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Summary
The ability to move profits the mobile individual, but also makes it a potential vector for nutrients,
pathogens, and propagules. Moving animals thus have the potential to impose effects at an ecological scale that far surpasses the immediate consequences for the single moving individual itself.
Long-distance migrants, which are estimated to comprise billions of individuals each year, exert a
tremendous potential to link ecosystems, or even continents. In a time that the global phenomenon
of long-distance migration is slowly starting to disappear, we are only beginning to understand the
drivers and ecological impact of these seasonal mass movements. Technological advances and the
miniaturisation of tracking devices allow us to peer ever deeper into the life of individuals, yet these
observations remain hard to generalise over large numbers of individuals. Turning to an increasing
diversity of movement models, however, offers the possibilities to describe and generalise animal
movement by quantitative means. While this provides the opportunity to replicate the underlying
movement process, these models often cannot account for the immediate environmental context
under which movement occurred. Animals, however, do not move randomly through space, and the
incorporation of environmental information into predicting both the causes and effects of massive,
long-distance migrations is essential. I develop a framework that integrates movement models with
environmental information using movement data collected from several species of Asian waterbirds
as a model system. This framework incorporates both the environmental context of simulated trajectories and the habitat use of the species and specifically acknowledges that both environment
and habitat use can be subject to seasonal changes. This is mainly achieved by identifying periods of time during which the habitat use of individuals is constant directly from empirical tracking
data. Therefore, I introduce a novel segmentation approach for animal movement data in chapter
. I show that this segmentation approach is able to identify relevant changes in habitat use caused
by changes in both the available environment and habitat utilisation using simulations, and apply the method to data collected for the common teal (Anas crecca, Linnaeus 1758). In chapter , I
explore whether temporally dynamic predictions of habitat suitability that are derived after a segmentation can, in combination with movement simulation, make ecologically sensible predictions
of migratory movements. I expand a recently developed movement model to account for the typical migratory strategy of the bar-headed goose (Anser indicus, Latham 1790) and derive a metric
to evaluate the ecological likelihood of simulated migratory trajectories. This chapter shows that a
combination of predicted habitat suitability at stopover sites and metrics of simulated trajectories
can reflect our knowledge of this species’ movements within its native range both in space and time
even in areas for which no tracking data were available. Finally, I apply this framework to data from
bar-headed geese and the ruddy shelduck (Tadorna ferruginea, Pallas 1764) to estimate their contribution to the dispersal of avian influenza A virus H5N1 under the assumption that both of these
species are able to transport the virus between stopover sites. Even though the dispersal patterns of
a pathogen with a variety of hosts are likely more complex than assumed in this chapter, I was able
to explain a significant portion of the virus diffusion across the Asian continent by incorporating
both geographic distance and the environmentally informed movement simulations.
In conclusion, this thesis presents one approach how to derive quantitative predictions of how,
when, and where animals might move through heterogeneous landscapes from empirical tracking
data. I think that the framework established in this thesis is sufficiently flexible to be adapted for
a diversity of applications. While this work is only an initial step to understand the complexity of
9

global migration, the results show how movement models can profit from the integration of the
environmental context of animal movement.
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Zusammenfassung
Die Fähigkeit, sich aus eigener Kraft fortzubewegen hat viele Vorteile für mobile Organismen, macht
sie aber auch zu potentiellen Vektoren für beispielsweise Samen, Pathogene, und Nährstoffe. Als
Konsequenz dessen können mobile Organismen einen Effekt auf das Ökosystem haben, der den
unmittelbaren Effekt für das einzelne Individuum übersteigt. Besonders bei Tieren, die regelmäßig
lange Distanzen zurücklegen, kann diese Vektorfunktion gewaltige Dimensionen annehmen, zumal
selbst konservative Schätzungen von jährlich Milliarden solcher Tierwanderungen ausgehen. In
der heutigen Zeit, in der wir gerade die Ursachen und Konsequenzen dieser Tierwanderungen zu
verstehen beginnen, fangen diese jedoch an, langsam zu verschwinden.
Trotz der technischen Fortschritte bei Sendern für die Aufzeichnung von Tierbewegungen, die
uns immer genauere Einblicke in das Leben einzelner Individuen ermöglichen, bleibt die Generalisierung dieser Erkenntnisse schwierig. Modelle für Tierbewegungen ermöglichen es uns jedoch,
solche Beobachtungen mathematisch zu beschreiben. So lässt sich der den Beobachtungen zu
Grunde liegende Bewegungsprozess zu replizieren - jedoch häufig unter der Vernachlässigung der
äußeren Umweltbedingungen. Da Tiere sich nicht zufällig durch die Landschaft bewegen, ist also
die Berücksichtigung der Umwelt unerlässlich wenn zuverlässige Vorhersagen für die Ursachen und
Konsequenzen für Tierbewegungsphänomene erstellt werden sollen. Aus diesem Grund soll im Verlaufe dieser Dissertation ein Konzept für die Integration von Umweltinformationen in Tierbewegungsmodelle entwickelt werden. Hierfür benutze ich beispielhaft die Daten mehrerer asiatischer
Wasservogelarten. Das Konzept erweitert ein solches Bewegungsmodell sowohl um die Umweltbedingungen simulierter Bewegungsprozesse wie auch die Nutzung dieser Bedingungen durch die
entsprechenden Arten. Hierbei werden die saisonalen Veränderungen der Umwelt wie auch des
Verhaltens von Individuen durch die Identifizierung konstanter räumlicher Zusammenhänge zwischen Tieren und ihrer Umwelt berücksichtigt. Um dies zu erreichen, entwickele ich in Kapitel dieser
Dissertation eine Methode zur Segmentation von Tierbewegungsdaten. So kann ich mittels Simulationen aufzeigen, dass diese Methode Veränderungen in Art-Umwelt-Zusammenhängen zuverlässig detektiert, und wende diese Methode auf einen Datensatz der Krickente (Anas crecca, Linnaeus 1758) an. Im zweiten Kapitel leite ich aus einem auf diese Weise segmentierten Datensatz der
Indischen Streifengans (Anser indicus, Latham 1790) zeitlich dynamische Habitateignungsvorhersagen ab, um Migrationsbewegungen auf ökologischer Basis zu validieren. Diese Migrationsbewegungen werden mittels einer in diesem Kapitel entwickelten Erweiterung eines Bewegungsmodelles simuliert, und entsprechen sowohl in ihren zeitlichen und geometrischen Eigenschaften den
empirischen Beobachtungen. Die Resultate zeigen, dass eine ökologisch angemessene Evaluation
simulierter Bewegungen den tatsächlichen Beobachtungen für diese Arte entspricht, und dies selbst
für jene Regionen des Verbreitungsgebietes, für die hier keine empirischen Daten zur Verfügung
standen. Schließlich übertrage ich in Kapitel dieses Konzept auf einen angewandten Fall: die räumliche Ausbreitung von aviären Influenza A Viren (H5N1). Unter der Annahme, dass Indische Streifengänse sowie Rostgänse (Tadorna ferruginea, Pallas 1764) dazu in der Lage sind, das Virus über lange
Strecken zu transportieren, versuche ich mittels simulierter Migrationsbewegungen den Effekt von
Wasservögeln auf die Verbreitung des Virus abzuschätzen. Und auch wenn die Verbreitungswege
des Virus wesentlich komplexer sind als hier angenommen, können die Bewegungssimulation
gemeinsam mit geografischer Distanz einen Teil der räumlichen Diffusion erklären.
Zusammenfassend lässt sich sagen, dass das hier vorgestellte Konzept die Erstellung quantita13

tiver Vorhersagen für Tierbewegungen in heterogenen Landschaften zulässt. Ich denke auch, dass
das Konzept ausreichend flexibel ist, um für viele Anwendungsbereiche angepasst werden zu können. Und obwohl dieses Konzept nur ein weiterer kleiner Schritt ist, um die Komplexität globaler
Tierwanderungen zu erklären, zeigen die Resultate doch auf, dass die Erweiterung mathematischer
Bewegungsmodelle durch den äußeren Umweltkontext profitieren können.

14

16

Introduction
If a distant observer were to watch the earth over a prolonged period of time, he would notice that
movement is taking place constantly, and everywhere on the planet. His observations could be,
among others, the following: 1) The earth rotates both around the sun and itself. As the axis of the
planet is tilted, this results not only in night and day, but also pronounced patterns of recurrent
seasonality. 2) Mantle convection under the crust of the earth supports the movement of tectonic
plates. 3) The transport of matter mainly happens through the global forces within the atmosphere
and the hydrosphere: wind and ocean currents. And finally 4), if the spectator were to watch really
closely, he would notice that both as a consequence and as beneficiaries of those geological and
atmospheric processes, living organisms on this planet engage in movement as well.
The scale and diversity that can be observed in animal movement is extraordinary: A single river
can prohibit individuals of one species to move from one bank to the other and thus contribute to
speciation (Goodman and Ganzhorn, 2004), while individuals of another species move across the
entire globe within a single year (Egevang et al., 2010), and millions of kilometers within a lifetime
(Weimerskirch et al., 2014). Within the animal kingdom, one can find species that swim, walk, crawl,
jump, climb, fly, or have specialised in hitch-hiking with wind, water, and other animals. But while
a single individual of any locomoting species, whether flagellate or baleen whale, seems minuscule
compared to the abiotic forces of movement on earth, the diversity of species and sheer numbers of
individuals that are on the move every day result in a global impact of animal movement on ecosystems.
Every moving individual transports organic matter - nutrients, propagules, pathogens, its own
body weight, and can thus form a link between patches, habitats, or even continents. And this ecological impact usually increases with the number of individuals involved, and the spatial scale of the
movement. While most behaviours of animals that involve movement are restricted to local scales,
e.g. commuting between resting and foraging sites within an individual’s home range, the long and
continued migrations of whole populations and their effects on ecosystems are probably the most
fascinating. Anadromous fish, for example, are born in freshwater lakes and rivers, yet live in the
ocean for most of their life and only return to their natal waters to spawn and often die, leaving
their eggs and own carcasses behind. These migrations have been shown to alter the communities
of phytoplankton and insects by the transport of millions of tons of biomass from one ecosystem
to another (Varpe et al., 2005; Holtgrieve and Schindler, 2011). Resident species often adapt to the
presence of perambulating seasonal migrants who can alter trophic relationships in a system temporarily. If prey becomes abundant during only a short time window, and predictably so, predatory
species can shift the timing of the most demanding stage of their annual cycle - usually reproduction - to match this peak of prey availability. For American minks (Mustela vison, Schreber 1777),
the reproduction coincides with the spawning of anadromous salmonids (Ben-David, 1997), and
for both Eleonora’s falcons (Falco eleonorae, Gene 1839) and sooty falcons (F. concolor, Temminck
1825), who are specialised on migrating songbirds, the breeding period overlaps with the peak of fall
migration (Walter, 1979b,a). Migrating species can even alter the productivity of an ecosystem and
therefore sustain larger population sizes than their sedentary counterparts (Fryxell et al., 1988), as
is the case for ungulates that decouple the timing of plant growth from the timing of grazing (Holdo
et al., 2007). Moreover, the migratory movements of animals also provide opportunities for longdistance dispersal for organisms that are less mobile than their vectors, and so contribute to e.g.
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the increase of gene flow between distant populations, or provide access to previously unoccupied
areas (Slatkin, 1987; Wenny, 2001; Figuerola et al., 2005; Nathan et al., 2008b). The movement and
migrations of animals thus not only affects themselves, but also other organisms and even ecosystems.
Historically, the study of animal movement and migrations was limited by the means of technology, and has focused on individual observations (Bowlin et al., 2010). These studies provide the
fundamental knowledge we have today. However, recent and future technological advances (will)
present to us both the challenge and opportunity to study animal movement integratively. No animal movement behaviour occurs in isolation from either the animal’s internal state, its history, or
external influences (Nathan et al., 2008a). While the continuous development of technologies suited
to remote animal tracking enable us to estimate the movement processes and the history of knowledge that underlie the often Lagrangian observations (e.g., Fleming et al., 2015; Bracis et al., 2015;
Avgar et al., 2013), the contextualisation of animal movement data with remotely sensed environmental information allows us to study how certain behaviours relate to an individual’s surroundings (e.g, Safi et al., 2013; Tracey et al., 2013; Dodge et al., 2014). Finally, simultaneous recording of
groups of individuals reveals that the influence of social interactions cannot be neglected in the understanding of an individual’s movement decisions (Strandburg-Peshkin et al., 2015; Santos et al.,
2016). This current development is a necessary shift from pure observation to the understanding of
animal movement, its patterns, driving factors, as well as ecological consequences.
The mentioned technological advances are accompanied by the miniaturisation of tracking devices, an increasing ratio of locations/cost, a greater diversity of sensors, and a higher spatial and
temporal resolution of remotely tracked animal movement. This enables us to tag ever more individuals of ever smaller species, and thus broadens our scope of observation. Yet, the observed realisations of animal movement behaviour will always be tied to the respective individual - its genotype,
its ontogeny, its internal state, the unobserved interactions with its biotic and abiotic environment,
most of which we are but unaware of (but see Flack et al., 2016). We cannot remove the context
from the observation and use it to predict the same behaviour in a different environment, year, or
population. This also applies to the expected changes especially in long-distance migrations as a
consequence of e.g. climate change (Walther et al., 2002; Cotton, 2003) or changes in the accessibility of habitat through anthropogenic intrusion (Olson et al., 2009), and consequentially the changes
in the ecological effects of animal movement.
I think that, overall, the current developments imply the necessity for a framework of null hypotheses for animal movement that can be compared and tested against empirical observations
in a quantitative way. This includes the inference of animal movement processes, their respective
environmental and social context, and the replication of the processes under a defined set of assumptions. While to my knowledge there is no animal movement model that natively incorporates
the environmental context of the observed movement, there is a fundamental body of methodology
that relates the spatial distribution of a species to the environment. Generally summarised under
the notation of species distribution models (SDMs) and applied to location data from point observations or museum collections, these techniques can also be adapted for the use with remote
tracking data. One major advantage of these models is their ability to reduce complex descriptions
of the environment at a given site to a single measure of habitat suitability, which can be modulated by which data are used to train the model. As different modes of movement can be considered in movement models from simple diffusion/brownian motion to complex continuous-time
models and state-space models, these can be embedded in the relevant environmental context by
using movement data to train the model. For example, Kranstauber et al. (in preparation) used
behaviourally annotated tracking data of migrating raptors to model landscape permeability as a
function of orographic uplift, land use, etc. to predict the suitability of the environment to provide
suitable conditions to the migration of soaring birds. But neither the internal state of an individual
nor the environment it moves through is constant over time. Different life history stages present
an individual with varying challenges in a changing environment, and this leads to changes how
18

the permeability of a landscape can be described in terms of animal movement (Zeigler and Fagan, 2014). While the fundamental ecological niche of a species is thought to stay relatively stable
even over many generations (Peterson, 1999; Pearman et al., 2008, 2010; Peterson, 2011), the niche
that an individual realises can change throughout its lifetime (Schooley, 1994; Ficetola et al., 2012;
Gschweng et al., 2012). Thus, small-scale temporal changes of the realised niche might be of less
importance for predicting species distributions, but should be considered on the scale of moving
individuals, and for deriving predictions of animal movement in environmental context.
In this thesis, I design a framework that embeds observations of animal movement in their environmental and temporal context, and derive quantitative predictions of animal movement for
two species of waterfowl, the bar-headed goose (Anser indicus, Latham 1790) and the ruddy shelduck (Tadorna ferruginea, Pallas 1764). Both species have a native distribution range in Asia and are
long-distance migrants that can cross the Himalayas, but vary in other traits. Especially bar-headed
geese, among few other species of waterfowl, have been suspected to be vectors to highly pathogenic
strains of avian influenza virus (AIV), while ruddy shelducks suffer high mortality rates from infection (Nemeth et al., 2013). Despite many efforts, however, the actual observation of wild individuals
infected with highly pathogenic AIV proves to be hard to achieve (but see Gaidet et al., 2008, 2010;
Kim et al., 2011). If the dispersal of AIV were mediated by the movement of wild waterfowl vectors,
it can possibly be explained by sensible null hypotheses for the movements of waterfowl. This was
already demonstrated by Brockmann and Helbing (2013), who could accurately predict the spread
emerging infectious diseases in both space and time by using extensive data on the long-distance
movement of humans.
By establishing a segmentation approach that clusters animal observations by distinct patterns
of habitat use, I describe the interactions of both bar-headed geese and ruddy shelducks with their
environment over time. The integration of realistic movement simulations with dynamic predictions of habitat suitability will enable me to evaluate the ecological likelihood of single simulated
trajectories based on assumptions derived directly from empirical observations. This will allow me
to define null models of migratory movements both within the species’ ranges, but also between
sites where outbreaks of highly pathogenic AIV have been observed. Finally, I will put these ecologically informed predictions of waterfowl movement to a test by relating them to the spatial diffusion
of avian influenza virus H5N1 by using Bayesian phylogeographic inference.
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Nothing in Ecology makes sense except in the light of animal movement.
(Thank you, Theodosius!)

Temporal segmentation of
animal trajectories by habitat
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ABSTRACT

Most animals live in seasonal environments, and experience very different
conditions throughout the year. Behavioral strategies like migration, hibernation, and a life cycle adapted to the local seasonality help to cope with
fluctuations in environmental conditions. Thus, how an individual utilizes
the environment depends on both the current availability of habitat and
the behavioral prerequisites of the individual at that time. While the increasing availability and richness of animal movement data has facilitated
the development of algorithms that classify behavior by movement geometry, changes in the environmental correlates of animal movement have
so far not been exploited for a behavioral annotation. Here, we suggest a
method that uses these changes in individual-environment associations to
divide animal location data into segments of higher ecological coherence,
which we term niche segmentation. We use time series of random forest
models to evaluate the transferability of habitat use over time to cluster
observational data accordingly. We show that our method is able to identify relevant changes in habitat use corresponding to both changes in the
availability of habitat as well as how it was used using simulated data, and
apply our method to a tracking dataset of common teal. The niche segmentation proved to be robust, and segmented models outperformed models
neglecting the temporal dynamics of habitat use. Overall, we show that it
is possible to classify animal trajectories based on changes of habitat use,
similarly to geometric segmentation algorithms. We conclude that such an
environmentally informed classification of animal trajectories can provide
new insights into an individuals’ behavior, and enables us to make sensible predictions of how suitable areas might be connected by movement in
space and time.

Keywords: Anas crecca, animal movement, common teal, habitat use, life
history, migration, niche dynamics, random forest models, segmentation,
simulation, species distribution model, transferability

Introduction
The technological advances that allow us to follow animals in the wild have revolutionized the field
of movement ecology (Cagnacci et al., 2010; Hussey et al., 2015; Kays et al., 2015). Since the invention
of simple tags such as bird bands a centennial ago, the miniaturization and increased efficiency in
power consumption have given rise to modern tags which transmit or record locations of the tagged
animals at an unprecedented rate. Animal location data have become ever more accurate in space
and time, and the duration over which a single individual can be observed steadily increased. Thus,
animal movement data have become not only more accurate, but also much more abundant. With
the increased spatio-temporal resolution owed to the technological developments, the amount of
details that can be gleaned from movement data has also increased. It is now possible to not only
know where animals were and how much space they used, but also what they were doing during
the time of observation. The contextualization of locations, i.e. the ability to put locations in a
behavioral context, allows us to address important questions like how an individual allocates its
time and energy to specific behaviors. Contextualization also is the basis on which we can associate
resource distribution with a more detailed perspective of space use, as well as study the interactions
between tagged individuals or even species, particularly in predator-prey dyads. The identification
of behavior from animal trajectories thus provides a unique and important perspective on ecology
in high detail in the wild.
While in the past mainly expert opinion was used for the behavioral classification of animal
trajectories, the exponential growth of collected movement data as well as the necessity for reproducibility poses logistical limits on expert-based contextualization. Hence, behavioral classification
is being increasingly based on algorithms often referred to as segmentation algorithms. These algorithms subset a behaviorally heterogeneous trajectory into a discrete number of segments that
characterize distinct patterns representing coherent behavior (Gurarie et al., 2016). Current segmentation algorithms often rely on metrics such as speed and tortuousity of the trajectory, and are
in general based on the geometry of the movement alone (e.g., Gurarie et al., 2009; Garriga et al.,
2016).
Trajectories can, however, be characterized not only by their geometry, but also by the environmental conditions an individual was observed in. Certain behaviors like foraging and resting are
often tied to a specific habitat, as observed in e.g. Spanish stone martens who use pastures for foraging and orchards for resting (Santos and Santos-Reis, 2009). Similarly, the association between
an animal and its environment can change with changing life history stages. For example, some
species of migratory birds use very different habitat in their temperate breeding grounds compared
to what they use in the tropical wintering areas (Nakazawa et al., 2004; Martínez-Meyer et al., 2004;
Batalden et al., 2007). Finally, habitat segregation can occur for different age classes of the same
species, e.g. in cave salamanders (Ficetola et al., 2012). Thus, behavior across multiple temporal
scales can be linked to the environment an individual is observed in. In the reverse conclusion,
changes in the association between an individual and its environment could thus indicate changes
in behavior. These changes in the association of individuals with their surrounding environment
can be the consequence of different processes: the individuals moved to a different habitat, the environment itself changed over time, or both happened in parallel, all of which can be indicative of
a behavioral change.
We argue that the changes in the relationship between an individual and its environment can,
similar to a segmentation based on movement geometry, be utilized for a behavioral segmentation
of trajectories. In this study, we suggest a new class of segmentation algorithms that uses environmental correlates of a trajectory, rather than movement geometry, for behavioral classification.
We will utilize changes in the realized ecological niche of tracked individuals, and by comparing
snapshots of their habitat use, introduce niche segmentation for movement trajectories. Besides
being important for a better understanding of how individuals change their behavior in relation to
changes in the environment, niche segmentation is also key to finding a minimum adequate num27

ber of time-explicit niche models when modelling habitat use of animals that undergo niche shifts
in their life cycle. The identification of distinct realized niche volumes is pivotal to accurately predict where animals will eventually be for a specific life history stage, or under specific environmental
conditions.

