. Lineare Transekte hingegen haben den
Nachteil, dass sie nur geradlinige Ausbreitungspfade berücksichtigen. Durch die
Kombination beider Ansätze könnten diese Nachteile überwunden werden. (ii) Da
paarweise Daten nicht voneinander unabhängig sind, ist die statistische Analyse von
Genfluss und Landschaftsdaten zwischen Populationspaaren komplex. Trotz
Verbesserungen in der Statistik zur Analyse solcher Daten sind noch immer einige
Aspekte ungelöst. (iii) Obwohl Genfluss das Resultat von Ausbreitung ist, sind diese
beiden Prozesse von unterschiedlichen Parametern abhängig. Dies sollte in der
Landschaftsgenetik berücksichtigt werden. Im Gegensatz zur Ausbreitung findet Genfluss
über längere Distanzen und längere Zeiträume statt und ist somit stärker durch die
Topologie der Populationen beeinflusst. In dieser Arbeit befasse ich mich mit den drei
oben genannten Themen und schlage verschiedene Lösungsansätze vor. Als
Untersuchungssystem wählte ich zwei verschiedene Insektenarten, welche in einem
fragmentierten Landwirtschaftsgebiet vorkamen.
In Kapitel 2 dieser Arbeit schlage ich einen neuen analytischen Ansatz zur
Quantifikation der Landschaft zwischen Populationen vor (least‐cost transect analysis;
LCTA). Dieser Ansatz verwendet traditionelle Methoden welche auf Resistenz‐
Oberflächen basieren (d.h. least‐cost paths). Mit den Resistenz‐Oberflächen wird der
Verlauf von Ausbreitungstransekten bestimmt (“least‐cost“ Transekte), welche im
Gegensatz zu geradlinigen Transekten eher die tatsächlichen Ausbreitungsrouten
repräsentieren. Da ich die Resistenz‐Oberflächen objektiv parametrisieren wollte,
verwendete ich jedes Landschaftselement abwechselnd als Ausbreitungshabitat. Die für
die Transekte berechneten Landschaftselemente verwendete ich als unabhängige
Variablen in Regressionsmodellen. Indirekte Messungen von Genfluss wurden als
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abhängige Variable gewählt. Für die multiple Regression verwendete ich “mixed effect
models“ für welche die Struktur der Kovarianz unter Berücksichtigung der Abhängigkeit
der Variablen berechnet wurde. Mit einem empirischen, genetischen Datensatz der
Kleinlibelle Coenagrion mercuriale konnte ich zeigen, dass LCTA als objektiver Ansatz zur
Ermittlung
des
wahrscheinlichsten
Ausbreitungshabitats
sowie
der
Landschaftselemente, die für die Libelle Genfluss hindern oder fördern, verwendet
werden kann. Obwohl der verwendete statistische Ansatz eine Verbesserung bisheriger
statistischer Analysen in der Landschaftsgenetik erbringt, sollte die hier vorgeschlagene
Methode in Zukunft noch genauer getestet werden.
In Kapitel 3 analysiere ich die Auswirkungen der Habitatzusammensetzung auf
Genflussmuster. Mit einem Simulationsprogramm untersuchte ich die Entwicklung von
“isolation‐by‐distance“ Mustern für verschiedene Habitatzusammensetzungen und für
verschiedene maximale Ausbreitungsdistanzen einer Art. Dafür berechnete ich jeweils
den Zusammenhang zwischen indirektem Genfluss (FST) und Euklidischer Distanz. Ich
konnte zeigen, dass die Rate und die Wahrscheinlichkeit bestimmter “isolation‐by‐
distance“ Muster stark von der Zusammensetzung des Habitats und der maximalen
Ausbreitungsdistanz bestimmt waren. Zudem konnte ich zeigen, dass das Maximum der
Korrelation zwischen FST und Euklidischer Distanz (für einen Teil der Populationspaare)
eine gute Schätzung der maximalen Ausbreitungsdistanz ergab. Diese Ergebnisse konnte
ich durch den Einfluss, welcher die Populationstopologie auf den Genfluss hat, erklären.
In Appendix 1 haben wir diese Erkenntnisse in einer landschaftsgenetischen Studie über
die Sumpfschrecke (Stethophyma grossum) verwendet. Mit LCTA konnten wir das
wahrscheinlichste Ausbreitungshabitat sowie jene Landschaftselemente, die den
Genfluss von S. grossum entweder hindern oder fördern nur dann ermitteln, wenn wir
die Analyse auf Populationspaare beschränkten, welche innerhalb der maximalen
Ausbreitungsdistanz der Art lagen und zwischen welchen direkter Genfluss
wahrscheinlich war.
In Kapitel 4 konzentriere ich mich auf die Voraussage von Effekten von
Landschaftsveränderungen auf den Genfluss zwischen Populationen von S. grossum. Für
die Transekte aller Populationspaare, welche innerhalb der Ausbreitungsdistanz der Art
lagen, berechnete ich die Anordnung und Zusammensetzung der Landschaft. Diese
Werte wurden zusammen mit Schätzwerten der Populationstopologie für die
Voraussage des Genflusses verwendet. Damit ich die fehlende Unabhängigkeit der
Variablen berücksichtigen konnte, modifizierte ich einen sogenannten “leave‐one‐out‐
cross‐validation“ Ansatz um jeweils das Modell mit der besten Voraussagekraft
auszuwählen. Mit diesem Modell konnte ich den zukünftigen Genfluss unter
verschiedenen hypothetischen Szenarien der Landschaftsveränderung voraussagen.
Einige Szenarien zeigten einen positiven oder negativen Effekt der
Landschaftsveränderungen auf den Genfluss an, andere hingegen zeigten keinen Effekt.
6
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Ausserdem konnte die Aussagekraft der Modelle stark gesteigert werden, wenn die
Populationstopologie als unabhängige Variable in die Modelle einbezogen wurde.
Zusammenfassend (i) schlage ich einen neuen Ansatz zur Quantifikation der
Landschaft zwischen Populationspaaren vor und wende diese Methode exemplarisch an
zwei Insektenarten an, (ii) demonstriere, ich wie verschiedene, bis anhin nicht benutzte
statistische Methoden für landschaftsgenetische Studien modifiziert werden können und
(iii) zeige ich mit simulierten und empirischen Datensätzen, dass die
Populationstopologie Auswirkungen auf den Genfluss hat und deshalb in der
Landschaftsgenetik berücksichtigt werden sollte. Zudem konnte meine Arbeit zeigen,
wie landschaftsgenetische Modelle in der Planung von Naturschutzmassnahmen, welche
den Effekten der Landschaftsfragmentierung und ‐veränderung entgegenwirken,
verwendet werden können.

7

Chapter 1

General introduction

Chapter 1

Conservation of connectivity
Biodiversity loss is the greatest problem conservationists are facing. There are many
environmental and anthropogenic processes causing biodiversity loss, of which habitat
loss and fragmentation are two important factors (Lande 1998a; Fahrig 2003; Reed
2004; Stuart et al. 2004; Pimm 2008). Apart from the immediate threat of habitat loss to
the survival of an individual, there are also several genetic factors that affect the long‐
term survival of populations or species. Small and isolated populations can lead to an
increased genetic drift, inbreeding and lower genetic variation, which in turn can lead to
decreased fitness, resilience and adaptability of individuals or populations (Lande &
Shannon 1996; Lande 1998b; Frankham et al. 2002; Frankham 2006; Keyghobadi 2007).
A regularly advocated solution to these problems is to enhance connectivity between
existing habitat patches in places where “natural or semi‐natural” habitats are
interwoven with areas that are highly influenced by humans (Taylor et al. 1993; Crooks
& Sanjayan 2006). Effective connectivity measures facilitate the movement of species
between habitats and, by doing so, enlarge the area of habitat available to an individual,
population or species. Hence, local, regional, national and even international
connectivity networks are designed and developed (Jongman 1995; Noss & Daly 2006).
For instance, the Natura 2000 project represents an important Europe‐wide connectivity
network (Ostermann 1998; European Commission 2005).
The spatial design of connectivity networks is a major topic of discussion among
scientists and conservation managers (e.g. Rosenberg et al. 1997; Carroll et al. 2004).
The Natura 2000 network, for instance, has been criticised for focussing too much on
the spatial pattern of connectivity (i.e. structural connectivity) in its design, whereas the
ecological processes that secure species long‐term survival (i.e. functional connectivity)
were of less concern (Maiorano et al. 2007). Structural connectivity encompasses the
spatial connection between habitats, irrespective of the actual use of the connections
for movement by individuals or species (Fagan & Calabrese 2006). Functional
connectivity, on the other hand, is a species‐specific measure of connectivity that takes
the effectiveness of structural connectivity into account. Species' behaviour in a
landscape largely determines whether certain landscape elements facilitate or inhibit
movement (Crooks & Sanjayan 2006). Although most studies and almost all conservation
management actions concentrate on the structural connectivity of landscapes,
functional connectivity should be assessed to determine whether connectivity networks
are effective for the conservation of species (Goodwin 2003).
Ideally conservation planners have a priori information on which landscape
elements are likely to facilitate or inhibit species movement, in order to plan
connectivity networks. Such information can be obtained by studying the movement
patterns of species in a landscape. Species’ movement data often originate from mark‐
10
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release‐recapture experiments (e.g. Ricketts 2001; Ockinger & Smith 2008), radio or GPS
tracking (e.g. Andreassen et al. 1996; Ferreras 2001; Driezen et al. 2007) or trapping (e.g.
Jordan et al. 2007) studies. Due to the labour intensiveness and/or high costs of
collecting such data, sample sizes are usually limited and reliable estimates of the
number of long distance migrants and the maximum migration range cannot be
obtained (Franzén & Nilsson 2007; Hassall & Thompson 2012). For the same reasons,
such data is usually also not collected over several years, but while migration frequency
may fluctuate over time. Reliable estimates of migration frequency and range are
important parameters to judge the potential effectiveness of connectivity networks.
Some of these limitations can be overcome by making use of genetic analyses to
estimate migration parameters (Whitlock & McCauley 1999).
With genetic techniques, gene flow among the populations of a certain species
can be determined. Gene flow is “the movement and exchange of genes between
interbreeding populations” (Collinsdictionary.com 2012), and is, thus, the result of active
or passive migration of individuals from one population to the other. From genotyped
individuals historic or contemporary estimates of gene flow can be obtained (e.g. Manel
et al. 2005; Holzhauer et al. 2006; Kamm et al. 2009; Landguth et al. 2010). Pairs of
populations may experience relatively little or much gene flow depending on the
intervening distance and landscape. Thus, the functional connectivity of a landscape can
be assessed from gene flow patterns (e.g. Spear et al. 2005; Cushman et al. 2006;
Frankham 2006; Angelone & Holderegger 2009; Corlatti et al. 2009; Koscinski et al.
2009). Such analyses can be grouped into the discipline of landscape genetics (Sork et al.
1999; Manel et al. 2003; Holderegger & Wagner 2006, 2008). An increasing number of
studies use landscape genetic methods to assess the influence of the landscape on gene
flow (Storfer et al. 2010). With genetic techniques becoming continuously cheaper and
faster, the number of landscape genetic studies is predicted to increase even further
(Segelbacher et al. 2010).

Landscape genetics
Landscape genetics is a relatively novel field of science that started developing around
the turn of the century (Holderegger & Wagner 2006; Storfer et al. 2010). It has been
characterised as an amalgamation of landscape ecology and population genetics (Manel
et al. 2003). Storfer et al. (2007; p. 131) defined landscape genetics “as research that
explicitly quantifies the effects of landscape composition, configuration and matrix
quality on gene flow and spatial genetic variation.” In this thesis, I adopt this definition.
In contrast to phylogeographic studies, which focus on genetic variation at large
temporal and spatial scales, landscape genetics concentrates on micro‐evolutionary
processes at a landscape (i.e. local) scale (Manel et al. 2003). A variety of methods are

11

Chapter 1
being used to conduct landscape genetic research (Manel et al. 2003; Balkenhol et al.
2009b; Storfer et al. 2010). Most of these methods can be categorized in two general
approaches (Storfer et al. 2010), which I refer to as the “boundary matching” and
“correlative” approach (Fig. 1). Many methods can be applied to either individuals or
populations, but I focus on the latter.
In the boundary matching approach (also referred to as the overlay approach;
Storfer et al. 2010) genetic discontinuities are detected in the genetic dataset.
Subsequently, gene flow inhibiting landscape elements are detected by assessing the
spatial coincidence of genetic discontinuities with potential landscape boundaries.
Traditionally, genetic discontinuities or boundaries have been detected with Monmonier
algorithms (Fig. 1B; Monmonier 1973; Petit et al. 1999; Manni et al. 2004), but recent
studies mainly use genetic assignment methods (Fig. 1C; Pritchard et al. 2000; Chen et
al. 2007; Manel et al. 2007; Corander et al. 2008) for this purpose. For a user‐defined
number of clusters, these methods calculate the likelihood that a population or
individual belongs to each cluster. By interpolating these likelihoods across the
landscape, a continuous representation of genetic clusters is obtained (e.g. Murphy et
al. 2008; Row et al. 2010; Keller et al. 2012). Genetic boundaries are defined by the
contact zones between clusters and, subsequently compared to potential landscape
boundaries.
In the correlative approach, the landscape between pairs of populations is
quantified and subsequently correlated to interpopulation measures of gene flow (Fig.
1D, E; Holderegger & Wagner 2008). Both pairwise gene flow and the intermediate
landscape can be calculated with a suit of measures and methods. First generation or
recent migrants (i.e. contemporary gene flow or migration) can be detected with
assignment tests (Manel et al. 2005) or paternity analysis (e.g. Kamm et al. 2009),
however most landscape genetic studies use measures that quantify historical gene flow
(e.g. FST, GST, G'ST; Storfer et al. 2010). Because closely located populations are more
likely to exchange migrants than distant populations, a negative correlation is expected
between interpopulation Euclidean distances and pairwise gene flow estimates. This is
referred to as isolation‐by‐distance (Wright 1943), and is the most simple type of
analysis performed in the correlative approach (Jenkins et al. 2010). Oftentimes, the
landscape between populations is quantified by making use of resistance grids or
surfaces, in which each grid cell is assigned a value based on hypothesised resistance‐to‐
movement of the landscape in that cell (Spear et al. 2010). From these surfaces one can
calculate, for instance, least‐cost distances, that can be used as explanatory variable for
gene flow (e.g. Cushman et al. 2006). However, alternative approaches are also available
(e.g. the transect approach; Emaresi et al. 2011; see below for an overview of methods).
The correlative approach is applied by the great majority of landscape genetic studies
(Storfer et al. 2010) and is also the focus of this thesis.
12
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(A)

= population

Boundary matching approach

(B)

Monmonier algorithms

(C)

Genetic clustering and
interpolation

Correlative approach

(D)

Resistance surface methods

(E)

Transect‐based
approaches

Fig. 1. Examples of several methods that are currently used in landscape genetics to detect the
effects of landscape composition and configuration on genetic patterns. (A) Populations (black
dots) of a species are distributed throughout the landscape, and individuals from each
population are genotyped. With the boundary matching approaches (left box), genetic
discontinuities are detected with (B) Monmonier algorithms (Monmonier 1973) or (C)
interpolated assignment probabilities calculated from genetic clustering methods. The detected
discontinuities (red lines) are then matched with potential landscape boundaries. In the
example landscape the location of the detected genetic boundaries roughly coincides with the
location of forest in the landscape. With the correlative approach (right box), genetic distances
are calculated between all population pairs, and are subsequently correlated to the quantified
landscape between population pairs. (D) The landscape between populations is often quantified
by making use of resistance surfaces, in which each grid cell is assigned a value based on the
hypothesised “resistance to movement” of the landscape in that cell. From these surfaces, one
can calculate, for instance, least‐cost paths (orange line). Alternatively, (E) transects are drawn
between populations, from which the interpopulation landscape is quantified to obtain
measures of landscape composition and configuration.
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Many choices upon methods and measures have to be made to complete a
landscape genetic analysis. However, there are currently no real guidelines on how to
conduct a landscape genetic analysis (Storfer et al. 2010). Adding to this confusion is the
ongoing discussion about basic methodological issues that have to be overcome or
clarified before methods will become generally accepted (Storfer et al. 2007; Balkenhol
et al. 2009a; Balkenhol et al. 2009b; Manel & Segelbacher 2009; Epperson et al. 2010;
Sork & Waits 2010; Storfer et al. 2010). Because landscape genetics finds its origin in
well established disciplines, such as population genetics, metapopulation ecology and
landscape ecology, there is currently no specific landscape genetic theory (Holderegger
& Wagner 2006). However, such theory is necessary to refine current spatial statistics
and methodologies in order to further develop the discipline of landscape genetics
(Balkenhol et al. 2009a). For these reasons, I have identified several methodological and
theoretical issues that I believe should urgently be addressed:
1. To get reliable results with the correlative approach, the landscape relevant to
migrating individuals needs to be quantified between populations. However, the
currently available methods have theoretical weaknesses that have to be dealt
with.
2. The statistical analysis of distance or (dis)similarity matrices is complicated
because of the non‐independence of pairwise values in matrices. Although some
statistical advances have been made to deal with this non‐independence, several
issues still remain to be solved.
3. Although gene flow is the result of migration or dispersal, there are important
differences between both processes that should be considered when performing
landscape genetic analysis.

Quantifying landscape between populations
In general, most methods currently used to quantify interpopulation landscape, are
either based on resistance surfaces (Fig. 1D) or on interpopulation transects (Fig. 1E;
Spear et al. 2010; Van Strien et al. 2012). A landscape resistance surface is a grid of a
study area in which each pixel is assigned a value based on the hypothesised
permeability of the landscape in that pixel to the movement of a study species. High
resistance values indicate low permeability and vice versa. The permeability of the
landscape at a certain location depends on the movement behaviour of the focal species
and, therefore, resistance surfaces are species‐specific (Holderegger & Wagner 2008).
The parameterization of resistance surfaces is a major challenge, as species‐specific
information on the effect of landscape elements on movement behaviour is often not
available a priori from literature or expert knowledge (Adriaensen et al. 2003;
Holderegger & Wagner 2008; Spear et al. 2010).

14
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Several interpopulation measures can be calculated from resistance surfaces,
such as resistance distances (McRae 2006), conditional minimum transit costs, multiple
shortest paths (Pinto & Keitt 2009) and least‐cost paths (Adriaensen et al. 2003). The
latter is the most widely used technique in landscape genetics. The least‐cost path is
calculated between two populations by determining the path through the resistance
surface with the least accumulative cost (Fig. 1D; Adriaensen et al. 2003). The underlying
assumption is that individuals from both populations use this path to migrate between
the two populations. In most studies, the total cost of the path (units are often
undefined) is taken as predictor variable (Cushman et al. 2006; Perez‐Espona et al. 2008;
Schwartz et al. 2009; Davis et al. 2010; Quéméré et al. 2010; Hagerty et al. 2011).
However, some studies use the length of the least‐cost path in meters as a predictor
(Coulon et al. 2004; Spear et al. 2005; Epps et al. 2007; McRae & Beier 2007; Koscinski et
al. 2009). I refer to the former as ‘least‐cost distances’ and the latter as ‘effective
distances’. Several authors have concluded that effective distance is a better predictor
of genetic distance than Euclidean distance (Coulon et al. 2004; Koscinski et al. 2009).
To prevent having to choose a single resistance surface, landscape genetic
studies generally experiment with combinations of landscape elements with varying
resistance values to create a set of resistance surface scenarios (Spear et al. 2005;
Cushman et al. 2006; Epps et al. 2007; Quéméré et al. 2010). Similarly, some studies use
binary resistance surfaces, in which a certain landscape element is assigned a fixed
resistance value and the value of the remaining landscape is contrasted relative to the
fixed value to create resistance surface scenarios (Perez‐Espona et al. 2008; Schwartz et
al. 2009; Davis et al. 2010). In all cases, the fit of the correlation between the selected
interpopulation landscape distance (e.g. effective or resistance distance) and a measure
of gene flow is used as an indication of which landscape elements are likely to act upon
gene flow in a facilitative or inhibitory way. This can, however, easily lead to biased
conclusions, as it is not clear how strong the contribution of an individual landscape
element is in determining the course of, for instance, a least‐cost path.
Least‐cost paths are criticised for representing a single migration path through a
landscape (Adriaensen et al. 2003; Spear et al. 2010). This is an unrealistic assumption as
it would require migrating individuals to have full knowledge of the landscape and
behave exactly in the same way as their conspecifics. Furthermore, landscape elements
surrounding the least‐cost path could well influence species’ behaviour, but are not
taken into account (Adriaensen et al. 2003). Some studies suggested calculating multiple
interpopulation least‐cost paths to give a better ‘average’ representation of the
landscape encountered by migrating individuals (McRae 2006; Pinto & Keitt 2009).
McRae (2006) introduced the concept of resistance distances to landscape genetics.
Resistance distances are calculated by analysing all possible interpopulation paths
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through a resistance surface and have proven, in some cases, to be a better predictor for
genetic distance than Euclidean and effective distances (McRae & Beier 2007).
To avoid having to parameterize resistance surfaces, several authors have used
strip‐, corridor‐ or transect‐based analyses in landscape genetics (Fig. 1E). These
approaches quantify the landscape structure in a straight‐line transect between two
populations. The transect can be a one‐dimensional straight‐line path (Holzhauer et al.
2006; Jaquiéry et al. 2011), but is usually a two‐dimensional buffered straight‐line path
of a certain width (Pavlacky et al. 2009; Angelone et al. 2011; Emaresi et al. 2011; Keller
et al. 2012). From the landscape delineated by a transect several landscape predictor
variables can be calculated, which are used to explain pairwise gene flow. In comparison
to a one‐dimensional transect, a two‐dimensional transect is more likely to cover the
real migration paths (Emaresi et al. 2011), and, thus, to give a better indication of the
nature and abundance of landscape elements encountered along these paths. Currently,
most studies calculate the proportional area and, in some cases, the density of patches
of certain landscape elements (Pavlacky et al. 2009; Angelone et al. 2011; Emaresi et al.
2011; Keller et al. 2012). However, also more sophisticated measures of landscape
configuration could be calculated from the landscape within transects (e.g. Schumaker
1996; McGarigal et al. 2012).
Transects are the result of a single migration behaviour hypothesis, namely
(approximately) straight‐line migration. Therefore, landscape variables calculated in a
transect are complementary. Such a set of complementary predictor variables facilitates
the use of multiple regression methods, which are currently underused in landscape
genetics (Storfer et al. 2007). Also, the fact that the effect of each landscape element is
assessed separately with the transect approach, facilitates the development of
landscape genetic models that predict the effect of landscape change on genetic
patterns. Such models are currently not used in landscape genetics, but their potential
has been recognised by several authors (Storfer et al. 2007; Balkenhol et al. 2009a;
Spear et al. 2010). The main criticism on the use of transects to quantify interpopulation
landscape structure is that a migration route is assumed that stays within the
boundaries of the transect. If the true migration route is outside these boundaries, the
landscape in the transect will not represent the landscape encountered by individuals
during migration (Spear et al. 2010).
It is clear that both transect and resistance surface based analyses have some
drawbacks that should be dealt with before these landscape genetic methods can
become useful tools for conservation practitioners. While, resistance surfaces may
produce realistic migration routes, straight‐line transect have the advantage that an
interpretable set of landscape predictor variables is produced. A combination of both
methods could therefore present an improvement.
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Correlating gene flow and landscape variables
Regardless of how the landscape or gene flow between populations is quantified, the
values are always arranged in square matrices. Rows and columns in such matrices
represent the populations. In general there are no values on the diagonal (i.e. no values
from a population to itself) and the matrix is symmetrical, and only the upper or lower
triangle is used. From the correlation between the gene flow (usually genetic distances;
Storfer et al. 2010) and landscape matrices, landscape effects on gene flow are
determined. If we quantify landscape or gene flow between n population pairs, the
lower or upper triangle of the matrix contains

values. Since each population is

involved in
1 values in the triangular matrix, these values are not independent from
each other (Mantel 1967). For instance, one population located extraordinarily far from
the other
1 populations, will result in
1 relatively high distance measures in a
Euclidean distance matrix. However, many standard statistical tests for significance of
correlations, like t, F or tests, are based on the number of degrees‐of‐freedom (df),
which is defined as the total number of independent observations minus the number of
estimated parameters (Legendre & Legendre 1998). Thus, “because the N(N ‐ 1)
elements in any symmetric distance matrix are not independent of one another, the
appropriate degrees of freedom for any correlation measure computed from a pair of
distance matrices is unknown” (Dow et al. 1987; p. 346). To overcome this problem,
Mantel (1967) proposed a permutation test to determine the significance of the
correlation between two distance matrices. With the simple Mantel test, the gene flow
and landscape matrices are unfolded into vectors (Legendre & Legendre 1998) and a
Pearson correlation coefficient (r) is calculated to quantify the linear correlation
between the two vectors (Legendre & Fortin 2010). To determine the significance of this
correlation, the two vectors are refolded into matrices and the rows and columns of the
response matrix (i.e. gene flow matrix) are permuted many times. After each
permutation, the correlation coefficient is recalculated to obtain a null‐distribution. By
comparing the un‐permuted coefficient to the null‐distribution, statistical significance
can be assessed. Instead of using the Pearson’s r, other authors have used the Spearman
or Kendall ranked correlation coefficients (Dietz 1983), partial Mantel correlations
(Smouse et al. 1986) and multiple regression between one response and several
predictor or explanatory distance matrices (Smouse et al. 1986; Legendre et al. 1994).
These methods are also used in most landscape genetic studies (Storfer et al. 2010),
although there is some discussion about the validity of the permutation procedures
(Legendre 2000; Raufaste & Rousset 2001; Castellano & Balletto 2002).
Although each of the above correlation or regression methods may slightly differ
in that they are suitable for different research questions or different number of
matrices, the correlation or regression coefficients are calculated with the same
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mathematical procedure, with the exception of the Kendall correlation coefficient. The
Pearson and Spearman correlation coefficients, as well as the multiple regression are all
calculated with sum‐of‐squares based statistics (Crawford 2006). This becomes apparent
in the following comparisons. The Spearman correlation coefficient between two
variables is the same as the Pearson r calculated on the rank transformed variables
(Crawford 2006). And the squared Pearson r between two variables is equal to the
coefficient of determination, R2, of one variable linearly regressed against the other
(Crawford 2006). Also, if both variables are standardised, the Pearson r is equal to the
regression coefficient of one variable linearly regressed against the other (Cramer 1994).
Strictly speaking, inference from such models is only reliable, if the residuals are
independent from each other (Crawford 2006). However, as discussed above, the gene
flow and landscape measures from the matrices are not independent. Suppose that a
positive correlation between gene flow and a landscape predictor variable is detected.
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Gene flow

Gene flow

(B)

Proportion of barrier
= landscape barrier A = population

Proportion of barrier
= unobstructed link
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Fig. 2. With genetic techniques gene flow between populations can be measured. Landscape
barriers (fence symbol) between populations may hinder the exchange of individuals between
the respective populations. (A) These barriers may occur all throughout the landscape and
involve different population pairs and (B) can be detected by assessing the correlation between
pairwise gene flow and the proportion of these landscape barriers, as indicated in the scatter
plot (grey crosses are values from obstructed links) and trend line (dotted line). (C) However, it
may also be that only one specific population is separated from all the other populations by
barriers. (D) In this case the scatter plot and trend line (dotted line) may look similar, however,
removing one population would result in a markedly different trend line (dashed line) and
correlation.
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The high (or low) values from the landscape predictor variable may originate from
population pairs involving many different populations (Fig. 2A), or they may originate
from populations pairs all involving a single population (Fig. 2C). The resulting scatter
plots and fitted trend lines may look very similar (Fig. 2B, D). Removing one population
from the former dataset would still result in a positive correlation, while removing one
population from the latter dataset might remove any positive correlation (Fig. 2D).
Ideally, a statistical procedure should take this population effect into account when
fitting the correlation or regression lines and place more support in the former trend line
than in the latter.
For this reason some studies have started to use mixed effect models (Clarke et
al. 2002; Yang 2004; Pavlacky et al. 2009; Meeuwig et al. 2010; Selkoe et al. 2010; Van
Strien et al. 2012). As in the traditional correlation and regression methods, the
response variable in these models is the measure of gene flow and the fixed effects are
the landscape predictor variables. The random effect in the mixed models reflects the
interdependence of the population pairs in the gene flow and landscape matrices.
However, there is some discussion about which covariance structure appropriately
reflects the dependence between populations (Clarke et al. 2002; Yang 2004; Selkoe et
al. 2010). Clarke et al. (2002) present a covariance structure that is specifically designed
to account for the “individual population effect” in distance matrices. Although the
authors demonstrate their method on two variables, they mention that their method
can be extended to include multiple predictor variables. Their method has rarely been
applied in other landscape genetic studies (Van Strien et al. 2012)
Other statistical problems arise due to the non‐independence of values in the
gene flow and landscape matrices and due to the unknown number of df. For instance,
the use of Akaike’s Information Criterion (AIC) for model selection is commonplace in
many scientific fields (Burnham & Anderson 2002) and is also increasingly used in
landscape genetics (e.g. Spear et al. 2005; Goldberg & Waits 2010; Emaresi et al. 2011;
Cushman et al. 2012). The difference in AIC values between models determines the
strength of support for the model with the lowest AIC. Guidelines are available to
determine the level of support form the difference in AIC values. However, these
guidelines are not valid if the observations are not independent (Burnham & Anderson
2002). Conceptual studies need to develop such guidelines for the application of AIC
model selection in landscape genetics. Furthermore, the number of observations is
usually a good indication of how many predictor variables can be included in a multiple
regression model. A commonly used rule of thumb is that for every ten observations one
linear predictor or an intercept can be added to a model (Harrell et al. 1996). The
question is how to determine the number of observations from gene flow or landscape
matrices? Are the n populations or the

values good approximations for the
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numbers of observations? As with the number of df, I believe that there is currently no
answer to these questions.
Another application, in which non‐independence in the dataset may become a
problem, is cross‐validation. Cross‐validation is often used to assess the predictive
power of a model (Verbyla & Litvaitis 1989). In brief, with cross‐validation a subset of
the dataset is left out (i.e. validation set) when fitting the model, to later function as a
“independent” validation of the model. Populations from population pairs that are in the
training set may also be represented in the validation set. This violates the assumption
of an “independent” validation. To my knowledge, no correlative landscape genetic
study has experimented with cross‐validation approaches for predictive modelling so far.

Gene flow and migration
Most landscape genetic studies that use the correlative approach are interested in
determining the effect of landscape composition and configuration on gene flow (Spear
et al. 2005; Cushman et al. 2006; Epps et al. 2007; McRae & Beier 2007; Balkenhol et al.
2009b; Koscinski et al. 2009; Goldberg & Waits 2010; Emaresi et al. 2011; Hagerty et al.
2011). Gene flow in many of these studies is indirectly estimated by a measure of
genetic differentiation or distance (e.g. FST, GST, G'ST, D; Storfer et al. 2010), which are
measures that summarize gene flow events across time (Whitlock & McCauley 1999).
Although the response variable in many landscape genetic studies is gene flow, the real
effect that is being measured, is the effect of landscape composition and configuration
on general migration, movement or dispersal patterns (Holderegger & Wagner 2008).
The behaviour of migrating individuals determines if certain landscape elements
facilitate or inhibit their movement (e.g. Andreassen et al. 1996; Gillies et al. 2011). This
movement may or may not lead to mating and finally gene flow. Thus, while landscape
geneticists are interested in the landscape effect on gene flow, they are in fact
measuring the landscape effect on migration or movement that leads to mating. I argue
that landscape geneticists should adapt their methodology to focus on one or the other.
Theoretically, this is necessary, because the parameters to which both phenomena are
constrained are rather different. To simplify the discussion of these parameters, I make
the assumption that individuals of a certain species, during their lifetime, migrate once
from one population to another population and successfully mate once in the new
population. However, most of the following discussion also holds for other migration or
mating strategies. Three interrelated parameters that I have identified are:
1. Time: migration of individuals is restricted to the life span of an individual, while
gene flow can take place over several generation and thus much longer time
periods.
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2. Distance: individuals are physically bound to a maximum migration distance,
while gene flow can take place, over several generations, far beyond this
maximum migration distance.
3. Population topology: it is unlikely that migration frequency between a population
pair is strongly influenced by populations located around this population pair,
but the gene flow between this population pair is almost surely influenced by
surrounding populations.
Suppose that we track, for two generations, the movement of an allele X that is
unique to individuals of population A (Fig. 3). Of all individuals that migrate away from a
population, only the ones that eventually find another population and reproduce with
individuals from that population will cause gene flow. In generation 1, some migrants
from population A, carrying allele X, reach populations B and C. Because individuals are
physically limited in their migration capacity, populations D and E cannot be reached by
this first generation of migrants.
Offspring resulting from these gene flow
A
events can again decide to migrate away
from their population of birth. This
second generation of migrants from
B
populations B and C may transport allele
X to population D and E, back to
population A or among populations B
C
and C (Fig. 3). With this hypothetical
situation, I show that after two
E
generations, genes (i.e. allele X) have
moved from population A to the other
D
four populations, while migrants leaving
population A only reached population B
and C.
Fig. 3. Schematic representation of gene flow

Time
From the above example, it is clear that
gene flow takes place over longer time
spans than migration. With most
indirect gene flow measures the gene
flow events averaged over several
generations are estimated. This has
advantages and disadvantages (Sork et
al. 1999; Whitlock & McCauley 1999).
An advantage is that migration rates

between populations (black dots). The
movement of allele X, which is unique to
population A, is displayed for two generations
of migrations. In the first generation,
individuals from population A might transport
allele X to populations C and B (black arrows).
Other populations cannot be reached by this
first generation of migrants. At the beginning
of the second generation allele X is present in
populations A, B and C. The second generation
of migrants from populations B and C may
transport allele X to populations D and E, back
to population A or among populations C and B
(grey arrows).
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may be fluctuating strongly between years and using measures of gene flow averages
this natural stochasticity. A disadvantage is that there may be a time lag in the
emergence of a genetic pattern after landscape change (Landguth et al. 2010), which
makes it difficult to determine, whether the current or rather a historical landscape is
representative for the current genetic pattern. While some correlative landscape genetic
studies have determined that historical landscapes from many years ago best describes
contemporary genetic patterns (Holzhauer et al. 2006), other studies have proven that
current landscape composition best explains contemporary genetic patterns (Pavlacky et
al. 2009). Here I do not elaborate on temporal differences of migration and gene flow,
since this is a widely discussed topic in landscape genetics (Balkenhol et al. 2009a;
Anderson et al. 2010).

Distance
The exact number of migrants between populations strongly depends on the intervening
distance and landscape, which are exactly the effects that landscape genetics aims to
unravel (Storfer et al. 2010). Most landscape genetic studies simply quantify gene flow
and landscape directly between all population pairs (Coulon et al. 2004; Spear et al.
2005; Holzhauer et al. 2006; Epps et al. 2007; McRae & Beier 2007; Balkenhol et al.
2009b; Koscinski et al. 2009; Emaresi et al. 2011; Hagerty et al. 2011). Theoretically, it is
not useful to examine the effect of the landscape on migration between populations
which are unlikely to directly exchange migrants (e.g. population pairs A‐D, A‐E and D‐E;
Fig. 3). Returning to the hypothetical example (Fig. 3), the effect of the interpopulation
landscape and distance on migration frequency can be measured between the
populations that exchange migrants (i.e. population pairs A‐B, A‐C, B‐C, B‐E, C‐D, and C‐
E). Currently, only very few landscape genetic studies applied the correlative approach
to a subset of population pairs (e.g. Braunisch et al. 2010; Goldberg & Waits 2010;
Murphy et al. 2010), but these studies usually used a different justification for choosing
their subset than the reasons mentioned above. If the focus of the study is truly to
examine the effect of landscape on gene flow, multiple “gene flow routes” would have
to be considered. For instance, between populations A and E, indirect gene flow after
two generations, is directed via populations B and C, and the total gene flow between
populations A and E is thus a function of the distance and landscape between population
pairs A‐B, A‐C, B‐E and C‐B (Fig. 3). The number of potential gene flow routes will
exponentially increase with increasing number of populations and generations passed.
Above I described a situation where migrating individuals are restricted to a
maximum migration distance. Even if migrants are not restricted to a maximum
migration distance and would simply leave their population of birth and keep on
migrating till they encounter a new population, the chance of migration would decrease
exponentially with increasing interpopulation distance, if one assumes that populations
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have a certain dimension. When I compare populations to goals that are placed
randomly throughout a football field and the ball to a migrating individual, kicking the
ball in any random direction would result in a higher chance that nearby goals are
reached than more distant goals. Furthermore, for many species, it has been proven that
only a small proportion of individuals migrate over larger distances, while the rest of the
individuals is relatively sedentary (e.g. Walters et al. 2006; Skarpaas & Shea 2007). Such
partial migration (Chapman et al. 2011) may result in some very long‐distance migration
(e.g. Kamm et al. 2009). Whatever the reason is for long‐distance migration, below a
certain migration frequency it is questionable whether the landscape effects on
migration can be clearly detected from pairwise gene flow estimates or whether they
are overshadowed by many more indirect gene flow routes. For instance, if there was
direct migration between population A and E in our hypothetical example (Fig. 3), gene
flow via populations B and C may be so abundant that the landscape directly between
populations A and E may not be representative for the landscape encountered by the
majority of migrating individuals between populations A and E (i.e. via populations B and
C).

Population topology
From the hypothetical migration and gene flow example (Fig. 3), it is apparent that the
spatial arrangement of populations (i.e. population topology) is very important in
determining total gene flow between populations. In the example, if population B would
be removed, the total gene flow between populations A and E would probably be less
(Fig. 3). Or if population D would be located in between population B and C, the total
gene flow between A and E is expected to be higher. These effects are not taken into
account if only pairwise gene flow and landscape measures are assessed in the
correlative approach (Dyer & Nason 2004). Slatkin (2005; p. 67) showed that the
existence of “ghost populations” (i.e. populations that have not been sampled), “can
create the appearance of migration between subpopulations that do not actually
exchange migrants.” Elaborating on this, ghost populations can also create the
appearance of a landscape effect on migration rates between populations that do not
exchange migrants. In other words, it is essential to consider ghost populations when
analysing landscape effects between a population pair!
Considering and analysing the interactions in population networks, requires the
use of graph theory, in which nodes (i.e. objects) are defined that may or may not be
connected by edges (i.e. functional connections between the nodes). Although several
landscape genetic studies have advocated the use of graph theory (Adriaensen et al.
2003; Dyer & Nason 2004; McRae & Beier 2007; Garroway et al. 2008; Pinto & Keitt
2009; Dyer et al. 2010), their definition of nodes and edges is quite different. Some
studies define nodes as all the points in the landscape (simplified to a regular lattice)
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that a migrating individual could pass through and the edges as the movement paths
between neighbouring nodes weighted by the intervening landscape permeability (e.g.
Adriaensen et al. 2003; McRae 2006; Pinto & Keitt 2009). This notion of nodes and edges
is especially useful to obtain one or many potential migration routes between
populations in a heterogeneous landscape, but do not take into account actual
population topology. Other studies consider the nodes to be populations and the edges
to be direct gene flow links between populations (Dyer & Nason 2004; Garroway et al.
2008; Dyer et al. 2010). Such graphs can be used to analyse all the potential gene flow
routes between a population pair. Combining both types of graphs may present an
interesting improvement to landscape genetic analysis: the edges in the latter type of
graph (i.e. nodes as populations) could be weighted with interpopulation measures of
landscape permeability calculated with the former type of graph (i.e. nodes as points in
a landscape), after which the most likely gene flow routes can be calculated from the
weighted graph.
Finally, population topology should also be considered in landscape genetic
studies that use the boundary matching approach (see above). If all other factors are
constant, the expectation is that there is more gene flow in a cluster of three
populations than in a cluster of two populations (McRae 2006). Thus, genetic clustering
techniques may be detecting groups of population clusters, rather than detecting groups
of genetically similar populations separated by a boundary to gene flow. This is
important to consider when trying to detect landscape barriers to gene flow or
migration.
The above discussion makes it clear that landscape geneticists should
differentiate between migration and gene flow between pairs of populations.
Furthermore, landscape genetics mainly focuses on the effect of interpopulation
landscape on pairwise gene flow, but hardly on the effect of landscape composition and
configuration on population topology. Taking into consideration that population
topology influences the amount of gene flow in groups of populations, this latter effect
seems a crucial, yet largely neglected, aspect of landscape genetics. This may be the
result from the many simulation studies that form the basis of our understanding of
gene flow and genetic patterns. In the majority of these studies, populations or
individuals were placed in full lattices and the influence of other population
arrangements or the effect of the shape of these lattices on gene flow was rarely tested
(Epperson et al. 2010; but see, e.g. Rousset 1997; Doligez et al. 1998).

Insects in agricultural landscapes
In some chapters of my thesis, I use empirical genetic datasets of insect species collected
from a fragmented and intensively used agricultural area. Agricultural land is currently
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taking up about one third of the Earth’s land mass (FAO 2003). Due to the diversity of
land‐cover types and structural elements in and around agricultural land, many plant
and animal species find their habitats in these areas (Benton et al. 2003; Bennett et al.
2006). However, the intensification of agricultural practices has decreased species’
richness or abundance in many agricultural areas (Wilson et al. 1999; Donald et al. 2001;
Hodgson et al. 2005; Hendrickx et al. 2007). To counteract this negative trend, agri‐
environmental schemes are implemented in many countries (Kleijn & Sutherland 2003).
For instance, under the Swiss agri‐environmental scheme, direct payments were
distributed to farmers that extensively managed 7% of their land (Knop et al. 2006).
However, such a farm‐level approach to increase habitats and their connectivity does
not guarantee an effective landscape‐level connectivity network (Benton et al. 2003;
Knop & Herzog 2007). To get a better understanding of how structural connectivity
measures can be implemented in such a way that the functional connectivity for many
species is enhanced, there is an urgent need for more detailed knowledge of how
landscapes influence migration and gene flow patterns in agricultural areas. One class of
species that has experienced a strong decline throughout Europe due to agricultural
intensification are insects (Hendrickx et al. 2007). It has been shown that shown that
insects profit from extensive management of meadows (Albrecht et al. 2010). Being a
food source for many bird species, reduction of the amount of insects has been linked to
decline in bird species (Wilson et al. 1999). Insect species are also important for the
pollination of agricultural crops and natural plants (Kevan & Viana 2003). Apart from the
important role that insects play in the functioning of agricultural ecosystems, they have
often been selected as environmental, ecological or biodiversity indicator species
(McGeogh 1998). In order to contribute to the efforts towards the conservation of this
important class of species in agricultural landscapes, I chose insects inhabiting
agricultural landscapes as study systems for parts of my thesis.

Outline of the thesis
In chapter 2 of the thesis, I described a new analytical approach to quantify
interpopulation landscape (least‐cost transect analysis; LCTA), in which traditional Ieast‐
cost paths were used to direct the course of a transect. Compared to straight‐line
transects, these least‐cost transects may better represent migration routes. By regarding
each landscape element in turn as migration habitat and parameterizing resistance
surfaces accordingly, I aimed to increase and maintain objectivity. Measures of indirect
gene flow were then regressed against the landscape predictor variables with a multiple
regression approach based on mixed effect models, of which the covariance structure
was specifically designed to accommodate for the non‐independence of the response
and predictor variables (Clarke et al. 2002). For variable selection I applied the
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statistic (Edwards et al. 2008). In this chapter I made use of a empirical genetic
dataset of the endangered Southern Damselfly (Coenagrion mercuriale) inhabiting
fragmented agricultural landscape on the Swiss plateau.
In chapter 3 I analysed the effects of the configuration of habitat patches on
gene flow between populations randomly placed in their habitat. For this purpose, a
program was developed that simulated distance dependent migration and gene flow
between populations. I studied the evolution of isolation‐by‐distance patterns in
different habitat configurations and for different maximum migration distances, by
examining correlations between indirect gene flow measures (i.e. FST) and
interpopulation Euclidean distance. I discussed the effects of population topology and
landscape configuration on landscape genetic results.
Associated to this latter chapter, is appendix 1, in which we looked at the effects
of population topology on landscape genetic results using an empirical genetic dataset
of the Large marsh grasshopper (Stethophyma grossum), which inhabits wetlands in
agricultural areas. A complete sampling of all populations in our study area, allowed us
to experiment with various population graphs. Making use of LCTA, we determined
which landscape element was the most likely migration habitat and which landscape
elements where likely inhibitors and facilitators to gene flow. We created population
graphs with edges between all population pairs and between population pairs up to a
maximum interpopulation distance. In a third graph, the latter was further restricted to
only the neighbouring pairs selected in a Gabriel network. For all three graphs, the
results of LCTA were compared.
In chapter 4 I combine the insights gained from the previous chapters to predict
the effect of landscape change on gene flow. Again making use of the empirical S.
grossum dataset, I drew straight‐line transects between populations that were within
migration range from each other. From these transects, I calculated landscape metrics to
quantify the landscape composition and also determined several landscape indices to
quantify landscape configuration. Furthermore, I introduced two predictor variables to
quantify population topology. To take the non‐independence of response and predictor
variables into account, I slightly modified a leave‐one‐out‐cross‐validation method, with
which I determined the set of predictor variables with the highest predictive accuracy.
With the selected model, I then predicted the effect of several landscape change
scenarios on pairwise gene flow.
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Abstract
Landscape genetics aims to assess the effect of the landscape on intraspecific genetic
structure. To quantify interdeme landscape structure, landscape genetics primarily uses
landscape resistance surfaces and least‐cost paths or straight‐line transects. However,
both approaches have drawbacks. Parameterization of resistance surfaces is a subjective
process, and least‐cost paths represent a single migration route. A transect‐based
approach might oversimplify migration patterns by assuming rectilinear migration. To
overcome these limitations, we combined these two methods in a new landscape
genetic approach: least‐cost transect analysis (LCTA). Habitat‐matrix resistance surfaces
were used to create least‐cost paths, which were subsequently buffered to form
transects in which the abundance of several landscape elements was quantified. To
maintain objectivity, this analysis was repeated so that each landscape element was in
turn regarded as migration habitat. The relationship between explanatory variables and
genetic distances was then assessed following a mixed modelling approach to account
for the non‐independence of values in distance matrices. Subsequently, the best fitting
model was selected using the

statistic. We applied LCTA and the mixed modelling

approach to an empirical genetic dataset on the endangered damselfly, Coenagrion
mercuriale. We compared the results to those obtained from traditional least‐cost,
effective and resistance distance analysis. We showed that LCTA is an objective
approach that identifies both the most probable migration habitat and landscape
elements that either inhibit or facilitate gene flow. Although we believe the statistical
approach to be an improvement for the analysis of distance matrices in landscape
genetics, more stringent testing is needed.

Introduction
It is vital, for species survival, to restore gene flow (i.e. the spread of genes between
demes through migration) in areas where anthropogenic land use has decreased or
halted it. To help conservationists achieve this goal, the discipline of landscape genetics
aims to assess the effect of landscape variables on gene flow (Manel et al. 2003; Storfer
et al. 2007; Holderegger & Wagner 2008; Storfer et al. 2010). To achieve this, both the
interdeme landscape structure and gene flow need to be quantified. Interdeme gene
flow can be measured by genotyping individuals and calculating genetic (dis)similarity
between demes. For a review of measures for the quantification of intraspecific genetic
structure, we refer to Meirmans and Hedrick (2011).
To quantify interdeme landscape structure, several methods are currently used,
which can be roughly classified into two categories: methods that use landscape
resistance surfaces or transect‐based analyses (Spear et al. 2010). A landscape
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resistance surface is a grid of a study area in which each pixel is assigned a cost value
based on the hypothesized permeability to migration of the landscape in that pixel. In
many studies interdeme least‐cost paths are calculated on these resistance surfaces
(Adriaensen et al. 2003). Either the total cost of a path (least‐cost distance; Cushman et
al. 2006; Perez‐Espona et al. 2008; Schwartz et al. 2009; Davis et al. 2010; Hagerty et al.
2011) or the length of a path (effective distance; Coulon et al. 2004; Spear et al. 2005;
McRae & Beier 2007) are used as a measure for interdeme landscape structure.
Transect‐based analyses quantify the landscape composition (i.e. the abundance of each
landscape element) in a straight‐line transect between two demes (e.g. Pavlacky et al.
2009; Angelone et al. 2011; Emaresi et al. 2011).
Both these approaches have shortcomings. The parameterization of resistance
surfaces usually requires subjective decisions about the species‐specific cost value of a
certain landscape element (Adriaensen et al. 2003; Holderegger & Wagner 2008; Spear
et al. 2010). Furthermore, least‐cost paths represent only a single potential migration
route and do not incorporate any potentially influential landscape elements surrounding
the route (Adriaensen et al. 2003; Spear et al. 2010). Although not based on subjective
decisions, nor representing a single migration path (Emaresi et al. 2011), straight‐line
transects have the disadvantage that rectilinear migration routes are assumed (Spear et
al. 2010).
In order to overcome most of these shortcomings, we present an approach that
combines these two techniques: least‐cost transect analysis (LCTA). First, we select a
number of landscape elements that may have a facilitative or inhibitive effect on gene
flow. Subsequently, binary resistance surfaces representing migration habitat and matrix
are created. In contrast to, for instance, breeding or foraging habitat, the migration
habitat specifically refers to the habitat type through which the focal species prefers to
migrate, which is not necessarily the same habitat type that the species inhabits or
breeds in (Stevens et al. 2006; Spear et al. 2010). To maintain objectivity, each selected
landscape element is in turn regarded as migration habitat, regardless of its
hypothesized inhibitive or facilitative nature. Interdeme least‐cost paths are calculated
for each resistance surface to get potential interdeme migration routes that may be
more realistic than the assumed straight‐line migration in transect‐based approaches.
We acknowledge that an interdeme least‐cost path gives, at best, a rough estimate of
the migration route, as not all individuals will migrate along a single least‐cost path and
as deviations from the path are likely. Therefore, we buffer the least‐cost path to create
a transect of a certain width, which is more likely to cover the real migration paths and
to include potentially important landscape elements around the least‐cost path. The
scale at which landscape elements influence habitat selection is a species‐specific trait
(Holland et al. 2004). We expect that the same is true for the scale of the landscape
influence on migration habitat and, therefore, experiment with a range of buffer widths.
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We calculate the transect length and the proportion of each landscape element in the
transect to form a set of complementary explanatory variables per resistance surface.
The fit of the regression between these sets of explanatory variables and genetic
distance is used to determine which landscape element is the most likely migration
habitat and which landscape elements are likely to act upon gene flow in a facilitative or
inhibitory way.
The dependent and explanatory variables are in the form of (dis)similarity or
distance matrices, in which values are not fully independent of other values in the same
row or column. Therefore, Mantel tests are frequently applied in landscape genetics to
test model significance (Storfer et al. 2010). Although successful in model testing,
Mantel tests do not take into account the non‐independence of the pairwise distances
when calculating the correlation coefficient between distance matrices (Yang 2004). To
provide a solution to this shortcoming, Clarke et al. (2002) presented the maximum
likelihood population‐effects (MLPE) model, of which the covariate structure is
specifically designed to account for the correlated structure in regression on distance
matrices. Although it has been applied in landscape ecological analysis (Bellamy et al.
2003), to our knowledge Clarke’s MLPE method has not been applied in other landscape
genetic studies. Here we implement this method to fit the regression models between
genetic distances and sets of explanatory variables. In order to select the best fitting and
most parsimonious set of explanatory variables, we use the

statistic described in

Edwards et al. (2008), since information criteria, like AIC and BIC, are not suitable when
comparing mixed models where parameter estimation is done with the residual
maximum likelihood (REML) criterion (as in Clarke et al. 2002; Verbeke & Molenberghs
2000).
In summary, the goals of this paper are twofold. First, we describe an objective
procedure to quantify interdeme landscape (LCTA). Second, we present a statistical
analysis approach based on MLPE models (Clarke et al. 2002) and the

statistic

(Edwards et al. 2008). We demonstrate our approach on an empirical genetic dataset of
the southern damselfly Coenagrion mercuriale and compare our approach to several
other interdeme landscape measures that are calculated from resistance surfaces and
are regularly used in landscape genetics (Table 1).

Methods
Parameterization of resistance surfaces
We used binary resistance surfaces that are classified as migration habitat or matrix (Fig.
1A, B). By default, migration habitat (mh) was given a resistance value of 1. The value of
the matrix was 2sf, where sf is the specialization factor. When sf was 0 the value of
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matrix and mh were both 1. In this case, migration is isotropic and the species can be
regarded as a generalist with regard to the influence of landscape on its migration. The
resulting least‐cost path from such a resistance surface is a straight‐line. Increasing sf
leads to exponentially increasing matrix resistance and, consequentially, increasing
reluctance of a species to move from the migration habitat into the matrix. In this study,
we experimented with sf = 0, 3, 6, 9, 12 and 15 (Fig. 1C). Furthermore, the following
landscape elements were used in the analysis of our example dataset: agricultural land,
forests, residential areas, roads and streams (see the “Example dataset” section below).
Each of the above landscape elements was in turn regarded as migration habitat
(Fig. 1B). Thus, the two variables that defined the parameterization of each resistance
surface (RS) scenario were mh and sf. For example, RS(mh = agriculture, sf = 6) implied
that the migration habitat in this scenario is agricultural land with a resistance value of
1, and the matrix is assigned a resistance value of 2sf = 26 = 64. Similarly, RS(mh =
residential, sf > 6) refers to all resistance surfaces in which the migration habitat was
residential areas and the specialization factors were larger than 6. In some scenarios, the
migration habitat was a landscape element that was suspected to be an inhibitor to
gene flow. If this is correct, any landscape measure calculated from the corresponding
resistance surfaces should have a low explanatory power and should have model fits
that are equal or lower than average. In total, we parameterized 26 resistance surfaces
(i.e. 5 migration habitats * 5 specialization factors larger than zero + 1 specialization
factor of zero). Geodata were derived from a vectorized 1:25000 land cover map of
Switzerland (Vector25© 2011 Swisstopo; DV033594), which was transformed to grids
with a 10 m spatial resolution to create the resistance surface scenarios.

Table 1. For each of the applied landscape genetic methods, a short description is given on how
the landscape measure was calculated. Also the input variables for the mixed effect models are
shown. The dependent variable consisted of 78 pairwise FST values among 13 demes. The
random effect is the same for every mixed model. The fixed effects (explanatory variables)
differed per method, but were always calculated from the same set of 26 binary habitat‐matrix
resistance surfaces.
Method

Description

Resistance distance analysis

Resistance distances calculated with
CIRCUITSCAPE (McRae 2006)

Least‐cost distance analysis

Total cost of least‐cost path

Effective distance analysis

Total length of least‐cost path

Least‐cost transect analysis

Total length of the least‐cost path and
proportions of landscape elements in
a transect along the least‐cost path

Dependent
variable
FST

Fixed effects (explanatory
variables)
Resistance distance

Individual deme effect

FST

Cost distance

Individual deme effect

FST

Potential effective distance (m) Individual deme effect

FST

Transect length (m)
2

Random effect

Individual deme effect

‐2

Agriculture (m *m )
2

‐2

Forest (m *m )
2

‐2

Residential (m *m )
2

‐2

Streams (m *m )
2

‐2

Roads (m *m )
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LCTA was performed on the binary habitat‐matrix resistance surfaces. We also
calculated least‐cost, potentially effective, and resistance distances on these habitat‐
matrix resistance surfaces (Table 1). These methods will be explained in the following
sections. Unless otherwise specified, all analyses on resistance surfaces were performed
in ARCGIS 9.3 (ESRI, Redlands, USA).

(A)
Legend
Deme 1 & 2
Roads
Streams
Agriculture
Forest
Residential

mh = residential
mh = roads

(B)

RS(mh = agriculture)

RS(mh = forest)

RS(mh = streams)

(C)

sf = 12
sf = 15

RS(mh = agriculture, sf = 0) RS(mh = agriculture, sf = 3) RS(mh = agriculture, sf = 6) RS(mh = agriculture, sf = 9)

(D)

Explanatory variable

Value
2793 m

Streams

0.0324 m2*m‐2

(E) Transect length
Forest

0.0695 m2*m‐2

Residential

0.2272 m2*m‐2

Roads

0.0989 m2*m‐2

Agriculture

0.7032 m2*m‐2

Transect width = 100 m

Fig. 1. Flow‐chart of the parameterization of resistance surfaces (RS) and the calculation of least‐
cost transect analysis (LCTA). A, B and C show how the binary habitat‐matrix resistance surfaces
were created. D and E show the calculation of explanatory variables for LCTA. (A) Landscape
analysis is demonstrated for two demes, 1 and 2. (B) Separate grids are created for each
potential migration habitat (mh; Fig. 2). The resistance value of mh is set to 1. (C) The resistance
value of the matrix is 2sf, where sf is the specialization factor. For each migration habitat,
resistance surfaces are created for sf = 0, 3, 6, 9, 12 and 15. Resistance distances and least‐cost
paths are calculated on each of the resistance surfaces. (D) For LCTA the least‐cost path is
buffered to form a transect. (E) The transect length and the proportions of each of the
landscape elements in the transect are calculated to form a complementary set of explanatory
variables.
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Least‐cost transect analysis (LCTA)
For each of the 26 resistance surfaces, least‐cost paths were calculated between each
pair of demes (Fig. 1C). The least‐cost paths were subsequently buffered with a certain
distance to form a transect (Fig. 1D). We evaluated a variety of transect widths (i.e. 16,
100, 200, 400, 600, 800, 1000, 1200, 1400 and 2000 m). The narrowest transect of 16 m
measured the landscape directly on the least‐cost path. For each transect, we calculated
the transect length (in meters; equivalent to the potential effective distance) and the
proportion of each of the landscape elements in the transect (m2*m‐2; Fig. 1E, Table 1),
resulting in six explanatory variables. These proportions were calculated by dividing the
number of grid cells that contain a certain landscape element by the total number of
grid cells in a transect. It is likely that the area of a landscape element within a transect
is positively correlated to the transect length. Thus, by using proportional measures we
anticipated that the transect length is less correlated to the other explanatory variables.
Least‐cost paths calculated from resistance surfaces with sf = 0 should
theoretically produce straight lines between demes. In practice, however, these paths
may have some bends due to the rule settings in the least‐cost path algorithm. Thus, for
LCTA we calculated truly straight‐line paths for sf = 0 in order to enable the comparison
between traditional straight‐line transects (i.e. sf = 0) and buffered least‐cost paths (i.e.
sf > 0). Python‐scripts for LCTA have been made available online (Van Strien et al. 2012).