Segmentation of animal trajectories by changes in habitat use
Our approach to niche segmentation is based on the classic habitat suitability, or ecological niche
model (also termed species distribution models, SDM) and uses a measure of transferability to cluster subsets of a trajectory into segments based on their similarity in habitat use. Species distribution models are derived from the Grinnellian and Hutchinsonian niche concepts (Grinnell, 1917;
Hutchinson, 1957; Soberón, 2007) and capture the environment species preferentially occur in to
understand and approximate the potential distribution and abundance of individuals, populations,
and species in space (e.g., Sattler et al., 2007). While originally developed for the estimation of a
species’ ecological niche, SDMs are now also being used on the level of animal groups or individuals to identify intra-species variation in habitat use, e.g. between age classes (Ficetola et al., 2012)
or sexes (van Toor et al., 2011). One of the main advantages of SDMs is that they can describe a
complex environment in terms of a single variable - habitat suitability - which is based on where a
species or an individual occurs, and which environmental conditions are available. In contrast to a
multivariate description of the environmental conditions at a given location, habitat suitability at a
specific location can be easily compared across e.g. individuals or for different points in time.
In order to evaluate changes in habitat use along a series of animal locations, we divide an environmentally annotated trajectory into non-overlapping windows of equal window size S (Figure
1, step 1). We model habitat use within each of these windows using an SDM, and subsequently
compare habitat use between windows. To do so, we estimate the pair-wise similarity in habitat
use between all windows using a measure of transferability, which we refer to as the Discriminatory
Index (DI, see Appendix A). The DI quantifies how well a SDM can discriminate between presences
and pseudo-absences, taking values between 1 (perfectly correct discrimination) and -1 (complete
opposite prediction). By calculating the DI of all pair-wise comparisons of windows, we obtain a matrix of transferability that estimates similarity of habitat use across the SDMs of all windows (Figure
1, step 2). Finally, we group the windows into niche segments based on the similarity of habitat use
through a clustering of the transferability matrix (Figure 1, step 3). To achieve this, we ordinate the
transferability matrix such that windows for which DI is higher become placed closer to each other,
and windows for which DI is lower become placed further apart in the two-dimensional space. A
clustering is then applied to the ordination axis derived from the transferability matrix. In contrast
to assuming a priori a number of clusters, we determine the number of clusters that produces the
most compliant clustering using the respective cluster silhouettes (Rousseeuw, 1987). The resulting
clustering of windows is finally used to annotate the original data with an environmentally informed
segmentation, which we refer to as niche segmentation (Figure 1, step 4).

Testing the niche segmentation with simulated data
We test the our niche segmentation concept first on simulated environmental and movement data.
This allows us to evaluate whether known changes in habitat use can be detected using our approach, an assessment which would be impossible to make in empirical animal trajectories. We
consider the two different processes that can lead to shifts in the relationship between an individual
and its environment, and their combination: i) changes in the environment available to the individuals without changes in habitat preference (niche following), ii) changes in the habitat preference of
individuals without changes in the environment (niche switching), or iii) both processes in parallel
(simultaneous change). By integrating all three of these processes into the simulated data, we can
investigate whether changes in habitat preference or changes in the surrounding environment are
more likely to be detected by the niche segmentation.
28

Figure 1 Flow chart outlining the process of the niche segmentation.

For our simulations we simulate movement trajectories using correlated random walks (CRW,
e.g. Codling et al., 2008) which we biased by modelled preferences for the surrounding environmen29

tal conditions. Different from an unbiased CRW, the environmental conditions at every possible location are taken into account in an iterative step-wise simulation of the trajectories. This preference
for a certain environmental condition is thus incorporated in the movement trajectory, and results
in a realized niche reflecting this preference. We introduce changes in habitat use by switching this
preference at specific known points in time mimicking niche switching, and/or gradually changing
the environmental conditions to simulate niche following and the simultaneous change of both. We
then use the niche segmentation concept to identify break points in the observed habitat use of the
simulated trajectories, and test the ability of the method to reconstruct the underlying, simulated
process.

Application to an empirical tracking dataset of common teal
Finally, we apply our niche segmentation approach to empirical tracking data of the common teal, a
small species of dabbling duck with a wide distribution in the Northern hemisphere (Anas crecca, L.
1758). We make no a priori assumption about the timing of changes in habitat use over the annual
cycle of the common teal, but instead reconstruct it from the data using the niche segmentation.
While this species is resident in some parts of its range, most of the populations are considered
migratory. We therefore we expect to find changes in the temporal signature of habitat use at least
as an effect of the migration between breeding and wintering ranges. Typical for empirical animal
movement datasets is that they contain many idiosyncrasies making the analysis more challenging
compared to simulated trajectories. We show how to address typically occurring characteristics of
empirical data in the segmentation approach, such as irregular sampling or the inclusion of location
error.
In the present study, we focus our main interest on seasonal changes of habitat use. We repeat the niche segmentation using four different window sizes S to investigate how the choice of S
influences the resulting segmentation. Subsequently, we evaluate whether the niche segments detected by the segmentation reflect relevant changes in habitat use known for the species. We derive
a set of SDMs specific to the niche segments identified by the segmentation to compare the spatial
predictions of habitat suitability to the life-history of common teal as published in the literature.
Furthermore, we test how migration and catching site of individuals contributed to the resulting
segmentation of the dataset. Finally, we compare the performance of SDMs derived for niche segments to SDMs based on the complete dataset.

Materials and Methods
Data preparation
Simulated data We used simulations to test the capability of our segmentation method to detect
changes in habitat use under three different scenarios: i) niche following (constant habitat preference in a changing environment), ii) niche switching (changing habitat preference in a constant
environment), and iii) a simultaneous change (changing habitat preference and changing environment). We also allowed other parameters to vary, namely the number of niche segments introduced
to the simulated data, and the size of windows the data were partitioned by (S ). For each scenario,
we varied all these parameters to estimate their effect on the accuracy of the method (Table 1), and
computed 1000 replicates per scenario and number of niche segments while S was chosen randomly. To simulate the movements of individuals in artificial landscapes, we used random fields
(Schlather et al., 2015, R-package RandomFields, version 3.1.8) and correlated random walks (CRWs)
biased by habitat preference. We created landscapes using a Whittle-Matern covariance model on
a grid of 250 by 250 cells of arbitrary size. This size was chosen because it was sufficiently large
such that no simulated individual ever encountered an edge, thus avoiding edge effects. The habitat preference of individuals was sampled from the range between the 5%- and 95%-quantiles of
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the available environmental conditions. We calculated a bias layer from the environment by normalizing the absolute difference between the individuals’ preference and the environmental value
for each grid cell. For each of the simulations, we used a group of five individuals. The starting
locations for the individuals were sampled from a circle around the grid center with a radius of 50
cells, and weighted by the corresponding bias layer values. For the biased CRWs, we created a twodimensional kernel density of step lengths (Weibull distribution with k = 2 and λ = 1) and turning
angles (wrapped Cauchy distribution with µ = 0 rad and γ = 0.9) with 100 by 100 grid cells, representing 1000 potential steps of varying probability.
Table 1 Set-up for the different simulation experiments. Listed are all parameters used and how they were
handled for each of the different scenarios. We computed 1000 replicates for every combination of parameters, except for window size which was chosen randomly.

Parameter

Niche following

Niche switching

Simultaneous change

Total number of replicates
Habitat preference
Environment
Number of niche segments
Window size S

4000
constant
variable
variable (3-5)
random (50-500)

4000
variable
constant
variable (3-5)
random (50-500)

4000
variable
variable
variable (3-5)
random (50-500)

At each point in time (t ), we calculated the putative end locations of all 1000 steps relative to the
individual’s previous position x t −1 . The realized step with the new position x t was sampled from
all possible steps weighted by the product of their probability (the kernel density) and the environmental bias of the corresponding locations. For the three different simulation scenarios, the data
for the segmentation were prepared as follows: i) Niche following; We simulated a gradual change
in the environment by shifting the values of the initial environmental layer by an arbitrary amount,
and interpolated the number of desired segments between these two layers. Then, all individuals
were allowed to take 100 steps on each of the layers, with the starting location on each layer corresponding to the last position on the previous layer. ii) Niche switching; For the each niche segment,
all individuals were allowed to take 100 steps, resulting in a total of 500 presence locations for all
5 individuals. After reaching the last location, a new environmental preference was sampled and a
new bias layer computed, and the process repeated. iii) Simultaneous change; In this case, we first
created the environmental time series as in i), then sampled the number of species segments (either smaller or equal to the number of environmental segments). Again, for each of the segments,
the individuals were allowed to take 100 steps in the corresponding environment and biased by the
corresponding preference. We sampled 500 locations per segment as pseudo-absences to achieve a
1:1-ratio of presences vs. absences. Both presences and pseudo-absences were subsequently annotated with the environmental information in space and time. To prepare the data for segmentation,
the complete dataset with information on position, presence or absence, environmental conditions,
and the true niche segment for both environment and the individuals’ habitat preference was partitioned into windows with the predefined size S . We provide a commented R-script that provides
all necessary details to repeat the simulations in the Supporting Information (Data S1).

Tracking data of common teal
In addition to the simulation study, we tested our method on a tracking dataset of the common
teal. Between 2007 and 2010, 34 individuals of common teal were caught at five different study sites
(China, India, Kazakhstan, Egypt, and Turkey) and equipped with ARGOS tags before release (PTT100; Microwave Telemetry, Columbia, Maryland, USA). These tracking data are part of a broader
disease and migration ecology study implemented by the FAO and USGS. Locations were taken
throughout the day, and 6448 positions for 22 individuals were obtained in total (Table 2). The median sampling frequency for all individuals was 0.83 fixes per hour (25%-quantile: 0.24 fixes per
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Table 2 A summary over the catching sites and corresponding sample sizes. The number of tracking days
and locations are listed as a mean per individual.

Catching site

Year

Number of
individuals

First fix taken

tracking days
[mean ± s.d]

locations
[mean ± s.d.]

China/Lake Poyang
Egypt
India
Kazakhstan
Turkey

2007
2009
2008
2008
2010

3
8
5
2
4

Mar 18–20
Jan 18 – Nov 26
Dec 09–18
Sep 15–17
Feb 10–15

336 ± 243
161 ± 126
133 ± 81
89 ± 47
232 ± 99

289 ± 157
182 ± 293
211 ± 112
96 ± 50
720 ± 383

hour, 75%-quantile: 2.40 fixes per hour). These tracking data show characteristics that are typical
of empirical data, and we addressed these using different approaches as described below:

Variation in location error A common confounder of tracking data is the use of different tags
or geo-positioning sensors for the collection of animal movement data. The effect is a variation
of location error in the dataset, and consequently the corresponding environmental conditions.
To account for this, we corrected for location error by using temporally explicit estimates of the
individuals’ space use rather than the actual locations. From these utilization distributions (UD),
we derived pseudo-presences that better reflect the actual distribution of individuals in space. We
used the dynamic Brownian Bridge movement model (dBBMM, Kranstauber et al., 2012, R-package
move, version 1.2.475) which estimates the UD of an individual from its movement path while also
accounting for temporal autocorrelation and the spatial error of locations. Moreover, the dBBMM
is time explicit, allowing us to estimate an individual’s UD at any given point in time. We applied the
dBBMM to each of the individual tracks, using the estimates from Douglas et al. (2012) to associate
each location with the respective spatial error according to its ARGOS quality class. Prior to the
sampling of pseudo-presence locations, we split the dBBMM by day to obtain estimates of the UD
during each day of tracking. We sampled 24 locations from the daily 99%-UDs weighted by the
likelihood of the individual having used that location as indicated by the UD.

Individuals from multiple populations Our dataset was comprised of individuals from multiple
populations and study years. While such a setup is generally desirable, here individuals from e.g.
China were caught and tagged in 2007, whereas Kazakhstan served as a study site only in 2008.
Temporal changes in habitat use in this dataset might thus have been caused by changes in the
realized niche of individuals, but also by the change in study site over the years. For this reason, we
pooled the available location data for all study years and applied the segmentation to the data using
Julian days.

Irregular sampling Irregular sampling caused by intentionally irregular sampling schemes, missed
fixes, or fluctuations in battery power can cause problems with methods that expect a regular time
series of locations. For the niche segmentation, irregular sampling is especially relevant to the
choice for a suitable window size S . The choice of S influences both the temporal resolution with
which changes in habitat can be detected, but also the sample size available for the SDMs. We chose
the position of windows so that larger temporal gaps fall between, rather than within windows. To
accommodate the resulting differences in temporal spacing of windows, we incorporated this temporal information during the ordination of the transferability matrix by using a constraining matrix
that reflects the difference between the last date of one window and the first location of the subsequent window in days.
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Lack of true absence data As true absences were not available, we sampled pseudo-absence data.
We used the tracking data to estimate the area available to the individuals instead of drawing random samples from a previously specified spatial area, which has been reported to affect sensitivity
and specificity of species distribution models (Václavík et al., 2012). To achieve this, we randomized
the steps of all individual trajectories. We kept the start and end locations of trajectories constant,
and randomized the order of steps in-between these locations. We then used the corresponding
step lengths and turning angles to calculate the trajectories in the randomized order. This leads to
a wide spread of random tracks around the actual movement of ducks both in space and in time,
which we took as a reflection of where the animals could have been during the same time of year.
We generated 100 alternative routes for each individual, calculated dBBMMs for these, and sampled
pseudo-absence locations in the same way as we did for the presence locations.
We annotated all locations with environmental information using the Movebank Env-DATATool (Dodge et al., 2013). We initially chose 57 variables containing information on climate, land
use, elevation, human impact and vegetation features. Variables available as time series were interpolated linearly from the closest available measurements in time weighted by the inverse temporal
distance. We eliminated all environmental variables for which more than 10% of the data were missing, so that only 19 variables remained (Table A1 in Appendix A).
We repeated the segmentation procedure (see next section) using four different window sizes
for the initial partitioning of the data (S : 500, 1000, 1500, 2000 locations). First we divided the data
into subsets so that no subset contained large temporal gaps (> 10 days). We then divided the data
subsets into the smallest possible temporal units that met a minimum data criterion, for which we
used the window size S .

Segmentation
Step 1: Assessing habitat use with random forest models. Prior to modelling habitat use, all windows of the respective dataset were divided into a training and a test dataset, each containing 50% of
the data. We then built random forest models for all windows (simulated data: one model per window; empirical tracking data: 100 replicates per window) based on the training datasets (Breiman,
2001, R-package randomForest, version 4.6.12). To prevent overfitting of the empirical tracking data
models, we optimized the number of environmental variables as determined by five-fold crossvalidations (random forest cross-validation for feature selection) on the corresponding test data.
Step 2: Transferability Matrix. We then assessed the transferability of the resulting random forest
models, each based on a specific window, for a) the test data of the corresponding window and b)
the test data of the other windows using the discriminatory index (DI, see Appendix A, Rubner et al.,
2000, R-package emdist, version 0.3.1). In doing so, we assessed the ability of the window models
to predict the habitat use of all (other) windows. For the empirical tracking data, we used multiple
model replicates for the same subset. We first chose the best ten model replicates as determined
by their DI on their respective test data. We then used these ten best models to calculate the DI on
their respective test data, and also for the test data of the other windows. The resulting DI measures
were then averaged per window, and used to derive the transferability matrix (see Figure 1, step 2).
For the simulated data, we used the DI as calculated from the single model replicates.
Step 3: Ordination and clustering of windows by transferability. We ordinated the transferability
matrix using a canonical correspondence analysis (CCA, Ter Braak, 1986, R-package vegan, version
2.3.3) to make it suitable for clustering. For the empirical tracking data, this was applied with a
constraining time distance matrix representing the temporal distance between the last location of
window k and the first location of window k +1 to correct for the temporal irregularities of the tracking data. Assuming that similar habitat use between windows would translate to high values of DI,
we sought to detect coherent model ensembles using a fuzzy clustering algorithm (Kaufman and
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Rousseeuw, 1990, R-package cluster, version 2.0.3). We replicated the clustering on the ordinated
number of locations
transferability matrix using i = 2, ..., total
of desired clusters. Post-hoc, we then deternumber of windows
mined the optimum number of clusters using the cluster silhouettes (Rousseeuw, 1987; Kaufman
and Rousseeuw, 1990). Using the number of clusters i that produced the most compliant clustering, we merged the windows according to the clustering (termed niche segments), and annotated
the complete dataset accordingly.

Analysis of segmentation results
Segmentation of simulated data
We evaluated the performance by testing the clustering derived from the segmentation against the
known niche segments that were introduced during the data simulation using the Adjusted Rand
Index (ARI, Rand, 1971; Gordon, 1999, R-package fpc, version 2.1.10). The ARI is a measure of similarity between two clustering alternatives that ranges from AR I = 0 (no better than random) to
AR I = 1 (the clustering alternatives are identical). We calculated the ARI between the resulting segmentation and the simulated changes in the environment (for the scenarios of niche following and
simultaneous change), as well as between the resulting segmentation and the simulated changes in
habitat preference (for the scenarios of niche switching and simultaneous change). We tested the
effects of changes in the different simulation parameters (Table 1) on the performance of the niche
segmentation with a linear model, using the ARI as dependent variable. We standardized all numeric parameters using x̂ = xσ−xx̄ , with: x is the actual observation, x̄ the mean of all observations,
and σ x their standard deviation. For the window size S and the number of niche segments, we also
included quadratic and cubic transformations in the linear model as suggested by a preliminary
generalized additive model (GAM). We determined the 95% confidence intervals on the mean ARI
of all simulations using bootstrapping with 10’000 replicates.
Segmentation of the empirical tracking dataset
Validation. We derived random forest models for all niche segments detected by the segmentation
using the respective locations corresponding to the segments (=niche segment models). We randomly sampled 2’000 locations as training dataset from each niche segment, and modelled habitat
use as described above, repeating the process to obtain 100 model replicates. We calculated the DI
of all model replicates on the data not used for training, and kept only the ten models with the highest resulting DI. We compared the spatial predictions made from niche segment models, assuming
that those niche segments with similar habitat use should result in similar spatial predictions for
the same environmental conditions. We obtained the environmental conditions for every day of
the study period with a resolution of 0.25 degrees while restricting the analysis to the spatial range
of the species in Eurasia (BirdLife International and NatureServe, 2013). We used the niche segment
models to predict habitat suitability for the complete study period and averaged the predictions over
the 100 model replicates. We extracted the predictions for those Julian days corresponding to the
respective niche segment, and calculated the volumes of intersections for each unique combination
of these daily predictions to generate an empirical distribution of intra-segment variation. We calculated this volume of intersection as the sum of the absolute per-pixel difference between any two
spatial predictions. To estimate the differences between niche segments, we calculated daily volumes of intersection using a) the reference prediction from the respective niche segment model and
b) the prediction for the same day but derived from the other niche segment model. This resulted
in two distributions: one representing intra-segment variation and one representing inter-segment
differences for each pairwise comparison of two segments, which allowed us to do two-way comparisons using Kolmogorov-Smirnov tests. Only those segment pairs for which Kolmogorov-Smirnov
tests suggested significant differences between intra-segment and inter-segment variation in both
directions were considered sufficiently different. Else, we combined the respective niche segment
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datasets. We then compared the validated segmentations for the different window sizes used.
Contributions of migration and study site to the segmentation. Variation in habitat use might
not only arise through changes in the environment or habitat preference of individuals, but also
from environmental differences between study sites and the migration of individuals between their
breeding and wintering areas. To estimate how this contributed to the final segmentation, we computed a generalized additive model (GAM) for ordered categorical data (Wood, 2006, R-package
mgcv, version 1.8.6). We used the segmentation based on Julian days for the window size of S = 2000
locations as response variable, the catching site as a linear predictor as well as two smoothing parameters: Julian day (using a cyclic cubic regression spline) as well as longitude and latitude (using
a spherical spline).
Comparison with full models. In addition to the niche segment models, we also built models
for the complete dataset following the same procedure as previously described, only that we used
data covering the complete study period for the training of random forest models (100 replicates
with 2000 randomly sampled locations each). We calculated the DI of each model replicate for the
complete dataset, and only kept the ten model replicates with the highest DI. Subsequently, we
used the full model replicates to predict both the full and the segmented datasets and estimated
their respective performances using DI. We also calculated the predictive performance of the niche
segment model replicates on both the full and segmented datasets. We used t-tests and adjusted the
p-values for repeated testing using Bonferroni corrections. All analyses were conducted using the
software R (R Development Core Team, 2012). The code used for the simulation and segmentation
of the simulated data is available in the Supporting Information (Data S1).