Least‐cost, effective and resistance distance analysis
We calculated traditional least‐cost, potential effective and resistance distances on each
of the 26 resistance surfaces. Each of these measures was used as an explanatory
variable in separate regression analyses (Table 1). From interdeme least‐cost paths we
calculated the total cost (i.e. least‐cost distance) and the total length (i.e. potential
effective distance). Potential effective distances calculated on resistance surfaces with sf
= 0 provide a baseline of the level of isolation by Euclidean distance. Some studies
suggested to calculate multiple interdeme least‐cost paths to give a better “average”
representation of the landscape encountered by migrating individuals (McRae 2006;
Pinto & Keitt 2009; Rayfield et al. 2010). For instance, resistance distances are calculated
by analysing all possible interdeme paths through a resistance surface. In some cases,
this measure has proven to better explain genetic distances than Euclidean or effective
distances (McRae & Beier 2007). Therefore, we also calculated resistance distances
between demes with CIRCUITSCAPE 3.5.2 (McRae 2006). To overcome computational
problems with CIRCUITSCAPE, the spatial resolution of resistance surfaces was
transformed to 25 m.
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Statistical analysis
The goals of the statistical analysis were to determine (i) the most probable
representation of the landscape as experienced by migrating individuals, and (ii) the
interdeme landscape analysis (i.e. LCTA or least‐cost, effective or resistance distance
analysis) that explained interdeme genetic distances (FST) best. Linear mixed effect
models can be used to account for dependency between pairwise observations in a
distance matrix (Yang 2004). The fixed effect terms in these models are the explanatory
variables (Table 1). The random effect term indicates the dependency between the
pairwise distances. Several covariate structures from the SAS® PROC MIXED package
have been proposed to represent this dependency (Yang 2004; Pavlacky et al. 2009;
Meeuwig et al. 2010; Selkoe et al. 2010). However, these covariate structures are not
tailored for the specific dependency between values in a distance matrix (Clarke et al.
2002). Clarke et al. (2002) described a covariate structure where a proportion, , of the
total variance, σ2, is the result of the correlation between two pairwise distances
involving a common deme. The covariance between two pairwise distances without a
common deme is 0. For example, if Yij is the genetic distance between deme i and j, then
Y12 and Y13 have a covariance of ρσ2, whereas Y12 and Y34 have a covariance of 0. The
maximum value of is 0.5. The intercept, slopes, and σ2 of this maximum likelihood
population‐effects (MLPE) model are estimated with residual maximum likelihood
(REML), which is desirable for unbiased estimates of the variance components of mixed
models (Clarke et al. 2002; Gurka 2006). We centred all explanatory variables around
their mean, so that the REML estimates of the intercept were the same as estimates
obtained from simple linear regression (Clarke et al. 2002). We fitted MLPE models with
REML estimation using the “lmer” function in the package “lme4” (Bates et al. 2011) for
R (R Development Core Team 2011), with a modification to account for multiple
memberships (i.e. each pairwise distance was associated to two demes).
In each mixed model, the random effect (i.e. individual deme effect) was
standard, and we were interested in comparing models with different fixed effects (i.e.
explanatory variables). Therefore, we compared models making use of a marginal R2
statistic, which is suitable to select the most parsimonious model (Orelien & Edwards
2008). Edwards et al. (2008) described the

statistic, which compares a model with

fixed effects to a null model with only the random effect and an intercept. Unlike the R2
of simple linear regression, the
the model. Such a decrease of

can decrease when adding explanatory variables to
can be caused by misspecification of the new model or

an increase in residual variance due to the inclusion of an explanatory variable. The

is

calculated from the Kenward‐Roger F and df estimates (Kenward & Roger 1997), which
we calculated using the “KRmodcomp” function from the R‐package “pbkrtest” (Halekoh
& Højsgaard 2011).
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It is often not evident from what kind of distribution (dis)similarities and
distances are drawn (Smouse et al. 1986). Therefore, explanatory variables may show an
asymmetrical distribution with highly skewed values, which hinders a standardized
normalization approach. Moreover, information is often lacking to determine the most
likely relationship between explanatory and dependent variables (e.g. linear,
exponential, sigmoidal or logarithmic). As we were mainly interested in investigating
monotonic relationships between explanatory and dependent variables, and parameter
and intercept estimation were less important, we chose to utilize
monotone/nonparametric regression (Legendre & Legendre 1998; Legendre & Fortin
2010). The regression was applied to the rank transformed dependent and explanatory
variables, which is a robust statistical method, less influenced by outliers and
asymmetrically distributed data (Conover 1999). Several studies successfully applied
rank transformation for the analysis of (dis)similarity matrices (e.g. Clarke & Ainsworth
1993; Spear et al. 2005). Since the goal of many landscape genetic studies is to gain
insight into the conservation ecology of a species (Storfer et al. 2010), rank
transformation is justified. Using landscape genetic models to make predictions of gene
flow patterns in space and time will require a different transformation method.
In the first step of the statistical analysis, we regressed pairwise FST values against
the explanatory variables calculated through LCTA for the range of transect widths,
which resulted in 260 sets of six explanatory variables (i.e. 26 resistance surfaces * 10
transect widths). Because the full model (including all six explanatory variables) may not
be the best fitting, most parsimonious model, we also calculated the

for models with

all possible combinations of the six explanatory variables (= 64 combinations).
Whichever combination of explanatory variables produced the highest

, was

considered as the most representative reduced model for a certain explanatory variable
set. A reduced model may, thus, include only a subset of the six explanatory variables. If
a reduced model contained all six explanatory variables it was analogues to the full
model. The transect width belonging to the best fitting reduced model was regarded as
the most representative transect width for our focal species.
Subsequently, pairwise FST values were regressed against the explanatory
variables calculated through the least‐cost, effective and resistance distance analysis
(Table 1). Since each of these regression models contained only one explanatory
variable, no prior selection for the most parsimonious model was necessary. We
compared the

values of these regression models to those obtained from the full and

reduced LCTA models. From the best fitting overall reduced model, we used the
significance and sign of the slope coefficients to draw conclusions about the influence of
landscape variables on genetic distances. In order to compare results, for the best
overall reduced model we also calculated the slope coefficients for the full model as
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estimated through traditional multiple regression on distance matrices with 10000
permutations (MRDM; Smouse et al. 1986).
We checked all LCTA explanatory variables obtained from each resistance surface
for multicollinearity. We arbitrarily fixed a correlation threshold of Spearman ρ = 0.7,
above which inference from correlated variables was approached with caution (i.e. sign
and value of the slope coefficient can then be unreliable, and the power to detect
whether a variable is a significant predictor can be reduced; Legendre & Legendre 1998).

Example dataset
As an example dataset (Van Strien et al. 2012), we used data of the southern damselfly
C. mercuriale (Charpentier 1840, Odonata: Coenagrionidae), which is critically
endangered in Switzerland (Gonseth & Monnerat 2002). The species inhabits
permanently slow‐flowing streams with abounding aquatic vegetation and generally
avoids shaded areas (Rouquette & Thompson 2005). Although the preferred breeding
habitat of the species is fairly well described, little is known about its preferred
migration habitat. A mark‐recapture study showed that the rate of long‐distance
migration (>300 m) was not affected by the connectedness of sample sites by suitable
Legend
breeding habitat and that tall shrub
Sampling locations
structures along the streams acted as
Roads
Streams
Agriculture
migration barriers (Purse et al. 2003).
Forest
Residential
Most individuals are sedentary and
only disperse a few meters during
their life‐time, but some migrate over
greater distances (Purse et al. 2003;
Rouquette & Thompson 2007).
We applied the following basic
landscape classification to our study
area: agricultural land, forests,
residential areas, roads and streams
(Fig. 2). The category “roads” included
predominantly small country roads,
but also a couple of busier provincial
roads. The category “streams”
included all the above‐ground
waterways in the study area, except
for a major river traversing the study
area.
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Fig. 2. Map of the study area indicating the
landscape classification and the locations where
individuals of Coenagrion mercuriale were
sampled. The inset map shows the location of the
study area in Switzerland in grey.
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Towards the end of the mating season (July 2009), we sampled male damselflies
from all known demes of C. mercuriale in an area situated on the Swiss Plateau
surrounding the town of Langenthal (Fig. 2). Individuals were collected from stretches of
uninterrupted streams, with an average length of 260 m. The centre point of the
sampled stream‐segments was taken as the geographic location of a deme. For analysis,
we selected demes from which 10 to 45 individuals were sampled and that were at least
250 m apart, resulting in 13 demes separated by an average of 3392 m (Fig. 2). To
prevent edge effects, the edges of the resistance surfaces were at least 7 km from the
nearest deme.
Table 2. The three reduced (left) and full (right) models with the highest
per transect width
class are shown. For each width class, LCTA models were calculated for all combinations of
potential migration habitats (agricultural land, forest, residential areas, roads or streams) and
is shown
specialization factors (0, 3, 6, 9, 12 or 15). The LCTA model with the overall highest
in bold. All
were significant at P < 0.001.
Reduced models

Full models

Transect Migration Specialization
width (m) habitat (mh ) factor (sf )
16
Streams
6
0.753
16
Streams
9
0.680
16
Agriculture
15
0.654

Migration Specialization
habitat (mh ) factor (sf )
Streams
6
0.640
Streams
3
0.626
Agriculture
12
0.623

100
100
100

Agriculture
Agriculture
Agriculture

3
6
12

0.692
0.676
0.671

Agriculture
Agriculture
Agriculture

3
6
12

0.680
0.669
0.664

200
200
200

Agriculture
Agriculture
Agriculture

12
15
9

0.717
0.716
0.688

Agriculture
Agriculture
Agriculture

12
15
9

0.697
0.697
0.668

400
400
400

Agriculture
Agriculture
Residential

12
15
3

0.697
0.697
0.669

Agriculture
Agriculture
Residential

12
15
3

0.678
0.677
0.641

600
600
600

Agriculture
Agriculture
Residential

12
15
3

0.745
0.745
0.732

Agriculture
Agriculture
Residential

12
15
3

0.725
0.724
0.702

800
800
800

Agriculture
Agriculture
Agriculture

12
15
9

0.786
0.786
0.758

Agriculture
Agriculture
Agriculture

12
15
9

0.761
0.761
0.731

1000
1000
1000

Agriculture
Agriculture
Agriculture

15
12
9

0.810
0.809
0.788

Agriculture
Agriculture
Agriculture

15
12
9

0.776
0.776
0.755

1200
1200
1200

Agriculture
Agriculture
Residential

15
12
3

0.805
0.804
0.793

Agriculture
Agriculture
Residential

15
12
3

0.766
0.765
0.756

1400
1400
1400

Agriculture
Agriculture
Agriculture

12
15
9

0.800
0.800
0.773

Agriculture
Agriculture
Agriculture

6
15
12

0.713
0.712
0.712

2000
2000
2000

Agriculture
Agriculture
Agriculture

12
15
9

0.787
0.787
0.742

Agriculture
Agriculture
Agriculture

15
12
9

0.740
0.740
0.675
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DNA extraction was carried out using the DNeasy Blood and Tissue Kit (QIAGEN,
Valencia, CA, USA) according to the supplementary protocol for insects. We amplified 12
microsatellite loci (LIST4‐002, LIST4‐023, LIST4‐024, LIST4‐031, LIST4‐034, LIST4‐035,
LIST4‐037, LIST4‐042, LIST4‐060, LIST4‐062, LIST4‐063, LIST4‐066) developed by Watts et
al. (2004). Fragments were analysed with an ABI 3730xl sequencer (Applied Biosystems,
Carlsbad, CA, USA) and genotyped with GENEMAPPER 3.7 (Applied Biosystems, Carlsbad,
CA, USA). All loci met Hardy‐Weinberg equilibrium conditions (FIS; P > 0.05). In some
demes significant linkage disequilibrium was found between loci (P < 0.05), but these
results were not consistent between demes. We, therefore, presumed loci to be
unlinked. Positive controls in each plate always showed the same genotype. There was
0.17 % missing data in the genetic dataset. Due to very high correlations (Pearson r >
0.984) between pairwise FST values and other genetic distance measures (G’ST, GST and D;
Meirmans & Hedrick 2011), we only use FST here (Weir & Cockerham 1984). Using
GENEPOP 4.0.10 (Rousset 2008), we calculated pairwise FST values between all 13
Least‐cost transect analysis (LCTA)

Least‐cost distance analysis

0.8
0.7
0.6
0.5
0.4
0.3
0.2
0.1
0

(A)

(B)

Effective distance analysis

Migration
habitat (mh)
Streams

Resistance distance analysis

Forest

0.8

Residential
0.7

Roads

0.6

Agriculture

0.5
0.4
0.3
0.2
0.1

(D)

(C)

0
0

3

6

9

12

Specialization factor (sf)

15

0

3

6

9

12

15

Specialization factor (sf)

Fig. 3. The graphs show the model fit ( ) of FST values monotonically regressed against
explanatory variables from the different landscape genetic methods (Table 1). Binary habitat‐
matrix resistance surfaces were created, in which each landscape element (agricultural land,
forest, residential areas, roads and streams) was in turn considered to be migration habitat,
which was assigned a resistance value of 1. The resistance value of the matrix was determined
by the specialization factor (sf). For each of these resistance surfaces, explanatory variables
were calculated with least‐cost transect analysis (A), least‐cost distance analysis (B), effective
distance analysis (C) and resistance distance analysis (D). All models were fit with linear mixed
was calculated from the Kenward‐Roger F and df estimates. For least‐
effect models, and the
from full models is displayed.
cost transect analysis the
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demes, resulting in 78 FST values, which served as the dependent variable throughout all
analyses (Table 1). The slightly negative FST values were set to 0.

Results
For each transect width for LCTA, we listed the three most supported reduced and full
models based on

(Table 2). A transect width of 1000 m produced the highest overall

(= 0.810) for LCTA on RS(mh = agriculture, sf = 15). A transect width of 1000 m was
henceforth considered optimal for our focal species. However, regardless of transect
width, the top full and reduced models were predominantly from LCTA on RS(mh =
agriculture, sf > 0). An exception were the very narrow transects (width = 16 m), which
showed highest

(0.753) for LCTA on RS(mh = streams, sf = 6).

In the second part of the analysis the results of LCTA (with 1000 m transect
width) were compared with those obtained from least‐cost distance, effective distance
and resistance distance analysis (Table 3, Fig. 3). LCTA performed on RS(mh = residential,
sf = 3) produced a high

(0.786). However, for LCTA performed on resistance surfaces

with sf > 3 the migration habitat that always resulted in the highest
(0.745 ≤

was agriculture

≥ 0.810; Table 3). Potential effective distances calculated on RS(mh =

agriculture, sf > 0) consistently produced high

values (≥ 0.429) compared to potential

effective distances calculated from other resistance surface scenarios (Fig. 3C). Least‐
cost distances calculated on RS(mh = roads, sf = 6) produced the highest

(0.529) of all

least‐cost distances. However, model fit fluctuated substantially with increasing sf (Fig.
3B). A similar pattern was observed for the resistance distance analysis (Fig. 3D), where
resistance distances calculated on RS(mh = roads, sf = 3) produced the highest
(0.489). All explanatory variables from the reduced and full LCTA models were checked
for multicollinearity. Many of the full LCTA models had at least one pair of overly
correlated (ρ > 0.7) explanatory variables, whereas none of the reduced models showed
multicollinearity (Table 3).
Inference, regarding the most likely migration habitat and the gene flow
inhibiting or facilitating properties of landscape elements, was drawn from LCTA on
RS(mh = agriculture, sf = 15), because this model produced the highest overall

(0.810;

Tables 3, 4). The explanatory variables that were selected in this reduced model were
the transect length and proportions of streams, forest, residential areas and roads in the
1000 m wide transect. However, not all of these explanatory variables were significant
(t‐value; P > 0.05). The proportion of residential areas and the transect length had a
significant positive monotonic correlation with FST. The proportion of streams had a
significant negative monotonic correlation with FST. The correlation between two
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pairwise distances involving a common deme
was 0.053 (Table 4). A comparison of
these results to an MLPE model with all six explanatory variables (i.e. full model) showed
a lower

(0.776) and a higher

(0.058). Also the proportion of residential areas

Table 3. Resistance surfaces were created by varying migration habitat and the specialization
factor (sf). Sf = 0 results in a homogeneous resistance surface. For each resistance surface, the
fit ( ) of pairwise FST values regressed against the explanatory variables from different
landscape genetic methods was assessed. From the least‐cost transect analysis we display the
of the most parsimonious, best fitting reduced model (i.e. the model with the highest
from models with all possible combinations of explanatory variables) and the
from the
full model (i.e. model including all explanatory variables). Models with the highest overall
per
sf are indicated in bold. Spearman correlation coefficients ρ were calculated between all the
explanatory variables of each least‐cost transect analysis model. Only several full models had
overly correlated (ρ > 0.7) explanatory variables (indicated with a “+”). All models were
values denoted with * (P > 0.05).
significant at P < 0.05, except for
Migration
Specialization
habitat
factor (sf )
(mh )
0
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Least‐cost transect analysis
Reduced
ρ > 0.7
0.613

Full
ρ > 0.7
0.608
+

3
3
3
3
3

Streams
Forest
Residential
Roads
Agriculture

0.614
0.504
0.786
0.623
0.668

0.611
0.489
0.748
0.623
0.659

6
6
6
6
6

Streams
Forest
Residential
Roads
Agriculture

0.526
0.487
0.719
0.579
0.745

0.522
0.467
0.598
0.579
0.731

9
9
9
9
9

Streams
Forest
Residential
Roads
Agriculture

0.546
0.375
0.718
0.583
0.788

0.544
0.367
0.598
0.583
0.755

12
12
12
12
12

Streams
Forest
Residential
Roads
Agriculture

0.544
0.378
0.718
0.583
0.809

0.544
0.369
0.597
0.583
0.776

15
15
15
15
15

Streams
Forest
Residential
Roads
Agriculture

0.544
0.383
0.719
0.583
0.810

0.544
0.374
0.597
0.583
0.776

+

+

+
+
+

+
+
+

+
+
+

+
+
+

Least‐cost
distance
analysis

Effective
distance
analysis

Resistance
distance
analysis

0.396

0.384

0.384

0.391
0.398
0.258
0.478
0.477

0.424
0.381
0.401
0.443
0.522

0.375
0.375
0.328
0.489
0.262

0.361
0.371
0.172
0.529
0.458

0.328
0.350
0.310
0.429
0.429

0.444
0.269
0.283
0.446
0.285

0.374
0.352
0.162
0.367
0.452

0.336
0.240
0.310
0.430
0.485

0.423
0.271
0.253
0.260
0.331

0.377
0.344
0.163
0.249
0.327

0.336
0.239
0.310
0.430
0.547

0.393
0.271
0.244
*0.222
0.286

0.377
0.346
0.163
*0.225
0.354

0.336
0.237
0.308
0.430
0.546

0.372
0.272
0.244
*0.214
0.257
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became a non‐significant explanatory variable (Table 4). Significance and slope estimates
of this full MLPE model differed slightly from those estimated by multiple regression on
distance matrices (Table 4).

Discussion
With LCTA binary resistance surfaces were created in which each selected landscape
element in turn was regarded as migration habitat, which proved to be an objective
method to determine the most probable migration habitat of the focal species. We
found strong support for agricultural land being the most probable migration habitat of
C. mercuriale. For most transect widths and specialization factors, resistance surfaces, in
which the migration habitat was agricultural land, consistently produced the most
supported models. Taking into account that C. mercuriale has a strong preference for
unshaded habitats (Purse et al. 2003; Rouquette & Thompson 2005), it is not surprising
that it prefers to disperse through open agricultural land. Additionally, results from LCTA
gave a clear indication of which landscape elements may be inhibiting or facilitating
gene flow in these transects through agricultural land. We found that especially the
length of the transect through agricultural land decreased gene flow (i.e. positive
correlation between transect length and FST; Table 4), which is a logical result of the
sedentary character of the study species (Purse et al. 2003; Rouquette & Thompson
2007). The positive effect of stream density on gene flow (Table 4) can be expected for a
species that is highly dependent on water for its reproduction (Rouquette & Thompson
2005). Apart from transect length, the only other inhibitor of gene flow was the
Table 4. Significance and slope estimates of the regression coefficients of three models. For all
models pairwise FST values were the dependent variable. Transect width of 1000 m was maintained
from
for all three models. Reduced models were selected by taking the model with the highest
models with all possible combinations of explanatory variables. Explanatory variables that were not
used in a reduced model are indicated with a “‐“. Full models were fitted making use of all six
explanatory variables (Table 1). The first two models are fitted through maximum likelihood
population‐effect (MLPE) models, and the significance of the explanatory variables was determined
from t‐values. For these models, we display the , which is the correlation between two pairwise
distances involving a common deme. The first model is the reduced MLPE model from LCTA on
RS(mh = agriculture, sf = 15), which was the overall best fitting model. The second model is the full
MLPE model from LCTA on RS(mh = agriculture, sf = 15). Making use of the same explanatory
variables, the third model was fitted with multiple regression on distance matrices (MRDM), and
significance was tested with 10000 permutations of the dependent variable. Ns = non‐significant; * =
P < 0.05; ** = P < 0.01; *** = P < 0.001.
Specialization
factor (sf )

Migration
habitat
(mh )

Statistical method

15
15

Agriculture Reduced MLPE model
Agriculture Full MLPE model

15

Agriculture

Full MRDM model

Model fit

Intercept

Streams

= 0.810 ***
= 0.776 ***
2
R = 0.701 ***

39.5 ***
39.5 ***
39.5 ***

‐0.421 ***
‐0.412 ***
‐0.394 ***

Forest

0.081 ns
‐0.029 ns
‐0.006 ns

Residential

0.231 *
0.194 ns
0.188 ns

Roads

‐0.160 ns
‐0.156 ns
‐0.172 ns

Agriculture

‐
‐0.125 ns
‐0.089 ns

Transect
length

Within‐
deme
correlation
ρτ

0.7348 ***
0.7479 ***
0.752 ***

0.053
0.058
‐
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proportion of residential areas along the migration route through agricultural land.
If we had used effective distance analysis, the conclusions about the most
probable migration habitat would have been similar. Potential effective distances
through agricultural land were on average better explanatory variables for genetic
distances than Euclidean distance or potential effective distances through other
landscape elements (Fig. 3C). However, least‐cost and resistance distance analysis did
not result in any migration habitat that consistently produced models with high

,

which complicated the interpretation.
LCTA performed on resistance surfaces with a specialization factor of 3 suggested
that residential areas were the most likely migration habitat (Fig. 3A), which
demonstrates that it is also important to create resistance surface scenarios with a
range of specialization factors. For narrow transects of 16 m, we found a strong support
for streams to be the most probable migration habitat, albeit with a lower

than the

overall best performing model (Table 2). Many of the streams that C. mercuriale inhabits
in the study area are either unconnected or run, at least partially, through a forest.
Therefore, we presume agricultural land to be the most probable migration habitat of C.
mercuriale. Nevertheless, this discrepancy between the results of various transect
widths indicates how sensitive transect based approaches are to transect width. Perhaps
LCTA with multiple least‐cost interdeme paths would provide a more realistic indication
of where the main migration routes are located (McRae 2006; Pinto & Keitt 2009;
Rayfield et al. 2010). Average landscape composition from all transects, drawn along
each of the paths, would function as explanatory variables for the landscape genetics
analysis. Future research should determine if such a setup is less sensitive to transect
width and will provide a more explicit distinction between “non‐sense” migration
habitats and the “true” migration habitat.
LCTA can be seen as an extension to the landscape genetic method presented by
Spear et al. (2005). Between salamander populations, the authors created several
potential migration paths based on various migration hypotheses. The fit of models with
Euclidean distance as explanatory variable was compared to that of models with path
lengths and proportion of various landscape elements directly along these migration
paths as explanatory variables. Their model R2 increased from 0.337 to 0.828 (for the
best fitting model), respectively, which is similar to the increase observed in the present
study (increase in

from 0.384 to 0.810). This substantiates our recommendation to

use a variety of potential migration paths, whether they are straight‐line, least‐cost or
multiple shortest paths, as a means to shape transects, in which the landscape can be
quantified.
Binary habitat‐matrix resistance surfaces were used in this study. An inherent
assumption of least‐cost paths calculated on these surfaces is that organisms move in a
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straight line through a homogeneous matrix and do not alter their direction to avoid or
target certain landscape elements in the matrix. This is a criticized approach, because
empirical studies have shown that species react differently to different matrix elements
(Ricketts 2001; Prevedello & Vieira 2010). With LCTA, we accommodated for matrix
elements by calculating the proportion of all landscape elements in the transects. Spear
et al. (2010) criticized this approach because multiple landscape variables are taken into
account along a least‐cost path that itself is calculated on a binary resistance surface.
We acknowledge that the course of least‐cost paths used in LCTA may change if
resistance surfaces would represent a heterogeneous matrix. However, gene flow is a
two‐fold process of active migration decisions and passive events. A landscape element,
like a road or a city, can be actively avoided, in which case the focal species may seek a
route bypassing the element, whereby migration distance increases and other landscape
elements are encountered. The same landscape element can also passively impede gene
flow, by reducing the survival chances of an individual when crossing the landscape
element. In both cases, gene flow is negatively influenced by the landscape element,
whereas the movement paths and assigned resistance values would be quite different.
Moreover, it is important to consider that resistance surfaces should incorporate the
variables that a focal species would use to make a decision about its next movement
step (i.e. movement from one grid cell into one of the neighbouring grid cells).
Multivariate resistance surfaces would require the focal species to make full rational
decisions, where all possible landscape variables are weighed against each other, in
order to seek an optimal solution for its next movement step. However, there is growing
support among psychologists for the bounded rationality theory, which states that many
decisions are based on a very small set of variables, and are made to satisfy the needs of
an organism rather than to find an optimal solution (Gigerenzer & Goldstein 1996;
Srinivasan & Mukherjee 2010). Taking these considerations, and other difficulties
involved in translating species’ behaviour into resistance surfaces (Adriaensen et al.
2003; Driezen et al. 2007; Spear et al. 2010; Gillies et al. 2011), into account, we favour a
parsimonious landscape model in the form of simple binary habitat‐matrix resistance
surfaces.
The spatial and thematic resolution of resistance surfaces influences the
outcome of landscape genetic studies that use least‐cost paths (Cushman & Landguth
2010). Additionally, with LCTA the spatial and thematic resolution of the landscape in
the transects may influence the values of the explanatory landscape variables.
Compared to the proportion of a landscape element in the transect, other landscape
metrics may be less influenced by these resolutions (Wu 2004) and may even produce
interesting additional explanatory variables. A further point of consideration is that
transects between unique deme pairs may be spatially overlapping, whereby creating a
spatial dependency between these deme pairs (Holland et al. 2004). Also, the species’
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response to migration habitat and other landscape elements may show temporal and
spatial variations, caused by, for instance, the level of human disturbance (e.g.
Hebblewhite & Merrill 2008) or by functional responses, where the strength of the
behavioural response to a landscape element is proportional to the available amount of
that landscape element (Mysterud & Ims 1998). The above issues may influence the
results of LCTA and other landscape genetic methods and deserve more attention in
landscape genetic research (Anderson et al. 2010). Perhaps solutions may be presented
by studies on resource selection by animals (Gillies et al. 2006), in which many of these
issues have been addressed.
An advantage of the transect‐based approach is that multiple explanatory
variables are created, which are each ecologically interpretable (Emaresi et al. 2011). To
statistically analyse several explanatory variables, we apply a multiple regression
approach based on maximum likelihood population‐effects (MLPE) models (Clarke et al.
2002). The
value, estimated through residual maximum likelihood (REML), indicates
how strong the correlation is between pairwise distances involving a common deme. A
high
value (maximum
value is 0.5) indicates the need to take the correlated
structure of the data into account when fitting regression models (Clarke et al. 2002).
For all 26 LCTA reduced MLPE models with a transect width of 1000 m, we found an
average = 0.183 (data not shown), which indicates a high correlated structure within
demes and compels the use of MLPE models. As expected with such high
values, we
found (small) differences in slope coefficient estimates between full MLPE and MRDM
models (Table 4; as in Clarke et al. 2002). However, for the reduced MLPE model with
the highest

we found

= 0.053 (Table 4). Apparently most of the variance in the

latter model was explained by the between‐deme landscape effects, and the within‐
deme correlation was limited.
Few studies have focused on developing statistical tests for model selection in
mixed effect models estimated through REML (Gurka 2006; Edwards et al. 2008; Orelien
& Edwards 2008). Here we used the

statistic for model selection (Edwards et al.

2008). This statistic has proven to be able to select the most parsimonious model
(Orelien & Edwards 2008). We found that model selection based on

was an effective

tool to remove overly correlated (i.e. Spearman ρ > 0.7) explanatory variables from the
model (Table 3). An additional advantage of this statistic is that partial‐

values can

easily be calculated (Edwards et al. 2008). As in Edwards et al. (2008) we observed that
the reduced model with the highest

contained non‐significant explanatory variables

(Table 4). The inclusion of (non‐significant) explanatory variables can result in a decrease
of the total variance estimate by REML, which can increase the

estimate. However,

we are not aware of any guidelines to determine how much increase in statistical
support for a certain model is associated to a certain increase in
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AIC‐weights; Burnham & Anderson 2002). We stress that further research is needed to
determine whether this approach to variable selection is optimally suited for landscape
genetic purposes, especially in combination with the covariate structure associated with
the MLPE method.
Information criteria like AIC are commonly used for variable selection in
landscape genetics (e.g. Yang 2004; Spear et al. 2005; Pavlacky et al. 2009; Goldberg &
Waits 2010; Meeuwig et al. 2010; Selkoe et al. 2010; Emaresi et al. 2011). However, in
contrast to AIC values from simple linear regression or mixed models estimated with
maximum‐likelihood, AIC calculated from REML in linear mixed models is not
recommended for comparing models with different fixed effects (Verbeke &
Molenberghs 2000; Orelien & Edwards 2008), although this is not always clearly stated
in software documentation (Gurka 2006). When slope and intercept are estimated with
ordinary least squares (e.g. MRDM), model selection with AIC is also prone to be biased
by the non‐independence of pairwise distances (Goldberg & Waits 2010). The AIC
difference compared to the model with the lowest AIC determines the relative statistical
support for a certain model. This difference can be inflated if observations are falsely
assumed to be independent (Burnham & Anderson 2002), thereby leading to overly
strong support for the model with the lower AIC. Also, because the true number of
degrees of freedom (df) is unknown in distance matrices (Legendre & Fortin 1989),
measures that correct for small sample size may be biased. For instance, no valid
method has yet been proposed to calculate adjusted‐R2 of a regression on distance
matrices (Legendre & Fortin 2010). We assume that this is also the case for AIC values
adjusted for small sample size (AICc). To be able to use AIC for model selection in
landscape genetics, Goldberg and Waits (2010) proposed to remove non‐independent
demes from the dataset. They removed a deme if its average genetic distance rate
(genetic distance/Euclidean distance) between neighbouring demes (determined from
Delaunay triangulation), was significantly different to a null distribution of rates created
by 10000 bootstrap samples from all deme pairs. A disadvantage of this approach is that
not all pairwise distances can be used in the analysis (i.e. only the demes connected
through Delaunay triangulation). Furthermore, we argue that a significant difference in
genetic distance rates, between a random sample and a deme and its neighbours, may
actually be indicative of this deme being extraordinarily isolated from its neighbours.
Removing this deme from the analysis could reduce the knowledge gained from the
study. As yet, we believe there is no completely unbiased AIC model selection method
available for multiple regression in landscape genetics (either through MLPE or MDRM
models).
Several authors have underlined the need for robust model selection techniques
in landscape genetics (Selkoe et al. 2010; Emaresi et al. 2011). Here we apply a new
approach to variable selection in landscape genetics. We believe that the use of mixed
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effect models, with an appropriate covariance structure, can account for the non‐
independence of values in distance matrices and that

statistics may be appropriate

for variable selection in such models. The within‐deme correlation
can be used as a
measure to determine the necessity to account for the non‐independence in distance
matrices when fitting the regression model. We acknowledge, however, that these
methods require more stringent testing with empirical and simulated data before
becoming standard landscape genetic methods. Furthermore, we show that LCTA is a
powerful and easily interpretable landscape genetic approach. In the empirical example
dataset, a certain migration habitat was consistently selected as the most probable
migration habitat for the focal species, which was not the case with least‐cost or
resistance distance analysis. Further research should be carried out to determine if these
findings are consistent in other species. We strongly advocate the use of transect based
approaches in landscape genetics, as a separate explanatory variable is calculated for
each landscape element, which greatly facilitates ecological interpretation.
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Abstract
In landscape genetics isolation‐by‐distance (IBD) is regarded as a baseline pattern that
will be obtained without any effect of landscape on gene flow. However, the
configuration of suitable habitat patches determines the population topology, which in
turn should affect rates of gene flow. To study the effect of habitat configuration on IBD,
we have set up a population genetic simulation study and assessed the development of
IBD patterns for several habitat configurations and maximum migration distances. We
found that all resulting IBD patterns can be characterised by either monotonically
increasing pairwise genetic differentiation (FST) with increasing interpopulation
geographic distance (case‐I) or by a monotonic increase of FST values up to a certain
geographical distance beyond which no correlation was detectable anymore (case‐IV).
We showed that the rate and likelihood of the appearance of a case‐I or a case‐IV FST‐
distance relationships were strongly determined by habitat configuration and maximum
migration distance and that IBD patterns could best be assessed in landscape genetics by
determining, from subsets of population pairs, the maximum FST‐distance correlation,
which also happened to be a good estimator of maximum migration distance. We
discuss effects of population topology on rates of gene flow and consequences thereof
for landscape genetic analysis.

Introduction
Ever since Wright (1943) described isolation‐by‐distance (IBD), patterns of spatial
genetic structure have been extensively studied with population genetic simulation
models (Epperson 2003; Epperson et al. 2010) and in natural (meta)populations (Crispo
& Hendry 2005; Jenkins et al. 2010; Storfer et al. 2010). In most of these studies,
migration probability is a function of Euclidean (i.e. geographic straight‐line) distance.
Recently, landscape genetic studies have incorporated more complex landscape
measures than Euclidean distance aiming to give a more realistic estimate of the
effective distance between populations (Holderegger & Wagner 2006). In general, the
variation in estimates of pairwise genetic distances explained by these effective
distances is compared to that explained by Euclidean distances alone (i.e. the level of
IBD). The latter is regarded as the most simple landscape model that would be obtained
if there were no landscape effect and migration was only constrained by distance
between populations (Spear et al. 2005; Balkenhol et al. 2009; Jenkins et al. 2010). This
notion may have originated from the very many spatially explicit simulation studies of
IBD patterns, in which populations or individuals are placed in a regular lattice
throughout a homogeneous space (Guillot et al. 2009; Epperson et al. 2010). Indeed,
distance‐constrained migration in such models will produce IBD patterns that have not
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been influenced by any landscape effects. However, a heterogeneous landscape will not
only affect migration probabilities between populations, but also the spatial
arrangement of the populations (i.e. population topology). Only very few studies have
examined the latter effect on patterns of IBD. Probably the most comprehensive study in
this direction is from Doligez et al. (1998), who concluded that strong spatial clumping of
individuals leads to slight increases in spatial genetic autocorrelation. Also, for instance,
Ezard and Travis (2006) found fixation time to be greater in long, narrow habitats. These
simulation studies make it evident that the spatial arrangement of habitat patches will
have an influence on genetic patterns in general and IBD patterns in specific. The first
goal (i) of the present study therefore was to assess to what degree habitat
configuration influences IBD patterns.
Whereas IBD patterns in genetic simulation studies are usually assessed by
examining the development of Moran’s I‐statistic for various distance classes (e.g. Sokal
& Wartenberg 1983; Doligez et al. 1998; Epperson 2003; 2005), landscape genetic
studies mostly measure the level of IBD by quantifying the linear correlation between
genetic (e.g. FST) and Euclidean distances from all population pairs in a dataset (e.g.
Crispo & Hendry 2005; Balkenhol et al. 2009; Jenkins et al. 2010). This discrepancy in IBD
recognition may prevent a direct application of simulation results to landscape genetic
theory. We know, for instance, that the lag distance at which IBD becomes undetectable
(i.e. the X‐intercept of a Moran’s I correlogram) has been associated with the
neighbourhood size (Sokal & Wartenberg 1983). Furthermore, Epperson (2005) showed
that the Moran’s I‐statistic of the first distance class is a good indicator for the
neighbourhood size. Neighbourhood size is comparable to the maximum migration
distance and we, thus, expect that this distance may also have an important effect on
FST‐distance correlations measured in landscape genetic studies and is, therefore, the
second variable under consideration in this study. We are specifically interested in (ii)
whether the lag distance at which the FST‐distance correlation becomes undetectable in
case‐IV relationships is associated to the maximum migration distance.
The reigning theory about IBD patterns is that FST‐distance correlations decrease
smoothly with increasing Euclidean distance (i.e. correlations between FST and Euclidean
distance are stronger at shorter distances and weaker at larger distances; Epperson
2003). Accordingly, Rousset (1997) suggested to assess IBD patterns in two dimensional
landscapes with linear correlations between pairwise FST values and the logarithm of
pairwise Euclidean distances from all population pairs. However, Hutchison and
Templeton (1999) described hypothetical and empirical IBD patterns and showed that
an FST‐distance relationship is not always of the “case‐I” type, which is characterised by
monotonically increasing pairwise FST values with increasing interpopulation distance
due to an equilibrium of gene flow and random genetic drift (Fig. 1; Hutchison &
Templeton 1999). Namely, beyond certain interpopulation distances the rate of gene
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flow can be so limited compared to genetic drift that there is no detectable FST‐distance
correlation anymore. The corresponding “case‐IV” type FST‐distance relationship is
characterised by monotonically increasing FST values up to a certain distance, beyond
which the plot abruptly flattens out and FST values cease to increase (Fig. 1; Hutchison &
Templeton 1999). Because Hutchison and Templeton’s example plots and description of
potential FST‐distance relationships present a clear and intuitive reference study, we
adopt their “case‐I” and “case‐IV” terminology in the present study to refer to these
specific IBD patterns (Fig. 1).
Several studies have confirmed case‐IV IBD patterns in empirical genetic datasets
(e.g. Hänfling & Weetman 2006; Mullen et al. 2010). In such cases, assessing IBD
patterns with the FST‐distance correlation calculated from all populations pairs may give
biased estimates of the level of IBD, as illustrated by Hutchison and Templeton (1999).
Indeed some current landscape genetic studies have restricted their analyses to only
those population pairs that were located within a certain distance from one another
(e.g. Angelone et al. 2011), albeit with little theoretical support. For the discipline of
landscape genetics it is, therefore, of fundamental importance to determine which
conditions can give rise to a case‐I or a case‐IV IBD patterns. Hence, we specifically focus
on the effect of habitat configuration on the appearance of these two types of IBD
pattern. Hutchison and Templeton (1999) described the case‐IV type of FST‐distance
relationship as a transitional phase between a state of panmixia and a case‐I state.
Therefore, we also examine (iii) the development of these IBD patterns over time.
To address the above three main issues we set up an agent‐based population
genetic simulation model. For various habitat configurations and maximum migration
distances we examined the development of IBD patterns and determined whether these

Fig. 1. Two hypothetical FST‐distance relationships modified from Hutchison and Templeton
(1999). The case‐I relationship (left) is characterized by a monotonically increasing FST and
scatter with interpopulation Euclidean distance. The same can be observed in a case‐IV
relationship (right) up to a certain Euclidean distance, after which no relationship between FST
and interpopulation distance is detectable anymore.
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patterns could best be described as case‐I or case‐IV FST‐distance relationships. We
illustrate the importance of differentiation between these two types of relationships
before determining the level of IBD. In contrast to the many population genetic
simulation studies that have focussed on IBD patterns from a theoretical point of view
(Epperson 2003; Epperson et al. 2010), we have specifically designed a simulation model
that accommodated current landscape genetic practice (Balkenhol et al. 2009; Jenkins et
al. 2010; Storfer et al. 2010), so that our results can easily be incorporated in future
landscape genetic studies. Hence, we do not assess IBD patterns with Moran’s I
correlograms, as is common in population genetics (Epperson 2003), but use linear
correlations between FST and Euclidean distance instead, as is done in landscape
genetics (Jenkins et al. 2010). We also abandon the regular lattice setup of populations
or individuals, common in population genetic simulation studies (Doligez et al. 1998;
Epperson et al. 2010) and use habitat and population configurations that better reflect
study systems used in landscape genetics.

Methods
We developed a stochastic agent‐based numerical model to simulate genetic
differentiation between populations that were placed in the habitat cells of two‐
dimensional landscape grids. Diploid individuals (agents) were allowed to migrate
between populations. Migration probabilities between populations were drawn from
normal migration functions (see below). After a certain number of non‐overlapping
migration‐reproduction cycles, we extracted matrices of pairwise FST and Euclidean
distances, which were post‐processed to determine the type of IBD pattern. We chose
to structure our individuals in discrete populations opposed to a more continuous
distribution of individuals throughout the landscape (Guillot et al. 2009; Epperson et al.
2010), because in more than 80 % of landscape genetic studies individuals were sampled
from demes or populations and, subsequently, interpopulation genetic differentiation
was determined (Storfer et al. 2010). We anticipate that this indicates that most
landscape genetic studies focus on species that occur in discrete populations. Mutation
and selection were not considered as sources of genetic variation. The numerical code,
named Concordia, was written in MATLAB ® 7.11.0 (The MathWorks Inc., Natick, USA)
and is available online (Dryad data repository)
In order to create different configurations of habitats, we generated neutral
landscapes, which are frequently used in landscape ecology to test hypotheses about
habitat configuration and fragmentation on ecological processes (Gardner & Urban
2007). Recently, neutral landscapes have also been used in landscape genetics (e.g.
Ezard & Travis 2006). With the program QRULE 4.2 (Gardner & Urban 2007), we
generated five binary habitat‐matrix landscapes of 128 x 128 cells, of which 50 % were
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classified as habitat and 50 % as matrix (± max. 0.51 %; Fig. 2). This resulted in
landscapes with approximately 8192 habitat cells. The level of habitat fragmentation
was the same between all landscapes (H = 0.5; next nearest neighbourhood rule).
Distance units in the present study were expressed in the number of cells on the
landscape grid.
At the beginning of each simulation, we randomly placed 100 equally sized (i.e.
50 individuals) populations in the centre of habitat cells of a neutral landscape. The
density of populations within habitat and within the total landscape was equal in all
simulations. The locations of populations remained constant during the course of a
simulation. We chose to randomly place populations within habitat, because we wanted
to determine if certain habitat configurations consistently produced a certain type of
IBD, regardless of the random population topology. Furthermore, natural populations
may be bound to a certain habitat type (e.g. forests, grasslands, wetlands), but within
these habitats exhibit a non‐regular population topology due to, for instance,
microclimatic heterogeneity (Corney et al. 2004), competition (Meineri et al. 2012) or
stochastic processes (Hubbell 2001). Each population consisted of 50 diploid individuals,
which were characterized by their genotypes at one neutral bi‐allelic locus. At the

Landscape A

Landscape B

Landscape C
= Habitat
= Matrix

Landscape D

Landscape E

Fig. 2. The five neutral landscapes that were used in the present population genetic simulation
study. Simulated populations were randomly placed in habitat cells. As an example we show a
random topology of 100 populations in landscape A (black cells represent populations). All
landscapes have 50% habitat and 50 % matrix (± max. 0.51 %), the same level of fragmentation
(H = 0.5) and dimensions of 128 x 128 cells.
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beginning of a simulation, genotypes were defined by randomly allocating 2 out of 10
alleles to each individual’s locus, simulating an initial state of panmixia.
The first step in each migration‐reproduction cycle was the migration of
individuals from their natal population to populations located within migration range.
For a broad range of species, mark‐recapture or trapping studies have shown that a
large proportion of individuals is sedentary (or philopatric) and will not disperse far from
its location of birth, while a smaller group of individuals is rather vagile and migrates
much further from the natal location (Paradis et al. 1998; Chapman et al. 2011). We
simulated such migration behaviour by, at the beginning of each migration‐reproduction
cycle, selecting individuals that would leave their natal population. Each individual had a
probability of 0.2 of being selected, so that, on average 20 % of population members
emigrated from their natal population. The remaining approximately 80 % were
sedentary individuals, which remained in their natal population and became, together
with new immigrants, the parents for the next generation. Each migrating individual had
a certain probability to reach other populations, dictated by a Gaussian probability
distribution function, which determined the migration probability over a certain
Euclidean distance. As we implemented no difference between migration probabilities
through habitat or matrix, migration between populations was purely a function of the
Euclidean distance. The sum of the probabilities of migration from a natal population to
other populations could be lower than 1, meaning that some migrants never reached a
new population. These migrants were removed from the simulation before
reproduction. For every random population topology, we also checked that the sum of
the probabilities of migration from a natal population to other populations never
exceeded 1. Note that by applying this two‐phase approach of first selecting migrants
and only then selecting their destinations, we ensured both a statistically stable
emigration rate for all populations and an immigration probability that was only dictated
by a distance dependent migration function. The variance of the Gaussian migration
function was changed to simulate several maximum migration distances, which we
defined as the distance at which probability of migration equalled 0.0001. We
experimented with variances of 15, 40, 110 and 200, resulting in maximum migration
distances (MMD) of 14.4, 22.7, 36.1 and 47.4 distance units. We only used Gaussian
migration functions, as it has been shown that the shape of the migration function has
relatively little affect on IBD patterns (Lande 1991).
After the migration step, random mating took place in each population. Within
populations each individual was randomly paired with another individual to form mating
pairs that produced 10 diploid offspring. In case of an uneven number of population
members (resulting from an uneven number of emigrants and immigrants), one random
individual did not mate. Mating was thus sexual, in the sense that it was always between
two individuals, resulting in Mendelian inheritance. From all the offspring in a
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population, 50 individuals were randomly drawn to reach maturity and form the next
generation of parents, thereby maintaining a constant population size at the beginning
of each cycle. At this point the end of a migration‐reproduction cycle was reached and
the next cycle started. Each simulation was stopped after 500 cycles.
For each combination of the five landscapes and the four MMD values, we
performed 50 replicated simulations (i.e. 50 times a new random topology of 100
populations followed by 500 migration‐reproduction cycles). For each simulation we
analysed the genetic differentiation between populations after 50 and 500 migration‐
reproduction cycles (i.e. generations). Genetic differentiation was quantified by FST
values, as they are the most frequently used estimates of genetic distance in landscape
genetics (Jenkins et al. 2010; Storfer et al. 2010). Multi‐allelic pairwise FST values were
calculated following Nei (1977).
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Subsequently, we determined the type of FST‐distance correlation (i.e. case‐I or
case‐IV) with a novel approach, in which we created groups of population pairs and
determine the FST‐distance correlations for each group. These groups were defined by
selecting all population pairs that were separated by 0 to α distance units. α was
increased from 1.81 to 181 distance units in intervals of 1.8 (i.e. 99 values of α). An α of
181 represented the full diagonal length of the landscape, which resulted in all
population pairs being selected. In order to prevent biased correlation estimates due to
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Fig. 3. Demonstration of how the distance of maximum FST‐distance correlation (DMC) was
calculated. From plots of pairwise genetic (FST) and Euclidean distances, we selected population
pairs with an interpopulation distance up to a maximum distance α. For each selection of
population pairs, we then calculated Pearson correlation coefficients between Euclidean
distance and FST. Correlation trendlines belonging to different α values are shown in black. In the
table, we show the correlation coefficients calculated for a series of α values. In the present
example, DMC would be 25, as this α value resulted in the highest FST‐distance correlation (i.e.
Pearson correlation = 0.45).
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small sample size (Montgomery & Morrison 1973), we only considered α values that
resulted in groups of 50 or more population pairs. We determined the value of α at
which the linear Pearson correlation between FST and Euclidean distance was maximized
and referred to this α as the distance of maximum correlation (DMC; Fig. 3). The Mantel
r, which is predominantly used to quantify the FST‐distance correlation in landscape
genetics (Storfer et al. 2010), is calculated as the Pearson correlation coefficient
(Legendre & Legendre 1998). We decided to linearly correlate FST to untransformed
Euclidean distance, because the recommendation to use log‐transformed distances
depends on the shape of the habitat (Rousset 1997). The post‐processing of FST values
was preformed in R (R Development Core Team 2012).
The distribution of DMC values were displayed as bean plots (Kampstra 2008),
which are analogous to mirrored, smoothed vertical histograms. These plots proved to
be suitable for determining whether an FST‐distance correlation was of case‐I or case‐IV
type (see “Results” section). Furthermore, we displayed the maximum FST‐distance
correlation (i.e. correlation at DMC) in relation to the correlation that was obtained
across all population pairs.

Results
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The five neutral landscapes generated were labelled A to E (Fig. 2). The configuration of
the habitat was different between these landscapes, as reflected by the differences in
mean Euclidean distance between the 100 randomly placed populations in habitat (Fig.
4). The distribution of mean distances was largely overlapping between landscape B and
C as well as D and E.
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Fig. 4. Box plots showing mean pairwise Euclidean distances between 100 populations randomly
placed in the habitat of five neutral landscapes (Fig. 2). Each box plot shows the range of these
mean distances from 50 random population topologies.

63

Chapter 3
The interpopulation distance at which the FST‐distance correlation was maximized
(DMC) was measured at generation 50 and 500 for each simulation (Fig. 5). Examining
the distributions of these DMC values, we distinguished two types of unimodal

Fig. 5. Bean plots showing the distance of maximum FST‐distance correlation (DMC) for five
different neutral landscapes (Fig. 2) and a range of maximum migration distances (MMD) at
generations 50 (A, C, E, G) and 500 (B, D, F, H). The length of the black lines in the bean plot
indicates the number of times a certain DMC was scored from the 50 random topologies of 100
populations. Similarly, the grey areas of the bean plot show the smoothed frequency
distributions of observations at different DMC values, analogous to a mirrored histogram. The
dashed lines indicate the MMD, at which the migration probability from a Gaussian migration
function with a certain variance equaled 0.0001. We tested four MMDs: 14.4 (A, B), 22.7 (C, D),
36.1 (E, F) and 47.4 (G, H). A peak in the DMC distribution just below or above the MMD
indicated a case‐IV FST‐distance relationship (e.g. Fig. 6A; Hutchison & Templeton 1999), while a
peak in the DMC distribution between 140 and 170 distance units indicates a case‐I relationship
(e.g. Fig. 6B; Hutchison & Templeton 1999).
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distributions. First we observed a unimodal distribution with a peak of DMC values just
below (Fig. 5A, C) or slightly above (e.g. Fig. 5B and landscapes D and E in Fig. 5D) MMD.
Second, there was a unimodal distribution with a peak of DMC located somewhere
between 140 and 170 distance units (e.g. landscapes A, B and C in Fig. 5F, G, H). In cases
where there was a bimodal distribution of DMC values, some of the random population
topologies resulted in DMC values that fell within the value range of the first unimodal
distribution, while others fell within the value range of the second unimodal distribution
(e.g. landscapes A, B and C in Fig. 5D, E).
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To examine what kind of FST‐distance plot resulted in the two unimodal
distributions of DMC values, we created such plots for landscape E and A at generation
500 and an MMD of 36.1 (Fig. 5F). We regarded the former as characteristic for the first
type of unimodal distribution and the latter as characteristic for the second type. The
plots were created by averaging the median and lower and upper bounds of the scatter
of FST‐distance plots from 50 random topologies of 100 populations (Fig. 6). The first
type of DMC distributions resulted in a monotonic increase of FST and scatter up to a
certain Euclidean distance, beyond which the plot flattened out and lost its correlated
character (Fig. 6A). The distance at which the plot flattened coincided with the peak of
the first type of DMC distribution (i.e. at approximately 65 distance units; Fig. 5F, 6A).
We referred to this FST‐distance relationship as a case‐IV type corresponding to
Hutchison and Templeton (1999). The second type of DMC distribution resulted in
monotonically increasing FST values and scatter with increasing Euclidean distance up to
the maximum (diagonal) length of the study area (i.e. between 128 and 180 distance
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Fig. 6. Two examples of genetic and Euclidean distance plots obtained after 500 generations.
The displayed median (black line) and lower and upper bounds of the scatter (gray area) of the
FST values are the result of averaging the median and lower and upper bounds of FST ‐distance
plots from 50 random topologies of 100 populations. The dashed line indicates the median
distance of maximum FST‐distance correlation (i.e. the peak of the DMC distribution; Fig. 5). Both
plots are based on the results of simulations that used a maximum migration distance of 36.1
(Fig. 5F). The left plot (A) gives the results of the simulations on landscape E (Fig. 2) and is similar
to the case‐IV FST ‐distance relationship from Hutchison and Templeton (1999; Fig. 1). The right
plot (B) presents the results of simulations on landscape A (Fig. 2) and represents the case‐I FST ‐
distance relationship from Hutchison and Templeton (1999; Fig. 1). Relatively few population

65

Chapter 3
units; Fig. 6B). We termed this type of FST‐distance relationship a case‐I type following
Hutchison and Templeton (1999).
The configuration of the habitat in the landscape had a strong effect on the type
of IBD pattern (i.e. case‐I or case‐IV). In some landscapes, the interplay between MMD
and the habitat configuration resulted in FST‐distance relationships that could be
exclusively assigned to either case‐I or case‐IV. For instance, with MMD = 36.1 the
random population topology in habitat of landscape A produced mainly case‐I FST‐
distance relationships at both generation 50 and 500, while the random population
topology in habitat of landscape E resulted in predominantly case‐IV relationships for
generations 50 and 500 (Fig. 5E, F). However, for some combinations of MMD and
landscape, the random population topology within habitat resulted in both case‐I and
case‐IV relationships (landscapes B and C in Fig. 5D, E), which indicated that not only
habitat configuration, but also the population topology in the habitat had an effect on
IBD patterns. Landscapes in which mean Euclidean distance between all population pairs
was similar (i.e. landscapes B and C and D and E; Fig. 4) also showed similar patterns of
DMC distributions (Fig. 5). An exception were the differences in DMC distributions of
landscape D and E for MMD = 36.1 at generation 500 (Fig. 5F) and MMD = 47.4 at
generation 50 (Fig. 5G).
MMD had a clear effect on the rate at which case‐I FST‐distance relationships
appeared for certain landscapes. For instance, for landscape A, there were hardly any
simulations that resulted in case‐I relationships at generation 50 with MMD = 14.4 or
MMD = 22.7 (Fig. 5A, C), but practically all FST‐distance relationships were of case‐I type
at generation 50 with MMD = 36.1 or MMD = 47.4 (Fig. 5E, G). The distance at which the
FST‐distance plot flattened out in case‐IV relationships (i.e. peak of the DMC distribution)
could not be well predicted from MMD. In some cases the peak of the DMC distribution
was below the MMD (e.g. Fig. 5A, C), while in other cases this peak was located at some
distance above the MMD (e.g. landscapes D and E in Fig. 5B, D, E). Also, the difference in
distance between the MMD and the peak of the DMC distribution at a certain
generation differed between landscapes with similar mean Euclidean distances between
populations (e.g. landscapes B and C as well as D and E in Fig. 5D). Furthermore, for
case‐I relationships the FST values kept on monotonically increasing far beyond the MMD
(e.g. Landscapes A, B and C in Fig. 5H).
We observed that case‐IV FST‐distance relationships at generation 50 either
evolved to a case‐I relationship over time or remained in a case‐IV state for more than
500 generations. A stable case‐IV state could be observed for a short MMD of 14.4,
where the vast majority of simulations resulted in case‐IV FST‐distance relationships at
generations 50 and 500 (Fig. 5A, B). Also at MMD of 36.1, we observed that the FST‐
distance plot resulting from landscape E resembled a case‐IV at generation 50 and
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remained to do so at generation 500. The distance at which the case‐IV plot flattened
(i.e. peak of the distribution of DMC values) only slightly increased between generations
50 and 500 (Fig. 5E, F). A case‐IV changing to a case‐I relationship could be observed in
the DMC distribution of landscape A at MMD = 22.7. At generation 50, the vast majority
of FST‐distance relationships were of case‐IV type, while at generation 500, most had
changed to a case‐I type (Fig. 5C, D).
The FST‐distance correlation coefficients calculated for all population pairs were
different from the maximum correlation coefficients (i.e. the correlation at DMC; Fig. 7),

Fig. 7. Box plots showing Pearson correlation coefficient between genetic and Euclidean
distances measured at the distance of maximum FST‐distance correlation (DMC; gray plots) and
across all population pairs (white plots) for each of the 50 random population topologies. Both
plots are depicted for five different neutral landscapes (Fig. 2) and a range of maximum
migration distances (increasing from top to bottom) at generation 50 (A, C, E, G) and 500 (B, D,
F, H). The DMC for the same simulations is shown in Fig. 5.
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especially for the simulation settings that resulted in case‐IV FST‐distance relationships
(Fig. 6). For these relationships, negative FST‐distance correlations were measured
between all population pairs for some MMD and landscapes, while the maximum
correlation was always positive (e.g. Fig. 7A, C). We found that landscapes with a higher
mean Euclidean distance between populations (i.e. landscape D and E; Fig. 4), on
average had a lower FST‐distance correlation when measured over all population pairs
(Fig. 7B). Noteworthy, the range of maximum FST‐distance correlation coefficients for a
certain MMD at a certain generation showed a strong overlap between landscapes,
regardless of the type of FST‐distance relationship (Fig. 7). For instance, at generation
500 and MMD = 36.1, all landscapes had similar ranges of maximum correlations (Fig.
7F), while FST‐distance relationships were characterised by case‐I in landscape A and
case‐IV in landscape E (Fig. 5F).
The median maximum correlation decreased slightly with increasing MMD (Fig.
7). Therefore, we also performed a linear regression with the maximum correlation (MC)
as a function of the ln(MMD). This regression was performed on the MC calculations
from all landscapes at generation 500. For this regression we tested an expanded set of
MMDs (i.e. 5.7, 8.7, 12.0, 14.4, 16.5, 19.9, 22.7, 25.1, 29.3, 32.9, 36.1 and 47.4). The
following model was estimated
MC = 0.93 ‐ 0.15*ln(MMD),
where both slope and intercept were highly significant (P < 0.001) and the overall model
fit was rather high (R2 = 0.68). However, we also found that maximum correlations were
on average lower after 50 generations than after 500 generations (Fig. 7).
There was a decrease in average FST values with increasing MMD at both
generation 50 and 500. For a certain MMD and generation, the ranges of average FST
values were largely overlapping between landscapes (see Supporting information).