Results
Simulation Experiments
The 95% confidence intervals of the mean overall ARI were [0.476; 0.484], while the modal ARI was
0.71 (Figure 2). This suggests that our segmentation method performed better than random in all
three scenarios (niche following, niche switching, simultaneous change). Overall, the performance
was slightly higher when we calculated ARI based on the simulated environmental change than for
changes in habitat preference. We found that segmentation performance also differed with both S
and the true number of niche segments, as well as with the ratio between window size and the total
number of locations (Table 3). Overall, we found that the performance tended to be higher for lower
numbers of introduced segments and for small to medium window sizes.

Segmentation of waterbird tracking data
The validation process that we applied after the segmentation of the empirical tracking data suggested that all detected niche segments differed significantly in their spatial predictions of habitat
suitability (Kolmogorov-Smirnov tests, P < 0.01 in all cases). Thus, the SDMs derived from the detected niche segments represented different habitat use (see also Appendix A, Fig. A2). Moreover,
we found that different environmental variables were retained in the different niche segment models (Appendix A, Fig. A3).
When comparing the temporal structure of the segmentations resulting from different window
sizes, we found that three niche segments were detected for the smaller three window sizes (S :
500, 1000, 1500 locations), and four for the largest window size (S : 2000 locations). The minimum
temporal duration between change points of niche segments was naturally shorter for the smaller
windows, and so the number of change points was lower for larger windows. However, we found
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Figure 2 Performance of the segmentation method according to the Adjusted Rand index (shown are 25%,
50% and 75% quantiles). The results for segmentation performance are shown separately for the niche
following (change in the environment) and niche switching scenario (change in habitat preference). The
results for the simultaneous change scenario are included within these results.
Table 3 Influences of the parameters on the method performance as evaluated by the ARI. Results from a
linear model with ARI as response variable, and the number of true segments, the simulation scenario,
window size
number of data points, window size and the ratio of number
of locations as predictors.

Coefficient
Intercept
Changes in species preference
Window size (S )
S2
S3
Number of niche segments (n)
n2
n3
Ratio nS

Estimate

Standard error

t-value

0.500
-0.044
0.0877
-1.542
0.696
0.352
-0.808
0.419
0.094

0.002
0.003
0.019
0.043
0.026
0.140
0.288
0.150
0.005

258.401
-15.114
45.987
-35.987
26.623
2.511
-2.802
2.794
20.031

that the timing of change points corresponded across window sizes (Appendix A, Fig. A4), and
also seemed to roughly match the timing of life history stages of the species (Scott and Rose, 1996;
Kear, 2005, see also Figure 4). Migratory populations tend to arrive at their breeding grounds from
late February onwards, corresponding to the first set of change points (beginning of March to midMarch for all S ). Common teal usually start breeding in May, where we found a second change point
in the largest window size. With the start of incubation in June, males usually migrate to moult at
suitable sites, whereas the females stay at the breeding grounds until fall migration. For all window
sizes, we found change points around the beginning of June as well as in mid-June, which is followed
by a period of consistent habitat use until November, when the birds usually arrive at the wintering
grounds. The last change point occurred in the beginning of December.
We tested how the the use of individuals caught at different study sites, as well as the migration
of individuals might have influenced the segmentation using a generalized additive model for ordered categorical data. The results suggest that the segmentation could be best explained by Julian
day (Table A2). Study site except for Kazakhstan, and the spatial position of locations used for the
window models did only have minor effects on the temporal sequence of niche segments.
When comparing the predictive performance of SDMs that were derived from a) the segmented
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data and b) the full dataset, we found that niche segment models outperformed the full models on
the respective niche segment datasets (two-sample t-tests, P < 0.01 in all cases, Figure 3). Niche
segment models were, however, outperformed by the full models when applied to the full dataset.
This pattern was observed for the segmentations based on all the window sizes used.

a) Prediction with full model

b) Prediction with segment models
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Figure 3 Comparison between full and niche segment random forest models. We predicted both the full
and niche segment datasets using the full model (a) and niche segment models (b), and estimated the
models’ ability to accurately predict the data with the DI. Shown here are the mean ± s.d. for the window
size S = 2000.

Discussion
Under the assumption that changes in observed habitat use are indicative of behavioral changes,
they can be used for a segmentation of animal movement data, similar to a segmentation by geometric features of a trajectory (Gurarie et al., 2016). In the simulated data, the clustering of windows
based on a single measure of transferability allowed us to successfully detect the inbuilt temporal
structure. When we applied the niche segmentation to an empirical dataset of common teal, change
points roughly corresponded to the species’ life history, and the results from the segmentation were
robust against changes in window size. We thus think that the niche segmentation can detect relevant changes in habitat use across multiple scales.
Overall, the niche segmentation performed better than random on the simulated data. Several
of the simulation parameters, however, showed an effect on the success of the segmentation as indicated by the ARI. The most crucial step in the segmentation was the choice of the window size S ,
which affects the resolution in determining changes in habitat use as well as the number of locations available to the window-specific models. We thus think that the overall higher values of ARI
for smaller window sizes were likely due to the increased temporal resolution, while smaller window sizes inherently lead to less generalizable models in terms of habitat use. Whereas it has been
shown that SDMs for specialized species can provide sensible predictions of species occurrence
using just a few presence locations (Pearson et al., 2007), this does not apply to non-independent
animal observations from tracking data, especially for a limited number of individuals. But despite
this trade-off, the simulations showed that the niche segmentation can successfully detect changes
in habitat use.
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By using temporally explicit models of the space use of individuals and a temporally weighted
partitioning of data into windows, we could apply the segmentation to an empirical tracking dataset
of the common teal. In contrast to simulated data, however, empirical movement data are often
characterized by sampling irregularity and location errors. So while we could show that the segmentation worked well in the case of regular data with exact positions, it was not clear whether
this ability of the method transfers to empirical movement data. We incorporated the temporal
structure of the irregular tracking data by using a constraining time distance matrix during the ordination of the transferability matrix. We also think that smaller temporal irregularities will not
greatly affect the outcome of the segmentation, since the partitioning of the data into windows will
inherently result in a fuzzy segmentation. Much of the temporal irregularity of empirical data can
be redeemed by how the data is partitioned into windows, especially when the temporal scale of
interest is greater than the scale of temporal inaccuracies. The impact of location error, however,
we deem to be rather small for mainly two reasons: i) in many cases the granularity of the environmental data is lower than the granularity of movement data, and will become more so over time as
the use of highly accurate GPS-devices increases, and ii) the spatial autocorrelation of the environment, i.e. neighboring pixels of environmental data have highly correlated values. In our case study
on the common teal, however, the location error was highly variable across the trajectories which
could have introduced a bias in the accuracy of the environmental information corresponding to
the locations over time. With the use of time-explicit utilization distributions we could reduce this
bias by sampling pseudo-presence points that reflect the environmental conditions within the 99%
UDs rather than just at a single erroneous location.
The detected change points of the niche segmentation bears similarities to the life history cycle
of the species (Figure 4). What is also important to note is that the predictions from niche segment models also differed considerably in the spatial distribution of suitable habitat (Appendix A,
Fig. A2), corresponding to the changes in the spatial distribution of the species in the wild. Finally,
niche segment models outperformed full models when predicting the respective niche segment despite using the same amount of samples for training the models, which indicates that the changing
interactions between individuals and environment over time could not be completely captured by
the full models.
Although changes in habitat use are likely to be driving the segmentation pattern, there are alternative explanations that could result in the segmentation of the data into multiple niche segments.
One of them is the use of location data from several different populations. Habitat composition at
these study sites might be so different that changes in habitat use could more easily be explained
by catching site, especially since individuals at the different study sites were caught during different
times of the year (Table 2). This can result in an unbalanced distribution of location data from the
different populations across the year. However, we found that the series of niche segments could
not be explained by study site, and only the individuals from Kazakhstan seemed to use different
habitats than the individuals from the other populations. Consequently, the niche segmentation
was likely to reflect consistent differences in habitat use of common teal throughout the year.
In general, there is the tendency to use the framework of species distribution models for finescaled analyses of variation of habitat use to illuminate the dynamic interface between individuals and their environment (e.g., van Toor et al., 2011; Pikesley et al., 2015), as well as an increasing
availability of long-term and high-resolution animal movement datasets. The fusion of both provides a promising approach to extract an environmentally informed behavioral signature from the
trajectories of single individuals as well as groups of animals. As movement and habitat use are an
expression of individual decisions, as individuals are driven by physiological necessities like energy
requirements and optimal breeding sites (e.g., Boone et al., 2006; Suárez-Seoane et al., 2008; Nathan
et al., 2008a; Bischof et al., 2012), the behavioral annotation of trajectories will allow us to derive ecologically meaningful models of animal movement. In addition to increasing the understanding of
animal movement, SDMs used for the spatial prediction of habitat suitability on larger scales can
profit from the incorporation of changes in both habitat preferences and the environment. This
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Figure 4 Comparison of the life history stages of Common Teal for both males and females (Scott and Rose,
1996; Kear, 2005) with the segmentation derived with a window size of S = 2000. The coloring is kept
differently to not imply any untested similarities.

might especially apply to migratory species which are currently underrepresented in studies applying species distribution models (Web of Science search, 2015/03/12, 358 and 15’698 publications
using the keywords species distribution model with and without migrat*). This is of special concern, as the areas used by migratory species are currently also underrepresented by protected areas
(Runge et al., 2014). SDMs could therefore incorporate the underlying temporal dynamics of habitat use and habitat availability by applying a niche segmentation, and deriving separate models for
segments. This might help to improve predictions of habitat suitability for these cases, or for species
that require different types of habitat or resources during their life cycle (e.g. Werner and Gilliam,
1984; Wilbur, 1988; Hatase et al., 2002). Thus, it could be possible to identify restrictions of the fluctuations in the availability of suitable habitat, and how suitable areas might be connected in space
and time.
Overall, using a niche-based segmentation can contribute to the understanding of animal behavior from using remotely tracked animal movement data. The niche segmentation will determine
change points in habitat use rather fuzzily and with only approximate times, owed to the fact that
they are found by comparing windows of a discrete size and thus sudden changes can only be found
if they coincide with falling at the very end or start of a window. Yet, the fuzziness in finding changes
also can be an indication of gradual changes involved in species-environment interactions. A segmentation based on habitat use adds a component of information to models that cannot necessarily be covered by a segmentation based on movement geometry alone. By integrating information
like age or sex, smaller and more subtle changes in habitat use will potentially become traceable.
Overall, a niche segmentation as presented here can not only contribute to the understanding of
processes that are mediated by how individuals interact with a changing environment, but also pro39

vide new opportunities to integrate changing landscapes into the study of the spatial dimension of
animal behavior.
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Kühner, als das Unbekannte zu erforschen, kann es sein, das Bekannte zu bezweifeln.
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ABSTRACT

Context High-resolution animal movement data are becoming increasingly available, yet having a multitude of empirical trajectories alone
does not allow us to easily predict animal movement. To answer ecological and evolutionary questions at a population level, quantitative
estimates of a species’ potential to link patches or populations are of
importance.
Objectives We introduce an approach that combines movementinformed simulated trajectories with an environment-informed
estimate of the trajectories’ plausibility to derive connectivity. Using
the example of bar-headed geese we estimated migratory connectivity at a landscape level throughout the annual cycle in their native
range.
Methods We used tracking data of bar-headed geese to develop a multistate movement model and to estimate temporally explicit habitat
suitability within the species’ range. We simulated migratory movements between range fragments, and calculated a measure we called
route viability. The results are compared to expectations derived
from published literature.
Results Simulated migrations matched empirical trajectories in key characteristics such as stopover duration. The viability of the simulated
trajectories was similar to that of the empirical trajectories. We found
that, overall, the migratory connectivity was higher within the breeding than in wintering areas, corroborating previous findings for this
species.
Conclusions We show how empirical tracking data and environmental information can be fused for meaningful predictions of animal movements throughout the year and even outside the spatial range of the
available data. Beyond predicting migratory connectivity, our framework will prove useful for modelling ecological processes facilitated
by animal movement, such as seed dispersal or disease ecology.

Keywords: Anser indicus, bar-headed goose, empirical random trajectory
generator, migratory connectivity, movement model, stepping-stone
migration model

Introduction
Animal movements and migrations can provide functional connectivity between areas that are separated in geographical space by transporting biomass, genes, and less mobile organisms. This has
wider ecological implications for the species’ population structure, and can also provide the dispersal opportunities for organisms like flowering plants by moving pollen and seeds, or pathogens
(Altizer et al., 2011; Bauer and Hoye, 2014). Identifying connectivity networks and understanding
the contribution of animal movement to such networks is a prime motive in ecology and is pivotal
to our understanding of spatial structuring processes.
Establishing whether, how, and when animal movement provides a functional connection in
space, however, is not easily achieved. Capture-mark-recapture techniques have revealed much
about dispersal capabalities of individual animals, thereby providing a history of observed connectivity between distant patches. Estimates such as maximum observed dispersal distances can be
used to infer connectivity networks where movement has not been observed, yet there are limitations to their application (Calabrese and Fagan, 2004), as distance alone can be insufficient to explain patch connectivity. Estimates of effective distance between patches that incorporate barriers
and facilitations to animal movement can be used to improve predictions of connectivity. Algorithms like least-cost paths (e.g., Ferreras, 2001; Graham, 2001) and electrical circuit theory (McRae
et al., 2008) can, in combination with spatially explicit predictors of landscape resistance to movement, provide environmentally informed estimates of connectivity between patches (e.g. for population genetics Row et al., 2010). Often, however, the animal location data used to inform models
used for predicting such resistance surfaces lack a behavioural context. Consequently, these resistance surfaces might not be representative for how animals move through the environment (Keeley
et al., 2017).
More recently, the equipment of wild animals with remote tracking technology has provided
great insights into how, when, and where animals move (Hussey et al., 2015; Kays et al., 2015). Such
data are not only a rich source of information about the movement and behaviour of individuals, but
can also reveal actual connectivity between spatially separated areas in great detail. In combination
with environmental information about the utilised habitat, movement data can provide detailed insight into habitat connectivity for the observed individuals (Almpanidou et al., 2014). Connectivity
estimates derived from observed movement, as for example in fragmented landscapes, have been
shown to outperform predictions derived from resistance surfaces (LaPoint et al., 2013). Yet to estimate connectivity the use of animal movement data is not without constraints (Calabrese and Fagan, 2004). While the miniaturisation of tracking technologies permits scientists to follow ever more
individuals of ever smaller species, the cost and effort associated with animal tracking limit sample
size, as well as the spatial and temporal extent of the data that can be collected. Thus, the number of
individuals that scientists are realistically able to track will remain minuscule compared to even the
most conservative estimates of the numbers of moving animals on this planet. The goal of an increasing number of studies is to utilise the knowledge from few, well-studied individuals to estimate
the behaviour at a population level. However, such generalisations are not straightforward, mainly
because the movement behaviour of individuals and the observed variation may not be representative for the population (e.g., Austin et al., 2004). Individual decision-making is not only influenced
by general species properties, but also variation between individuals and their needs, and the surrounding environmental conditions (Nathan et al., 2008a). Any kind of movement behaviour is thus
to some extent unique to the individual, explicit in time, space, and its environmental conditions
as well as its ecological context.
The literature published on models developed for capturing animal movement is extensive, and
such models have been shown to provide useful and sensible estimates on the behaviour of observed as well as unobserved individuals (e.g., Morales et al., 2004; Codling et al., 2008; Péron et al.,
2017; Michelot et al., 2017). Providing sensible hypotheses of the routes that animals take might
require the contextualisation of observed movement, and the understanding of how animals utilise
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environmental features for route decision-making. Consequently, movement models that incorporate resource-selection functions (step-selection functions, e.g. Fortin et al., 2005; Thurfjell et al.,
2014) are becoming increasingly popular. Step-selection functions have been shown to yield functional estimates of how environmental features influence an animal’s movement through the landscape (e.g., Richard and Armstrong, 2010), and have been used to estimate connectivity between
patches (Squires et al., 2013). Such step-selection functions, representing resource selection during
actual movement, can be used to derive behaviour-specific predictions for resistance of a landscape
to movement. In combination with least-cost paths or circuit theory, these context-aware resistance surfaces provide the means to predict the movement of individuals through the landscape
(e.g., Zeller et al., 2014, 2016).
In many cases animals use series of different movement strategies that change in response to
the surrounding environment, or in response to the different needs an animal has for different behaviour or life-history stages. Currently, however, even context-aware approaches used for predicting the movement of unstudied individuals often make the assumption that animals follow a single,
constant decision rule. As shown by Zeller et al. (2016), these decision rules are considered to be
independent of the supply needs of the individual. We think that realistic movement simulations
should not only take the environmental context of movement behaviour into account, but also acknowledge the different movement strategies expressed by a species (see e.g. Morales et al., 2004).
One example of such a multi-state movement behaviour with striking differences between states
are the stepping-stone-like migrations as performed by many migratory bird species that predominantly use flapping flight for locomotion. Here, we refer to stepping-stone migrations as performed
by large waterbirds like ducks and geese who cover large distances in fast and non-stop flight and
use stopover locations for extended staging periods to replenish their fat reserves. Context-aware,
multi-state approaches for simulating animal trajectories are uncommon. An additional difficulty
for the simulation of stepping-stone migratory movements, is that detailed knowledge about available stopover sites for staging migrants might be necessary.
Here, we introduce a novel approach that allows for inferring environmentally informed migratory trajectories from a multi-state discrete movement model. Using a conditional movement
model specifically designed for generating random trajectories from template empirical trajectories
(Technitis et al., 2016, in preparation), we developed this approach with stepping-stone migrations
and similar movement strategies in mind. We extend this movement model to represent the two
major states of stepping-stone migrations, the non-stop migratory flights and the staging periods,
using a stochastic switch informed by empirical estimates of typical duration of both behaviours.
Our multi-state movement model can simulate migratory trajectories that realisticically represent
empirically collected migratory movements by exclusively sampling from empirical distribution
functions. We develop a measure of route viability that integrates properties of the simulated trajectory and its environmental context to assess the joint suitability of the simulated migratory route
and timing strategy. For stepping-stone migrations, we assume that the quality of stopover sites
between the breeding grounds and wintering areas predominantly determines how preferable a
certain route might be (Green et al., 2002; Drent et al., 2007). While the migration simulation model
and the measure of route viability we introduce here are tailored for our study system, the approach
in general is flexible and could be applicable to many other study systems and strategies.
Specifically, we apply this approach to a pronounced long-distance migrant, the bar-headed
goose (Anser indicus, Latham 1790). This species of waterbird occurs in Central Asia and is well
known for its incredible performance of crossing the Himalayas during migration. The distribution
range of bar-headed geese is characterised by four distinct breeding areas which are mirrored by
four distinct wintering areas south of the Himalayas. Previous tracking studies have revealed that
large parts of the respective populations migrate from their breeding grounds in Mongolia, northern
China and on the Tibetan Plateau over the Himalayas to their wintering grounds on the Indian subcontinent (e.g., Hawkes et al., 2011; Guo-Gang et al., 2011; Prosser et al., 2011; Bishop et al., 1997;
Takekawa et al., 2009). But while the crossing of the Himalayas has been studied in great detail
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(Hawkes et al., 2011, 2013; Bishop et al., 2015), less is known about the connectivity between range
fragments both within the wintering and within the breeding range (Takekawa et al., 2009). The
bar-headed goose thus provides a suitable study species for our approach. We establish a model for
bar-headed goose migrations from previously published tracking data, and simulate migrations of
unobserved individuals between all fragments of the species’ distribution range. We assess the viability of these trajectories during several times of year using a segmented habitat suitability model
to derive a dynamic migratory connectivity network. To assess whether this migratory connectivity
network could serve as a quantitative null hypothesis for bar-headed goose migration, we test our
predictions against two very simple hypotheses generated from previously published studies.
Stable isotope analyses suggested that the connectivity within the breeding range of bar-headed
geese is relatively high (Bridge et al., 2015), a notion that has been supported by tracking data as
well (Cui et al., 2010). In the wintering range, however, relatively few movements have been observed (Kalra et al., 2011). Based on these findings (Bridge et al., 2015; Kalra et al., 2011; Cui et al.,
2010), we expect to find a higher overall viability of trajectories between the fragments of the breeding range than within the wintering range. We further predict that on average, the temporal variation in viability of simulated migratory routes within the breeding grounds should be higher than
within the wintering grounds. Overall, we would like to introduce a new approach for deriving environmentally informed quantitative null hypotheses for animal movement which can be utilised
for estimating migratory connectivity based on limited observations (summarised in Figure 5).