Discussion
The results of the present simulation study showed that habitat configuration has a clear
influence on patterns of IBD. The rate and likelihood of the appearance of a case‐I or a
case‐IV FST‐distance relationships (Hutchison & Templeton 1999) clearly differed
between different landscapes with the same amount of habitat and the same degree of
fragmentation and was, thus, affected by the habitat configuration. The maximum
migration distance was important for the rate at which case‐I relationships appeared,
but was not a reliable estimator of the distance at which an FST‐distance plot flattened
(i.e. DMC). However, the natural logarithm of the maximum migration distance was a
good explanatory variable for the maximum FST‐distance correlation (i.e. correlation at
DMC). Estimation of the level of IBD by assessing the FST‐distance correlation across all
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population pairs, as is common practice in landscape genetics, could lead to misleading
results. In some situations, we found FST‐distance correlations to be absent when
calculated over all populations, while the maximum correlation calculated over closely
located populations was clearly positive. The lack of FST‐distance correlation can be
interpreted as either a state of panmixia or a complete lack of gene flow between
populations (case‐II and case‐III, respectively, in Hutchison & Templeton 1999). Neither
of which was true in our simulation studies. Whether populations exhibit an IBD pattern
(case‐I or case‐IV), are in a state of panmixia or completely isolated, is important
information for species conservation. For landscape geneticists that use the FST‐distance
correlation as a baseline value, against which the effects of landscape elements on gene
flow are measured, it is important to get an accurate estimation of this correlation.
Hutchison and Templeton (1999) described the case‐IV situation as a transitional
state between a situation of total panmixia and a case‐I situation (Fig. 1), and stated that
“given sufficient time and stability of conditions, the case‐IV pattern should come to
resemble more and more a case‐I pattern of isolation‐by‐distance across the region”.
We can confirm that a case‐IV pattern can be an intermediate state between panmixia
(i.e. our initial condition in the simulations) and a case‐I pattern. However, we also found
situations in which the case‐IV patterns appeared to be in a fairly stable state that is still
apparent after 500 generations, especially with relatively short maximum migration
distances. Perhaps, for these cases, it will take many more generations before case‐IV
relationships change to a case‐I, but we can conclude that in the natural world, where
environmental conditions are rarely stable for more than 500 generations, a case‐IV
pattern can be either a rapidly changing transitional state or a fairly stable equilibrium
condition.
We found the maximum correlation, as calculated in our study, to be a good
estimator of the maximum migration distance at a certain generation. Similarly,
Epperson (2005) found that the Moran’s I‐statistic calculated on the first distance class
was a good predictor for neighbourhood size. Their model fit, however, was only high
(R2 = 0.92) for relatively short migration ranges (Epperson 2005). Therefore, we suspect
that our lower model fit (R2 = 0.68) can be explained by the inclusion of several large
maximum migration distances. However, as with Epperson’s formula, we found that the
regression is only valid for a certain generation and that for lower generations the
maximum migration distance will probably be overestimated due to a positive
correlation between the number of generations and maximum correlation. More
stringent simulation and empirical testing should determine if the maximum correlation
is in fact a good estimator of maximum migration distance.
Jenkins et al. (2010) carried out a meta‐analysis of FST‐distance correlations from
240 empirical studies and measured the fit of this correlation (in terms of R2). They
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found an average R2 = 0.22 and a negative correlation between R2‐values and the
number of analysed populations. We can confirm these findings, as we found, from all
simulations at generation 500, an average maximum correlation r = 0.44 (data not
shown), which would result in a linear regression R2 = 0.20. Likewise, the correlation
calculated across all populations (r = 0.31; data not shown) was equivalent to R2 = 0.10.
Our average R2‐values were calculated from 100 populations, and are, thus, expected to
be lower than Jenkins’ average, which was calculated form an average of 11 populations
per study. Whereas Jenkins et al. (2010) put forward that these values are rather low,
we expect that FST‐distance correlations are naturally low, because of the generally great
amount of scatter in FST‐distance plots (Fig. 6).
Following Rousset (1997), many population or landscape genetic studies
calculate linear FST‐distance correlations in two‐dimensional landscapes by transforming
the FST values into FST /(1‐ FST)) and log‐transforming Euclidean distance. Theoretically,
these transformations should produce close to linear correlations also on finite
population models, as used here. However, from visual inspection of the averaged case‐I
FST‐distance plots (Fig. 6B), we found that a linear correlation between untransformed
FST values and Euclidean distances may also be appropriate. In fact, we observed a
slightly increasing slope of median FST values at larger Euclidean distances. We expect
that this increase may have been caused by some populations that were randomly
placed in relatively isolated habitat patches or near the edge of the study area. In our
simulation model these populations got relatively few immigrants from surrounding
populations, which probably caused their allele frequencies to be stronger affected by
genetic drift. This may in turn lead to higher genetic differentiation between these and
other populations. This peripheral population effect has also been documented for
many natural (meta)populations (Eckert et al. 2008). This effect will not be detectable in
population genetic simulation models that use toroidal landscape grids, where the top
and bottom as well as the two sides are connected (e.g. Doligez et al. 1998) and perhaps
also not in those that use a regular lattice setup of finite populations where there are no
very isolated populations.
Our simulation results suggest that patterns of IBD (i.e. case‐IV or case‐I) are the
result of an interplay between maximum migration distance, the positioning of
populations relative to each other (i.e. population topology) and the evolution over
time. In our simulations, population topology was partly dictated by the configuration of
the habitat in each of the considered landscapes and partly by the random population
topology within the habitat. However, for some maximum migration distances, some
habitat configurations consistently produced case‐I or case‐IV FST‐distance relationships
for each simulation. Although the density of populations in the total landscape and in
the habitat was equal in all of our landscapes (i.e. 100 populations in landscapes with 50
% habitat), we found that habitat configurations with similar mean pairwise distances
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between populations also produced similar FST‐distance relationships. The mean
pairwise distance between populations was a result of the level of population clustering.
In landscape A, there was a large central area of habitat, surrounded by matrix, while in
landscapes D and E, the habitat was distributed around a central patch of matrix (Fig. 2).
Thus in landscape A, most populations were clustered together in the central habitat,
while in landscapes D and E, most populations were scattered on the periphery of the
study area. Doligez et al. (1998) found that, compared to a uniform distribution of
populations, increased spatial clumping of populations leads to an increase in Moran’s I‐
statistic. Likewise, we found that the FST‐distance correlation measured over all
population pairs was higher if populations were more clustered.
We illustrate how population clustering affects gene flow rates and how an initial
state of panmixia changes to a case‐I (Fig. 6B) or to a case‐IV state (Fig. 6A) with two
hypothetical population topologies (Fig. 8). In both situations, the total area of habitat
occupied by each population is equal and migration probability is negatively correlated
to the distance between populations, as in our simulation study. We are interested in
the total gene flow from population 1 to 4, which can take place directly between these
two populations and (over several generations) via two peripheral populations 2 and 3.
In situation A (Fig. 8A) the populations are clustered together in a square area and,
because population 4 is within migration range of population 1, there is a high chance of
direct gene flow between these two populations. Also, a proportion of the total gene
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Fig. 8. Two hypothetical example situations illustrating how gene flow is affected by population
topology. We are interested in the gene flow between population 1 and 4. The total area of
habitat occupied by each population is assumed equal in both situations. The grey dashed circle
around population 1 indicates the maximum migration distance from population 1. Migration
probability is decreasing with distance. The thickness of the gray arrows quantifies gene flow
from population 1 to 4. In (A) there is direct gene flow between population 1 and 4, but gene
flow also occurs via populations 2 and 3. In contrast, due to the spatial configuration of
populations in (B) it is highly unlikely that there is direct gene flow between population 1 and 4
and a small proportion of the genes from population 1 reach population 4 via populations 2 and
3. If this proportion drops below a certain threshold, genetic differentiation between population
1 and 4 will be the result of genetic drift and will no longer be the result of distance between the
two populations.

71

Chapter 3
flow between population 1 and 4 is via populations 2 and 3. We assume that gene flow
rate between populations 1 and 4 in this situation is high enough to counterbalance the
stochastic effect of genetic drift, which will result in a monotonically increasing genetic
differentiation with increasing Euclidean distance and a case‐I IBD pattern. In situation B
(Fig. 8B), however, the area that the populations inhabit is a bit more elongated,
resulting in population 4 being situated outside the migration range of population 1.
Thus, gene flow between populations 1 and 4 can only take place via the peripheral
populations 2 and 3. If this indirect gene flow drops below a certain threshold, then the
genetic differentiation between populations 1 and 4 will be the result of random genetic
drift and no correlation with distance will be detectable. This results in a case‐IV IBD
pattern. Obviously, there is an interaction effect between population topology and
maximum migration distance. Decreasing the migration range in situation A may lead to
a case‐IV FST‐distance relationship, while increasing the migration range in situation B
may result in a case‐I relationship.
What kind of recommendations for landscape genetic analysis can we take from
the present results? From the differences between maximum FST‐distance correlations
and the correlations calculated from all population pairs, we can conclude that it is not
recommendable to always assess the level of IBD from all population pairs in a given
dataset. Instead, we advise researchers to determine the maximum FST‐distance
correlation (i.e. correlation at DMC). However, this may be an unreliable approach in
datasets with small or scattered samples and suboptimal quality of genetic data.
Nevertheless, we cannot recommend performing a landscape genetic analysis simply on
all populations pairs with interpopulation distances smaller or equal to DMC, for the
following reasons. We have shown that FST values can monotonically increase with
Euclidean distance far beyond the maximum migration distance, especially for case‐I
type IBD patterns. If we assume that this maximum migration distance is determined by
physical or behavioural limits of the focal species, then intervening landscape should
only positively or negatively influence migration rates up to the maximum migration
distance. Thus, calculating common interpopulation landscape genetic measures, like
least‐cost distances (e.g. Rayfield et al. 2010), resistance distances (e.g. McRae & Beier
2007) or quantities of landscape elements in transects (e.g. Angelone et al. 2011)
directly between population pairs that are outside each others migration range, would
result in landscape information that is irrelevant for migrating individuals and could,
thus, bias results. Instead, it is likely that gene flow between such populations will take
place over several generations via intermediate populations (“gene flow routes”; e.g.
Fig. 8B) and is, thus, a function of the distances and landscapes between these
intermediate populations. Ideally the above landscape measures should, thus, be
calculated along several potential gene flow routes, which are determined by the
population topology, maximal migration distance and other population characteristics
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(e.g. size, migration rate, and mating system) of the focal species. The eventual
interpopulation landscape measure would then be some sort of weighted average
between these gene flow routes. Several studies have recommended to take multiple
potential routes into account when quantifying the landscape between populations
(McRae & Beier 2007; Rayfield et al. 2010), but these routes were based on potential
migration routes rather than representing gene flow routes. Given that a complete
overview of all populations and detailed knowledge on migration is usually lacking, a
more feasible solution is to only consider neighbouring population pairs in landscape
genetic analysis. This recommendation complements a similar suggestion by Jaquiéry et
al. (2011). These authors used a landscape genetic simulation model and found that
landscape effects on gene flow were better detected if only adjacent populations were
considered in a regular lattice setup op populations. In natural settings, where
populations are probably not arranged in regular patters, neighbouring populations can
be defined by, for instance, Delaunay triangulation (e.g. Goldberg & Waits 2010). These
recommendations are only valid if gene flow is measured over several generations with,
for instance, FST. We expect that population topology will have less affect on
contemporary gene flow measures, stemming for instance from paternity analysis
(Kamm et al. 2009) or assignment tests (Manel et al. 2005).
Ideally both landscape genetic and metapopulation models are spatially explicit
(Hanski & Ovaskainen 2000; Epperson et al. 2010). While the former mainly deal with
regular gene flow among populations and considers the matrix (Holderegger & Wagner
2006), the latter traditionally deal with population dynamics such as colonization and
extinction (Hanski 1999). As we were mainly interested in the effects of habitat shape
and maximum migration distance on IBD patters, we kept other variables, like
population size and location, constant throughout a simulation. However, we
acknowledge that spatial or temporal variation in any of these variables would
potentially influence the outcome of our simulations. Metapopulation dynamics in
natural situations (Harrison 1991).are more complex than the simple model presented in
this article. Classical metapopulation theory predicts that extinction and (re)colonization
of populations has profound effects on the genetic differentiation among populations
(Hastings & Harrison 1994). Fluctuations in population size may not only effect the
number of emigrants leaving a population, but also the rate at which new alleles
establish in a population, which may complicate the interpretation of IBD patterns
(Bjorklund et al. 2010). Habitat patch arrangement also affects metapopulation
dynamics by influencing the likelihood of (re)colonization of patches (Frank & Wissel
1998). A better integration of landscape genetic with spatially explicit metapopulation
models and theory could lead to biologically more realistic models. For instance, from
the area and arrangement of available habitat patches and the average migration
distance, captured in the metric “metapopulation capacity”, the long‐term viability of a
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metapopulation in a landscape based on species‐specific extinction and colonization
rates can be determined (Hanski & Ovaskainen 2000). Such spatially explicit
metapopulation models can be adopted by landscape genetics to predict the generic
viability of a metapopulation. On the other hand, landscape genetic studies could
provide more realistic measures of interpopulation distance or dispersal capacity than
the straight‐line distances or the generalized, non species‐specific dispersal values that
are often applied in the field of metapopulation ecology (Holderegger & Wagner 2006).
Since landscape genetic approaches are likely to become increasingly used in
population and conservation genetics (Jenkins et al. 2010; Storfer et al. 2010) and,
ultimately, should be used to make predictions of gene flow in time and space (Storfer et
al. 2007), failing to take the effects of habitat configuration and population topology into
account in landscape genetic models may lead to reduced applicability of these models
to areas with different habitat configurations. We conclude that the type of IBD pattern
that emerges after a certain number of generations was (i) strongly affected by the
habitat configuration and (ii) the maximum migration distance. The distance at which a
case‐IV FST‐distance correlation flattened out was not well predicted by the maximum
migration distance. The (iii) rate at which case‐I IBD patterns emerged was influenced by
an interplay of the habitat configuration and the maximum migration distance. Finally,
we give some general recommendations for landscape genetic research. Landscape
geneticists should (1) be more aware of the effect of the spatial population topology on
gene flow and (2) the effect that habitat configuration has on this topology. It may be
necessary to (3) assess the level of IBD on only a subset of the populations pairs and (4)
restrict the assessment of landscape effects on gene flow to only neighbouring
population pairs. For the sampling design this means that (5) more emphasis should be
placed on a complete sampling of all populations within study landscapes.
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Supporting information

Fig. S1. Boxplots indicating the simulated mean pairwise FST values of 50 random topologies of
100 populations in habitat of five neutral landscapes (Fig. 2) at generations 50 (A, C, E, G) and
500 (B, D, F, H). We tested a range of maximum migration distances increasing from top to
bottom (A,B: 14.4; C, D: 22.7; E, F: 36.1; G, H: 47.4).
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Abstract
For conservation managers, it is important to know whether landscape changes may
lead to increasing or decreasing gene flow. Although the discipline of landscape genetics
assesses the influence of landscape elements on gene flow, no studies have yet used
landscape genetic models to predict gene flow resulting from landscape change. A
species that has already been severely affected by landscape change is the large marsh
grasshopper (Stethophyma grossum), which inhabits moist areas in fragmented
agricultural landscapes in Switzerland. From transects drawn between all population
pairs within migration distance (< 3 km), we calculated several measures of landscape
composition as well as some measures of habitat configuration. Additionally, a complete
sampling of all populations in our study area allowed incorporating measures of the
population topology. These measures together with the landscape metrics formed the
predictor variables in linear models with gene flow as response variable (FST and mean
pairwise assignment probability). With a modified leave‐one‐out‐cross‐validation
approach, we selected the model with the highest predictive accuracy. With this model,
we predicted gene flow under several landscape‐change scenarios, which simulated
construction, rezoning or restoration projects and the establishment of a new
population. Although the overall predictive accuracy of the model was only moderate,
some landscape‐change scenarios predicted a significant increase or decrease in gene
flow, while others predicted little change. This study demonstrates the use of predictive
landscape genetic models in conservation and landscape planning. Furthermore, we
found that the measures of population topology strongly increased the model fit.

Introduction
Habitat loss and fragmentation resulting in small and less connected populations have
been identified as great threats to the long‐term survival of species (Lande 1998).
Reduced connectivity and gene flow can decrease the resilience, adaptability, fitness
and fertility of populations, especially if populations are small (Frankham 2006).
Whereas anthropogenic causes for habitat loss and fragmentation can be avoided or
reduced to some extent within designated nature protection areas, these processes are
hard to mitigate in human‐dominated landscapes such as agricultural landscapes
(Bennett et al. 2006). In such landscapes, it is important to determine whether human‐
induced changes to the landscape, will result in significant changes to gene flow in
species inhabiting these landscapes.
Determining the influence of landscape configuration and composition on gene
flow is the focus of the discipline of landscape genetics (Manel et al. 2003; Holderegger
& Wagner 2008). Most landscape genetic studies are exploratory, meaning that their
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goal is to identify landscape elements that have either an inhibiting or facilitating effect
on gene flow (Storfer et al. 2010). However, many of the models developed in these
studies could, in principle, also be used for predictive purposes, i.e. to forecast the
effects of landscape changes on genetic patterns. Storfer et al. (2007; p. 138) identified
such predictive studies as “[…] an important future application of landscape genetics”
and point out that “this type of study may allow managers to choose a management
alternative that minimizes impacts on the focal species while allowing some
development to take place”. Although the importance of predictive landscape genetic
studies for conservation management has been recognized by several authors (Storfer et
al. 2007; Balkenhol et al. 2009a; Spear et al. 2010), no studies have yet experimented in
this direction (Spear et al. 2010). Therefore, the goal of this study is to demonstrate the
application of landscape genetic models to predict the effects of landscape change on
interpopulation gene flow.
A species that inhabits agricultural landscapes and that has been negatively
affected by habitat loss and fragmentation is the large marsh grasshopper (Stethophyma
grossum). The eggs of this species only develop at high soil moisture levels (Ingrisch
1983), which makes S. grossum reproductively bound to wet areas, like wetlands,
marshes, wet meadows and swampy areas alongside streams, lakes and rivers (Baur et
al. 2006). Considering that more than 90% of Swiss wetlands and flood plains have
disappeared since 1800 (SAEFL 1998), it is not surprising that, S. grossum is red‐listed as
vulnerable in Switzerland (Monnerat et al. 2007). Ecological studies have already
identified structural landscape elements, like rows of tall trees (Sörens 1996; Bönsel &
Sonneck 2011) and high‐banked roads (Marzelli 1995), as potential barriers to S.
grossum dispersal. Therefore, we focus on this species to determine what changes in
gene flow can be foreseen after landscape alterations.
In a fragmented agricultural area of Switzerland, we performed a complete
sampling of S. grossum populations. Individuals were genotyped, and measures of
genetic differentiation between populations were determined (Keller et al. in press). In a
four‐step landscape‐genetic approach, (i) we first create a set of potential predictor
variables, by determining the proportion of several landscape elements within transects
drawn between pairs of populations (Emaresi et al. 2011; Keller et al. 2012b). In addition
to these measures of landscape composition, we calculate several more complex
measures of habitat configuration from the transects (Schumaker 1996; McGarigal et al.
2012). The effect of the spatial arrangement of populations (i.e. population topology) on
gene flow has been identified as an important aspect in landscape genetics (Keller et al.
in press; Van Strien et al. submitted). Therefore, by determining the number of
populations surrounding a population pair and the average distance to these
populations, we also introduce two novel predictor variables to quantify population
topology. From the complete set of predictor variables, (ii) we then select a subset that
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has the best predictive accuracy based on a cross‐validation approach, modified to
accommodate for the non‐independence of response and predictor variables derived
from distance matrices, as commonly used in landscape genetics. Subsequently, (iii) we
describe hypothetical landscape‐change scenarios. Specifically, we chose scenarios in
which a residential area is constructed, agricultural land is reforested, forest is
converted to agricultural land and a new population is established between two existing
populations. We quantify the influence of these scenarios on the selected predictor
variables. With these new predictor values (iv) we then predict the new gene flow value
and determine whether the change in gene flow is significant.

Methods
Study area and species
The study area is located around the town of Langenthal (47o12`50 N, 7o47`05 E), which
is located on the Swiss plateau. The landscape mainly consists of intensive agriculture
intermixed with forest patches and settlements (Fig. 1). Flowing through the area are
three parallel streams that empty into the major river Aare. The stream basins create
suitable habitats for populations of Stethophyma grossum (Linnaeus, 1758; Acrididae).
Low levels of genetic differentiation were detected between the populations of
S. grossum in this study area (Keller et al. in press), indicating that there was regular
gene flow between populations. Mark‐release‐recapture studies have recorded a
maximum movement distance of 624 m for S. grossum (Malkus 1997; Bönsel & Sonneck
2011). Furthermore, single individuals have been observed 1500 m from the nearest
population (Griffioen 1996). However, recordings from sighting studies can easily
underestimate the true migration distance (Franzén & Nilsson 2007; Hassall &
Thompson 2012). Especially, if species exhibit partial migration (i.e. most individuals are
sedentary and only few migrate over longer distances; Chapman et al. 2011), we expect
that the few long distance migrants can easily be overlooked in sighting studies. Judging
from the frequency of movement distribution presented in Bönsel and Sonneck (2011),
partial migration is present in S. grossum. Therefore, we estimated the maximum
migration distance of S. grossum to be 3000 m, which is also in accordance with the
results of Keller et al. (in press).

Genetic dataset
The genetic dataset used here has been described in Keller et al. (in press). In brief, we
performed a complete sampling of all populations of S. grossum in an area of
approximately 180 km2 in July and August 2010. All potentially moist areas (i.e. river or
stream banks, valley bottoms, lake shores, ditches and swamps) were checked for the
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presence of S. grossum individuals. Samples were only taken if populations were located
at least 350 m from the nearest known population. From each population, up to 30
individuals were sampled by removing the tibia and tarsus of one mid‐leg and storing
those in 100% ethanol. In the genetic analysis eight polymorphic microsatellite markers
(Sgr10, Sgr13, Sgr14, Sgr15, Sgr19, Sgr38, Sgr40 and Sgr45; Keller et al. 2012a) were
amplified, sequenced with an ABI 3730xl sequencer (Applied Biosystems) and scored
with GENEMAPPER 3.7 (Applied Biosystems). Marker Sgr14 was removed from the
dataset due to high genotyping error rates, significant departures from Hardy‐Weinberg
equilibrium and high null allele frequencies. For the remaining seven markers we found
a genotyping error rate of maximally 6.9%, no significant linkage disequilibrium, no
significant departures from Hardy‐Weinberg equilibrium consistent across populations
and null allele frequencies lower than 0.15 (Keller et al. in press).
For further analysis, we selected only those populations from which five or more
individuals had been sampled and we also removed two remote populations that were
outside the complete sampling area (Fig.1; Keller et al. in press). This resulted in a total
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Fig. 1. Map of the study area in which all populations of Stethophyma grossum were sampled.
We show the spatial distribution of the landscape elements that were selected as predictor
variables in regression modelling. Habitat (hatched area) was mapped by selecting all flat
locations close to water (< 500 m) and on agricultural land. A unique identification number was
given to each of the 37 populations. For the two population pairs with the highest (13 – 14 and
10 – 34) and the two population pairs with the lowest (11 – 33 and 2 – 21) gene flow rate, we
also indicate the border of the respective transect (dashed line) from which landscape metrics
were calculated. These transects were also used to predict changes in gene flow caused by
landscape change (Fig. 5).
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of 37 populations. As measure of gene flow between populations we used both pairwise
FST‐values (FSTAT 2.9.3.2; Goudet 1995) and pairwise mean assignment probabilities
(MAP; Keller et al. in press). The latter is derived from assignment probabilities
calculated with GENECLASS 2.0.h (Piry et al. 2004) and may measure more
contemporary gene flow than FST (Keller et al. in press). MAP between population A and
B is the mean of the assignment probabilities of individuals in population A to
population B and vice versa. Thus, the higher MAP is, the higher is the gene flow. Gene
flow between any two populations beyond the maximum migration distance of S.
grossum (i.e. 3 km; see above) is probably directed (over several generations) via
intermediate populations and the landscape directly between these two populations
may not give a good representation of the landscape encountered by a majority of the
“indirect migrants” between these two populations (Van Strien et al. submitted).
Therefore, we only performed our landscape genetic analysis on population pairs that
were within migration distance, which resulted in a dataset of 97 population pairs.

Predictor variables
In landscape genetics, estimates of gene flow are considered a function of
interpopulation distance and the intervening landscape. Several methods are currently
used to quantify the landscape between populations (Spear et al. 2010). Recently, some
studies have used straight‐line interpopulation transects of a certain width, from which
several landscape predictor variables are calculated (Pavlacky et al. 2009; Angelone et al.
2011; Emaresi et al. 2011; Keller et al. 2012b). In the transect‐method, a separate
predictor variable is calculated for each landscape element (Emaresi et al. 2011), which
is an advantage if the model will be used to predict the effect of changes of specific
landscape elements.
We experimented with a range of transect widths (i.e. 100, 200, 400, 700 and
1000 m), from which we calculated several landscape predictor variables. To account for
isolation‐by‐distance (Jenkins et al. 2010), we used the natural log‐transformed length of
the transect (ln(DISTANCE)). From land cover grids (10x10 m spatial resolution) that
were derived from 1:25 000 vectorized land cover maps of Switzerland (Vector25 2011;
Swisstopo; DV033594), we then calculated the proportion of certain landscape elements
in the transects as measures of landscape composition (Pavlacky et al. 2009; Angelone et
al. 2011; Emaresi et al. 2011; Keller et al. 2012b). As potential barriers to gene flow in S.
grossum, we considered the proportion of residential area (RESIDENTIAL; m2*m‐2) and
the proportion of forest (FOREST; m2*m‐2; Fig. 1). As potential facilitators to gene flow,
we selected the proportion of agricultural land (AGRICULTURE; m2*m‐2), the proportion
of streams (STREAMS; m2*m‐2) and the proportion of suitable habitat (HABITAT; m2*m‐2;
Fig. 1). Suitable habitat was mapped in the study area by selecting all areas that were
close to water (≤ 500 m), in open agricultural land and relatively flat with little runoff
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(i.e. all areas that were not 20 m higher in elevation than the lowest point in a 500 m
radius; Keller et al. in press). Since the proportion of agricultural land was strongly
correlated to the proportion of forest (Spearman ρ < ‐0.68) in all transect widths, we
decided to remove the latter from further analysis.
Apart from the above landscape predictor variables that quantify landscape
composition, we also calculated some measures of habitat configuration from the
transects, as they may give a better representation of the landscape that a migrating
individual encounters (e.g. Schumaker 1996). We focussed on class‐level statistics
(McGarigal et al. 2012), in which the landscape class under consideration was the
mapped suitable habitat. Binary maps of suitable habitat and matrix were created for
each transect and used as input for FRAGSTATS 4.0 (McGarigal et al. 2012). As many
landscape metrics are highly correlated (Riitters et al. 1995), we selected two
ecologically meaningful indices that are supposed to be insensitive to transect size. The
first landscape index was the patch cohesion index (COHESION), which is calculated from
the perimeter and area of the habitat patches in the transect and the total area of the
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Fig. 2. Demonstration of the calculation of population topology predictor variables used in this
study. In this hypothetical population network, all population pairs within the maximum
migration distance (i.e. 3 km) of one another are linked. The number of links (NL) from
population H to other populations is 4 (i.e. population E, G, I and K), and the mean distance of
these links (MDL) is (2325 + 2470 + 2720 + 2915)/4 = 2608 m. Similarly, for population I, NL is 4
(i.e. population D, H, K and J) and MDL is (1640 + 2720 + 2040 + 2200)/4 = 2150 m. Mean NL
(MEAN‐NL = (4+4)/2 = 4), and mean MDL (MEAN‐MDL = (2608 + 2150)/2 = 2379 m) are then
assigned to population pair H – I as population topology predictor variables.
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transect (McGarigal et al. 2012). This index measures the connectedness of the habitat
patches and has proven to correlate well to estimates of dispersal (Schumaker 1996).
Second, we calculated the aggregation index (AI), which is a class‐specific index to
measure the aggregation or clumpiness of a landscape class (He et al. 2000). This index
is calculated from the number of adjoining habitat pixels in the transect and the
theoretical maximum number of adjoining habitat pixels (McGarigal et al. 2012). We
found COHESION and AI to be highly correlated with HABITAT (Spearman ρ > 0.69) for
some, but not all, transect widths, so we retained these three predictors in the final list
of landscape predictor variables. All spatial analyses were performed in ARCGIS 9.3
(ESRI), unless otherwise specified.
Recently, several studies have emphasised the need to take population topology
(i.e. the arrangement of populations in the landscape) into account in landscape genetic
analysis (Dyer et al. 2010; Keller et al. in press; Van Strien et al. submitted). Gene flow
between two populations can, over several generations, take place via intermediate

= Population
= Validation set
= Calibration set
= Population pair
not considered

Fig. 3. Example of the splitting of all population pairs in the data set into a calibration and a
validation set for leave‐one‐out‐cross‐validation. As in Figure 2, a hypothetical population
network is built up of links between populations that are within migration range. Regression
models are fit to the population pairs in the calibration set and subsequently evaluated with the
validation set. The validation set consists of one population pair (dark grey line) and the
calibration set consists of all other population pairs in the network (dark grey dashed lines),
excluding the pairs that are linked to either of the two populations in the validation set (dashed
light grey lines). This process is repeated till all population pairs have once been in the validation
set.
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populations. The establishment or disappearance of intermediate populations may thus
influence gene flow between nearby populations. Therefore, we experimented with two
predictor variables that aim to quantify population topology around a given population
pair. For each population, we determined the number of populations that were within
migration range (number of links: NL) and the mean distance to these populations
(mean distances of links: MDL). Per population pair we then determined the mean of
both measures (i.e. MEAN‐NL and MEAN‐MDL, respectively; Fig. 2). We expected that
the more populations surround a population pair and/or the closer these populations
are to either of the two populations, the higher is the gene flow between the two
populations. To determine whether these two predictor variables have any predictive
power in landscape genetic analysis, we tested the predictive ability of models without
and with these variables (see below). We checked that never both MEAN‐NL and MEAN‐
MDL were in the final model, as these predictor variables were highly correlated
(Spearman ρ = ‐0.74).

Predictive models and cross‐validation
We used multiple linear regression models (Holzhauer et al. 2006; Balkenhol et al.
2009b; Keller et al. 2012b) to correlate the response variable (i.e. either FST or MAP) to
the suite of predictor variables (i.e. ln(DISTANCE), STREAMS, HABITAT, RESIDENTIAL,
AGRICULTURE, AI, COHESION, MEAN‐NL and MEAN‐MDL). Usually, such models are
calculated with ordinary least squares (Legendre et al. 1994) and the goodness of fit is
measured with R2, which is calculated by using all observations to fit the model and,
subsequently, using all observations again to evaluate the model (i.e. resubstitution
method; Verbyla & Litvaitis 1989). The resubstitution method, however, results in a
positively biased estimate of the predictive accuracy of a model (Verbyla & Litvaitis
1989). To get an estimate of the prediction accuracy, leave‐one‐out‐cross‐validation
(LOOCV) is often used (Molinaro et al. 2005). With normal LOOCV, a regression model is
fit to a calibration (or estimation or training) set, which consists of the whole dataset
excluding one observation (i.e. the validation, evaluation or testing set). With the fitted
model, a value for FST or MAP is predicted based on the predictor variables in the
validation set. This process is iterated until every observation has been in the validation
set exactly once (i.e. 97 iterations). Finally, the predictive accuracy of the model is
expressed in the root mean square prediction error (RMSE), which is the root of the
mean of the summed squared differences between the predicted and the true FST or
MAP values in the validation sets (Esposito et al. 2004). The idea behind LOOCV is to
simulate an independent validation of the model (i.e. the validation set is not used to
calibrate or fit the model). However, if a certain population pair is selected as validation
set, there may still be pairwise observations involving either of these two populations in
the calibration set, which diminishes the independence of the validation set. Therefore,
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we propose a slightly modified LOOCV, in which all pairwise observations, involving
either of the two populations in the validation set, are excluded from the calibration set
(Fig. 3). Not every population occurred equally frequent in our dataset, since it consisted
of only those population pairs with an interpopulation distance of less than 3000 m.
Therefore, the size of our calibration set fluctuated between 77 and 94 observations.
For each transect width and both sets of predictor variables (i.e. with or without
the MEAN‐NL and MEAN‐MDL), we calculated the RMSE for all possible combinations of
predictor variables. The combination of predictor variables that resulted in the lowest
RMSE was the model with the highest predictive accuracy. Shao (1993) concluded that
model selection with LOOCV is slightly too conservative (i.e. retaining too many
predictor variables), if the true model is known. In our case the true model was not
known and we therefore found this an acceptable bias. For the model with the lowest
RMSE we also calculated R2 and the cross‐validated R2 (i.e. Q2) statistics. The latter is a
measure of “goodness of prediction” (Leach 2001). We chose the model with the highest
overall Q2 to predict gene flow resulting from landscape‐change scenarios. All statistical
analyses were performed in R (R Development Core Team 2012). With the “dredge”
function in the R‐package “MuMIn” (Barton 2012), we determined all possible
combinations of predictor variables from a full model.