Methods
Tracking data and movement model
Tracking data of bar-headed geese were available to us from a broader disease and migration ecology study implemented by the Food & Agriculture Organization of the United Nations (FAO) and
United States Geological Survey (USGS). In total, 91 individuals were captured during the years
2007-2009 in several locations: Lake Qinghai in China (hereafter termed "Lake Qinghai"), Chilika
Lake and Koonthankulum bird sanctuary in India (hereafter termed "India"), and Terkhiin Tsagaan
Lake, Mongolia (hereafter termed "West Mongolia"). All individuals were equipped with ARGOSGPS tags which were programmed to record the animals’ location every two hours (ARGOS PTT-100;
Microwave Telemetry, Columbia, Maryland, USA). Eighty of the deployed tags collected and transmitted data for 241±253(mean±s.d.) days. In total, 169, 887 fixes could be acquired over the course
of the tracking period (Table 4 and Hawkes et al., 2011; Takekawa et al., 2009). Individuals that were
tracked for less than a complete year were excluded from the subsequent analyses, which left a total
of 66 individuals (Lake Qinghai: 20, India: 20, West Mongolia: 26). We pooled data from all capture
sites for the analyses.
Table 4 A summary of the catching sites and corresponding sample sizes. The number of tracking days and
GPS fixes are listed as a median per individual, with the 25% and 75% quantiles in square brackets. Eleven
out of the total of 91 tags deployed did not transfer any data, and are not included in this table

Capture site

Year of
capture

Lake Qinghai

2007
2008

India
West Mongolia

Sample size
(individuals)

First fix

Tracking days

GPS fixes

13
10

Mar 25 – 31
Mar 30 – Apr 4

303 [207; 411]
396 [260; 845]

1, 670 [682; 2, 565]
2, 211 [1, 341; 3, 573]

2008
2009

17
7

Dec 10 – 18
Jan 27 – Feb 06

129 [92; 401]
134 [53; 448]

2, 060 [1, 578; 2, 714]
1, 321 [1, 107; 3, 800]

2008
2009

19
14

Jul 13 – 15
Jul 05 – 08

122 [90; 190]
105 [100; 128]

537 [366; 1, 312]
421 [330; 473]
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Figure 5 General concept for our approach of environmentally informing simulated stepping-stone migrations: I) Empirical tracking data are IIa) used to derive an informed eRTG to simulate conditional movement between sites of interest, and IIb) combined with environmental correlates to derive predictions of
relevant measurements of landscape permeability (here: suitability of stopover sites). III) Finally, the simulated conditional trajectories are evaluated based on characteristics of the trajectory and permeability
using an informed measure of route viability.

We used the recently developed the empirical Random Trajectory Generator (eRTG, Technitis
et al., 2016, in preparation) to simulate the migrations of unobserved individuals of bar-headed
geese. This movement model is conditional, i.e. simulates the movement between two end locations with a fixed number of steps based on a dynamic drift derived from a step-wise joint probability surface. One main advantage of the eRTG is that the trajectories it simulates retain the geometric characteristics of the empirical tracking data (step length, turning angle, as well as covariance
and auto-correlation of step length and turning angle), as it relies entirely on empirical distribution
functions. Consequently, if a destination cannot be reached within the realms of the empirical dis52

tributions of e.g. step lengths and turning angles, the simulation fails rather than forcing the last
step towards the destination.
We extended this movement model by incorporating a stochastic switch between the two main
states of bar-headed goose migration, non-stop migratory flights ("migratory state") and movements during staging periods at stopover locations ("stopover state"). We classified the entire tracking data according to the individuals’ movement behaviour to identify these states prior to extracting the empirical distributions functions for the eRTG. First, we clustered the locations in the tracking data using an expectation-maximisation binary clustering algorithm designed for annotating
animal movement data (EMbC, Garriga et al., 2016). The EMbC divided the trajectories of barheaded geese into four behavioural classes (slow speed & low turning angles, slow speed & high
tuning angles, high speed & low turning angles, and high speed & high turning angles), which we
then re-classified into two behavioural classes, namely high-speed movements (combining the two
high speed classes) and low-speed movements (combining the two low speed classes). Within the
high-speed behavioural cluster, the average speed between locations was 8.4 ± 6.7 ms (mean ± s.d.)
whereas the average speed for the low-speed behavioural cluster was 0.3 ± 1.0 ms (mean ± s.d.). As
estimates of speed and turning angle are highly dependent on the sampling rate of the data, we removed those parts of the trajectories that exceeded the average sampling interval of two hours. Subsequently, we used the low-speed locations for the empirical distribution functions for the stopover
state of the two-state eRTG, and the locations classified as high-speed for the empirical distribution
functions for the migratory state of the eRTG (see Appendix B, Figure B2). Finally, we derived the
step lengths and turning angles from each coherent stretch of data (i.e. only subsequent fixes with
a sampling rate of 2 hours). Following this, we calculated the changes in step length and turning
angle at a lag of one observation, as well as the covariance between contemporary observations of
step length and turning angle. We derived the corresponding empirical distribution functions for
both movement states and prepared them for use in the eRTG functions.
Finally, we determined the duration of staging periods, and the duration and cumulative distance of individual migratory legs from the tracking data. We first identified seasonal migration
events between breeding and wintering grounds (and vice versa) in the empirical trajectories using
the behavioural annotation. We then determined migratory legs (sequential locations classified as
migratory state) as well as stopovers (sequential locations classified as stopover state, with a duration > 12h ). We used two main proxies to characterise migratory legs, namely cumulative migratory
distance as well as duration, and one proxy to characterise staging periods, namely stopover duration. We calculated these proxies for all individuals and migrations, and determined the maximum
observed distance (dmmax ) and duration (Tmmax ) of a migratory leg. As we did not distinguish between extended staging (e.g. during moult, or after unsuccessful breeding attempts) from use of
stopover locations during migration, we calculated the 95% quantile of the observed stopover durations (Tsmax ) rather than the maximum.

Simulating a bar-headed goose migration with the two-state eRTG When simulating a conditional random trajectory between two arbitrary locations a and z , the two-state eRTG initially draws
from the distribution functions for the migratory state, producing a fast, directed trajectory. To determine the time available for moving from a to z , we assumed the mean empirical flight speed
derived for the migratory state, and calculated the number of required steps accordingly. While
simulating the trajectory, after each step modelled by the eRTG, the cumulative distance of the trajectory as well as the duration since the start of the migratory leg were calculated. By using cumulative distance and duration as well as the empirically derived dmmax and Tmmax , our two-state eRTG
was based on a binomial experiment with two possible outcomes: switching to the stopover state
with a probability of pm s , or resuming migration with a probability of 1 − pm s . We defined pm s , the
transition probability to switch from migratory state to stopover state, as
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Pt
pm s (t ) =

i =0 (d m)

d mmax

Pt
×

i =0 (T m)

T mmax

(1)

where dm and Tm represent the distance and duration between two consecutive locations during a migratory leg. At step t , the simulation of the migratory movement can switch to the unconditional stopover state, corresponding to a correlated random walk, with a probability of pm s (t ).
Likewise, the simulation can switch back from stopover state to migratory state with the probability
ps m (t ), which we defined as as
 Pt

i =0 (T s )

ps m (t ) =

2
(2)

T smax

where Ts represents the duration between two consecutive locations during a stopover. This
process is then repeated until the simulation terminates because: either the trajectory reached its
destination, or the step-wise joint probability surface did not allow for reaching the destination with
the remaining number of steps (resulting in a dead end or zero probability).

Evaluating the plausibility of simulated migrations
We estimated the plausibility of each simulated trajectory, representing a unique migratory route,
using a measure we called route viability Φ aimed to integrate the ecological context into the movement simulations. We developed this measure specifically with the stepping-stone migratory strategy of bar-headed geese or similar species in mind, and it is defined by the time spent in migratory
mode, the time spent at stopover sites, and the habitat suitability of the respective utilised stopover
sites. For this specific measure of route viability, we made two main assumptions: (1), it is desirable
to reach the destinations quickly, i.e. staging at a stopover site comes at the cost of delaying migration, and (2), the cost imposed by delaying migration is inversely-proportional to the quality of the
stopover site, i.e. the use of superior stopover sites can counterbalance the delay. Our argumentation for these assumptions is that during spring migration, the arrival at the breeding grounds needs
to be well-timed with the phenology of their major food resources (Bauer et al., 2008). Furthermore,
the quality of stopover sites has been shown to be of crucial importance for other species of geese
with similar migratory strategies (Green et al., 2002; Drent et al., 2007).
Each simulated multi-state trajectory between two arbitrary locations a and z can be characterised by a total migration duration τa ,z , which consists of the total flight time τM ,a ,z and the total
staging time at stopover sites τS ,a ,z . The total flight
Pntime τM ,a ,z is the sum of the time spent flying
during each migratory leg l , and is thus τM ,a ,z = l =0 t M (l ), with t M (l ) corresponding to the time
spent flying during migratory leg l . Similarly, the total staging
Pn time τS ,a ,z consists of the staging
times at all visited stopover sites, corresponding to τS ,a ,z = k =0 t S (k ), where t S (k ) amounts to the
staging time at stopover site k . For our metric of route viability, we will consider the time spent
staging at stopover locations τS ,a ,z as a delay compared to the time spent in flight. This delay is,
however, mediated by the benefit b an individual gains at the stopover site from replenishing its fat
reserves. We define this benefit gained by staying at stopover site k , b (k ), as proportional to the time
spent at site k , t S (k ), and the habitat suitability of site k , S (k ). This habitat suitability S should range
between [0, 1], which allows our measure of route viability to range between [0, 1] as well. We further
assume the effects of several sequential stopovers to be cumulative, and thus define
total benefit
Pthe
n
of a migratory trajectory between locations a and z with n stopovers as Ba ,z = k =0 S (k ) × t S (k ).
Finally, we define the route viability Φa ,z of any trajectory between a and z as:
Φa ,z =

τM ,a ,z
τM ,a ,z + τS ,a ,z − Ba ,z

=

τM ,a ,z
τa ,z − Ba ,z

(3)

Thus, the viability of a trajectory with no stopovers and a trajectory with stopovers of the highest possible quality (S (k ) = 1) will be equal, and is defined solely by the time the individual spent in
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migratory state (Φa ,z = 1). For trajectories with stopovers in less than optimal sites, however, the viability of trajectories is relative to both the staging duration and quality of stopover sites, and should
τ
take values of τMa,a,z,z < Φa ,z < 1. Using this metric, we assessed simulated trajectories in a way that is
biologically meaningful for bar-headed geese. In the next section we detail how we calculated the
route viability Φ for each simulated migration.

A migratory connectivity network for bar-headed geese
We simulated migrations of bar-headed geese within the native range of the species which naturally
occurs in Central Asia (68 − 107◦ N , 9 − 52◦ E ). According to BirdLife International and NatureServe
(2013), both the breeding and wintering range are separated into four distinct range fragments (see
also Appendix B, Figure B1), with minimum distances between range fragments ranging from 79
km to 2884 km. For this study, we investigated how well, in terms of an environmentally informed
measure of route viability and the number of stopovers required to reach a range fragment, these
range fragments can be connected by simulated migrations of bar-headed geese.
To choose start- and endpoints for the simulated migrations, we sampled ten random locations
from each of these range fragments indicated in the distribution data provided by BirdLife International and NatureServe (2013). We simulated 1,000 trajectories for all pairs of range fragments (100
trajectories per location pair) and counted the number of successes (trajectories reach the destination) and failures (trajectories terminate in a dead end). We proceeded to calculating the viability of
simulated routes in the following way: Initially, we determined the total duration of the trajectory
between locations a and z , τa ,z , the number of stopover sites used, na ,z , as well as the time spent
at each stopover site, t S (k ), for each of a total of the na ,z stopovers (corresponding to the number of
steps multiplied with the location interval of two hours). We determined the habitat suitability of
stopover locations S (k ) using habitat suitability landscapes for bar-headed geese during five periods of the year (see Appendix B, Figure B3): winter/early spring (mid-November - February), midspring (mid March - mid April), late spring/summer (mid April - mid August), early autumn (mid
August - mid September), and late autumn (mid September - mid November). We identified these
periods using a segmentation by habitat use (van Toor et al., 2016, for details see Appendix B). The
segmentation by habitat use uses animal location data and associated environmental information
to identify time periods for which habitat use is consistent. Habitat suitability models derived for
these time periods should thus reflect differences in habitat use by bar-headed geese throughout the
year. We used time series of remotely sensed environmental information and Random Forest models (Breiman, 2001) to derive habitat suitability models corresponding to these five time periods, and
predicted the corresponding habitat suitability landscapes (Appendix B). Following the prediction
of habitat suitability landscapes for winter/early spring, mid-spring, late spring/summer, early autumn, and late autumn, we annotated all stopover state locations of the simulated trajectories with
the corresponding habitat suitability. We then calculated the benefit b gained by using a stopover
location k using the mean suitability for each of the stopover locations, S (k ), and the duration spent
at stopover locations, τS (k ).
To calculate the route viability Φa ,z , we also required an estimate for duration of migration if
a simulation were exclusively using the migratory state τM ,a ,z , without the utilisation of stopover
sites. We used a simple linear model to predict flight time as a function of geographic distance which
we trained on the empirical data derived from the migratory legs (see Appendix B for details). By
basing the linear model on the empirical migratory legs rather than mean flight speed, the estimate for τM retains the inherent tortuosity of waterbird migrations. For each simulated trajectory,
we then calculated the geographic distance between its start- and endpoint, and predicted the expected flight time τM ,a ,z . Finally, we calculated route viability Φa ,z for all trajectories using equation
3, repeating the process for each of the five suitability landscapes derived from the segmentation
by habitat use. This resulted in five different values of Φa ,z for every simulated trajectory, corresponding to winter/early spring, mid-spring, late spring/summer, early autumn, and late autumn,
respectively.
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Calculating migratory connectivity as average route viability We calculated migratory connectivity between range fragments as the average route viability Φavg. of all trajectories connecting two
range fragments. We calculated this average by using non-parametric bootstrapping on the median route viability Φavg. (using 1,000 replicates), and also computed the corresponding 95% confidence intervals (CI) of the median route viability Φavg. . We did this for each of the five time periods
represented in the suitability landscapes, and also computed an overall migratory connectivity by
averaging all five habitat suitability values for each stopover site prior to calculating Φ.
We wanted to compare migratory connectivity within the breeding range and migratory connectivity in the wintering range to test our first hypothesis stating that migratory connectivity should be
higher within the breeding range. To do so, we differentiated between route viability among breeding range fragments (Φbreeding ), among the wintering range (Φwintering ), and between breeding and
wintering range fragments (Φmixed ). We computed the median and 95% CIs of route viability with
non-parametric bootstrapping with 1,000 replicates, using the average habitat suitability of all five
suitability landscapes for all trajectories within the breeding range, all trajectories in the wintering
range, and all trajectories connecting breeding range fragments with wintering range fragments.
To test our second hypothesis, stating that variation in migratory connectivity throughout the
year should be higher in the breeding range than in the wintering range, we calculated the standard deviation of route viability for the five suitability landscapes in the breeding range and in the
wintering range. We did this by again differentiating trajectories in the wintering range, trajectories in the breeding range, and trajectories connecting breeding range fragments with wintering
range fragments. We computed route viability Φ for each of the five suitability landscapes for all trajectories, and pooled the corresponding values for Φlate winter/early spring , Φmid-spring , Φlate spring/summer ,
Φearly autumn , and Φlate autumn for the wintering range, for the breeding range, and for trajectories connecting breeding range fragments with wintering range fragments separately. We then used a nonparametric bootstrapping (1,000 replicates) on the standard deviation over the five time periods,
and determined the corresponding 95% CIs on the standard deviation.
Calculating route viability for empirical migrations Following this, we annotated the stopover
locations of empirical migrations with the habitat suitability of the corresponding time period, and
calculated the route viability for these migratory trajectories in the same way as described above.
We then used non-parametric bootstrapping on the median route viability for all empirical migrations (Φemp., total ), only spring migrations (Φemp., spring ) and only autumn migrations (Φemp.,autumn ),
and computed 95% CIs for the median of Φemp., total , Φemp., spring , and Φemp., autumn .

Results
Route viability of empirical and simulated migrations
The simulations resulted in a total of 30, 730 simulated trajectories, of which 8, 945 trajectories connected breeding range fragments (simulation success rate: 74.5%), 5, 393 trajectories connected
wintering range fragments (simulation success rate: 44.9%), and the remaining 16, 392 trajectories
connected breeding and wintering range fragments (simulation success rate: 51.2%; see Appendix
B, Figure B4). While all these trajectories were successful in connecting origin and destination (i.e.
did not result in a dead end), they differed profoundly in their route viability Φsimulated , which ranged
between 0.014 and 0.59. We found that simulated migrations had a higher route viability for late
spring and summer than for autumn (Figure 6).
The range of route viability for simulated migrations was comparable to that of the empirical
migrations (Φemp., total : 0.01 − 0.38). Overall, we found that route viability of empirical migrations
was higher for spring migrations (Φemp., spring : [0.0614; 0.1070]; 95% CIs on the median) than for
autumn migrations (Φemp., autumn : [0.0270; 0.0514]; 95% CIs on the median). This was caused both
by differences in the habitat suitability of utilised stopover locations and the differences in migra56

tion duration between spring and autumn migrations. We found that bar-headed geese on average
stayed longer at stopover locations during autumn than during spring migrations (spring: 6.8±14.2
days, autumn: 11.8 ± 12.2 days; mean ± s.d.).

Empirical trajectories

Simulated trajectories

0.6
0.5
0.4

Route viability Φ

0.3
0.2

0.1

Fall migration

Spring migration

Seg. 1 Seg. 2 Seg. 3 Seg. 4 Seg. 5

Figure 6 The route viability Φ of empirical and simulated migrations. Here we show Φ for spring and autumn migrations, as well as the Φ for the simulated trajectories across all five suitability landscapes (Seg.
1: winter/early spring, Seg. 2: mid-spring, Seg. 3: late spring/summer, Seg. 4: early autumn, Seg. 5: late
autumn). The black bars show the 95% CIs for the respective medians, and the grey dots and violin plots
show the observed (empirical trajectories) and route viability densities (simulated trajectories).

Migratory connectivity network informed by route viability
We separated the simulated trajectories into movements within the breeding range, movements
within the wintering range, and movements resembling seasonal migrations between the breeding
and wintering range. Here, we found that viability of trajectories was highest within the breeding
range (95% CIs for median Φbreeding : [0.0676; 0.0684]; 95%-quantiles of median Φbreeding : [0.1469; 0.1546]),
and lowest within the wintering range (95% CIs for median Φwintering : [0.0590; 0.0596]; 95%-quantile
of median Φwintering : [0.1090; 0.1147]), predicting that movements between range fragments should
occur more often within the breeding than in the wintering areas. The median route viability for
migrations between breeding and wintering range fragments was intermediate (95% CIs for median Φmixed : [0.0618; 0.0622]; 95%-quantile of median Φmixed : [0.1224; 0.1296]). These patterns are
reflected in the simplified network of average migratory connectivity Φavg. (Figure 7). We also identified the single trajectory with the maximum route viability between range fragments rather than
the median (Figure B5). This network of maximum migratory connectivity shows that migrations
that connect the breeding and wintering ranges have the highest route viability. Finally, the number of stopover locations of movements was proportional to the geographic distance between range
fragments (Appendix B, Figure B6).
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Figure 7 The median route viability Φ between range fragments of bar-headed geese. We summarised Φ for
all pairwise range fragment trajectories using the median route viability. The thickness of edges represents
the sample size. Blue polygons show the native breeding area of the species. Green polygons show the
native wintering range. Long edges are curved for sake of visibility.