Landscape‐change scenarios and gene flow predictions
As an illustration of how multiple regression models can be used for forecasting in
landscape genetics, we predict the effects of hypothetical landscape‐change scenarios
on gene flow between populations of S. grossum. From our dataset we selected the two
population pairs that were genetically most isolated from each other (i.e. highest
conservation priority) and the two population pairs that were least isolated from each
other (i.e. lowest conservation priority). Under the assumption of isolation‐by‐distance
(Wright 1943), close populations pairs have more gene flow than distant pairs, and we
would simply end up selecting the two closest and two farthest population pairs. To
correct for this effect we calculated relative “gene flow rates” by dividing the measure of
gene flow from the best fitting model by ln(DISTANCE). For the two population pairs
with the lowest gene flow rate, landscape change was focussed on increasing gene flow,
while for the population pair with the highest gene flow rate we assessed whether
planned landscape change would negatively influence gene flow. By changing the
landscape in the transects between these population pairs, we simulated four types of
landscape change. In the “construction” scenario, a residential area is constructed
adjacent to a small settlement. In the “restoration” scenario, an area of agricultural land
is reforested as part of a river restoration project. In the “new population” scenario,
some old factory buildings are demolished and a new population established itself in
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between the population pair under consideration. Finally, in the “rezoning” scenario, a
forest plantation is rezoned and converted to agricultural land.
After having implemented the above scenarios to the landscape in the transects
between the four selected population pairs, we calculated the resulting new values for
all predictor variables. These modified variables were entered into the model with the
highest Q2 (see above) to make predictions of gene flow estimates (FST or MAP). We
calculated the 95% prediction intervals of these gene flow estimates using the estimated
mean squared prediction error from the LOOCV (i.e. RMSE2) as the prediction variance.
A change in gene flow was considered significant, if the observed gene flow (in the
unchanged landscape) was outside the prediction interval of the predicted gene flow (in
the changed landscape). Models were fitted with the “lm” function and predictions and
intervals were calculated with the “predict” function in R (R Development Core Team
2012).

Results
Predictive model selection
From the FST or MAP regressed against the landscape metrics (i.e. ln(DISTANCE),
STREAMS, HABITAT, RESIDENTIAL, AGRICULTURE, AI and COHESION), we determined the
subset of predictors with the lowest RMSE (Table 1). For both response variables, the
selected predictor variables were ln(DISTANCE) and AGRICULTURE for all transect
widths. Nevertheless, predictor variables calculated from transects with a width of 700
m produced the models with the highest predictive accuracy for both response variables
(FST: Q2 = 0.0753; MAP: Q2 = 0.2163). The landscape indices AI and COHESION were never
selected. An exception was one of the two models from 100 m transects that resulted in
the same lowest RMSE (= 0.0286), namely FST  AI + AGRICULTURE.
After adding the two population topology predictors (MEAN‐MDL and MEAN‐NL)
to the full model, we found that the models with the highest Q2 for both response
variables were again those from transects with a width of 700 m (FST: Q2 = 0.1925; MAP:
Q2 = 0.3444; Table 1). From the differences in Q2 value between models with and
without MEAN‐MDL and MEAN‐NL, it was apparent that the inclusion of measures of
population topology greatly improved the predictive accuracy of the models (FST: highest
Q2 from 0.0753 to 0.1925; MAP: highest Q2 from 0.2163 to 0.3444; Table 1). For FST as
response variable the models with AGRICULTURE and MEAN‐NL produced the lowest
RMSE (= 0.0260; transect width = 700m). The model MAP  0.7551 ‐
0.0265*ln(DISTANCE) ‐ 0.1933*RESIDENTIAL + 0.1994*AGRICULTURE ‐ 1.770*10‐
4
*MEAN‐MDL was selected for having the lowest RMSE (= 0.0854; transect width = 700
m). This model also had the highest overall Q2 value and was therefore used in the
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following step to predict gene flow after landscape change. For this model, we show a
scatter plot (Fig. 4) of the observed (true) MAP values plotted against predicted MAP
values from leave‐one‐out‐cross‐validation. Furthermore, from the models with the
population topology predictors we found that the models with MAP as response variable
generally have a higher model fit than models with FST as response variable (MAP: R2 ≥
0.4085; FST: R2 ≤ 0.3011; Table 1)
Table 1. Results of model selection for gene flow linearly regressed against landscape metrics
calculated from interpopulation transects of different widths (upper half), later combined with
measures of population topology (lower half). Gene flow was estimated as either pairwise mean
assignment probability (MAP) or genetic differentiation (FST). From the transects, we calculated
the DISTANCE (m) and proportion of STREAMS, HABITAT, RESIDENTIAL and AGRICULTURE
(m2*m‐2) together with the COHESION and aggregation index (AI). Measures of population
topology were calculated by averaging, per population pair, the number of populations within
migration distance from either population and the mean distance to these surrounding
populations (i.e. MEAN‐NL and MEAN‐MDL, respectively; Fig. 2). From all potential combinations
of predictor variables in the full model the model with the lowest root mean square error
(RMSE) was selected for each transect width. For the selected models, we also calculated
estimations of goodness of prediction (Q2) and goodness of fit (R2). The selected model with the
lowest overall RMSE is displayed in bold for both response variables, MAP and FST.
Transect
width

Full/selected
model
Full model

100
200
400
700
1000

Selected model
Selected model
Selected model
Selected model
Selected model

Model formula

RMSE

MAP ~ ln(DISTANCE) + STREAMS + HABITAT + RESIDENTIAL + AGRICULTURE + AI +
COHESION
MAP ~ ln(DISTANCE) + AGRICULTURE
MAP ~ ln(DISTANCE) + AGRICULTURE
MAP ~ ln(DISTANCE) + AGRICULTURE
MAP ~ ln(DISTANCE) + AGRICULTURE
MAP ~ ln(DISTANCE) + AGRICULTURE

0.0989
0.0980
0.0965
0.0933
0.0947

2

R

2

0.1210
0.1362
0.1622
0.2163
0.1937

0.2513
0.2630
0.2855
0.3349
0.3250

100

Selected model

FST ~ ln(DISTANCE) + STREAMS + HABITAT + RESIDENTIAL + AGRICULTURE + AI +
COHESION
FST ~ ln(DISTANCE) + AGRICULTURE *

0.0286

0.0229

0.1606

200

Selected model

FST ~ ln(DISTANCE) + AGRICULTURE

0.0284

0.0426

0.1736

400

Selected model

FST ~ ln(DISTANCE) + AGRICULTURE

0.0280

0.0644

0.1859

700

Selected model

FST ~ ln(DISTANCE) + AGRICULTURE

0.0279

0.0753

0.1961

1000

Selected model

FST ~ ln(DISTANCE) + AGRICULTURE

0.0286

0.0238

0.1601

MAP ~ ln(DISTANCE) + STREAMS + HABITAT + RESIDENTIAL + AGRICULTURE + AI +
COHESION + MEAN‐MDL + MEAN‐NL
MAP ~ ln(DISTANCE) + RESIDENTIAL + AGRICULTURE + COHESION + MEAN‐MDL
MAP ~ ln(DISTANCE) + RESIDENTIAL + MEAN‐MDL
MAP ~ ln(DISTANCE) + RESIDENTIAL + MEAN‐MDL
MAP ~ ln(DISTANCE) + RESIDENTIAL + AGRICULTURE + MEAN‐MDL
MAP ~ ln(DISTANCE) + AGRICULTURE + MEAN‐MDL

0.0866
0.0874
0.0866
0.0854
0.0869

0.3250
0.3129
0.3251
0.3444
0.3205

0.4606
0.4085
0.4170
0.4883
0.4662

0.2759

Full model

Full model
100
200
400
700
1000

Selected model
Selected model
Selected model
Selected model
Selected model

100

Selected model

FST ~ ln(DISTANCE) + STREAMS + HABITAT + RESIDENTIAL + AGRICULTURE + AI +
COHESION + MEAN‐MDL + MEAN‐NL
FST ~ AGRICULTURE + MEAN‐MDL

0.0267

0.1510

200

Selected model

FST ~ AGRICULTURE + MEAN‐NL **

0.0264

0.1671

0.2875

400

Selected model

FST ~ AGRICULTURE + MEAN‐NL

0.0261

0.1866

0.2963

700

Selected model

FST ~ AGRICULTURE + MEAN‐NL

0.0260

0.1925

0.3011

1000

Selected model

FST ~ AGRICULTURE + MEAN‐NL ***

0.0270

0.1297

0.2641

Full model

* Same RMSE: FST ~ AI + AGRICULTURE
** Same RMSE: FST ~ AGRICULTURE + AI + MEAN‐NL
*** Same RMSE: FST ~ ln(DISTANCE) + AGRICULTURE + MEAN‐MDL and FST ~ AGRICULTURE + MEAN‐MDL
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Prediction of gene flow
The population pairs 13 and 14 as well as 10 and 34 had the highest gene flow rates
(0.0849 and 0.0848, respectively) and population pairs 11 and 33 and 2 and 21 had the
lowest gene flow rates (0.0182 and 0.0147, respectively). In 700 m wide transects
between these four population pairs (Fig. 1), we demonstrate how landscape change
may alter MAP (Fig. 5).

0.4
0.3
0.2
0.1

Observed MAP

0.5

0.6

In the “construction” scenario between population pair 13 and 14 (Fig. 5), the
construction of a 0.11 km2 residential area would result in a 180% increase of the
predictor RESIDENTIAL from 0.066 to 0.185 m2*m‐2 and a 17% decrease of
AGRICULTURE from 0.612 to 0.509 m2*m‐2. Due to these changes, the MAP was
predicted to significantly decrease from 0.566 to 0.364. In the transect between
population pair 10 and 34, we simulated a “restoration” scenario with the planting of a
0.15 km2 forest patch along a stream (Fig. 5). This landscape change would bring about a
19% decrease of the predictor AGICULTURE from 0.949 to 0.770 m2*m‐2, which would
result in a slight and insignificant decrease of MAP from 0.550 to 0.412. In the “new
population” scenario between population 11 and 33 (Fig. 5), the demolition of old
factory buildings and the establishment of a
new population caused changes in
RESIDENTIAL from 0.030 to 0.009 m2*m‐2
(70% decrease), AGRICULTURE from 0.717
to 0.737 m2*m‐2 (3% increase) and MEAN‐
MDL from 2072 to 1848 m (11% decrease).
These changes would lead to a significant
increase of MAP from 0.137 to 0.373. Lastly
in the “rezoning” scenario, a 0.27 km2 piece
of land was transformed from forest
Predicted MAP
plantation
to
agriculture
between Fig. 4. Scatter plot of predicted and
population 2 to 21 (Fig. 5). This caused a observed pairwise mean assignment
43% increase in AGRICULTURE from 0.296 to probabilities (MAP) from a leave‐one‐out‐
cross‐validation of the regression model
0.424 m2*m‐2 and, because a forest hut
MAP  ln(DISTANCE) + MEAN‐MDL +
would also be demolished in the process, a RESIDENTIAL + AGRICULTURE (Table 1).
3% decrease in RESIDENTIAL from 0.039 to For an explanation of the procedure see
0.038 m2*m‐2. These changes would result Figure 3. The dashed line through the
origin with a slope of 1 represents the line
in a slight and insignificant change in MAP of perfect match between predicted and
observed MAP values.
from 0.115 to 0.162.
0.1

0.2

0.3

0.4

0.5

0.6
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Discussion
In this study we present how landscape genetic models can be applied to predict the
effects of landscape change on gene flow between populations of the vulnerable
grasshopper species S. grossum inhabiting an intensive agricultural landscape. We show
that some landscape changes are expected to increase the gene flow between less‐
connected population pairs, while some well‐connected pairs may experience less gene
flow after certain landscape changes. Species distribution modelling is widely used in
species conservation to predict the effects of environmental change on the area of
available habitat for certain species (Rodríguez et al. 2007). Likewise, our study opens up

Fig. 5. Effect of hypothetical landscape‐change scenarios on gene flow (pairwise mean assignment probability,
MAP) between four population pairs predicted with the linear model MAP  ln(DISTANCE) + MEAN‐MDL +
RESIDENTIAL + AGRICULTURE (Table 1). Four different landscape‐change scenarios were implemented in the
transects between the two population pairs with the highest (upper two) and lowest (lower two) gene flow
rate. Between each population pair (Fig. 1), we display the observed MAP value, the current landscape in the
transect and the corresponding predictor variables. The hypothetical landscape change is described and
applied to the landscape (future landscape) in the transect, resulting in new values for the predictor variables
(future predictor values). Based on these new predictor values, we predict future values of MAP together with
the lower and upper 95% prediction intervals. Change in MAP was significant if the current value of MAP was
outside the prediction intervals of the predicted MAP. Grey tones of the landscape elements are the same as in
Figure 1.
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new possibilities for conservation practitioners to consider the genetic effects of
landscape change between patches of suitable habitat. Furthermore, we found that the
inclusion of measures of population topology strongly improved the model fit and
predictive accuracy of our landscape genetic models.
Apart from the Euclidean distance between populations, we found that the
proportions of agricultural land and residential areas in the transects were the most
important landscape predictors for gene flow (i.e. MAP). Also working with transects and
S. grossum, Keller et al. (in press) assessed the significance of predictors in full models
and, in their best performing model, also found distance and the proportion of
residential area to be significant predictors of MAP. However, they also found the
proportion of forests, roads and streams to be significant predictors. Instead of the
proportion of forest, we decided to incorporate the proportion of agriculture. We made
this choice, because we found the proportion of forest to be negatively correlated to the
proportion of agriculture. Including correlated predictor variables in regression models
can lead to misspecification of the sign of the regression coefficients (Legendre &
Legendre 1998). Whether gene flow was facilitated by agriculture or inhibited by forest
or both in S. grossum cannot be determined with certainty from such models (Angelone
et al. 2011). A review of literature suggests both to be important. Marzelli (1995) and
Griffioen (1996) mention S. grossum to disperse through extensive grassland and
intensive agriculture, respectively. Sörens (1996) and Bönsel and Sonneck (2011) suggest
high trees as barrier to dispersal in S. grossum. Furthermore, we decided not to consider
the proportion of roads in our study. Surprisingly, this predictor had a strong positive
correlation with MAP in Keller et al. (in press). These authors discussed that this finding
may be explained by movement of S. grossum along linear landscape elements such as
road verges. Thus, the proportion of roads itself is most probably not facilitating gene
flow and can only be considered as an indirect predictor variable (Austin & Smith 1989).
Including such predictor variables in predictive models may lead to biased forecasts. For
instance, a predictive model with positive correlation between MAP and the proportion
of roads would predict the highest gene flow if the entire transect was paved. These
issues clearly show the importance of including only “uncorrelated” causal or direct
predictor variables in predictive models, as has also been emphasised for species
distribution modelling (Guisan & Zimmermann 2000).
We experimented with two types of predictor variables that previously have not
been used in landscape genetics. First, we calculated measures of habitat configuration
from the transects between populations. Although these predictor variables hardly
added predictive accuracy to our models, we remain in favour of their use in landscape
genetics. For instance, we see potential in developing landscape indices that indicate the
main location of certain landscape elements in the transect. Such indices would allow to
differentiate between landscape change taking place on the edge or in the middle of a
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transect. However, considering that there is a wide variety of landscape metrics to
choose from, of which many can be applied to the patch, class or landscape level
(McGarigal et al. 2012), it presents a difficult task to select an appropriate set of
landscape metrics as predictor variables. A strong reduction of predictor variables is
usually necessary in landscape genetics, taking into account that most population
genetic studies are conducted on an average of only eleven populations (i.e. maximally
55 population pairs; Jenkins et al. 2010), and that for every ten observations, one linear
predictor or an intercept can be added to a model (Harrell et al. 1996). The discussion of
whether a population or a population pair may be considered as an observation, is
beyond the scope of this paper.
Furthermore, we added predictor variables that quantified population topology
to our landscape genetic models. This resulted in a substantial increase in model fit (R2)
and predictive accuracy (Q2). As we expected, we found that the further surrounding
populations were from a certain population pair, the less gene flow was estimated
between that pair (i.e. negative correlation between MEAN‐MDL and MAP). From this
we can conclude that an important part of the gene flow between two populations is the
result of indirect migration via surrounding populations, possibly over several
generations. In the current study, we included the effect of population topology as
passive predictor variable and only assessed its effect on a single population pair. In
reality, however, there may be an interaction effect between population pairs, i.e. a
change in gene flow between two populations will have implications for gene flow
between surrounding populations. Implementing such an effect in predictive landscape
genetic models would require more dynamic agent‐based models (e.g. Landguth &
Cushman 2010; Van Strien et al. submitted). Furthermore, populations located close to a
certain population pair may not only enhance gene flow, but might in fact reduce gene
flow between the population pair by acting as “sponges” to migrating individuals
(Adriaensen et al. 2003; p. 244).
Although our models predict estimates of future gene flow, it is uncertain how
fast future gene flow values would establish and how well a model could be applied in
other landscapes. With a simulation study, Landguth et al. (2010) have shown that
recently established barriers to gene flow were genetically detectable within only a few
generations (i.e. 1 to 15), but that genetic patterns remained unaffected for many
generations (i.e. > 100) after the removal of a barrier. We, thus, presume that a
predicted decrease in gene flow will manifest itself in a relatively short time span, while
a predicted increase may only materialize over longer time periods. Furthermore, with
the presented cross‐validation approach, we test how well the fitted model predicts
gene flow in the same study area. However, this approach is not suitable to test how
applicable a model is to other study areas (e.g. Short Bull et al. 2011). For such a
purpose, we would have to collect genetic datasets from several study areas, which
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would allow for a truly independent validation in order to check how general a fitted
model is (Molinaro et al. 2005). Sampling more populations would have the additional
advantage that more predictor variables could potentially be included in landscape
genetic models (see above).
We chose to use straight‐line transects to quantify the landscape between
populations. However, if species do not migrate between populations in fairly straight
lines, such transects do not represent the landscape encountered by a migrating
individual (Spear et al. 2010; Van Strien et al. 2012). Contrary to straight‐line transects,
Van Strien et al. (2012) propose to direct transects along migration routes through a
specific migration habitat (i.e. least‐cost transect analysis; LCTA). With LCTA, landscape
change could, thus, not only change the composition of the landscape in the transect,
but also the course of the transect as a whole. Although such changes may be
ecologically realistic (i.e. species may change their migration route after landscape
change), we believe that the more complex LCTA models would need further empirical
and theoretical evaluation before being implemented for predictive purposes. In the
current study, transects of 700 m width always produced the highest Q2 values (Table 1).
We, thus, presume that transects of such a width best encompassed the average
landscape experienced by a migrating grasshopper.
Recently, Jay et al. (2012) showed how species distribution models can be used
to predict the effect of climate change on the distribution of and contact zones between
genetic population clusters in 20 alpine plant species. In a study area spanning the whole
European Alps these authors predicted that 4 oC warming would lead to significant
changes in the genetic composition within these species. The study of Jay et al. (2012)
presents a method to predict shifts in the genetic composition of populations, without
taking intervening landscape into account. On the other hand, we focus on the
prediction of gene flow between populations, without taking changes in the genetic
composition of the population itself into account. These two aspects are closely
interlinked and combining both methods could, thus, add increased reliability to
predictions.
For some groups of organisms the landscape genetic models presented in this
study may not be applicable or may have to be adapted. Because S. grossum is
reproductively bound to moist areas (Baur et al. 2006), we were able to identify discrete
populations of this species in the study area where moist areas were patchily
distributed. For species in which individuals are more continuously distributed
throughout a study area, complete sampling is impractical and the influence of the
arrangement of individuals or populations on gene flow may be difficult to determine. If
no spatially distinct populations are present in a focal species, genetic differentiation
could be measured between pairs of individuals (e.g. Rousset 2000) opposed to the
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interpopulation genetic differentiation measures used in the current study.
Alternatively, genotypes of randomly sampled individuals can be statistically grouped
into genetic populations based on the principles of Hardy‐Weinberg equilibrium and
linkage equilibrium using assignment tests (Manel et al. 2007). Furthermore, identifying
certain landscape elements that inhibit or facilitate movement may be easier for habitat
specialists, as S. grossum (Bönsel & Sonneck 2011), than for habitat generalists. The
movement of habitat generalists may be less driven by the availability of certain
landscape elements and more by factors like disturbances, competition for food sources
or random movement behaviour. It is difficult to express these latter factors in a spatial
context. For instance, Driezen et al. (2007) used empirical movement data from radio‐
tagged hedgehogs to determine the most likely relative resistance‐to‐movement values
for certain landscape elements in their study area. They stated that their low success
rate in assigning resistance values to particular landscape elements was partly due to
the fact that hedgehogs are habitat generalists. Lastly, the mode of dispersal of the focal
species may also complicate a landscape genetic analysis. In the current study, we
assumed that individuals of S. grossum actively migrate between populations and that
migration is not biased towards a certain direction. However, in some taxonomic groups,
individuals may be dispersed by wind, water or other organisms. Such passive dispersal
is especially common in sessile organisms, like plants (Holderegger et al. 2010) and many
marine organisms (Selkoe et al. 2008), but also in mobile species, like aquatic
invertebrates that get transported by birds (Green & Figuerola 2005). To perform a
landscape genetic analysis on passively dispersing organisms the vector of dispersal has
to be identified and modelled. For many plants species, this can mean that the focus of
the analysis should be on how animals that spread seed and pollen behave in the
landscape (Holderegger et al. 2010). In the case of directional vectors (e.g. wind or
water), the predominant direction of the vector should be modelled, for instance, by
using oceanographic models to determine migration probabilities in sessile corals
(Galindo et al. 2006). The above examples demonstrate how important it is to adapt
landscape genetic analyses to the ecology of focal species.
Despite the many scientific studies focussing on conservation genetics (Jenkins et
al. 2010; Storfer et al. 2010), few conservation practitioners have started considering
genetics in the management of protected areas and species (Frankham 2010;
Segelbacher et al. 2010). Previous landscape genetic studies have mainly focussed on
identifying gene flow facilitating or inhibiting landscape elements (Storfer et al. 2010),
leaving it up to conservation practitioners to interpret and weigh this knowledge and
make qualitative assessments of the severity of landscape changes on gene flow. By
using cross‐validated landscape genetic models to predict gene flow changes, we
produced quantitative estimates of this severity, enabling practitioners to rank potential
landscape change scenarios in order of their anticipated impact on gene flow. Such
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models not only provide a tool to avoid landscape change that can lead to severe
decreases in gene flow among populations, but also assist in finding management
strategies that mitigate the negative effects of inevitable landscape change (e.g. by
establishing new dispersal corridors or new populations). Although we demonstrate our
approach on a single species, we believe that such landscape genetic models could be
particularly useful in multi‐species conservation projects. Building models for several
endangered or vulnerable species in an area and overlaying these models will allow
landscape planners to select areas for development that are predicted to be least
damaging to overall gene flow. With the rapid development of cheaper and faster
genetic sequencing technologies (Segelbacher et al. 2010), such multi‐species genetic
datasets will certainly become more widely available in the near future.
Empirical studies have shown that anthropogenic landscape change often results
in decreased gene flow among populations and decreased genetic variation within
populations (e.g. Athrey et al. 2012). On the other hand, landscape management can
also effectively re‐connect isolated (meta)populations (e.g. Hale et al. 2001). Likewise,
our model forecasts that not all landscape changes will lead to significant decreases in
gene flow between populations of S. grossum and that gene flow can be restored
between isolated populations. These are encouraging findings from the conservation
point of view. In situations where gene flow is predicted to decrease due to landscape
change and no feasible mitigating measures exist, conservationists could resort to
translocation of individuals from one population to another in order to restore genetic
variation within populations (e.g. Heber et al. 2013). However, conservation scientists
and practitioners should be aware of the role that genetic isolation plays in adaptive
evolution. Local adaptation of populations is important for a species’ long‐term survival
in a changing environment. Although gene flow may spread adaptively beneficial alleles,
local adaptation can also be counteracted by gene flow (Storfer 1999). Furthermore,
gene flow between locally adapted populations may lead to migrational meltdown or
outbreeding depression, which can reduce the fitness of populations (Crispo et al. 2011).
With the current study, we hope to show how landscape genetic models can be
applied to “real world” conservation planning. When implementing landscape change in
our study area, our best predictive model could be directly applied for the conservation
of S. grossum, although we acknowledge that the predictive accuracy of our models was
moderate (Q2 = 0.3444; Fig. 4) resulting in wide prediction intervals. The predictive
capacity of landscape genetic models needs to be further evaluated with empirical and
simulation studies. For this, landscape geneticists should focus on sampling many
populations in several, replicated study areas (e.g. Short Bull et al. 2011) and re‐
sampling populations at intervals after landscape change has taken place. In addition,
we advocate the further evaluation of landscape indices in landscape genetics. Finally,
our findings confirm the recommendations of earlier studies (Dyer et al. 2010; Keller et
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al. in press; Van Strien et al. submitted), to more explicitly consider population topology
in landscape genetics.
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Advances in landscape genetic methods and theory
In this thesis, I addressed some methodological and theoretical challenges that I
identified in the field of landscape genetics. Currently, there is much discussion about
analytical and statistical methods in landscape genetics (Storfer et al. 2007; Balkenhol et
al. 2009a; Balkenhol et al. 2009b; Manel & Segelbacher 2009; Epperson et al. 2010; Sork
& Waits 2010; Storfer et al. 2010) and there is an urgent need to develop and refine
theory specifically focussed on landscape genetics (Holderegger & Wagner 2006;
Balkenhol et al. 2009a). Inference in many landscape genetic studies is derived from how
well measures of gene flow (e.g. FST) between populations are explained by the
landscape between populations (i.e. the correlative approach of landscape genetics;
Storfer et al. 2010). I propose two methodological advancements to the correlative
approach. First, I designed and empirically tested an objective way to quantify the
landscape relevant to gene flow among populations. Second, to test for correlations
between gene flow and landscape variables, I implemented statistical methods that are
superior to the traditional statistical tests used in landscape genetics. As theoretical
advancement in landscape genetics, I described the differences between the closely‐
linked processes of gene flow and migration and, in this context, studied how habitat
configuration affects levels of gene flow. The main findings for each of these three topics
will be presented and discussed in the following sections. I also propose future
directions in landscape genetic research.
In general, landscape genetic studies aim to generate knowledge about
landscape elements that facilitate or inhibit gene flow or migration (Storfer et al. 2010).
Such knowledge can benefit the conservation of habitat connectivity (Segelbacher et al.
2010). Maintaining functional connectivity between habitats is essential for the survival
of many species (Crooks & Sanjayan 2006). In my thesis, I focussed on insect species
inhabiting agricultural landscapes. In such anthropogenic landscapes, species decline is a
great problem and is mainly caused by the intensification of agriculture (e.g. Donald et
al. 2001; Hodgson et al. 2005; Hendrickx et al. 2007). Naturally occurring insects
inhabiting agricultural landscapes fulfil important roles as pollinators (Kevan & Viana
2003) and as a food source for many bird species (Wilson et al. 1999). Therefore, I will
also discuss what the results of my thesis specifically imply for the conservation of
insects in agricultural landscapes and for the conservation of habitat connectivity in
general.

Quantifying the landscape between populations
Quantifying the interpopulation landscape with least‐cost transect analysis (LCTA)
proved to be an objective approach that successfully identified preferred migration
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habitats and landscape elements that facilitated or inhibited gene flow in Coenagrion
mercuriale and Stethophyma grossum (chapter 1 and appendix 1). By considering each
of the selected landscape elements as potential migration habitat, we were able to
objectively contrast the results of “true” migration habitats against “false” migration
habitats. This comparative approach is important, because even “false” migration
habitats produced landscape genetic models that explained a considerable proportion of
the variation in pairwise estimates of gene flow. Compared to traditional methods to
quantify interpopulation landscape, LCTA produced models with a higher fit that
consistently indicated a certain landscape element as preferred migration habitat. To
become a standard landscape genetic method, LCTA should be further tested on
empirical and simulated datasets. Also the way in which transects are drawn along least‐
cost paths in LCTA could be improved. For instance, considering multiple potential
dispersal paths could be a better representation of the true migration routes between
populations (McRae 2006; Pinto & Keitt 2009; Rayfield et al. 2010).
Furthermore, I found that quantifying interpopulation landscape with transects
was suitable for predictive landscape genetic modelling (chapter 4). The landscape
composition (measured by the proportions of certain landscape elements) in the
transects was a fairly good predictor of gene flow, but the landscape configuration
(measured by landscape indices) did not add any predictive power to landscape genetic
models. Nevertheless, I believe that it is important to develop landscape indices that are
specifically tailored to quantify the landscape configuration encountered by a moving
individual (e.g. Schumaker 1996). When landscape genetic models are used for
predictive purposes opposed to exploratory purposes (i.e. identifying landscape
elements that inhibit or facilitate gene flow) it is important to use causal or direct
predictor variables (Austin & Smith 1989). For instance, in an exploratory landscape
genetic analysis, we identified the proportion of roads in the transect as a facilitator of
gene flow between populations of S. grossum and hypothesised that extensively
managed road verges caused this effect (appendix 1; Holderegger & Di Giulio 2010). The
proportion of roads is, thus, clearly an indirect and not a direct predictor variable and I,
therefore, did not consider this predictor variable in the predictive landscape genetic
analysis of the same species (chapter 4). Models including this predictor variable would
have predicted the highest gene flow rates if the entire landscape was filled with roads.
Although I highly recommend the use of transects to quantify the landscape
between populations, there are several statistical and ecological aspects of transect
analysis that remain to be resolved. Overlapping transects between unique population
pairs may cause a spatial dependency between the otherwise independent population
pairs, which, theoretically requires statistical adaptations to the landscape genetic
analysis (Holland et al. 2004). Ecological aspects to consider in transect analysis are
spatial and temporal fluctuations and non‐linear relationships in a species’ behavioural
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response to landscape elements (e.g. Mysterud & Ims 1998; Hebblewhite & Merrill
2008). All these aspects are currently not, or only very rarely, considered in landscape
genetics.