Temporal variability of migratory connectivity
We found that the spatial patterns of migratory connectivity varied across the five habitat suitability
landscapes representing five periods of consistent habitat suitability (Figure 8; see also Appendix B,
Figure B3 for details on the temporal correspondence of the time periods). For the suitability landscapes derived for winter/early spring, mid spring, and late spring/summer, the estimated connectivity predicted that bar-headed goose migrations are most likely to occur between the wintering
and breeding range, and within the breeding range. For early autumn, connectivity patterns predicted that movement should be most likely between breeding and wintering areas. For late autumn
, we also observed connectivity within the wintering range of the species. We also calculated the 95%
CIs for the overall migratory connectivity values for each time period (Figure 6), which predicted the
highest median route viability for the periods from winter/early spring (mid-November - February)
as well as from late spring/summer (mid April - mid August). We also compared the standard deviation of route viability across suitability landscapes and found the highest variation for the breeding
range (95% CIs for s.d. of Φbreeding : [0.0124; 0.0133]) and the lowest variation for the wintering range
(95% CIs for s.d. of Φwintering : [0.0041; 0.0046]). Again, the trajectories between breeding and win58

tering range fragments showed intermediate values (95% CIs for s.d. of Φmixed : [0.0084; 0.0089]).
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Figure 8 Temporal dynamics of the route viability Φ. Here we show the predicted movements for each of
the five suitability landscapes separately. The visible edges of the network have a median route viability Φ
that is higher than 75% of the ecological likelihood for the complete network. The respective time periods
associated to these networks is displayed in Appendix B, Figure B3.

Discussion & Conclusions
Using tracking data of bar-headed geese and the empirical Random Trajectory Generator (eRTG), we
were able to successfully develop a model that simulates the migratory movements of bar-headed
geese. Our extension of the eRTG with a stochastic switch between a migratory state and a stopover
state was sufficient to capture the overall migratory strategy of this species. With this model for
bar-headed goose migrations, we inferred the migrations of unobserved individuals between all
fragments of the species’ distribution range, and used an environmentally informed measure of
route viability to derive average estimates of migratory connectivity between range fragments. We
put this simplified predictive network of migratory connectivity to a simple test using predictions
derived from the literature. Indeed, we found that the average route viability, as an indicator of migratory connectivity, was higher within the species’ breeding range (Φbreeding ) than in the wintering
areas (Φwintering ), confirming the expectations from the literature (Cui et al., 2010; Kalra et al., 2011;
Bridge et al., 2015). While bar-headed geese are thought to be philopatric to their breeding grounds
(Takekawa et al., 2009), the post-breeding period seems to be a time of great individual variability
and extensive movements (Cui et al., 2010). This has also been observed for other Anatidae species
(e.g., Gehrold et al., 2014), as due to the temporary flightlessness during moult the choice of suitable
moulting sites is critical to many waterfowl species. As the average route viability within the breeding range and during the summer months is high, we think that unsuccessful breeders and indi59

viduals in the post-breeding period are not limited by sufficiently suitable stopover locations when
moving between breeding range fragments. Furthermore, our results confirmed that the temporal
variability of migratory connectivity was higher in the breeding areas north of the Himalayas than
in the subtropical wintering areas.
Simulating trajectories with multiple movement states and an element of randomness can be
useful to infer the movements of unobserved individuals. Here, we simulated migratory trajectories
under the assumption that the movements of the tracked individuals are similar to those of other
individuals. While this limits the informative value for an estimate of migratory connectivity, we
think that through repeated simulations, it is possible to explore the routes of unobserved individuals according to the movement behaviour observed in empirical data on the same temporal scale.
Indeed, average route viability corroborated previous studies on the within-range movements for
bar-headed geese even without additional filtering. Consequently, we think that in combination
with relevant environmental and ecological information, the simulation of unobserved migrations
using a model like our two-state eRTG can provide a sensible and quantitative null hypothesis for
the migrations of bar-headed geese or species with similar strategies. While we determined the
route viability using only the habitat suitability of the stopover locations and measures of migratory duration, we think that other correlates such as wind support or altitude profile could easily be
incorporated for the migratory state. Similarly, the transition probabilities that mediate the switch
between movement modes can be extended to include environmental conditions. In general, our
stochastic switch performed reasonably well in replicating the movement behaviour observed from
recorded tracks. We used simple functions to determine transition probabilities due to the long fix
interval (two hours) and the amount of missed fixes in the data. If a larger sample size were available, the functions we used (see equations 1 and 2) could be replaced by a probability distribution
function that more adequately represents the decision-making of bar-headed geese. Alternatively,
algorithms such as state-space models could be integrated to simulate animal movement with a
more complex configuration of movement states (Morales et al., 2004; Patterson et al., 2008). With
a few modifications specific to the species of interest, the approach described in this study could
be adapted for other scenarios of animal movement. One important application for our approach
could be to support capture-mark-recapture data, especially when tracking data for multiple individuals are hard to acquire. Simulations from a multi-state movement model informed by the
movements of a few representative individuals could be used to infer alternative routes connecting
the re-sightings of individually marked animals. A corresponding relevant measure of route viability could then be used to explore alternative strategies from an ecologically informed perspective.
In such a study, it could also be of interest to use Bayesian approaches to approximate ideal routes
using the environmental context.
Furthermore, we think that our results highlight the importance of integrating temporal changes
in habitat use of moving animals into measures of landscape connectivity. Zeigler and Fagan (2014)
argue that the ecological function of landscape connectivity through animal movement is not only
determined by where, but also when the environment provides the conditions that allow an individual to move from a to z . In our study, estimates of migratory connectivity were affected by changes
in the predicted habitat suitability of stopover locations, whereas in other cases, changes in vegetation density throughout the year or the temporary freezing of waterbodies can be imagined to
change connectivity between distant sites. Using time series of environmental information in combination with an approach that segments a species utilisation of the environment for moving, as
shown here, could help with the identification of temporal patterns of landscape connectivity. Accounting for such temporal changes in connectivity could also help better understand how for example diseases can spread through through a metapopulation (such as white-nose syndrome, Blehert et al., 2009; Turner et al., 2011, or Influenza A viruses in birds, Gaidet et al., 2010; Newman et al.,
2012).
Overall, models that incorporate a species’ movement behaviour and its utilisation of the environment can provide sensible estimates for landscape connectivity. This approach possibly pro60

vides the basis for a wider range of applications, for example the estimation of seed or pathogen
dispersal on a population level. Our approach provides a starting point for complementing tracking efforts with ecologically relevant estimates of a species’ potential to migrate through a landscape
and act as a link between patches, populations, and ecosystems.
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ABSTRACT

Recently developed extensions of Bayesian phylogeographic inference use
predictors of connectivity, and estimate their concordance with the dispersal network of e.g. viruses. Studies applying these extensions have proven
to be highly successful, such as the use of a human mobility network to
explain global transmission of human influenza H3N2. But whereas mobility data are readily available for human long-distance movements, this
is often not the case for animal species that might act as vectors to infectious diseases. Especially wild, migratory waterbirds have been suspected
to act as vectors for highly pathogenic avian influenza virus after repeated
and rapid dispersal events of several strains of the virus. Here, we use ecologically informed simulations of waterbird migration events to estimate
landscape connectivity between outbreaks sites of avian influenza H5N1
for two species of waterbirds. In estimating spatial diffusion for this virus,
we found that while dispersal events are widespread, the diffusion is often unidirectional. While we found that geographic distance is the most
consistent predictor, the predicted landscape connectivity of two species
of waterbirds turned out to be a close second. The dispersal of avian influenza virus, however, is likely much more complex than just two vector
species. Despite its simplicity, we think that this study can contribute to
the understanding of the dispersal patterns of avian influenza virus. Predicted connectivity from more species of waterbirds, and the incorporation of more sequence samples We also pledge for a change in the labelling
routine for samples of avian influenza virus acquired through active and
passive surveillance. Despite the wide availability of AIV sequence data,
a majority of the samples could not be properly geo-referenced or dated,
and had thus to be excluded for this study.

Keywords: Anser indicus, avian influenza virus, Bayesian phyloeography,
diffusion model, migration, Tadorna ferruginea, vector, virus dispersal

Introduction
The geographic spread of emerging diseases, whether affecting humans and/or animals, often happens rapidly, and along routes that can be hard to predict. Uncontained infectious diseases not
only affect the health and lives of the susceptible and infected individuals, but can also have severe consequences for food production and economy (e.g., Poss et al., 2003; van der Mensbrugghe
et al., 2008) as well as devastate animal populations. The latter is especially critical for vulnerable or
endangered species (e.g., Thogmartin et al., 2013). The timely installation of effective pre-emptive
measures that limit the unhindered spread of a pathogen is thus of pivotal importance to the susceptible population. But if the routes of dispersal are unknown, this can impose a challenge that
is hard to meet. Predictive models that reflect the processes underlying the spread of a pathogen
are thus crucial to making informed decisions when and where to concentrate preventive efforts
to minimise the risk of an epidemic. As the mobility of pathogens is nearly exclusively provided by
the mobility of their hosts (but see Chytridiomycosis in Amphibia for a counter example, Kilpatrick
et al., 2010), it is the knowledge of the host’s movements and the probability of transmission that
is the key to the understanding of spatio-temporal disease dynamics. Since the history of dispersal
leaves traces in the genome of quickly evolving pathogens like viruses, and so do events like crossspecies transmission, dated and geo-referenced molecular sequences provide a window into the
history of pathogen dispersal across space or species boundaries (Holmes, 2008). Recent developments allow to test the history of dispersal inferred from molecular sequences against predictors of
pathogen dispersal (Streicker et al., 2010; Faria et al., 2013; Lemey et al., 2014). For example, Lemey
et al. (2014) could show that predictors of human long-distance movements derived from global air
travel data are able to explain the spatio-temporal of spread of seasonal influenza A viruses. Brockmann and Helbing (2013) further demonstrated how a comprehensive human mobility network can
identify the most likely origin of a pandemic like SARS or H1N1, and proved to be a powerful predictor of disease spread and accurate arrival times for any place on earth when the dynamics of the
disease in the infected host are known.
But humans are not the only potential vectors that provide pathogens with the opportunity for
(long-distance) dispersal, as examples like rabies (Talbi et al., 2009, 2010), white nose syndrome in
bats (Blehert et al., 2009), and potentially highly pathogenic avian influence virus (AIV, Gaidet et al.,
2008, 2010; Jeong et al., 2014) show. Especially highly pathogenic AIV has repeatedly spread across
continents, and in a very short time frame (e.g., Pappaioanou, 2009), calling for the identification
of the main routes and times of virus dispersal. While wild waterbirds, the main reservoir for AIV
(Webster et al., 1992), do not seem to be constrained in their migratory movements when infected
with low pathogenic AIV (Latorre-Margalef et al., 2009; Avril et al., 2016, but see also van Gils et al.,
2007; van Dijk et al., 2015), doubts were cast on their competence as vectors for highly pathogenic
strains like AIV H5N1 (e.g., Brown et al., 2006, 2008). These doubts mainly arose from the severe
symptoms and high mortality rates that were observed across a wide range of species both in the
wild (Liu et al., 2005b) and in the laboratory (Teifke et al., 2007; Keawcharoen et al., 2008; Nemeth
et al., 2013). However, the experimental infection of waterbirds in the lab as well as extensive efforts
of active surveillance showed that few species or individuals should be considered as candidate
vectors (Keawcharoen et al., 2008; Nemeth et al., 2013; Gaidet et al., 2008; Kim et al., 2011). Their
contribution to the geographic spread of highly pathogenic AIV, however, remained hard to test,
since in contrast to human long-distance movements, we have only incomplete knowledge about
the movements of hosts, or even the main host species, for this pathogen. In the lack of a comprehensive mobility network as introduced by Brockmann and Helbing (2013), other measures of
host movements have been employed to estimate the host’s contribution to pathogen spread, and in
which areas and during which time of year dispersal is most effective. Such work has mainly focused
on the remote tracking of wild waterbirds and the use of flyways as predictors of general waterbird
migration corridors. Both Lam et al. (2012) as well as Huang et al. (2014) found that the main flyway corridors for bird migration on the North American continent shape the landscape genetics of
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highly pathogenic AIV, with viruses sampled along flyways being more similar than across flyways.
Using tracking data from four different species of waterfowl, Tian et al. (2015) established a bird migratory network and compared it to the network of viral diffusion. They found that both the timing
and speed of waterfowl migration were correlated with the timing of viral outbreaks and epidemic
lag within flyways. Under the assumption that migrating waterfowl can disperse highly pathogenic
AIV, these findings are not unexpected. It is generally thought that the strain of long-distance migration comes at a cost to the functioning of the respective individual’s immune system (Weber and
Stilianakis, 2007; Altizer et al., 2011). Low pathogenic strains show high seasonal fluctuations of
prevalence in wild populations, mainly due to immuno-compromised migratory individuals and
the recruitment of immunologically naive juveniles into the population after the breeding season
(Munster et al., 2007; Wallensten et al., 2007; van Dijk et al., 2014). Moreover, the migration strategy
of many long-distance migrants among waterfowl can be characterised as a stepping stone migration: short migratory bouts of fast directed flight are interspersed with extended staging periods. In
many cases, the sites used for stopovers can support high densities of individuals, facilitating the
transmission of a pathogen (Krauss et al., 2010).
But both the use of flyways and tracking data are limited in their ability to predict the dispersal
of AIV by waterbirds, as they can only capture part of the variation that is to be expected in waterbird movements. It has been observed that individuals are not always faithful to the flyway they
were born in (abmigration, Thomson, 1931; Guillemain et al., 2005; Kraus et al., 2013), thus providing cross-flyway dispersal opportunities. Moreover, waterfowl have been shown to engage in longdistance movements that are not directly associated with seasonal migration (Gehrold et al., 2014;
Cui et al., 2010). Moreover, tracking data are hard to generalise across space and time, and the interpretability is thus often restricted to the study area and the individuals that were observed. Movement models derived from tracking data, however, combine the advantages of both approaches:
they are informed by real movement behaviour, and can be generalised in space. As introduced
in chapter , the annotation of simulated trajectories with an estimate of the trajectories’ ecological
likelihood can be used to predict the connectivity between two locations irrespective of when and
where actual movements were tracked.
Here, we utilise this concept to inform a phylogeography of highly pathogenic AIV H5N1 with
predictions of landscape connectivity for two species of waterfowl, and test whether estimates of
connectivity derived from empirical tracking data can explain the dispersal of the virus on the Asian
continent. We predict landscape connectivity between locations where birds were tested positive
for highly pathogenic AIV H5N1 for two species of waterfowl that lie on two ends of the susceptibility range: the bar-headed goose (A. indicus) and the ruddy shelduck (Tadorna ferruginea, Pallas
1764). Both species are long-distance migrants, breeding north of the Himalayas and wintering in
the subtropical regions of central and eastern Asia, but differ in their resilience to infection with
highly pathogenic H5N1. While bar-headed geese have been considered a candidate vector after
experimental infection with viruses of clade 2.3.2 (Nemeth et al., 2013), ruddy shelducks are heavily
affected and thus are expected to rather act as sentinels rather than vectors (Nemeth et al., 2013;
Kwon et al., 2010). We derive estimates of landscape connectivity from GPS-tracking data for both
these species and temporally explicit habitat suitability models, and complement these estimates
with additional predictors to test their contribution to the geographic spread of the virus using diffusion GLMs (Lemey et al., 2014; Faria et al., 2013). For this study, we mainly consider geographic
distance between sites as well as descriptors for the transmission probability at potential stopover
sites between locations as alternative hypotheses to landscape connectivity in terms of waterbird
migration. While the use of only two species is likely too simplistic to explain the complete phylogeographic history of this virus, we think that these two species are good representatives for the
migration of waterfowl on the Eurasian continent. We try to encompass this complexity by including predictors of the minimum number of intermittent hosts between sites, as well as the species
richness of waterfowl and poultry densities at stopover sites that lie between outbreak sites. By using
only viral sequences that can be geo-referenced with high spatial accuracy, we can also distinguish
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between the contribution of migrations as well as shorter movements that can occur outside the
main migratory seasons. Given that waterfowl can undertake shorter movements, like moult migrations, scouting or relocation due to insufficient environmental conditions, we expect that both
viral diffusion and landscape connectivity will be high for sites that are close in space, and for both
species. Overall, we expect that if the viral diffusion network were a subset of the here predicted
migration networks, there will be a higher correspondence for bar-headed geese.

Materials and Methods
Sequence and location data
We compiled nucleotide sequences of avian influenza virus H5N1 from several sources by searching for complete and near-complete sequences of the HA-segment that were sampled on the Asian
continent (mainland countries of Asia and Russia). This data set was filtered to retain only those
sequences that were sampled during the period of available waterbird tracking data (2006-2011)
and for which at least year and month of sampling were known. Moreover, we georeferenced each
of the sequences using published studies, the EMPRES Global Animal Disease Information System (empres-i.fao.org) and the Influenza research surveillance database (http://www.fludb.org).
The information provided for sampling locations consisted either of names of administrative areas, names of waterbodies, or coordinates. We used the Database of Global Administrative Areas (GADM, gadm.org) and the Global Self-consistent, Hierarchical, High-resolution Geography
Database (GSHHS, soest.hawaii.edu) to assign spatial information to each of the sequences for
which the exact sampling location was unknown. Sequences for which only the name of the administrative area was available, we matched the administrative level to the corresponding highest level of detail offered by GADM. Waterbodies that were to small too be incorporated into the
GSHHS were located manually, and coordinates for the location were derived using Google Maps
(maps.google.com). Finally, we filtered the data set of sequences by the size of the corresponding
geographic locations to maximise the spatial resolution of outbreak sites. We calculated the area for
each geographic location, and determined the mean grid cell size of a spatial grid with a resolution
of 0.25 × 0.25 degrees at the outbreak sites were precise coordinates were available. Each sequence
for which the area of the corresponding geographic location was greater than the mean grid cell
and its surrounding eight neighbours (mean area of single cells: 625±86.2k m 2 ), was removed from
the data set. We rasterised each geographic location using the same base grid and grouped all directly neighbouring locations into regions. This process resulted in 42 spatially separate regions
from which samples were available, which we used as discrete locations for the phylogeographic
inference. However, for some of these regions only a single sample was available. As these cases
increase the number of parameters for the phylogeographic model without adding to the amount
of information, we only used the regions for which at least two sequences were available (n=26).
We aligned all sequences using MAFFT with standard settings (Katoh et al., 2002; Katoh and Standley, 2013), and excluded six sequences that were significantly shorter or seemed to suffer from
sequencing errors. We cut the ends at positions -930 and +567 relative to the cleavage site (Senne
et al., 1996), summing up to a total length of 1497 nucleotides per sequence. The remaining data set
contained a sample size of 294 sequences which are listed in Table C3 in Appendix C, including the
accession numbers and corresponding geographic region.

Waterbird migration network
We derived predictors of landscape connectivity between outbreak sites using an extension of the
empirical random track generator that incorporates different movement modes and ecological estimators of likelihood (eRTG, Technitis et al., 2016, see also Chapter ). We simulated random trajectories between outbreak sites using movement models for both the bar-headed goose and the
ruddy shelduck. These simulations inherited the geometry from empirical data, for which we used
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tracking data for bar-headed geese and ruddy shelducks collected by the FAO and USGS. For both
species, the tracking data was comprised by trajectories of multiple individuals caught at several
sites throughout the species ranges, and during different years (Table 5). For the movement simulations, we only used the individuals that were caught at Lake Qinghai. Following the procedure
described in Chapter , we incorporated two movement modes into the simulations: stopover behaviour, and migratory flights. To derive step length and turning angle distributions for both of
these movement modes, we used the expectation-maximization binary clustering (Garriga et al.,
2016) to annotate the individual trajectories by ground. We used the locations classified as the low
speed movement as a proxy for resting and stopover behaviour, and the locations classified as high
speed for migratory behaviour. From these locations, we derived the respective step length and
turning angle distributions that are necessary for simulating trajectories with the eRTG.
Table 5 A summary over the catching sites and corresponding sample sizes. The number of tracking days
and GPS fixes are listed as a mean per individual.