Correlating gene flow and landscape variables
Pairwise gene flow estimates between populations of C. mercuriale were regressed
against the predictor variables generated through LCTA making use of a mixed effect
modelling approach (chapter 2). Clarke et al. (2002) demonstrated this method on one
predictor and response variable, and I showed here that this method is also suitable for
multiple regression. I believe these mixed models appropriately specify the covariance
structure of the type of response and predictor variables used in landscape genetics and
therefore provide better estimates of regression coefficients than simple linear
regression. The necessity to account for within deme correlations in landscape genetic
analyses can conveniently be measured with the variable , which is automatically
calculated when fitting the mixed models. Variable selection in these mixed models was
performed with the

statistic (Edwards et al. 2008). Contrary to the normal R2, this

statistic proved to be suitable for variable selection as its value can also decrease when
increasing the number of predictor variables in a model, giving it AIC‐like properties. For
the regression models used to predict gene flow between S. grossum populations after
landscape changes (chapter 4), I selected landscape predictor variables based on the
results of leave‐one‐out‐cross‐validation (LOOCV), which was modified to exclude all
population pairs that involved populations in the validation set. This modification
assured the “independence” of the validation set. However, the validity of the mixed
model approach, the

statistic and the modified LOOCV should be rigorously tested on

simulated data. Also, as for AIC (Burnham & Anderson 2002), guidelines should be
developed to associate a certain increase in

to a certain increase in statistical

support. Such a rule of thumb would enhance the interpretability of landscape genetic
models.
Relatively few approaches have been developed for the analysis of distance or
(dis)similarity matrices, which strongly limits the number of possible statistical tests in
landscape genetics. A frequently used permutation method to test the significance of a
correlation between two distance matrices is the Mantel test (Mantel 1967). Although
the permutation procedure for the correlation of two matrices in a simple Mantel test is
fairly well tested, the permutation procedure for partial Mantel tests or multiple
regression on distance matrices is still a topic of debate (Legendre 2000; Raufaste &
Rousset 2001; Castellano & Balletto 2002; Tanadini 2012). Landscape genetics would
greatly profit from more statistical studies that focus on the analysis of distance or
(dis)similarity matrices. For instance, the number of degrees‐of‐freedom of a correlation
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calculated from distance matrices is unknown (Dow et al. 1987). A method to calculate
these degrees‐of‐freedom from a given set of distance matrices would be useful.
Related to this is the necessity for some guidelines concerning the ratio of observations
and the maximum number of (linear) predictor variables in a regression of distance
matrices (e.g. Harrell et al. 1996). Furthermore, more information is needed on the
distribution from which distance and (dis)similarity matrices are drawn, as this is often
not known (Smouse et al. 1986). Likewise, more theoretical support should be found for
the shape of the response curve that can be expected between distance matrices. In this
context, recommendations have been made how to linearize the relationship between
genetic and geographical distances (e.g. Rousset 1997), but little is known about the
relationships that can be expected between genetic distance and the proportional area
of certain landscape elements in a transect between populations. Addressing these
issues would increase the suit of methods available to landscape geneticists.

Gene flow and migration
By analysing the isolation‐by‐distance (IBD) patterns obtained from simulating gene flow
between populations in various configurations of habitat, I determined that the shape of
the habitat in which populations are placed had a strong influence on gene flow and the
rate at which certain IBD patterns emerge (chapter 3). Even though populations were
randomly placed in habitats after each iteration of the simulation, some habitat
configurations consistently resulted in certain IBD patterns, which indicated that
landscape geneticists should place more emphasis on habitat configuration in their
analyses. Population topology was largely dictated by the shape of habitats and could be
used to explain differences in IBD patterns. Furthermore, I demonstrated that gene flow
can take place far beyond the maximum migration distance (by stepwise migration
among several populations across some generations), However, the landscape directly
between populations beyond the maximum migration distance is unlikely to influence
pairwise gene flow. I also found that the maximum FST‐distance correlation is a good
estimator of the maximum migration distance. This could be very valuable information
for conservation management as it indicates the relevant spatial scale at which habitat
networks and connectivity have to be planned. I showed that including measures of
population topology as predictor variables can greatly increase the predictive accuracy
and fit of a model (chapter 4). This finding also makes it possible to predict the changes
in pairwise gene flow caused by the addition or removal of populations.
Population topology was also considered when analysing the effect of several S.
grossum population graphs on landscape genetic results (appendix 1). Here, we found
that considering only a subset of all population pairs could greatly improve results in a
correlative landscape genetic approach. With LCTA, we were only able to identify a
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preferred migration habitat if the dataset was composed of population pairs that were
within maximum migration distance of each other. The model fit was further increased if
we only considered the population pairs within migration distance and without
intermediate populations, as defined by Gabriel graphs. From these results, I
hypothesise that the “purest” landscape effect on migration can be measured between
population pairs within migration distance and population pairs between which there is
predominantly direct gene flow (i.e. no indirect gene flow via other populations; see
above). This hypothesis is supported by Jaquiéry et al. (2011), who found in a simulation
study that the influence of landscape on gene flow was most pronounced if only
neighbouring population pairs were considered. Therefore, I recommend that landscape
genetic studies should place more emphasis on identifying and sampling all populations
within a study area. However, there are an increasing number of landscape genetic
studies that use individual‐based techniques (opposed to population‐ or deme‐based
techniques; Schwartz & McKelvey 2009; Storfer et al. 2010). In such studies a complete
sampling is impractical and other solutions to assessing the arrangement of individuals
or populations would have to be found.

Insects in agricultural landscapes
For the stream‐breeding damselfly C. mercuriale, I found that open agricultural land was
the most likely preferred migration habitat (chapter 2), while for the grasshopper S.
grossum, we found that its breeding habitat also represented its preferred migration
habitat (appendix 1). In addition, pairwise gene flow in both species was negatively
affected by settlements (among other landscape elements). Settlements are abundant
landscape elements in agricultural landscapes and this finding is, therefore, discouraging
for the survival of both agricultural species. However, with predictive landscape genetic
models, I showed that it may be possible to mitigate the negative effects of landscape
elements hindering gene flow, such as settlements in S. grossum, by implementing
certain landscape changes or establishing new populations (chapter 4). This thesis thus
shows how landscape genetic models can be applied in conservation management and
that counter‐measures to the negative effects of landscape fragmentation and change
can be planned.
Landscape genetic studies on insects in agricultural landscapes can produce
valuable additional information to benefit the conservation of this taxonomic group.
Although both focal species (C. mercuriale and S. grossum) were well studied and their
reproductive habitats were well described, not much was known about their migration
behaviour. This becomes apparent in, for instance, recommended measures for the
conservation of C. mercuriale in Switzerland (Monnerat 2002). All the proposed
measures focus on maintaining, optimizing or regenerating the reproductive habitat of
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C. mercuriale. These measures are undoubtedly important for the survival of this
damselfly, but do not ensure the connectivity of existing habitats, which is arguably
equally important for this species’ long‐term survival. Elaborating on the results of the
landscape genetic study of C. mercuriale (chapter 2), I can recommend that connectivity
between habitat patches of C. mercuriale is likely to be optimized if patches are close
together (i.e. positive correlation between FST and transect length) and connected by
open (agricultural) land (i.e. most likely migration habitat) that is interspersed by
streams (i.e. negative correlation between FST and proportion of streams) and not
interspersed by settlements (i.e. positive correlation between FST and proportion of
residential areas). Similar studies would have to be replicated in other areas in order to
determine if these landscape effects can be regarded as general recommendations for
the conservation of C. mercuriale (Segelbacher et al. 2010).
Creating well connected and high quality habitats for insects inhabiting
agricultural lands, will not only enhance their own survival, but also their contribution to
ecosystem functioning as pollinators (Kevan & Viana 2003) or food source for other
animals (Wilson et al. 1999). Maintaining and restoring the functional connectivity for
insect species is an important aspect of their conservation. However, I believe that
successfully increasing the viability of many insect species inhabiting agriculture requires
a multitude of farm‐level measures and an elaborate landscape‐level planning.
Hendrickx et al. (2007) performed a comprehensive study of arthropod diversity in
agricultural areas in Europe. These authors determined that overall arthropods diversity
in agricultural landscapes decreased with increasing land use intensity (depending on
the taxonomic group) and decreasing proximity to semi‐natural habitat patches. This
study illustrates that both extensification and defragmentation of agricultural
landscapes will benefit arthropod diversity. Extensification of agriculture can, for
instance, be realised by using less pesticides (Haughton et al. 1999), by using less
invasive mowing techniques (Humbert et al. 2010) and by creating refuges by leaving
certain grassland patches unmown (Humbert et al. 2012). Such farm‐level measures
should be combined with landscape‐level planning and regulation to ensure an overall
heterogenization of agricultural land, which is central to a diverse agricultural flora and
fauna (Benton et al. 2003).

Conservation of connectivity
Despite the many landscape genetic studies that have been conducted world wide, few
of them have led to concrete measures in applied conservation (Segelbacher et al.
2010). On the one hand, this absence of implementation may be due to the fact that
landscape genetics is a young discipline that is lacking specific landscape genetic theory
(Holderegger & Wagner 2006) and analysis guidelines (Storfer et al. 2010). On the other
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hand, genetic issues are hardly considered by conservation practitioners (Moyle et al.
2003; Braunisch et al. 2012). These two causes are likely to be closely linked. Better
interaction and collaboration between conservation practitioners and landscape
geneticists could alleviate the latter problem (Moyle et al. 2003). For instance, by
providing practitioners with decision keys that help them determine the value of a
genetic analysis (e.g. Howes et al. 2009). The former cause of this “implementation gap”
can be solved by increasing the reliability of landscape genetic analyses through the
development of better landscape genetic methods and theory. In this thesis I have
contributed to this task.
To aid the conservation of connectivity, current landscape genetic studies mainly
identify elements that inhibit or facilitate gene flow or movement (Segelbacher et al.
2010; Storfer et al. 2010). One of the problems with such exploratory landscape genetic
analyses is that the results are species specific (Holderegger & Wagner 2008). To design,
for instance, connectivity networks that will benefit a multitude of species such
information would have to be collected for many species, which will become a costly
and time consuming effort. I believe that biodiversity conservation would hugely benefit
from a better understanding of how “general” landscape patterns affect “general” gene
flow patterns. This can be done by simulation studies with which a better understanding
about the processes governing gene flow is obtained (e.g. Landguth & Cushman 2010;
chapter 3), but also by studying landscape characteristics and patterns that are most
likely to benefit the greatest number of species. For instance in chapter 3, I showed that
some habitat configurations consistently produce certain IBD patterns even though the
locations of the populations within habitat differed with every iteration of the
simulation. Further analysis could give more insight into what specific properties of a
landscape produce sustainable levels of gene flow. Recommendations about a landscape
that would benefit the widest diversity of organisms could be given by conducting
similar simulation studies for a range of migration patterns and population structures.
Landscape indices, like the “metapopulation capacity” (Hanski & Ovaskainen 2000),
could be used as a basis for an automated landscape pattern analysis.
Whether landscape genetics should have a species or a landscape scope is part of
a more fundamental discussion whether conservation efforts should focus on single‐
species conservation or the conservation of whole landscapes/ecosystems. Franklin
(1993) argues that conservation efforts focussed on single species are too time and
resource consuming to conserve the majority of species before they become extinct.
Following this line of reasoning landscape genetics should focus more on studying
general gene flow patterns in landscapes. To achieve this goal, scientists should
collaborate to collect empirical genetic datasets of a range of taxonomic groups in a
range of ecosystem or landscape types and perhaps shift their focus from single‐species
analyses to analyses of functional or taxonomic species groups.
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It is anticipated that population and conservation genetic studies will increasingly
make use of landscape genetic approaches (Jenkins et al. 2010; Storfer et al. 2010). The
same holds true for conservation practitioners (Segelbacher et al. 2010). It is therefore
of vital importance that landscape genetics delivers reliable and accurate knowledge. I
would, thus, like to conclude this synthesis chapter with several recommendations for
the further development of the discipline of landscape genetics.
First, whereas space in population genetics is usually represented by straight‐line
distances between populations, landscape genetics aims to give a more realistic
estimate of these distances (Holderegger & Wagner 2006). Nevertheless, tests of IBD
(i.e. the correlation between geographic distance and genetic distance) remain an
important aspect of landscape genetics (Jenkins et al. 2010; Storfer et al. 2010),
although most of the theory of IBD is derived from population genetic studies in which
this spatial complexity is largely ignored (Epperson et al. 2010). Traditionally, a
monotonically increasing correlation between genetic and geographic distance is
interpreted as an equilibrium state between gene flow and genetic drift, which usually
only emerges after populations have inhabited an area for a long period with stable
conditions (i.e. gene flow‐drift equilibrium; Hutchison & Templeton 1999). However, a
relationship between IBD and “time since colonisation” has empirically not been proven
(Crispo & Hendry 2005). It is now known that IBD patterns are hard to interpret and
strongly depend on the shape of the habitat (chapter 3) and metapopulation dynamics
(Bjorklund et al. 2010). Taking into account the importance of IBD in current landscape
genetics, I believe that this discipline should revise the theory regarding the
interpretation of IBD. For this it is necessary that more studies focus on the effect of
population topology and landscape configuration on IBD patterns and that landscape
genetics is better integrated with metapopulation ecology.
Second, landscape genetics should incorporate more knowledge and theory from
behaviour ecology. In essence, landscape geneticists are trying to understand the
behaviour of their focal species in the landscape and try to capture this behaviour in
potential migration routes such as least‐cost paths (Adriaensen et al. 2003). However,
few landscape genetic studies specifically consider foraging behaviour (e.g. Stephens
2008), movement ecology (e.g. Giuggioli & Bartumeus 2010) or decision theory (e.g.
Gigerenzer & Goldstein 1996). This disciplinary divide can most likely be ascribed to the
different spatial scales at which landscape and behavioural ecologists are working (Lima
& Zollner 1996). It is absolutely necessary that landscape geneticists apply theory and
methods from behavioural ecology, because “the main challenge for scaling up
movement patterns resides in the complexities of individual behaviour rather than in the
spatial structure of the landscape” (Morales & Ellner 2002; p. 2240).
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Lastly, the majority of landscape genetic studies are focussed on generating
knowledge to restore or conserve connectivity for a certain species. In their pursuit of
this noble endeavour, scientists may tend to forget that enhanced connectivity can also
have negative consequences for species survival. The isolation of populations is one of
the drivers of speciation and local adaptation (Storfer 1999). However, some landscape
geneticists have started to focus on “adaptive landscape genetics”, to gain a better
understanding of the processes that drive local adaptation (Holderegger et al. 2006;
Manel et al. 2010).
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Abstract
Many landscape genetic studies assess the impact of landscape elements on species’
dispersal and gene flow. Most of these studies simply perform their analysis on all
possible population pairs in a study area and do not explicitly consider the effects of
population configuration and spatial scale on their results. Here, we examined the
effects of spatial population network topology and scale on the outcome of landscape
genetic analyses. Additionally, we tested whether the relevant spatial scale of landscape
genetic analyses could be defined by population network topology or by isolation by
distance (IBD) patterns. A dataset of the grasshopper Stethophyma grossum, collected in
a fragmented agricultural landscape, was used to analyse population network topology,
IBD patterns and dispersal habitats, using least‐cost transect analysis. Landscape genetic
analyses neglecting spatial population configuration and scale resulted in models with
only low fits, which could not identify a most likely dispersal habitat. In contrast,
analyses considering spatial scale and population network topology resulted in high
model fits by restricting landscape genetic analysis to smaller scales (0‐3 km) and
neighbouring populations, as represented by a Gabriel graph. These models also
successfully identified a likely dispersal habitat of S. grossum. These results strongly
suggest that spatial scale and population network topology should be more explicitly
considered in future landscape genetic analyses.

Introduction
Habitat connectivity is an important issue in ecology and conservation (e.g. Crooks &
Sanjayan 2006; Kindlmann & Burel 2008). Although connectivity is usually assessed by
examining the spatial configuration of habitat patches, it has been recommended to
focus on the ability of a species to disperse between habitat patches (Goodwin 2003). To
assess dispersal ability, information about the species‐specific behavioural response to
landscape is needed. For this purpose the discipline of landscape genetics aims at
assessing landscape effects on dispersal and gene flow (Segelbacher et al. 2010; Storfer
et al. 2010).
Many of the landscape genetic methods currently available analyse landscape
effects on gene flow between pairs of populations (Storfer et al. 2010). Least‐cost path
analysis (Adriaensen et al. 2003), for instance, uses lengths or costs of potential
movement paths through assumed dispersal habitats to explain gene flow between each
population pair. Most of these landscape genetic studies simply include all population
pairs in a dataset when assessing the effects of landscape elements on gene flow (e.g.
Cushman et al. 2006). From all population pairs, a subset could be selected, for instance,
by a predetermined minimum and maximum distance between populations,
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representing a particular spatial scale. Subsets of population pairs could also be selected
based on the presence or absence of intervening populations, as these are expected to
have an influence on pairwise gene flow (McRae 2006). However, most studies do
neither take potential spatial scale effects on the amount of gene flow into account nor
do they explicitly consider aspects of spatial population configuration.
The effects of spatial scale on landscape genetic analyses have been considered
in only a few landscape genetic studies (e.g. Wilmer et al. 2008; Mullen et al. 2010;
Angelone et al. 2011), although its evaluation has been recommended by several
authors (Anderson et al. 2010; Cushman & Landguth 2010; Rasic & Keyghobadi 2012).
Studies that conducted scale‐specific analyses usually detected different results for
different scales (e.g. Angelone et al. 2011). It is more probable that population pairs are
within the maximum dispersal distance of a study species at smaller spatial scales, and
dispersal between population pairs at larger spatial scales may be negligible due to
physical limitations, regardless of any facilitating or inhibiting landscape effect on
dispersing individuals. It has thus been suggested to restrict landscape genetic analyses
to the spatial scale at which direct gene flow is likely to take place (Murphy et al. 2010;
Angelone et al. 2011). For gene flow between population pairs located beyond a study
species’ maximum dispersal distance, various indirect gene flow routes via other
populations might better represent the landscape encountered by dispersing individuals
than direct routes between these populations (Van Strien et al. submitted).
Indirect gene flow routes, determined by spatial population configuration, can be
assessed with population networks or graphs. While the introduction of network
analysis to landscape ecology and conservation biology fostered various new approaches
(Urban & Keitt 2001; Urban et al. 2009), the use of network‐based approaches has only
just started in landscape genetics. (e.g. Garroway et al. 2008; Dyer et al. 2010). In such
networks habitats or populations can be represented as nodes, which are connected by
dispersal routes represented as edges (Galpern et al. 2011). In many ecological
networks, edges are represented by simple geographic distance, and nodes are only
connected if they lay within a specified threshold distance from each other. This
threshold distance may be set at the maximum dispersal distance of a species, which is
often difficult to determine (Moilanen 2011). However, isolation by distance (IBD)
patterns could indicate a threshold of maximum dispersal distance. IBD is based on a
stepping‐stone model (Kimura & Weiss 1964), which assumes more frequent dispersal
among geographically close populations (Slatkin 1987). Under the stepping‐stone model,
a monotonically increasing relationship between genetic differentiation (FST) and
Euclidian distance is expected (i.e. “case I” scenario in Hutchison & Templeton 1999) if
gene flow and drift are in equilibrium. Often, such a relationship is only found up to a
certain distance between populations (i.e. “case IV” scenario in Hutchison & Templeton
1999). Such an IBD pattern is observed when the relative importance of gene flow and
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drift vary at different spatial scales: gene flow is more important at smaller and drift at
larger spatial scales. Although Keyghobadi et al. (2005) and Van Strien et al. (submitted)
showed that the distance at which a monotonically increasing relationship in IBD no
longer exists is not always a reliable indicator of maximum dispersal distance, other
studies found it to be an accurate estimate (e.g. Hanfling & Weetman 2006). IBD
patterns are, however, not only the result of gene flow and drift but also of landscape
configuration.
Since gene flow can take place over several generations with several dispersal
events, gene flow between two populations that are within a species’ maximum
dispersal distance may also be influenced by surrounding populations. High rates of
gene flow between two populations could, thus, be caused by the existence of
intermediate populations. To rule out this effect only neighbouring populations without
any intermediate populations should be considered. Indeed, a simulation study showed
that landscape effects on gene flow are best detected when including only neighbouring
populations in a regular lattice population network (Jaquiery et al. 2011). In landscape
genetic analyses, population network topology can be used to restrict analyses to only
neighbouring populations by using Delauney triangulation (Goldberg & Waits 2010) or
Gabriel graphs (Gabriel & Sokal 1969; Arnaud 2003). In Gabriel graphs, circles are drawn
in a way that two populations are on the edge of a circle and the diameter of the circle
equals the distance between the populations. An edge between the two populations is
only formed if no other population is present within this circle.
In the present study, we investigated the effects of population network topology
and spatial scale (in terms of geographical distance thresholds) on the outcome of
landscape genetic analyses. While spatial scale simply considers the geographic
distances between population pairs, population network topology includes the spatial
arrangement of populations. We expected that the consideration of scale positively
influences landscape genetic model fits and that considering topology can further
increase this fit. In particular, we hypothesise that landscape effects on gene flow are
more pronounced when landscape genetic analyses are restricted (i) to population pairs
within a species’ maximum dispersal distance and (ii) to neighbouring populations as
defined by Gabriel graph‐based population network topology. We further suggest that
(iii) the relevant scale threshold can be identified by IBD patterns and population
network topology. These hypotheses were tested in the following way. First, we visualise
genetic patterns and connectivity across the study area by genetic clustering analysis
and network operations (i.e. edge‐thinning; Urban & Keitt 2001). Second, we assess the
most likely dispersal habitat of the study species without considering scale or population
network topology. Third, we repeat the analysis by considering spatial scale and, fourth,
we again repeat the analysis by considering both scale and population network
topology. As a study data set, we use microsatellite genetic data of the large marsh
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grasshopper Stethophyma grossum in a fragmented agricultural landscape in
Switzerland, where all present populations of this wetland grasshopper have been
sampled.

Methods
Study species
Stethophyma grossum (Linnaeus, 1758; Acrididae) is distributed throughout Europe and
Siberia. It is believed to be strictly bound to wetlands (Baur et al. 2006), as the
development of eggs and larvae depends on high moisture of the top soil (Marzelli 1995;
Koschuh 2004). S. grossum is thus found in fens, swamps, along lakes, streams and
ditches, in moist meadows or extensively managed grasslands on valley bottoms
(Koschuh 2004; Baur et al. 2006). In Switzerland, the species is red listed as vulnerable,
because habitats are fragmented (Monnerat et al. 2007). However, in Southern
Germany, the number of populations of S. grossum is increasing, and new colonisations
have recently been observed (Trautner & Hermann 2008). A similar trend is assumed to
take place in Switzerland. While the habitat characteristics of S. grossum are well
documented, knowledge on its dispersal habitat and potential is scarce. Compared to
other grasshoppers, S. grossum is a good flier with observed flight distances of up to 41
m (Sörens 1996). Nevertheless, mark‐recapture studies found only low dispersal with
maximum distances of about 600 m (Marzelli 1995; Malkus et al. 1996; Bonsel &
Sonneck 2011). However, Griffioen (1996) detected marsh grasshoppers 1500 m away
from the nearest population. Similarly, larvae also show rather low mobility (Krause
1996). Concerning dispersal habitat, Marzelli (1994) observed S. grossum crossing
unsuitable dry grassland, but a 50 m wide highway acted as a barrier to dispersal.
Furthermore, a 3 m wide stream was crossed by S. grossum (Malkus et al. 1996), but
suitable habitat patches surrounded by trees were not readily colonised (Reinhardt et al.
2005), especially if trees were higher than 3 m (Sörens 1996).

Genetic sampling
Mapping and genetic sampling were done in July and August 2010 in the Oberaargau
region of the Swiss lowlands. The study area was characterised by three valleys oriented
from south to north. In an area of about 180 km2, all populations of S. grossum (at least
350 m apart from each other) were sampled (Fig. 1). As S. grossum is strictly bound to
wetlands (Baur et al. 2006), we focused our search on areas along ponds, streams,
rivers, in swamps and valley bottoms. The distinct clicking sound of stridulating males
facilitated the localisation of S. grossum. At each sampling location, we recorded the
coordinates of the centre point and sampled up to 30 individuals (males and females)
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within a radius of 20 m. Only individuals with all legs intact were sampled to avoid re‐
sampling of individuals. Tibia and tarsus of a mid leg of each individual were removed
and stored in 100% ethanol in the dark until DNA extraction. Additionally, we collected
two populations in a neighbouring valley, 4 km away from the closest population in our
study area. These two populations were only used for the genetic analysis, but not
considered for any further analysis, as their surrounding was not completely sampled. In
total, we collected 936 individuals from 39 locations.

Genetic analysis
DNA extraction and genotyping were performed following the procedures described in
Keller et al. (2012). Eight polymorphic microsatellite markers were used for PCR
amplifications (Sgr10, Sgr13, Sgr14, Sgr15, Sgr19, Sgr38, Sgr40 and Sgr45; Keller et al.
2012). Fragments were analysed on an ABI 3730xl sequencer (Applied Biosystems) and
scored with GENEMAPPER 3.7 (Applied Biosystems). To calculate genotyping error rates,
we repeated PCR amplifications of about 6% of all samples. Tests for departures from
Hardy‐Weinberg equilibrium were calculated with GENEPOP 4.0.10 (Raymond & Rousset
1995) using Fisher’s exact test. As null alleles are often found in orthopteran species
(e.g. Ustinova et al. 2006; Chapuis et al. 2008; Blanchet et al. 2010), we estimated null
allele frequencies with FREENA (Chapuis & Estoup 2007) for all loci choosing the
algorithm of Dempster et al. (1977). FSTAT 2.9.3.2 (Goudet 1995) was used to test for
linkage disequilibrium and to estimate global genetic differentiation among populations
(Weir & Cockerham 1984). Gene flow between all pairs of populations was indirectly
estimated by pairwise FST values (Weir & Cockerham 1984) calculated with FSTAT 2.9.3.2
(Goudet 1995) and by pairwise FST values corrected for null alleles (corrFST) calculated
with FREENA (Chapuis & Estoup 2007). Additionally, pairwise Dest, GST and G’ST values
were calculated with SMOGD 1.2.5
(Crawford 2010).
While FST is a valid estimate of
genetic structure (Whitlock &
McCauley 1999), it mainly reflects
historical gene flow (Landguth et al.
2010).
Therefore,
alternative
methods, such as assignment tests,
have been suggested to assess more
recent gene flow (Manel et al. 2005).
We thus calculated pairwise mean
assignment
probabilities
from
assignment tests using GENECLASS
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Fig. 1. Populations of Stethophyma grossum in
the Oberaargau region in Switzerland. Black
circles show populations, and dark‐grey patches
indicate suitable habitats for S. grossum based on
literature information.
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2.0.h (Piry et al. 2004). In GENECLASS, the assignment probability from a first population
to a second (i.e. the average assignment probability of all individuals sampled in the first
population), as well as the assignment probability from the second to the first
population, were estimated. Both values were then averaged, and the resulting pairwise
mean assignment probabilities were used as an estimate of recent gene flow between
the two populations. This was either done using all seven microsatellite markers (map7)
or four markers (map4) with low null allele frequencies (< 0.07; Sgr10, Sgr15, Sgr19,
Sgr38; see Results). A test for global IBD was calculated with GENEPOP 4.0.10 (Raymond
& Rousset 1995) using untransformed FST values and Euclidian distances. For all further
analyses, we excluded the two distant populations in the eastern valley of the study area
(resulting dataset: N = 37 populations).

Population network topology
We first created a complete population network with unweighted edges. Every pair of
nodes (i.e. populations) was connected by an edge, represented by a straight line
(Euclidian distance). With edge‐thinning, edges are iteratively removed from the
complete population network (from longest to shortest edges) in order to identify the
threshold distance at which the population network is no longer connected and breaks
into isolated components (Urban & Keitt 2001). Edge‐thinning can thus give an
indication of how well populations are connected. We created a first population network
by thinning edges till all nodes formed still one single component (by removing one
more edge, the population network would have broken into several components or
groups of nodes). A second population network was created in a way that each node
was connected to at least two other nodes. From both population networks, the length
of the longest connecting edge, i.e. the threshold edge distance, was calculated. We
used an intermediate threshold edge distance from the two population networks
described above to approximate a minimum connecting population network.
Subsequently, we identified edges whose removal disconnected the minimum
connecting population network (cut‐edges) and, finally, the population network was
transformed into a weighted population network, where weights of edges represented
pairwise FST values among nodes.