Species

Year

# of individuals

First fix taken

tracking days

GPS fixes

Anser indicus

2007
2008

13
10

Mar 25 – 31
Mar 30 – Apr 4

336 ± 198
578 ± 414

1081 ± 1372
3084 ± 2468

Tadorna ferruginea

2007
2008
2008

12
4
10

Sep 12 – 26
Mar 28 – Apr 6
Sep 11 – 15

360 ± 316
819 ± 264
454 ± 461

1389 ± 1191
4015 ± 1032
2957 ± 2959

Coherent with Chapter , we determined seasonal migration events for all individuals and used
the behavioural annotation to identify stopovers and the actual migratory flights. We defined stopovers
as consecutive relocations that were classified as low speed movements that exceeded a duration
of 12 hours. Similarly, migratory flights were defined as consecutive relocations classified as high
speed movement that lasted for more than 2 hours. For all of the seasonal migration events, we calculated the total duration for each stopover (T s ) and migratory flight (T m), as well the cumulative
geographic distance of migratory flights (d m). From these, we derived the maximum T m, T mma x ,
and d m , d mma x , as well as the 95%-quantile for the stopover durations T s , T sma x , for each of the
two species. These were used to mediate the transitions between migratory and stopover behaviour
in the simulation process. These transition probabilities were defined in Chapter as
Pt
pm s (t ) =

i =0 (d m)

d mma x

Pt
×

i =0 (T m)

T mma x

(4)

and
 Pt
ps m (t ) =

i =0 (T s )

T sma x

2
,

(5)

where pm s is the probability of a simulation in migratory mode to switch to stopover behaviour
at relocation t , and ps m is the probability of a simulation in stopover mode to switch to migratory
mode,
During simulation, a binomial experiment was repeated at each relocation, and
Prespectively.
P
t
t
here i =0 d m and i =0 T m are the cumulative distances and duration since the last stopover, and
Pt
i =0 T s the duration of a simulated stopover at relocation t .
To determine the migration network, we simulated migratory movements of both bar-headed
geese and ruddy shelduck between all possible pair-wise combination of sampling regions (n = 325
region pairs). We sampled 50 random locations per region, and simulated a total of 500 tracks per
region pair for each species. Following the eRTG simulations, we evaluated all trajectories on the
base of a binary land/sea-mask derived from the GSHHS (Wessel and Smith, 1996). While migratory
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locations over the sea was allowed, we eliminated all trajectories with stopovers that were not on
land. The subsequent analyses were only made for the remaining trajectories.
To estimate connectivity between region pairs, we derived several predictors from the simulated
trajectories. Prior to this, however, we used the complete tracking data to derive spatial predictions
of habitat suitability for both species. For these suitability landscapes to reflect changes in both
habitat use and availability over the year, we applied a segmentation by habitat use (van Toor et al.,
2016). This method clusters animal locations according to habitat use during the respective time
periods, and can be used to derive habitat suitability models that reflect consistent habitat use. We
applied it to the tracking data sets of both species (for details see Appendix C), which resulted in
five suitability landscapes for the bar-headed geese, and six for the ruddy shelduck, respectively. In
Figure C1 (see Appendix C), we display how these landscapes correspond to the time of year.
We determined the number of stopovers or minimum number of intermittent hosts (Ns t o p ),
and calculated the suitability at stopover sites (Bs t o p ). As migration is a seasonal behaviour, we assumed that viral diffusion between regions might differ depending on the respective season. We
tried to account for this by distinguishing stopover suitability Bs t o p between spring and fall migration. To do so, we determined the m e a n ± s .d . Julian days of both migratory seasons according
to a k-means clustering with k = 2 while excluding the lower and higher 2.5% of the dates. These
mean Julian days corresponded to the peak of migratory activity during the respective season. Using
those mid-migration dates, we then determined the according suitability landscapes for spring and
fall migration, and calculated their means weighted by frequency. For each stopover, we then determined the suitability for the respective locations and calculated the median suitability during each
stopover for both the spring and fall suitability landscapes. For both species, we log-transformed
the respective predictors of landscape connectivity (except for Ns t o p ), and used a principal components analysis to transform these predictors into linearly uncorrelated variables. We subsequently
used the first three principal components, representing more than 98% of the variance for both
species (A. indicus: 99.3%, T. ferruginea: 98.5%), in the diffusion GLM.
In addition to these predictors of connectivity in terms of potential waterfowl migration, we derived several more predictors for the diffusion GLM. We determined the density of poultry at simulated stopover sites Ps t o p in the same way as Bs t o p , using the global poultry density map from the
Gridded Livestock of the World (Robinson et al., 2007). In a similar way, we determined the species
richness of ducks, geese, and swans at stopover sites R s t o p . Using the species ranges of all species of
Anatidae (BirdLife International and NatureServe, 2013), we derived overall species richness based
on our base map, and calculated median species richness per stopover site. Furthermore, we calculated the pair-wise geographic distance (d g e o ) between regions, as well as the sequence sample
sizes of both the region of origin and region of destination (No r i , Nd e s t ). These predictors were then
|
standardised with x̂ = |xσ−x
to share a common mean and scale, followed by a log-transformation.
x
Variable Name
Geographic distance
Stopovers (BHGO)
Stopovers (RUSH)
e l i s p r i ng (BHGO)
e l i s p r i ng (RUSH)
e l i f a l l (BHGO)
e l i f a l l (RUSH)
e l i ma x (BHGO)
e l i ma x (RUSH)

PC 1
-0.898
-0.434

PC 2

PC 3

PC 4

PC 5

0.972
-0.102

0.189
0.375
-0.835

0.124
-0.205
0.326
0.257
0.458
0.257
0.456
0.270
0.462

-0.515
0.281
-0.504
0.281
-0.483
0.297

0.177
0.181
0.105
0.184

Table 6 Loadings on the PCA for the Connectivity predictors included in the general set of predictors. Shown
are only those principal components that were used for the diffusion GLM and explained > 99% of the
variation.
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Phylogeographic Inference
We used BEAST 1.8.3 and BEAGLE 2.1 to infer the phylogenetic history of the HA-segment of highly
pathogenic AIV H5N1 in discrete phylogeographic space using continuous-time Markov chains (Lemey
et al., 2009; Drummond and Rambaut, 2007; Suchard and Rambaut, 2009; Drummond et al., 2012).
The substitution model was determined using jModeltest2 (Darriba et al., 2012), with three suggested models within an ∆AI C of 3, of which we chose a general time reversible model that is already implemented in BEAST. We applied this substitution model separately for the first & second
position of each codon, and the third position, and applied a discrete gamma-distributed rate variation to each (Shapiro et al., 2006). These initial runs had also shown that a random local clock did
well at parametrising the model, and so we used this clock model with an initial prior of 0.005 for
the final run (Drummond and Suchard, 2010).
Initially, we determined between which region pairs there was significant viral diffusion using a
Bayesian stochastic search variable selection (BSSVS, Lemey et al., 2009). By using dated sequences,
this process infers the history of viral diffusion while incorporating the uncertainty of the phylogeny.
The most parsimonious phylogeographic diffusion process can then by identified using a Bayes
factor (BF) test. We assumed that dispersal of AIV by migrating waterfowl differs between spring
an fall migration (e.g., van Dijk et al., 2014), and thus implemented an assymetric estimation of the
diffusiom process. We ran this first model with a chain length of 200’000’000 generations, sampling
the distributions at every 20’000th generation, and afterwards removed the first 10% of the samples
as burn-in. Following the visual inspection of log-files and sample sizes using Tracer 1.6 (Rambaut
et al., 2014), we tested for significant diffusion between regions using the BF-test and a cutoff of
B F = 3.
While the BSSVS can infer the spatial network of viral diffusion, it doesn’t quantify the history
of dispersal events between sampling regions. Therefore we ran a second model that implemented
Markov jump counts (O’Brien et al., 2009) and a diffusion GLM (Faria et al., 2013; Lemey et al., 2014)
to quantify and simultaneously test the contribution of our predictor variables to the diffusion of
AIV. Here, we used a chain length of 150’000’000 generations, sampled the distributions at every
15’000th generation, again removing the first 10% of the samples as burn-in.

Analysis of predictor contribution
We used a generalised additive model for zero-inflated Poisson data (GAM) to better understand
the contributions of the different predictors to explaining the geographic spread of AIV H5N1. We
rounded up the median estimates for diffusion from the Markov Jump analyses for the general set
of predictors to use as the response variable, and set the non-significant diffusion (BF < 3, derived
from the BSSVS) to zero. We used those variables that were considered significant by the diffusion
GLM (BF > 3) as smoothing terms to the zero-inflated GAM using a cubic regression spline, and
added predictor interactions separately.

Results
Quantification of spatial diffusion
We inferred the spatial diffusion network for 294 sequences of HA-segments of AIV H5N1 alongside the reconstruction of their phylogeny using Bayesian stochastic search variable selection. The
Bayesian inference suggested a median evolutionary rate of 5.46 × 10−3 (95% highest posterior density, HPD: [4.86×10−3 , 6.17×10−3 ]) for the HA-segment of AIV H5N1, and dated back its most recent
common ancestor (TMRCA) to May 1999 (95% HPD: [April 1997, January 2002]) .
The BSSVS confirmed the frequent dispersal events as displayed by the phylogenetic tree that
was annotated for the putative locations of the respective ancestors of viral samples (Appendix C,
Figure C2). We found that significant spatial diffusion (with B F ≥ 3) occurred between 51 out of
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Figure 9 On this map, we show both the spatial diffusion of AIV H5N1 between the study areas. Shown here
are Markov Jumps for which the BSSVS suggests significant spatial diffusion (BF>3). The directionality of
diffusion is shown by arrows and is coded by colours. The thickness of arrows indicates the median number
of dispersal events. The sampling regions are marked in black, including those that were removed from the
analysis. The map is shown in an Lambert azimuthal equal area projection.

325 possible region pairs, and that none of the regions was isolated from the network. However,
the dispersal along most of these edges was unidirectional (Figure 9). In general, we observed that
much of the confirmed spatial diffusion especially between distant regions seems to occur along a
Southwest-Northeast axis, and less so between regions lying on an East-West axis. The TMRCA of all
samples was assigned to the region in Hunan, which was also the region from which most diffusions
originated (Figure 9).
We also quantified these dispersal events using Markov jumps (Figure 9). While the range of
dispersal events was small (medians of < 1 up to 4) - also influenced by the sample size and number
of regions chosen - the findings complement the patterns observed in the BSSVS. Dispersal events
along a Southwest-Northeast axis tended to have occurred more frequently than on the East-West
axis, with the exception of the dispersal from Hunan to e.g. Lake Qinghai. If diffusion was happening bidirectionally between two regions, usually one direction seemed to provide a stronger source
to dispersal than the other way around. Noticeable within the network are especially the seemingly
long-distance dispersal events between Lake Qinghai and Russia, as well as Israel. But despite the
indication of two independent dispersal events from Lake Qinghai to Israel in Figure 9, the phylogenetic tree suggests that the occurrence of AIV H5N1 in the two regions in Israel were the result of
a single dispersal event (Appendix C, Figure C2).
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Figure 10 Here we show the probability of inclusion of predictor variables into the diffusion model probability in addition to their median effect size alongside the respective 50% highest posterior densities.

Determinants of spatial diffusion
We tested two sets of predictors of spatial diffusion of AIV H5N1 using two separate GLM diffusion
models simultaneous to the quantification of diffusion using Markov Jumps (Lemey et al., 2014). We
found that the diffusion GLM using the general predictor set suggested that two predictors were able
to explain the spatial spread of AIV H5N1 (Figure 10). The predictor that was included in the diffusion GLM most often was Connectivity PC2, a principal component mainly containing information
about geographic distance (Table 6), and hat a negative effect size (B F = 2142, effect size = −0.957).
The only other predictor for which the BF was greater than three was Connectivity PC5, a principal
component composed of estimators of landscape connectivity for both A. indicus and T. ferruginea
(see Table 6), which had a positive effect size (B F = 6.4, effect size = 1.575).
The second GLM using only predictors of landscape connectivity derived from bar-headed geese
and ruddy shelduck tracking data showed that only one predictor was able to explain the spatial
diffusion of AIV H5N1 to a significant amount (B F > 3, Appendix C, Figure C3). The respective
variable was the second principal component describing landscape connectivity of ruddy shelduck,
which had a negative effect on the spatial diffusion (B F = 36.786, effect size = −0.729). The loadings
of this principal component were dominated by the number of stopovers of simulated migrations,
as well as the ecological likelihood of tracks and their sample size (both with a negative sign, see
also Table C4).
We analysed the predictor contributions of the general predictor set further by modelling the
estimated spatial diffusion with a GAM for zero-inflated Poisson data (see Table 7). We used both
Connectivity PC2 and Connectivity PC5 as smooth terms (cubic regression spline with 4 knots) as
well as their interaction as predictors. Since the interaction term did not contribute to the model,
it was dropped from the final model. We found that the GAM with the two connectivity predictors could explain > 95% of the variation. Similar to the diffusion model, the GAM showed that
Connectivity PC2 (mainly composed of geographic distance, see Table 6) had an exponentially negative effect, while Connectivity PC5 (landscape connectivity of both waterbird species, see Table 6)
showed a positive effect (Figure 11). Here, we also found that both predictors only exerted an effect
for medium to high values of the respective predictors, and were thus not able to explain the variation in AIV H5N1 diffusion for low values of Connectivity PC2 and PC5. The highest spatial diffusion
correlated with medium levels of Connectivity PC2 and high values of Connectivity PC5 (see Figure
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Figure 11 A contour plot highlighting the results from the GAM for zero-inflated Poisson data. Here we show
the response of the spatial diffusion of AIV H5N1 to the variables Connectivity PC2 (mainly geographic
distance) and Connectivity PC5 (waterbird landscape connectivity).

Discussion
In this study, we quantified the spatial diffusion of highly pathogenic AIV H5N1 across a network
of 26 regions on the Asian continent, and informed the phylogeography with predictors of virus
dispersal simultaneous to its inference using a diffusion GLM (Lemey et al., 2014). We focused on
the contribution of waterbird migrations to the geographic spread of the virus, and therefore derived estimates of landscape connectivity for two migratory species of waterbirds native to Asia, the
bar-headed goose and the ruddy shelduck. Different from previous studies that estimated the migratory movements of waterbirds using flyways (Lam et al., 2012; Huang et al., 2014) or tracking data
(Tian et al., 2015), we simulated migrations that inherit the geometry of empirical trajectories (see
Chapter ). This allowed us to infer characteristics of potential migratory movements, like the duration of migrations and the number of stopovers, even between regions where no tracking data were
available. The use of such simulations in conjunction with spatio-temporally explicit estimates of
habitat suitability provided us with the opportunity to estimate landscape connectivity for large geographic areas without compromising the behavioural component offered by the use of fine-scaled
tracking data.
We found that during the study period (2006-2011) highly pathogenic AIV H5N1 frequently dis77

Intercept
Smooth terms
Connectivity PC2
Connectivity PC5

Estimate

Standard error

Test statistic (z )

P r (> |z |)

-2.4716

0.1026

-24.09

<0.001

estimated degrees of freedom

Ref.df

Test statistic (χ 2 )

p-value

1.725
2.567

2.109
2.849

42.52
10.76

< 0.001
0.012

Table 7 Here we show the results from the GAM for zero-inflated Poisson data. Top part of the table shows
the parametric coefficients, which in this case is only the intercept, and the lower table shows the model
summary for the smooth terms. We used cubic regression splines with four knots for both smooth terms,
and in total the model was able to explain 95.3% of the deviation in the data.

persed across the spatial network of regions (Appendix C, Figure C2). Most of the estimated spatial
diffusion, however, seemed to be unidirectional, and especially over very large distances (Figure 9).
Bidirectional diffusion seemed to mainly occur along a North-South axis, one example being the
bidirectional diffusion between Lake Qinghai in China, and several lakes in Mongolia (Figure 9).
This is notable, since it has been previously hypothesised that migratory waterbirds are the main
vectors dispersing the virus to Mongolia (Gilbert et al., 2012; Tian et al., 2015). This hypothesis is
based on the observation that overall poultry densities an Mongolia are low, and that mainly wild
birds contracted the virus (Gilbert et al., 2012). Our phylogographic inference identified the region
in Hunan, China, as the most likely location where TMRCA of the sequences used in this analysis
occurred. More extensive phylogeographic studies have repeatedly shown that the origin of avian
influenza A viruses likely lies in South-East China, where free-ranging poultry often come into contact with wild waterbirds (Li et al., 2004; Smith et al., 2006; Wallace et al., 2007). While more samples
from South-East China were available, e.g. from the province of Guangdong that borders on Hunan,
none of them met our criteria for spatial and temporal resolution. For this reason, these regions were
dropped from the dataset prior to the analysis, and thus we cannot provide more detail for this area
that is so essential for the understanding of avian influenza A viruses.
The diffusion GLM identified geographic distance as the most consistent predictor of spatial
diffusion, along with an estimate of landscape connectivity for both species of waterbirds. While
geographic distance had a strong negative effect, the movement-informed landscape connectivity
showed a positive effect on the magnitude of spatial diffusion of AIV H5N1. A second phylogeographic inference using species-specific predictors of landscape connectivity revealed that the estimates for ruddy shelducks corresponded to the diffusion patterns of AIV H5N1 more closely than
the estimates for bar-headed geese. While this does not imply the involvement of ruddy shelducks
in the dispersal of highly pathogenic AIV H5N1, especially since they showed high mortality under
experimental conditions (Nemeth et al., 2013), it suggests that a species with similar habitat requirements and migratory movements could be considered as a candidate vector. However, since
the landscape connectivity network for ruddy shelducks was more complete than the network for
bar-headed geese due to their different migratory strategy and thus a higher amount of successful
migration simulations for ruddy shelducks, this might also be a consequence of the available data.
A further post-hoc analysis of the spatial diffusion estimates showed that both geographic distance and waterbird landscape connectivity only exerted effects on virus diffusion above a certain
threshold, with the highest spatial diffusion occurring at medium distances and high landscape
connectivity. This indicates that other mechanisms of virus dispersal, like e.g. the transport of domestic poultry and wildlife trade (Karesh et al., 2007; Choi et al., 2016) or non-migratory movements
of wild waterbirds, likely play a role where both geographic distance and landscape connectivity are
unable to explain the observed spatial diffusion of the virus. While the results from this GAM should
be considered with care since, different from the diffusion GLM, only averaged estimates of spatial
diffusion could be used, we think that this is an indication that distance only acts above a certain ge78

ographic scale. We furthermore think that in a similar way, landscape connectivity should be viewed
in the light of threshold values. While the evaluation of simulated migrations as proposed in Chapter results in a continuous estimate of ecological likelihood of simulated trajectories, this measure
might not scale in the same way as actual waterbird movement. Waterbirds require stopover sites
that provide them with sufficiently suitable conditions, and only high-quality sites might be able to
sustain a significant number of migratory individuals. Threshold rules, like those applied to habitat
suitability maps (e.g., Liu et al., 2005a), are often chosen based on a reference value derived from
empirical observations. Similarly, using a rule like the minimum ecological likelihood observed
for empirical trajectories might provide estimates of landscape connectivity with a reference value.
Moreover, it should be noted that our estimates of landscape connectivity are solely based on the
assessment of simulated movements resembling waterbird migrations. Waterbirds, however, often
perform shorter movements to e.g. reach moulting sites (e.g., Gehrold et al., 2014). Here, other estimates related to connectivity, like the habitat suitability of movement destinations (as opposed to
stopover habitat suitability) and year-to-year reliability of this suitability might provide more sensible information.
Overall, our analysis only provides an incomplete picture in terms of movement behaviour, but
also in terms of the range of candidate species. We only used two of the multitude of migratory waterbird species occurring in Asia, and as a consequence we have only limited power to estimate an
overall landscape connectivity for waterbirds. A more comprehensive dataset including more candidate species, like e.g. the European mallard (Keawcharoen et al., 2008) or white-faced whistling
ducks in Africa (Gaidet et al., 2008), could provide a more complete picture of generalised waterbird
connectivity. Despite of these shortcomings, the novel approach applied in this study will benefit
future attempts at the understanding of the geographic spread of zoonotic diseases. We think that
it forms a powerful basis for predicting the likelihood of host movements in areas where no tracking
data are available. The combination of realistic movement simulations with spatio-temporally explicit estimates of their ecological likelihood, the minimum number of hosts between locations (i.e.
the number of stopovers), and the fastest possible dispersal, allows for a transition from retrospective studies to a predictive network of how vector animals might form a link between focus areas.
Since these migration simulations are in continuous time, it is also possible to impose stochastic disease dynamics models over the trajectories. This should become useful especially when estimates
for the population size of susceptible individuals are known, which could elevate simple connectivity networks to a prediction of flow across the landscape resembling the mobility network of Brockmann and Helbing (2013). A more comprehensive dataset with regard to space, sequences, and
study species, but also alternative explanations to dispersal like market chain movements, might
be able to shed further light on the dispersal of highly pathogenic avian influenza viruses in addition to our current state of knowledge.
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Concluding Remarks & Perspectives
We are still just uncovering the extent of the movements of animals and the impact that they have
on ecosystems (Bauer and Hoye, 2014; Kays et al., 2015; Hussey et al., 2015), and yet this is also
the time in which especially long-distance migration phenomena seem to be slowly disappearing
(Wilcove and Wikelski, 2008). Disentangling how the complex interactions between the internal and
external environment of the individual, and its previous experiences, influence the decision-making
of individuals about when, where, and how to move is thus at the core of interest of movement
ecology (Nathan et al., 2008a). The increasing technologisation of the process of remote animal
observation facilitates an ever deeper insight into an individual’s behaviour, physiology, and the
surrounding environment in the wild (e.g., Rattenborg et al., 2008; Wilson et al., 2008; Dechmann
et al., 2011). This development has provided scientists with the opportunity to study the behaviour
of the single individual in great detail, and large number of animals at the same time. Yet, a full
understanding of the observed behaviour and the ecological consequences of the studied behaviour
remains elusive, since in most cases the majority of an individual’s lifetime, or a population, will
remain untagged and thus unobserved (but see Flack et al., 2016).
Movement models (e.g., Fleming et al., 2015) are aiming to fill this gap by describing and reconstructing the movement process underlying an individual’s trajectory, enabling researchers to
study the process, and simulate it under different assumptions. I think that this approach is essential to help movement ecology transition from pure observation towards a field that is also driven
by the quantitative testing of hypotheses. The aim of this thesis was to contribute to the current
development by establishing a framework that places the movement process in its environmental
context. This concept acknowledges that individuals have environmental preferences and do not
move through space in a random manner, and that environmental preferences might change as the
internal state of the individual changes. By providing movement models with a context combining
the availability and utilisation of habitat, this framework can make ecologically informed predictions of animal movement in geographic areas where we have incomplete knowledge.
Here, I used a newly developed model, the empirical Random Track Generator (Technitis et al.,
2016), to simulate migratory movements of several waterbird species occurring in Asia. These simulated migrations inherited the geometry and migratory behaviour - short periods of fast, powered flight interspersed by prolonged stopover periods - from empirical tracking data. I developed
a novel segmentation method that identifies the temporal changes in habitat use emerging from
changes in both the environment and habitat preferences. From these change points in habitat
use, I was able to derive dynamic predictions of habitat suitability for these species, allowing me
to calculate an estimate of ecological likelihood for each simulated migration. By using stochastic
methods to imitate the migratory behaviour of bar-headed geese and simple measures of ecological likelihood, the predicted patterns of movement within the native range corresponded to the
observed patterns of movement for this species across the entire year. Finally, inspired by Brockmann and Helbing (2013), I applied this concept to estimate whether predictive migration networks
of waterbirds can explain the patterns of spatial diffusion observed for highly pathogenic avian influenza virus (H5N1). I am aware that this was a very simplistic application to a probably very complex system, and yet the combination of geographic distance and predicted landscape connectivity
for bar-headed geese and ruddy shelducks could successfully explain a part of the spatial diffusion
process of this virus. While this approach is by no means less dependent on high-resolution track81

ing data than previously undertaken efforts, like e.g. Tian et al. (2015), it does have the advantage
of being transferable - with reservations - across space and time. And while the results are far less
clear and fundamental as those demonstrated by Brockmann and Helbing (2013), with a more comprehensive set of candidate vector species, viral sequences, population estimates as well as areas
frequently used during waterbird migration in Asia, I think it could be a candidate approach for the
establishment of a predictive virus dispersal network.
This thesis was mainly focused on waterbirds and the potential ecological impact that might
arise from their migrations. However, I think that the framework presented in this thesis can be
adapted for many species when sufficient data are available. One obvious drawback of this framework is that it requires large amounts of animal movement and environmental data to generate
reliable estimates and predictions of both habitat use and the movement behaviour. Thus, it is currently computationally intensive to generate predictive migration networks as shown in Chapter .
And especially when the focus lies on smaller species, suitable tracking data might yet be hard or
even impossible to acquire. But in a time that both tracking devices are being miniaturised and animal movement can be observed with increasing resolution, this is a barrier that will become more
and more razed.
Overall, this framework is of course only a suggestion to how movement models can be integrated with the environment to make quantitative predictions about animal movement. However,
I hope that the concepts developed within this thesis can be used to update certain chapters of the
hitchhiker’s guide to waterbird migration, even if only by a little bit.

82

84

Acknowledgements

So long, and thanks for all the fish.
- Douglas Adams

Modified from a photo taken by Sumeet Moghe (CC-BY-NC-SA).

85

Author contributions

87

Chapter 1:
Integrating animal movement
with habitat suitability for
estimating dynamic migratory
connectivity
MARIËLLE L.

VAN TOOR conceived and designed the study, performed all analyses and wrote the manuscript.
SCOTT H. NEWMAN collected the animal tracking data used in this
chapter. He kindly provided access to this data.
JOHN Y. TAKEKAWA collected the animal tracking data used in this
chapter. He kindly provided access to this data.
MARTIN WEGMANN helped designing the study and contributed to
writing the manuscript.
KAMRAN SAFI contributed to the study design and to writing the
manuscript.
All authors contributed to finalising the manuscript.

Chapter 2:
Integrating animal movement
with habitat suitability for
estimating dynamic migratory
connectivity
MARIËLLE L.

VAN TOOR conceived and designed the study, performed all analyses and wrote the manuscript.
BART KRANSTAUBER was involved in the development of the empirical Random Trajectory Generator and kindly provided the code prior to
publication.
SCOTT H. NEWMAN collected the animal tracking data used in this
chapter. He kindly provided access to this data.
DIANN J. PROSSER collected the animal tracking data used in this
chapter. She kindly provided access to this data.
JOHN Y. TAKEKAWA collected the animal tracking data used in this
chapter. He kindly provided access to this data.
GEORGIOS TECHNITIS developed the empirical Random Trajectory
Generator and kindly provided the code prior to publication.
ROBERT WEIBEL was involved in the development of the empirical
Random Trajectory Generator and kindly provided the code prior to publication.
MARTIN WIKELSKI contributed to the design of the study.
KAMRAN SAFI was involved in the development of the empirical Random Trajectory Generator and kindly provided the code prior to publication. He also contributed to the design of the study and provided valuable
feedback on the manuscript.
All authors contributed to finalising the manuscript.

Chapter 3:
A hitchhiker’s guide to
waterbird migration: Linking
the geographic spread of avian
influenza virus H5N1 to
waterbird connectivity
networks
MARIËLLE L.

VAN TOOR conceived and designed the study, performed all analyses and wrote the manuscript.
WOLFGANG FIEDLER contributed to the design of the study.
ROBERT H. S. KRAUS contributed to the design of the study and
helped with running the BEAST analyses.
INGE MÜLLER contributed to the design of the study.
SCOTT H. NEWMAN collected the animal tracking data used in this
chapter. She kindly provided access to this data.
JOHN Y. TAKEKAWA collected the animal tracking data used in this
chapter. She kindly provided access to this data.
MARTIN WIKELSKI contributed to the design of the study, and shared
his previous experiences with avian influenza virus.
KAMRAN SAFI contributed to the design of the study and provided
valuable feedback on the manuscript.
All authors contributed to finalising the manuscript.

Bibliography
Almpanidou, V., Mazaris, A. D., Mertzanis, Y., Avraam, I., Antoniou, I., Pantis, J. D., et al. (2014). Providing insights on habitat connectivity for male brown bears: A combination of habitat suitability
and landscape graph-based models. Ecologial Modelling 286, 37–44
Altizer, S., Bartel, R., and Han, B. A. (2011). Animal migration and infectious disease risk. Science
331, 296–302
Austin, D., Bowen, W. D., and McMillan, J. I. (2004). Intraspecific variation in movement patterns:
Modeling individual behaviour in a large marine predator. Oikos 105, 15–30
Avgar, T., Deardon, R., and Fryxell, J. M. (2013). An empirically parameterized individual based
model of animal movement, perception, and memory. Ecological Modelling , 158–172
Avril, A., Grosbois, V., Latorre-Margalef, N., Gaidet, N., Tolf, C., Olsen, B., et al. (2016). Capturing
individual-level parameters of influenza A virus dynamics in wild ducks using multistate models.
Journal of Applied Ecology 53, 1289–1297
Batalden, R. V., Oberhauser, K., and Peterson, A. T. (2007). Ecological Niches in Sequential Generations of Eastern North American Monarch Butterflies (Lepidoptera: Danaidae): The Ecology of
Migration and Likely Climate Change Implications. Environmental Entomology 36, 1365–1373
Bauer, S., Gienapp, P., and Madsen, J. (2008). The Relevance of Environmental Conditions for Departure Decision Changes En Route in Migrating Geese. Ecology 89, 1953–1960
Bauer, S. and Hoye, B. J. (2014). Migratory Animals Couple Biodiversity and Ecosystem Functioning
Worldwide. Science 344, 1242552
Ben-David, M. (1997). Timing of reproduction in wild mink: The influence of spawning Pacific
salmon. Canadian Journal of Zoology 75, 376–382
[Dataset] BirdLife International and NatureServe (2013). Bird species distribution maps of the world.
Version 3.0
Bischof, R., Loe, L. E., Meisingset, E. L., Zimmermann, B., Moorter, B. V., and Mysterud, A. (2012). A
Migratory Northern Ungulate in the Pursuit of Spring: Jumping or Surfing the Green Wave? The
American Naturalist 180, 407–424
Bishop, C. M., Spivey, R. J., Hawkes, L. A., Batbayar, N., Chua, B., Frappell, P. B., et al. (2015). The
roller coaster flight strategy of bar-headed geese conserves energy during Himalayan migrations.
Science 347, 250–254
Bishop, M. A., Yanling, S., Zhouma, C., and Binyuan, G. (1997). Bar-headed Geese Anser indicus
wintering in South-central Tibet. Wildfowl 48, 118–126
Blehert, D. S., Hicks, A. C., Behr, M., Meteyer, C. U., Berlowski-Zier, B. M., Buckles, E. L., et al. (2009).
Bat white-nose syndrome: An emerging fungal pathogen? Science 323, 227–227
95

Boone, R. B., Thirgood, S. J., and Hopcraft, J. G. C. (2006). Serengeti wildebeest migratory patterns
modeled from rainfall and new vegetation growth. Ecology 87, 1987–1994
Bowlin, M. S., Bisson, I.-A., Shamoun-Baranes, J., Reichard, J. D., Sapir, N., Marra, P. P., et al. (2010).
Grand Challenges in Migration Biology. Integrative and Comparative Biology 50, 261–279
Bracis, C., Gurarie, E., Moorter, B. V., and Goodwin, R. A. (2015). Memory Effects on Movement
Behavior in Animal Foraging. PLoS ONE 10, e0136057
Breiman, L. (2001). Random forests. Machine Learning 45, 5–32
Bridge, E. S., Kelly, J. F., Xiao, X., Batbayar, N., Natsagdorj, T., Hill, N. J., et al. (2015). Stable Isotopes Suggest Low Site Fidelity in Bar-Headed Geese (Anser indicus) in Mongolia: Implications
for Disease Transmission. Waterbirds 38, 123–132
Brockmann, D. and Helbing, D. (2013). The hidden geometry of complex, network-driven contagion
phenomena. Science 342, 1337–1342
Brown, J., Stallknecht, D., Beck, J., Suarez, D., and Swayne, D. (2006). Susceptibility of North American Ducks and Gulls to H5N1 Highly Pathogenic Avian Influenza Viruses. Emerging Infectious
Diseases 12, 1663–1670
Brown, J. D., Stallknecht, D. E., and Swayne, D. E. (2008). Experimental infection of swans and geese
with highly pathogenic avian influenza virus (H5N1) of Asian lineage. Emerging Infectious Diseases 14, 136–142
Cagnacci, F., Boitani, L., Powell, R. A., and Boyce, M. S. (2010). Animal ecology meets GPS-based
radiotelemetry: a perfect storm of opportunities and challenges. Philosophical Transactions of
the Royal Society B: Biological Sciences 365, 2157–2162
Calabrese, J. M. and Fagan, W. F. (2004). A comparison-shopper’s guide to connectivity metrics.
Front Ecol Environ 2, 529–536
Choi, C.-Y., Takekawa, J. Y., Xiong, Y., Liu, Y., Wikelski, M., Heine, G., et al. (2016). Tracking domestic
ducks: A novel approach for documenting poultry market chains in the context of avian influenza
transmission. Journal of Integrative Agriculture 15, 1584–1594
Codling, E. A., Plank, M. J., and Benhamou, S. (2008). Random walk models in biology. Journal of
The Royal Society Interface 5, 813–834
Cotton, P. A. (2003). Avian migration phenology and global climate change. Proceedings of the National Academy of Sciences 100, 12219–12222
Cui, P., Hou, Y., Tang, M., Zhang, H., Zhou, Y., Yin, Z., et al. (2010). Movement patterns of Barheaded Geese Anser indicus during breeding and post-breeding periods at Qinghai Lake, China.
J Ornithol 152, 83–92
Darriba, D., Taboada, G. L., Doallo, R., and Posada, D. (2012). jModelTest 2: More models, new
heuristics and parallel computing. Nat Meth 9, 772–772
Dechmann, D. K. N., Ehret, S., Gaub, A., Kranstauber, B., and Wikelski, M. (2011). Low metabolism
in a tropical bat from lowland Panama measured using heart rate telemetry: An unexpected life
in the slow lane. Journal of Experimental Biology 214, 3605–3612
Dodge, S., Bohrer, G., Bildstein, K., Davidson, S. C., Weinzierl, R., Bechard, M. J., et al. (2014). Environmental drivers of variability in the movement ecology of turkey vultures (Cathartes aura) in
North and South America. Philosophical Transactions of the Royal Society of London B: Biological
Sciences 369, 20130195
96

Dodge, S., Bohrer, G., Weinzierl, R., Davidson, S. C., Kays, R., Douglas, D., et al. (2013). The
environmental-data automated track annotation (Env-DATA) system: linking animal tracks with
environmental data. Movement Ecology 1, 3
Douglas, D. C., Weinzierl, R., C. Davidson, S., Kays, R., Wikelski, M., and Bohrer, G. (2012). Moderating Argos location errors in animal tracking data. Methods Ecol Evol 3, 999–1007
Drent, R. H., Eichhorn, G., Flagstad, A., Graaf, A. J., Litvin, K. E., and Stahl, J. (2007). Migratory
connectivity in Arctic geese: Spring stopovers are the weak links in meeting targets for breeding.
J Ornithol 148, 501–514
Drummond, A. J. and Rambaut, A. (2007). BEAST: Bayesian evolutionary analysis by sampling trees.
BMC Evolutionary Biology 7, 214
Drummond, A. J. and Suchard, M. A. (2010). Bayesian random local clocks, or one rate to rule them
all. BMC Biology 8, 114
Drummond, A. J., Suchard, M. A., Xie, D., and Rambaut, A. (2012). Bayesian Phylogenetics with
BEAUti and the BEAST 1.7. Molecular Biology and Evolution 29, 1969–1973
Egevang, C., Stenhouse, I. J., Phillips, R. A., Petersen, A., Fox, J. W., and Silk, J. R. D. (2010). Tracking
of Arctic terns Sterna paradisaea reveals longest animal migration. Proceedings of the National
Academy of Sciences 107, 2078–2081
Faria, N. R., Suchard, M. A., Rambaut, A., Streicker, D. G., and Lemey, P. (2013). Simultaneously reconstructing viral cross-species transmission history and identifying the underlying constraints.
Philosophical Transactions of the Royal Society of London B: Biological Sciences 368, 20120196
Ferreras, P. (2001). Landscape structure and asymmetrical inter-patch connectivity in a metapopulation of the endangered Iberian lynx. Biol Conserv 100, 125–136
Ficetola, G. F., Pennati, R., and Manenti, R. (2012). Spatial segregation among age classes in cave
salamanders: habitat selection or social interactions? Population Ecology 55, 217–226
Figuerola, J., Green, A. J., Michot, T. C., and Hellberg, A. E. M. E. (2005). Invertebrate Eggs Can Fly:
Evidence of Waterfowl-Mediated Gene Flow in Aquatic Invertebrates. Am Nat 165, 274–280
Flack, A., Fiedler, W., Blas, J., Pokrovsky, I., Kaatz, M., Mitropolsky, M., et al. (2016). Costs of migratory
decisions: A comparison across eight white stork populations. Science Advances 2, e1500931
Fleming, C. H., Fagan, W. F., Mueller, T., Olson, K. A., Leimgruber, P., and Calabrese, J. M. (2015).
Rigorous home range estimation with movement data: A new autocorrelated kernel density estimator. Ecology 96, 1182–1188
Fortin, D., Beyer, H. L., Boyce, M. S., Smith, D. W., Duchesne, T., and Mao, J. S. (2005). Wolves influence Elk movements: Behaviour shapes a trophic cascade in Yellowstone National Park. Ecology
86, 1320–1330
Fryxell, J. M., Greever, J., and Sinclair, A. R. E. (1988). Why are Migratory Ungulates So Abundant?
The American Naturalist 131, 781–798
Gaidet, N., Cappelle, J., Takekawa, J. Y., Prosser, D. J., Iverson, S. A., Douglas, D. C., et al. (2010).
Potential spread of highly pathogenic avian influenza H5N1 by wildfowl: Dispersal ranges and
rates determined from large-scale satellite telemetry. J Appl Ecol 47, 1147–1157
Gaidet, N., Cattoli, G., Hammoumi, S., Newman, S. H., Hagemeijer, W., Takekawa, J. Y., et al. (2008).
Evidence of Infection by H5N2 Highly Pathogenic Avian Influenza Viruses in Healthy Wild Waterfowl. PLoS Pathogens 4, e1000127
97

Garriga, J., Palmer, J. R. B., Oltra, A., and Bartumeus, F. (2016). Expectation-Maximization Binary
Clustering for Behavioural Annotation. PLOS ONE 11, e0151984
Gehrold, A., Bauer, H.-G., Fiedler, W., and Wikelski, M. (2014). Great flexibility in autumn movement
patterns of European gadwalls Anas strepera. J Avian Biol 45, 131–139
Gilbert, M., Jambal, L., Karesh, W. B., Fine, A., Shiilegdamba, E., Dulam, P., et al. (2012). Highly
Pathogenic Avian Influenza Virus among Wild Birds in Mongolia. PLOS ONE 7, e44097
Goodman, S. M. and Ganzhorn, J. U. (2004). Biogeography of lemurs in the humid forests of Madagascar: The role of elevational distribution and rivers. Journal of Biogeography 31, 47–55
Gordon, A. (1999). Classification. (Boca Raton, Florida, USA: Chapman and Hall/CRC)
Graham, C. H. (2001). Factors Influencing Movement Patterns of Keel-Billed Toucans in a Fragmented Tropical Landscape in Southern Mexico. Conserv Biol 15, 1789–1798
Green, M., Alerstam, T., Clausen, P., Drent, R., and Ebbinge, B. S. (2002). Dark-bellied Brent Geese
Branta bernicla bernicla, as recorded by satellite telemetry, do not minimize flight distance during
spring migration. Ibis 144, 106–121
Grinnell, J. (1917). The Niche-Relationships of the California Thrasher. The Auk 34, 427–433
Gschweng, M., Kalko, E. K. V., Berthold, P., Fiedler, W., and Fahr, J. (2012). Multi-temporal distribution modelling with satellite tracking data: predicting responses of a long-distance migrant to
changing environmental conditions. Journal of Applied Ecology 49, 803–813
Guillemain, M., Sadoul, N., and Simon, G. (2005). European flyway permeability and abmigration
in Teal Anas crecca, an analysis based on ringing recoveries. Ibis 147, 688–696
Guo-Gang, Z., Dong-Ping, L., Yun-Qiu, H., Hong-Xing, J., Ming, D., Fa-Wen, Q., et al. (2011). Migration Routes and Stop-Over Sites Determined with Satellite Tracking of Bar-Headed Geese Anser
indicus Breeding at Qinghai Lake, China. Waterbirds 34, 112–116
Gurarie, E., Andrews, R. D., and Laidre, K. L. (2009). A novel method for identifying behavioural
changes in animal movement data. Ecology Letters 12, 395–408
Gurarie, E., Bracis, C., Delgado, M., Meckley, T. D., Kojola, I., and Wagner, C. M. (2016). What is the
animal doing? Tools for exploring behavioural structure in animal movements. Journal of Animal
Ecology 85, 69–84
Hatase, H., Takai, N., Matsuzawa, Y., Sakamoto, W., Omuta, K., Goto, K., et al. (2002). Size-related
differences in feeding habitat use of adult female loggerhead turtles caretta caretta around Japan
determined by stable isotope analyses and satellite telemetry. Marine Ecology. Progress Series 233,
273–281
Hawkes, L. A., Balachandran, S., Batbayar, N., Butler, P. J., Chua, B., Douglas, D. C., et al. (2013). The
paradox of extreme high-altitude migration in bar-headed geese Anser indicus. Proc R Soc B 280,
20122114
Hawkes, L. A., Balachandran, S., Batbayar, N., Butler, P. J., Frappell, P. B., Milsom, W. K., et al. (2011).
The trans-Himalayan flights of bar-headed geese (Anser indicus). PNAS 108, 9516–9519
Holdo, R. M., Holt, R. D., Coughenour, M. B., and Ritchie, M. E. (2007). Plant productivity and soil
nitrogen as a function of grazing, migration and fire in an African savanna. Journal of Ecology 95,
115–128
98