Genetic clustering
Spatial genetic clustering analysis was performed with TESS v.2.3 (Chen et al. 2007). TESS
groups populations into clusters by maximising Hardy‐Weinberg equilibrium and
minimising linkage disequilibrium within clusters and also includes spatial information of
sampling locations. We used the admixture model (CAR) and set the spatial interaction
parameter to h = 0.6 (default) to calculate ten runs for Kmax = 2‐7 clusters, with a total of
500’000 sweeps of which 100’000 were burn‐in. This was repeated for h = 0 (no spatial
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information taken into account) and h = 0.99 (high spatial dependence). The optimal
number of clusters was estimated from a deviance information criterion plot (DIC). For
the most likely number of clusters, mean cluster membership probabilities of the ten
runs were estimated with CLUMPP v.1.1.2 (Jakobsson & Rosenberg 2007). For each
cluster, these mean cluster membership probabilities were interpolated over the entire
study area by kriging (Ripley 1981), using a slightly modified version of the R‐script
provided with TESS v.2.3 (Chen et al. 2007; R Development Core Team 2011), which uses
the “krig” function of the R‐package “fields” (Furrer et al. 2010). Interpolated grids were
then exported to ARCGIS 9.3.1 (ESRI, Redlands, USA) by showing for each grid cell the
highest cluster membership value of any of the identified clusters. The resulting cluster
maps were then overlaid with the weighted minimum connecting population network
for comparison of cluster boundaries with cut‐edges or “weak” edges in the population
network, whose removal would disconnect or weaken the population network. As
assignment tests can be affected by null alleles (Carlsson 2008), we repeated the
analysis for h = 0.6 based on the four microsatellite markers with low null allele
frequencies (see above).

Dispersal habitat analysis
Landscape genetics offers various tools to identify the most likely dispersal habitat(s) of
a study species. In one popular landscape genetic method “least‐cost‐paths”, paths with
the lowest accumulative cost are calculated from a landscape raster, in which each cell
represents a cost or resistance to movement (Adriaensen et al. 2003; Storfer et al.
2010). The length or cost of the path is then used to explain genetic distances.
Alternatively, the “transect approach” assesses how gene flow is affected by the
abundance of landscape elements along a straight line or within a linear transect
between pairs of populations (e.g. Angelone et al. 2011; Emaresi et al. 2011).
Disadvantages of these methods are that least‐cost‐paths require a priori knowledge on
the dispersal preferences of the study species (Spear et al. 2010) and that more or less
straight‐line dispersal is assumed in the transect approach. With least‐cost transect
analysis (LCTA) the advantages of least‐cost path and transect analysis are combined
(Van Strien et al. 2012). LCTA tests several land‐cover types as potential dispersal
habitats and simultaneously identifies landscape elements that facilitate or hinder gene
flow. In brief, for each potential dispersal habitat, a binary landscape raster is built and
least‐cost paths, which connect pairs of populations, are created. Least‐cost paths are
then buffered to form transects, and the proportion of landscape elements within
transects is determined. These proportions together with the length of the transect are
used as predictor variables in multiple regression on distance matrices (Lichstein 2007)
with the response variable gene flow (e.g. FST values). Finally, the most likely dispersal
habitat is determined by selecting the best fitting model (highest R2). From this best
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model the most likely dispersal habitat can be determined, and the effects of landscape
elements on gene flow are identified.
We applied LCTA to identify dispersal habitats of S. grossum. We chose five land‐
cover types from vectorized land‐cover maps (vector25; based on 1:25’000 maps;
resolution = 10 m; Swisstopo) as potential dispersal habitats: WATER (aboveground
water bodies), ROADS (larger roads and highways), FOREST (patches of forests),
SETTLEMENTS (residential areas) and HABITAT. Additionally, we considered straight‐line
transects, i.e. no preferred land‐cover type (NONE). All these landscape elements
together with the length of the corresponding least‐cost path (LENGTH) were also used
as predictor variables. The specification of HABITAT was based on the knowledge of S.
grossum’s habitat preferences taken from the literature: habitats had to be close to
open water (distance ≤ 500 m), they had to be located within areas of open agricultural
land and within relatively flat areas where water accumulates. The latter was
determined by selecting areas from a digital terrain model (resolution = 20 m;
Swisstopo) that were not more than 20 m higher than the lowest point in a 500 m
radius. The resulting habitat map covered the sites of 35 of the 37 larger populations in
the study area (Fig. 1).
The landscape raster of each potential dispersal habitat type was composed of
the respective habitat type and matrix (= binary landscape). We assigned cells of habitat
a value of 1, i.e. a low resistance cost, and cells of matrix high resistance costs of 8, 64,
512 and 4096. The corresponding least‐cost paths were buffered with 8, 50, 100 or 200
m (transect width = 16, 100, 200 or 400 m), and regression models were built using the
following formula: FST ~ ROADS + FOREST + SETTLEMENTS + WATER + HABITAT +
LENGTH. Pairwise FST values, corrected FST values (corrFST), pairwise mean assignment
probabilities based on seven microsatellite markers (map7) or mean assignment
probabilities based on four markers (map4) were used as response variables. As
predictor variables, the proportion of each landscape element (ROADS, FOREST,
SETTLEMENTS, WATER, HABITAT) within a transect was calculated by dividing the area of
a given landscape element by the total transect area. Resulting values of predictor and
response variables were rank‐transformed, because it is not clear what kind of
relationship can be expected between predictor and response variables.
For each of the potential dispersal habitats, an overall regression model was built
across the whole data set as well as a separate regression model for each of four
different distance classes (0‐3 km, 3‐6 km, 6‐9 km, > 9 km), in which only population
pairs within the specified spatial scale were included. The smallest distance class
represented the threshold distance of the minimum connecting population network (see
Results). As sample sizes were not equal for all distance classes and there is currently no
generally accepted or appropriate way to calculate adjusted‐R2 for regression on
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Pairwise FST

distance matrices (Legendre &
0.25
Fortin 2010), we randomly chose
0.20
97 pairs (smallest sample size) of
each distance class and repeated
0.15
the analysis 1000 times. From
0.10
the 1000 R2 values obtained, the
mean was calculated. For the
0.05
best fitting model, i.e. the most
0.00
likely
dispersal
habitat,
0
5
10
15
20
significance
of
regression
Euclidian distance [km]
coefficients and R2 value were Fig. 2. Isolation by distance plot for pairs of populations
calculated by permuting the of Stethophyma grossum in Switzerland. The dashed
trend line shows the correlation over all population
response variable as vector, pairs while the solid trend line indicates the correlation
using the “lmorigin” function of for population pairs less than 3 km apart.
the R‐package “ape” (Paradis et
al. 2004). To ascertain the independence of predictor variables, we checked for
collinearity of predictor variables. As suggested by Tabachnick and Fidell (2007), we
considered correlation coefficients larger than 0.7 to show collinearity of predictor
variables.
For the model settings (i.e. matrix resistance value, corridor width, distance class
and response variable) that resulted in the best fitting models (highest R2), we
additionally performed LCTA considering population network topology including only
neighbouring population pairs as represented by a Gabriel graph (N = 45; Gabriel & Sokal
1969). To compare the results of this analysis with the results obtained from analysis
including all population pairs as well as the results from the distance class of the best
fitting model, we repeated all analyses by randomly choosing 45 population pairs and
repeating the analyses 1000 times. The mean R2 from the 1000 R2 values was then
calculated.

Results
Genetic analysis
Genotyping error was maximally 6.9% across all loci, except for locus Sgr14 where it was
39.6%. Mismatches were caused by allelic dropout or amplification failure, but not by
miss‐identified alleles. Departure from Hardy‐Weinberg equilibrium was significant for
some loci in some populations, but there were no consistent patterns across populations
(except for locus Sgr14). High null allele frequencies were found for locus Sgr14 (average
0.21; range = 0.00‐0.42). Null allele frequencies for all other loci were lower. Marker

122

Spatial population configuration affects landscape genetic analyses
0.40
0.35

FST/Mean assignment probability

0.30
0.25
0.20
0.15
0.10
0.05
0.00
1

2

3

4

5
6
Distance [km]

7

8

9

10

Fig. 3. Pairwise genetic differentiation (FST; black bars), null allele‐corrected pairwise genetic
differentiation (corrFST; dark‐grey bars), average pairwise mean assignment probabilities based
on seven microsatellite markers (map7; light‐grey bars) and average pairwise mean assignment
probabilities based on four microsatellite markers (loci with small null allele frequencies; map4;
white bars) averaged per kilometre in Stethophyma grossum.

Sgr40 still showed high null allele frequencies (0.15; 0.00‐0.33), followed by Sgr45 (0.14;
0.00‐0.42). Null allele frequencies of Sgr13 were slightly lower (0.10; 0.00‐0.24) and
substantially lower for all other markers (Sgr10: 0.03; 0.00‐0.20; Sgr15: 0.07; 0.00‐0.24;
Sgr19: 0.01; 0.00‐0.08; Sgr38: 0.02; 0.00‐0.11). Significant linkage was found for some
pairs of loci, but this no longer held true after Bonferroni correction, except for the
combination of Sgr10 and Sgr14. Sgr14 was excluded from all further analyses (high
genotyping error rate, abundant Hardy‐Weinberg disequilibrium, high null allele
frequencies and significant linkage with another locus).
Global FST was 0.055 at the seven remaining loci. Pairwise genetic distance
measures (Dest, GST, G’ST, FST and corrFST) were highly correlated (r ≥ 0.860 in all cases;
Table S1). Similarly, correlations between the two measures of pairwise mean
assignment probabilities (map7 and map4) were high (r = 0.851). In further analysis, we
nevertheless used pairwise FST, corrFST, map7 and map4 in order to take the effects of
null alleles into account. Global IBD was significant (P = 0.005), but the relationship was
weak, except for those population pairs that were less than 3 km apart (Fig. 2).
Accordingly, a clear trend of increasing average FST or corrFST and decreasing map7 or
map4 with increasing Euclidean distance was observed for distance classes up to 3‐4 km
(Fig. 3). For larger distance classes, there was no obvious trend in FST, corrFST, map7 or
map4.
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Fig. 4. Population network topologies for Stethophyma grossum in a completely sampled area in
Switzerland. (A) Unweighted minimum connecting population network (threshold distance = 3
km). Dashed lines indicate “weak” edges which connect “population communities” of well‐
connected populations. (B) Weighted minimum connecting population network (weights =
pairwise FST values). Thin lines represent high genetic differentiation and thus lower gene flow
(FST = 0.06‐0.14), medium thick lines show intermediate genetic differentiation (FST = 0.02‐0.06),
and thick lines indicate low genetic differentiation (FST = 0.00‐0.02).

Population connectivity
The threshold edge distance in the population network with all populations (nodes) still
forming one single component before breaking into several smaller components was
2743 m. With a threshold edge distance of 3264 m, each population was connected with
at least two other populations. We used an intermediate threshold distance of 3000 m
to represent a minimum connecting population network (Fig. 4A). The population
network showed three main “population communities”, i.e. groups of populations that
were highly connected: one “population community” was located in the southern part of
the study area, one in the northern and one in the south‐eastern part. A fourth
“population community”, where populations generally had less connections, was found
in the west of the study area. There was no cut‐edge identified in the minimum
connecting population network, i.e. an edge whose removal would have disconnected
the population network. Nevertheless, the removal of four central “weak” edges (Fig.
4A; dashed lines) would have disconnected the population network and isolated the
above four “population communities”. A weighted population network, with weights
representing pairwise FST values, showed that edges with little gene flow (Fig. 4B, thin
edges) coincided well with the “weak” edges mentioned above (Fig. 4A).

Genetic clustering
As suggested by the manual of the program TESS (Chen et al. 2007) we used the
statistical deviance information criterion plot (DIC) to choose the most likely number of
clusters. The plot showed that populations in our study area were grouped into five
clusters (Fig. S1; based on seven or four microsatellite markers). The five clusters were
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consistent across the three
different spatial interaction
factors (h) tested. All further
analyses were therefore based
on
the
default
spatial
interaction factor h = 0.6. The
overlay of the five interpolated
clusters with a land‐cover map
showed a good overlap of the
three southern clusters with the
three main valleys in the study Fig. 5. Interpolated membership coefficients of
populations of Stethophyma grossum to five clusters in
area (data not shown). Cluster
Switzerland, overlaid with a weighted minimum
boundaries
also
spatially connecting population network (weights = pairwise FST
coincided with the “weak” values; for explanations see Fig. 4B). Black areas
edges
in
the
weighted represent boundaries between the five genetic clusters.
minimum connecting population network (Fig. 4B), except for the edges between the
north and north‐western “population communities” and the north‐western and south‐
western “population communities” (Fig. 5).
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Fig. 6. Model fit (R2) of multiple regression on distance matrices models for Stethophyma
grossum in Switzerland considering either all population pairs, only population pairs in distance
class 0‐3 km or only populations in distance class 0‐3 km also restricted to neighbouring
populations with a Gabriel graph. Several landscape elements as well as straight‐line transects
(NONE) were tested as dispersal habitats (transect width = 100 m, resistance = 64, response
variable = map7).
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Table 1. Results of regression models for the identification of the most likely dispersal habitat of
Stethophyma grossum. Models were calculated for different settings: four different response
variables (pairwise genetic differentiation, FST, pairwise genetic differentiation corrected for null
alleles, corrFST, pairwise mean assignment probabilities based on seven microsatellite markers,
map7, pairwise mean assignment probabilities based on four microsatellite markers, map4), for
four different corridor widths and for four different resistance values. For each combination of
settings, models were calculated for four distance classes (0‐3 km, 3‐6 km, 6‐9 km, > 9 km) and
five different dispersal habitats (WATER, ROADS, FOREST, SETTLEMENTS, HABITAT). Distance
class, dispersal habitat and model fit of the best fitting model per setting combination is shown.
The best overall fitting models (highest R2) are marked in bold.
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Dispersal habitat
Generally, model fit was better when using pairwise mean assignment probabilities
(map7) instead of FST values as response variable (Table 1). The use of genetic distance
measures corrected for null alleles (map4, corrFST) did not change the outcome of LCTA.
Neither corridor widths nor resistance cost values had a substantial impact on the best
fitting models (Table 1), which were generally those calculated for distance class 0‐3 km
(Table 1). Note that a distance of approximately 3 km was also identified as threshold
edge distance in the minimum connecting population network (see above). This was
especially the case when pairwise mean assignment probabilities (map7, map4) were
used as response variable. The overall best fitting models (R2 = 0.56; distance class = 0‐3
km) always assumed HABITAT as dispersal habitat, used map7 as response variable, had
a corridor width of 100 m and matrix resistance cost values of either 64, 512 or 4096.
These settings (map7, corridor width = 100
m, resistance cost value = 64) were then used to
compare models across all distance classes with
models restricted to distance class 0‐3 km (taking
spatial scale into account) and models including
distance class 0‐3 km further restricted to
neighbouring populations as represented by a
Gabriel graph (considering scale and population
topology). Results of the regression models across
all distance classes showed an only low model fit
(R2 ≤ 0.248), regardless of dispersal habitat (Fig. 6).
For models only considering population pairs in
distance class 0‐3 km, R2 values were more
variable (R2 = 0.230‐0.593), and the model
assuming HABITAT as dispersal habitat clearly
outperformed all other models. Even better fitting
models (R2 = 0.403‐0.630) were found when only
Gabriel population pairs in distance class 0‐3 km
were included in the analysis. Again, the best
model was based on dispersal through HABITAT.

Influence of landscape elements
For the best fitting model (dispersal habitat =
HABITAT, distance class = 0‐3 km, response
variable = map7; Table 2), we found a significant
negative correlation of the length of the transect,

Table 2. Results of multiple
regression on distance matrices of
populations
of
Stethophyma
grossum in Switzerland that were
either no more than 3 km apart
from each other (distance class 0‐3
km) or no more than 3 km apart
from each other and neighbours
based on a Gabriel graph (0‐3 km
Gabriel). Dispersal habitat was
HABITAT, and pairwise mean
assignment probabilities based on
seven
microsatellite
markers
(map7) were used as response
variable. Model fit (R2) and
significance and sign of regression
coefficients are given for each
landscape element.
Populations
0‐3 km 0‐3 km
Gabriel
WATER

(+)**

(+)**

ROADS

(+)***

(+)**

FOREST

(‐)**

(‐)*

SETTLEMENTS

(‐)(*)

n.s.

HABITAT

n.s.

n.s.

LENGTH

(‐)***

(‐)***

0.560

0.630

2

R

P‐values: *** ≤ 0.001, ** ≤ 0.01, * ≤
0.05, (*) ≤ 0.1
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proportion of forest and proportion of settlements with pairwise mean assignment
probabilities, indicating less gene flow with increasing path lengths and increasing
proportions of forest and settlements. In contrast, the proportion of water bodies and
roads were positively correlated with map7. Pairwise correlations between predictor
variables did not show collinearity (r ≤ 0.7). The results for models additionally restricted
to neighbouring populations defined by a Gabriel graph were similar, but the predictor
SETTLEMENTS was no longer significant (Table 2).

Discussion
The present study confirmed our expectations that the outcome of landscape genetic
studies depends on spatial population configuration and that disregard of spatial scale
and population network topology can lead to misinterpretations. Moreover, in our study
system, the relevant distance threshold up to which landscape elements strongly
influence dispersal and gene flow was reflected by IBD patterns and population network
topology.

Isolation by distance
In our study, a pronounced IBD pattern was only found at smaller spatial scales, i.e. for
distance classes up to about 3‐4 km both for pairwise mean assignment probabilities and
pairwise FST values (Figs. 2, 3). This indicates that up to 3‐4 km, gene flow between
populations of S. grossum was more important than drift, but that for larger distances
drift was the driving factor. A similar IBD pattern (“case IV” scenario) was found by
Hutchison and Templeton (1999), who studied populations of collared lizards in different
landscapes with different colonisation periods. Likewise, Mullen et al. (2010) detected a
positive correlation of FST with stream distance within catchments, but not among
catchments for the Idaho giant salamander. If populations and landscapes have not been
stable for long enough time periods to reach gene flow‐drift equilibrium and if gene flow
is more important between close populations, such an IBD pattern is expected
(Hutchison & Templeton 1999). Therefore, significant IBD can only be found up to a
spatial scale threshold where gene flow is more important than drift. As conditions in
European agricultural landscapes have strongly changed during the last decades (Stoate
et al. 2001) and S. grossum might currently be expanding, it is not surprising to find a
“case IV” IBD pattern in our study system. Even though other studies did not consistently
find a correlation between maximum dispersal distance and IBD patterns (i.e. the point
at which an FST‐distance plot flattens out; Keyghobadi et al. 2005; Van Strien et al.
submitted), in our study, IBD analysis gave a good estimate about the spatial scale at
which the landscape substantially influences dispersal.
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Population network topology
The distance threshold of about 3‐4 km detected in IBD analysis was also evident from
population network topology. At distance thresholds of edges at 2743 m, the population
network changed from one big component into many smaller components,
disconnecting all populations in the study area. Thus, populations are functionally
connected, if the dispersal capabilities of S. grossum equal this threshold distance. The
distance threshold of a population network, where each population was linked with at
least two other populations, was determined at 3264 m edge length. If S. grossum can
cover this threshold distance, gene flow between all populations is not dependent on
one single edge. If the direct edge between a pair of populations was interrupted, for
instance by anthropogenic activities, a detour would still connect the populations.
However, there are three main concerns about population network topology analyses in
general. First, dispersal potential is often unknown or underestimated for many species
(Van Dyck & Baguette 2005; Kamm et al. 2009), as it was the case for S. grossum in the
literature. Dispersal distances can be determined by first generation migrant assignment
tests on genetic data sets (Paetkau et al. 2004), if a high enough global genetic
differentiation (FST) is available. Alternatively, IBD patterns can denote those spatial
scales with frequent gene flow (see above), particularly if, as in our study, recent gene
flow estimates are plotted against Euclidian distance. The second concern deals with the
potential underestimation of scale thresholds if real dispersal paths differ from straight‐
line paths. It has, therefore, been suggested to use least‐cost paths as edges between
pairs of populations in networks (Urban et al. 2009). However, the parameterisation of
resistance surfaces for creating least‐cost paths requires previous knowledge on
dispersal preferences of the study species, which is often not available (Anderson et al.
2010). Third, the outcome of population network analysis is only meaningful if a
complete sampling of a study area is available. In our case, such a complete population
sampling was available and enabled meaningful analyses of population network
topology.
The fact that we found a distance threshold at 3‐4 km for both IBD patterns
(indicating frequent gene flow) and population network topology (based on spatial
population configuration), indicated functional connectivity of populations across our
study area. However, population network topology not only identified highly connected
“population communities” but also “weak” edges within the networks. Network edges
that linked highly connected “population communities” showed higher genetic
differentiation (FST = 0.06‐0.14) than edges within the linked “population communities”
in the weighted network (Fig. 4), indicating limited gene flow between the linked
“population communities”. We therefore confirm that not only the spatial scale of
landscape genetic analysis, but also population network topology influenced genetic
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patterns in our study system. Within the linked “population communities” there were
several populations located within the species’ maximum dispersal distance and, thus
gene flow is secured because of the existence of multiple direct and indirect gene flow
routes between population pairs.
Genetic clustering analysis generally supported the above findings. The genetic
clusters found, largely coincided with the topology of the minimum connecting
population network. The “population communities” discussed above fell within one
genetic cluster, except for the eastern “population community”, which was located in
two clusters (Fig. 5). The cluster boundaries also spatially coincided with the “weak”
edges in the unweighted population network (Fig. 4A) and showed high genetic
differentiation (i.e. little gene flow) in the weighted population network (Fig. 5).
Although clustering analysis is one of the most often used methods in landscape
genetics (Storfer et al. 2010), it is prone to overestimate the real number of clusters if
there is IBD (Guillot et al. 2009), which was the case in our study. The spatial coincidence
of cluster boundaries and “weak” network edges should thus be further verified (i.e.
with the overlap statistics; Fortin & Dale 2005) as overlaps could just occur by chance
(Anderson et al. 2010). However, in many studies the overlay approach of landscape
genetics has been used for the detection of major landscape barriers to gene flow
(Holderegger et al. 2010). Whether the genetic clusters in our study are the result of
reduced gene flow between the valleys or whether they simply represent the currently
established “population communities” in suitable habitat, has yet to be determined.
Differentiating between these two hypotheses is, however, very important for
conservation management.

Dispersal habitat
The successful detection of a most likely dispersal habitat of S. grossum with landscape
genetic analysis (LCTA) proved to be highly dependent on the spatial configuration of
populations. In fact, when considering all population pairs, landscape genetic models
only weakly explained patterns of gene flow, and no most likely dispersal habitat could
be identified (Fig. 6). In contrast, the consideration of spatial scale by performing
separate landscape genetic analyses for different distance classes greatly improved
model fits. Best models were found for distance class 0‐3 km, a spatial scale that most
likely represents maximum dispersal distance of S. grossum (see above). For these best
models, a distinct dispersal habitat could be identified (Fig. S2): almost all models were
based on dispersal routes through HABITAT. This indicated that S. grossum mainly uses
its reproductive habitat as preferred dispersal habitat, at least at shorter distances of
less than 3‐4 km. Conservation management of S. grossum should, therefore, focus on
maintaining and restoring the species’ reproductive habitat, to preserve existing
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populations (network nodes) and, to enhance or re‐establish dispersal and gene flow
(network edges).
Pairwise mean assignment probabilities explained landscape patterns far better
than pairwise FST values (Table 1; map7: R2 = 0.43‐0.56; FST: R2 = 0.31‐0.39). Mean
assignment probabilities reflect more recent gene flow (Manel et al. 2005), while FST is a
measure of mainly historical gene flow (Whitlock & McCauley 1999). Our results thus
indicated that measures of recent gene flow might be more appropriate to explain
present‐day landscape patterns in changing environments.
For larger spatial scales (> 3 km) model fits were generally low, and the most
likely dispersal habitat could usually not be identified (Fig. S2). There might be several
explanations for this result. First, it is possible that dispersal behaviour and dispersal
habitats differ among different spatial scales (Van Dyck & Baguette 2005; Wilmer et al.
2008; Delattre et al. 2010). Long‐distance dispersal in S. grossum might occur along
various dispersal routes, being less dependent on the landscape elements encountered,
except for major barriers, such as forests (Table 2; Reinhardt et al. 2005). Second, the
rarity of long‐distance dispersal might hamper the detection of a preferred dispersal
habitat at larger spatial scales. Third, as direct dispersal can only occur between
population pairs within the species’ maximum dispersal distance (Murphy et al. 2010),
least‐cost path transects as used in LCTA between population pairs beyond the species’
maximum dispersal distance might not assess the landscape actually encountered by
dispersing individuals. At larger spatial scales, gene flow might happen in a stepping‐
stone way via other populations over several generations, which is, for instance,
represented by population network topology.
We represented population configuration by a Gabriel graph (Gabriel & Sokal
1969), which connected neighbouring population pairs whose edges represent dispersal
routes that are not surrounded by other nearby populations. With such graphs we
anticipated to represent the direct landscape effect on gene flow between population
pairs, i.e. without the effect of other populations enhancing or reducing gene flow. We
suggest that we therefore found the highest fit for models that only take the Gabriel
graph populations into account in the minimum connecting population network (Table
2).

Landscape effects on gene flow at small spatial scales
Two models were considered to analyse the impact of landscape elements on gene flow
(measured by map7). The first model considered HABITAT as dispersal habitat and was
restricted to distance class 0‐3 km (Table 2). The second model had the same settings
but only considered neighbouring populations as defined by a Gabriel graph. As
expected for the hygrophilous S. grossum, the proportion of water bodies, and probably
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the associated wet grasslands, had a positive effect on dispersal and gene flow.
Surprisingly, the proportion of larger roads also enhanced gene flow between pairs of
populations. However, we did not differentiate between roads in parallel to least‐cost
transects and roads intersecting these transects, as for instance suggested by Holzhauer
et al.(2006). In a landscape genetic study on the bush cricket Metrioptera roeselii, these
authors found a positive effect of parallel roads but a negative effect of crossing roads
on gene flow. Our results could nevertheless be explained by a positive effect of less
intensively managed road verges (Holderegger & Di Giulio 2010) which were rather
abundant in the study area.
Negative impacts on gene flow were found for forests, settlements (though only
marginally; Table 2) and path length. Forests have previously been detected as barriers
to dispersal in a mark‐recapture study on S. grossum (Sörens 1996), and gene flow was
expected to decrease with increasing path length at small spatial scales as exemplified
by the detected IBD pattern (Fig. 3). We show that results derived from LCTA can directly
and easily be interpreted, in contrast to other landscape genetic approaches, and can
thus help enhancing our understanding on the dispersal ecology of particular study
species.

Conclusions
The spatial configuration of populations proved to be an important factor in the present
landscape genetic analysis. Both spatial scale (i.e. distance classes) and population
network topology had a substantial impact on landscape genetic results. In particular,
both IBD analysis and population network topology identified a spatial scale threshold of
3‐4 km which indicated the relevant spatial scale for landscape genetic analyses. Thus,
up to this threshold landscape elements significantly influenced dispersal and gene flow
in S. grossum. In fact, when analysing direct dispersal routes between all population
pairs, weak IBD patterns and low model fits in LCTA were obtained. Meaningful results
were only found when population pairs beyond the species’ potential maximum
dispersal distance were excluded from analysis. Additionally, the consideration of
population network topology (i.e. restricting the dataset to neighbouring (Gabriel)
populations) further improved results. We therefore advise against conducting
landscape genetic analyses across all possible population pairs if the species’ dispersal
potential is limited. Moreover, we strongly support the suggestion of Anderson et al.
(2010) and Van Strien et al. (submitted) to consider spatial scale as well as population
network topology in future landscape genetic studies in a more comprehensive way.
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Supporting information
Table S1. Correlations between various genetic distance measures calculated with SMOGD 1.2.5
(FST, GST, Dest, G’ST; Crawford NG (2010) SMOGD: software for the measurement of genetic
diversity. Molecular Ecology Resources, 10, 556‐557), mean assignment probabilities from
assignment tests based on four (map4) or seven microsatellite markers (map7; Piry S, Alapetite
A, Cornuet JM, et al. (2004) GENECLASS2: a software for genetic assignment and first‐generation
migrant detection. Journal of Heredity, 95, 536‐539) and FST corrected for null alleles calculated
with FREENA (corrFST; Chapuis MP, Estoup A (2007) Microsatellite null alleles and estimation of
population differentiation. Molecular Biology and Evolution, 24, 621‐631) for 39 populations of
Stethophyma grossum sampled in Switzerland.
Distance
measures

Pearson
correlation

FST

corrFST

0.986

FST

G’ST

0.945

FST

GST

0.957

FST

Dest

0.927

FST

map4

‐0.598

FST

map7

‐0.647

corrFST

G’ST

0.929

corrFST

GST

0.957

corrFST

Dest

0.909

corrFST

map4

‐0.597

corrFST

map7

‐0.633

G’ST

GST

0.896

G’ST

Dest

0.996

G’ST

map4

‐0.697

G’ST

map7

‐0.750

GST

Dest

0.860

GST

map4

‐0.507

GST

map7

‐0.607

Dest

map4

‐0.712

Dest

map7

‐0.758

map4

map7

0.851
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Fig. S1. Clustering results of TESS analysis of populations of Stethophyma grossum in Switzerland
(Chen C, Durand E, Forbes F, Francois O (2007) Bayesian clustering algorithms ascertaining
spatial population structure: a new computer program and a comparison study. Molecular
Ecology Notes, 7, 747‐756). (A) Estimation of number of clusters (Kmax) from the mean deviance
information criterion (DIC) based on seven microsatellite markers (h=0.6). (B) Estimation of
number of clusters (Kmax) based on four microsatellite markers with low null allele frequencies.
(C) Interpolated membership coefficients to five genetic clusters based on four microsatellite
markers overlaid with a weighted minimum connecting population network (weights = pairwise
FST values; for explanations see Fig. 4B in the article). Black areas represent boundaries between
the five genetic clusters.
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Fig. S2. Model fit (R2) from regression analysis on preferred dispersal habitats of Stethophyma
grossum in LCTA using pairwise mean assignment probabilities (map7) as response variable, a
resistance cost value of 64 and a corridor width of 100 m.
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