Holmes, E. C. (2008). Evolutionary History and Phylogeography of Human Viruses. Annu Rev Microbiol 62, 307–328
Holtgrieve, G. W. and Schindler, D. E. (2011). Marine-derived nutrients, bioturbation, and ecosystem
metabolism: Reconsidering the role of salmon in streams. Ecology 92, 373–385
Huang, Y., Wille, M., Dobbin, A., Walzthöni, N. M., Robertson, G. J., Ojkic, D., et al. (2014). Genetic
Structure of Avian Influenza Viruses from Ducks of the Atlantic Flyway of North America. PLOS
ONE 9, e86999
Hussey, N. E., Kessel, S. T., Aarestrup, K., Cooke, S. J., Cowley, P. D., Fisk, A. T., et al. (2015). Aquatic
animal telemetry: A panoramic window into the underwater world. Science 348, 1255642
Hutchinson, G. E. (1957). Population studies - animal ecology and demography - concluding remarks. Cold Spring Harbor Symposia on Quantitative Biology 22, 415–427
Jeong, J., Kang, H.-M., Lee, E.-K., Song, B.-M., Kwon, Y.-K., Kim, H.-R., et al. (2014). Highly
pathogenic avian influenza virus (H5N8) in domestic poultry and its relationship with migratory
birds in South Korea during 2014. Vet Microbiol 173, 249–257
Kalra, M., Kumar, S., Rahmani, A. R., Khan, J. A., Mohammed Belal, S., and Masood Khan, A. (2011).
Satellite tracking of Bar-headed geese Anser indicus wintering in Uttar Pradesh, India. J Bombay
Nat Hist Soc 108, 79
Karesh, W. B., Cook, R. A., Gilbert, M., and Newcomb, J. (2007). Implications of wildlife trade on the
movement of avian influenza and other infectious diseases. Journal of Wildlife Diseases 43, 55–59
Katoh, K., Misawa, K., Kuma, K.-i., and Miyata, T. (2002). MAFFT: A novel method for rapid multiple
sequence alignment based on fast Fourier transform. Nucleic Acids Research 30, 3059–3066
Katoh, K. and Standley, D. M. (2013). MAFFT multiple sequence alignment software version 7: Improvements in performance and usability. Molecular Biology and Evolution 30, 772–780
Kaufman, L. and Rousseeuw, P. J. (1990). Finding groups in data: an introduction to cluster analysis
(New York, New York, USA: John Wiley & Sons)
Kays, R., Crofoot, M. C., Jetz, W., and Wikelski, M. (2015). Terrestrial animal tracking as an eye on
life and planet. Science 348, aaa2478
Kear, J. (2005). Ducks Geese and Swans: General Chapters. Special accounts (Anhima to Salvadorina),
vol. 1 (Oxford: Oxford University Press)
Keawcharoen, J. J., van Riel, D., van Amerongen, G., Bestebroer, T., Beyer, W. E., van Lavieren, R., et al.
(2008). Wild ducks as long-distance vectors of highly pathogenic avian influenza virus (H5N1).
Emerging Infectious Diseases 14, 600–607
Keeley, A. T. H., Beier, P., Keeley, B. W., and Fagan, M. E. (2017). Habitat suitability is a poor proxy
for landscape connectivity during dispersal and mating movements. Landscape Urban Plan 161,
90–102
Kilpatrick, A. M., Briggs, C. J., and Daszak, P. (2010). The ecology and impact of chytridiomycosis:
An emerging disease of amphibians. Trends in Ecology & Evolution 25, 109–118
Kim, H.-R., Kim, B.-S., Bae, Y.-C., Moon, O.-K., Oem, J.-K., Kang, H.-M., et al. (2011). H5N1 subtype
highly pathogenic avian influenza virus isolated from healthy mallard captured in South Korea.
Veterinary Microbiology 151, 386–389
99

Kranstauber, B., Barber, D., Bartumeus, F., Bechard, M. J., Bedrosian, B., Bildstein, K. L., et al. (in
preparation). Quantitative global migratory diversity hotspots and routes for raptors
Kranstauber, B., Kays, R., LaPoint, S. D., Wikelski, M., and Safi, K. (2012). A dynamic Brownian bridge
movement model to estimate utilization distributions for heterogeneous animal movement. Journal of Animal Ecology 81, 738–746
Kranstauber, B., Smolla, M., and Safi, K. (2017). Similarity in spatial utilization distributions
measured by the earth mover’s distance. Methods in Ecology and Evolution 8, 155–160. doi:
10.1111/2041-210X.12649
Kraus, R. H. S., van Hooft, P., Megens, H.-J., Tsvey, A., Fokin, S. Y., Ydenberg, R. C., et al. (2013).
Global lack of flyway structure in a cosmopolitan bird revealed by a genome wide survey of single
nucleotide polymorphisms. Mol Ecol 22, 41–55
Krauss, S., Stallknecht, D. E., Negovetich, N. J., Niles, L. J., Webby, R. J., and Webster, R. G. (2010).
Coincident ruddy turnstone migration and horseshoe crab spawning creates an ecological ‘hot
spot’for influenza viruses. Proc R Soc B 277, 3373–3379
Kwon, Y. K., Thomas, C., and Swayne, D. E. (2010). Variability in Pathobiology of South Korean
H5N1 High-Pathogenicity Avian Influenza Virus Infection for 5 Species of Migratory Waterfowl.
Veterinary Pathology Online 47, 495–506
Lam, T. T.-Y., Ip, H. S., Ghedin, E., Wentworth, D. E., Halpin, R. A., Stockwell, T. B., et al. (2012).
Migratory flyway and geographical distance are barriers to the gene flow of influenza virus among
North American birds. Ecol Lett 15, 24–33
LaPoint, S., Gallery, P., Wikelski, M., and Kays, R. (2013). Animal behavior, cost-based corridor models, and real corridors. Landscape Ecol 28, 1615–1630
Latorre-Margalef, N., Gunnarsson, G., Munster, V. J., Fouchier, R. A. M., Osterhaus, A. D. M. E., Elmberg, J., et al. (2009). Effects of influenza A virus infection on migrating mallard ducks. Proc R Soc
B 276, 1029–1036
Lehner, B. and Döll, P. (2004). Development and validation of a global database of lakes, reservoirs
and wetlands. J Hydrol 296, 1–22
Lemey, P., Rambaut, A., Bedford, T., Faria, N., Bielejec, F., Baele, G., et al. (2014). Unifying Viral Genetics and Human Transportation Data to Predict the Global Transmission Dynamics of Human
Influenza H3N2. PLoS Pathogens 10, e1003932
Lemey, P., Rambaut, A., Drummond, A. J., and Suchard, M. A. (2009). Bayesian Phylogeography
Finds Its Roots. PLoS Computational Biology 5, e1000520
Li, K. S., Guan, Y., Wang, J., Smith, G. J. D., Xu, K. M., Duan, L., et al. (2004). Genesis of a highly
pathogenic and potentially pandemic H5N1 influenza virus in eastern Asia. Nature 430, 209–213
Liu, C., Berry, P. M., Dawson, T. P., and Pearson, R. G. (2005a). Selecting thresholds of occurrence in
the prediction of species distributions. Ecography 28, 385–393
Liu, J., Xiao, H., Lei, F., Zhu, Q., Qin, K., Zhang, X.-w., et al. (2005b). Highly Pathogenic H5N1 Influenza Virus Infection in Migratory Birds. Science 309, 1206–1206
Martínez-Meyer, E., Peterson, A. T., and Navarro-Sigüenza, A. G. (2004). Evolution of seasonal ecological niches in the Passerina buntings (Aves: Cardinalidae). Proceedings of the Royal Society of
London B: Biological Sciences 271, 1151–1157
100

McRae, B. H., Dickson, B. G., Keitt, T. H., and Shah, V. B. (2008). Using circuit theory to model connectivity in ecology, evolution, and conservation. Ecology 89, 2712–2724
Michelot, T., Langrock, R., Bestley, S., Jonsen, I. D., Photopoulou, T., and Patterson, T. A. (2017).
Estimation and simulation of foraging trips in land-based marine predators. Ecology 98, 1932–
1944
Morales, J. M., Haydon, D. T., Frair, J., Holsinger, K. E., and Fryxell, J. M. (2004). Extracting More
Out of Relocation Data: Building Movement Models as Mixtures of Random Walks. Ecology 85,
2436–2445
Munster, V. J., Baas, C., Lexmond, P., Waldenström, J., Wallensten, A., Fransson, T., et al. (2007).
Spatial, Temporal, and Species Variation in Prevalence of Influenza A Viruses in Wild Migratory
Birds. PLOS Pathogens 3, e61. doi:10.1371/journal.ppat.0030061
Nakazawa, Y., Peterson, A. T., Martínez-Meyer, E., and Navarro-Sigüenza, A. G. (2004). Seasonal
niches of narctic-neotropical migratory birds: implications for the evolution of migration. The
Auk 121, 610–618
Nathan, R., Getz, W. M., Revilla, E., Holyoak, M., Kadmon, R., Saltz, D., et al. (2008a). A movement
ecology paradigm for unifying organismal movement research. PNAS 105, 19052–19059
Nathan, R., Schurr, F. M., Spiegel, O., Steinitz, O., Trakhtenbrot, A., and Tsoar, A. (2008b). Mechanisms of long-distance seed dispersal. Trends in Ecology & Evolution 23, 638–647
Nemeth, N. M., Brown, J. D., Stallknecht, D. E., Howerth, E. W., Newman, S. H., and Swayne, D. E.
(2013). Experimental Infection of Bar-Headed Geese (Anser indicus) and Ruddy Shelducks (Tadorna ferruginea) With a Clade 2.3.2 H5N1 Highly Pathogenic Avian Influenza Virus. Vet Pathol
50, 961–970
Newman, S. H., Hill, N. J., Spragens, K. A., Janies, D., Voronkin, I. O., Prosser, D. J., et al. (2012). EcoVirological Approach for Assessing the Role of Wild Birds in the Spread of Avian Influenza H5N1
along the Central Asian Flyway. PLOS ONE 7, e30636
O’Brien, J. D., Minin, V. N., and Suchard, M. A. (2009). Learning to Count: Robust Estimates for
Labeled Distances between Molecular Sequences. Molecular Biology and Evolution 26, 801–814
Olson, D. M., Dinerstein, E., Wikramanayake, E. D., Burgess, N. D., Powell, G. V. N., Underwood,
E. C., et al. (2001). Terrestrial Ecoregions of the World: A New Map of Life on Earth. BioScience 51,
933. doi:10.1641/0006-3568(2001)051[0933:TEOTWA]2.0.CO;2
Olson, K. A., Mueller, T., Leimgruber, P., Nicolson, C., Fuller, T. K., Bolortsetseg, S., et al. (2009).
Fences Impede Long-distance Mongolian Gazelle (Procapra gutturosa) Movements in Droughtstricken Landscapes. Mongolian Journal of Biological Sciences 7, 45–50
Pappaioanou, M. (2009). Highly pathogenic H5N1 avian influenza virus: Cause of the next pandemic? Comp Immunol Microbiol 32, 287–300
Patterson, T. A., Thomas, L., Wilcox, C., Ovaskainen, O., and Matthiopoulos, J. (2008). State–space
models of individual animal movement. Trends Ecol Evol 23, 87–94
Pearman, P. B., D’Amen, M., Graham, C. H., Thuiller, W., and Zimmermann, N. E. (2010). Withintaxon niche structure: niche conservatism, divergence and predicted effects of climate change.
Ecography 33, 990–1003
Pearman, P. B., Guisan, A., Broennimann, O., and Randin, C. F. (2008). Niche dynamics in space and
time. Trends in Ecology & Evolution 23, 149–158
101

Pearson, R. G., Raxworthy, C. J., Nakamura, M., and Townsend Peterson, A. (2007). Predicting species
distributions from small numbers of occurrence records: a test case using cryptic geckos in Madagascar. Journal of Biogeography 34, 102–117
Péron, G., Fleming, C. H., de Paula, R. C., Mitchell, N., Strohbach, M., Leimgruber, P., et al. (2017).
Periodic continuous-time movement models uncover behavioral changes of wild canids along
anthropization gradients. Ecol Monogr 87, 442–456
Peterson, A. T. (1999). Conservatism of Ecological Niches in Evolutionary Time. Science 285, 1265–
1267
Peterson, A. T. (2011). Ecological niche conservatism: a time-structured review of evidence. Journal
of Biogeography 38, 817–827
Pikesley, S. K., Broderick, A. C., Cejudo, D., Coyne, M. S., Godfrey, M. H., Godley, B. J., et al. (2015).
Modelling the niche for a marine vertebrate: a case study incorporating behavioural plasticity,
proximate threats and climate change. Ecography 38, 803–812
Poss, P. E., Halvorson, D. A., and Karunakaran, D. (2003). Economic Impact of Avian Influenza in
Domestic Fowl in the United States. Avian Dis 47, 100–111
Prosser, D. J., Cui, P., Takekawa, J. Y., Tang, M., Hou, Y., Collins, B. M., et al. (2011). Wild Bird Migration
across the Qinghai-Tibetan Plateau: A Transmission Route for Highly Pathogenic H5N1. PLOS
ONE 6, e17622
R Development Core Team (2012). R: A Language and Environment for Statistical Computing (Vienna, Austria: R Foundation for Statistical Computing)
[Dataset] Rambaut, A., Suchard, M. A., Xie, D., and Drummond, A. J. (2014). Tracer v1.6
Rand, W. M. (1971). Objective Criteria for the Evaluation of Clustering Methods. Journal of the
American Statistical Association 66, 846–850
Rattenborg, N. C., Voirin, B., Vyssotski, A. L., Kays, R. W., Spoelstra, K., Kuemmeth, F., et al. (2008).
Sleeping outside the box: Electroencephalographic measures of sleep in sloths inhabiting a rainforest. Biology Letters 4, 402–405
Richard, Y. and Armstrong, D. P. (2010). Cost distance modelling of landscape connectivity and gapcrossing ability using radio-tracking data. J Appl Ecol 47, 603–610
Robinson, T. P., Franceschini, G., and Wint, W. (2007). The Food and Agriculture Organization’s
gridded livestock of the world. Veterinaria Italiana 43, 745–751
Rousseeuw, P. J. (1987). Silhouettes: a graphical aid to the interpretation and validation of cluster
analysis. Journal of Computational and Applied Mathematics 20, 53–65
Row, J. R., Blouin-Demers, G., and Lougheed, S. C. (2010). Habitat distribution influences dispersal and fine-scale genetic population structure of eastern foxsnakes (Mintonius gloydi) across a
fragmented landscape. Mol Ecol 19, 5157–5171
Rubner, Y., Tomasi, C., and Guibas, L. J. (2000). The Earth Mover’s Distance as a Metric for Image
Retrieval. International Journal of Computer Vision 40, 99–121
Runge, C. A., Martin, T. G., Possingham, H. P., Willis, S. G., and Fuller, R. A. (2014). Conserving mobile
species. Frontiers in Ecology and the Environment 12, 395–402
102

Safi, K., Kranstauber, B., Weinzierl, R., Griffin, L., Rees, E. C., Cabot, D., et al. (2013). Flying with
the wind: Scale dependency of speed and direction measurements in modelling wind support in
avian flight. Movement Ecol 1, 4
Santos, C. D., Przybyzin, S., Wikelski, M., and Dechmann, D. K. N. (2016). Collective DecisionMaking in Homing Pigeons: Larger Flocks Take Longer to Decide but Do Not Make Better Decisions. PLoS ONE 11, e0147497
Santos, M. J. and Santos-Reis, M. (2009). Stone marten (martes foina) habitat in a Mediterranean
ecosystem: effects of scale, sex, and interspecific interactions. European Journal of Wildlife Research 56, 275–286
Sattler, T., Bontadina, F., Hirzel, A. H., and Arlettaz, R. (2007). Ecological niche modelling of two
cryptic bat species calls for a reassessment of their conservation status. Journal of Applied Ecology
44, 1188–1199
Schlather, M., Malinowski, A., Menck, P. J., Oesting, M., and Strokorb, K. (2015). Analysis, Simulation
and Prediction of Multivariate Random Fields with Package RandomFields. Journal of Statistical
Software 63, 1–25
Schooley, R. L. (1994). Annual Variation in Habitat Selection: Patterns Concealed by Pooled Data.
The Journal of Wildlife Management 58, 367–374
Scott, D. A. and Rose, P. M. (1996). Atlas of Anatidae populations in Africa and Western Eurasia | Clc.
Wetlands International publication (Wageningen, Netherlands: Wetlands International)
Senne, D. A., Panigrahy, B., Kawaoka, Y., Pearson, J. E., Süss, J., Lipkind, M., et al. (1996). Survey
of the hemagglutinin (HA) cleavage site sequence of H5 and H7 avian influenza viruses: Amino
acid sequence at the HA cleavage site as a marker of pathogenicity potential. Avian Diseases 40,
425–437
Shapiro, B., Rambaut, A., and Drummond, A. J. (2006). Choosing Appropriate Substitution Models
for the Phylogenetic Analysis of Protein-Coding Sequences. Molecular Biology and Evolution 23,
7–9
Slatkin, M. (1987). Gene flow and the geographic structure of natural populations. Science 236,
787–792
Smith, G. J. D., Naipospos, T. S. P., Nguyen, T. D., de Jong, M. D., Vijaykrishna, D., Usman, T. B., et al.
(2006). Evolution and adaptation of H5N1 influenza virus in avian and human hosts in Indonesia
and Vietnam. Virology 350, 258–268
Soberón, J. M. (2007). Grinnellian and Eltonian niches and geographic distributions of species.
Ecology Letters 10, 1115–1123
Squires, J. R., DeCesare, N. J., Olson, L. E., Kolbe, J. A., Hebblewhite, M., and Parks, S. A. (2013).
Combining resource selection and movement behavior to predict corridors for Canada lynx at
their southern range periphery. Biol Conserv 157, 187–195
Strandburg-Peshkin, A., Farine, D. R., Couzin, I. D., and Crofoot, M. C. (2015). Shared decisionmaking drives collective movement in wild baboons. Science 348, 1358–1361
Streicker, D. G., Turmelle, A. S., Vonhof, M. J., Kuzmin, I. V., McCracken, G. F., and Rupprecht, C. E.
(2010). Host Phylogeny Constrains Cross-Species Emergence and Establishment of Rabies Virus
in Bats. Science 329, 676–679
103

Suárez-Seoane, S., García de la Morena, E. L., Morales Prieto, M. B., Osborne, P. E., and de Juana,
E. (2008). Maximum entropy niche-based modelling of seasonal changes in little bustard (tetrax
tetrax) distribution. Ecological Modelling 219, 17–29
Suchard, M. A. and Rambaut, A. (2009). Many-core algorithms for statistical phylogenetics. Bioinformatics 25, 1370–1376
Takekawa, J. Y., Heath, S. R., Douglas, D. C., Perry, W. M., Javed, S., Newman, S. H., et al. (2009).
Geographic variation in bar-headed geese Anser indicus : Connectivity of wintering areas and
breeding grounds across a broad front. Wildfowl 59, 102–125
Talbi, C., Holmes, E. C., de Benedictis, P., Faye, O., Nakouné, E., Gamatié, D., et al. (2009). Evolutionary history and dynamics of dog rabies virus in western and central Africa. J Gen Virol 90,
783–791
Talbi, C., Lemey, P., Suchard, M. A., Abdelatif, E., Elharrak, M., Jalal, N., et al. (2010). Phylodynamics
and Human-Mediated Dispersal of a Zoonotic Virus. PLOS Pathog 6, e1001166
Technitis, G., Weibel, R., Kranstauber, B., and Safi, K. (2016). An algorithm for empirically informed
random trajectory generation between two endpoints (GIScience 2016: Ninth International Conference on Geographic Information Science), online. doi:https://doi.org/10.5167/uzh-130652
Technitis, G., Weibel, R., Kranstauber, B., and Safi, K. (in preparation). On old tracks to new insight:
Random trajectories on recorded paths
Teifke, J. P., Klopfleisch, R., Globig, A., Starick, E., Hoffmann, B., Wolf, P. U., et al. (2007). Pathology
of Natural Infections by H5N1 Highly Pathogenic Avian Influenza Virus in Mute (Cygnus olor) and
Whooper (Cygnus cygnus) Swans. Veterinary Pathology Online 44, 137–143
Ter Braak, C. J. F. (1986). Canonical Correspondence Analysis: A New Eigenvector Technique for
Multivariate Direct Gradient Analysis. Ecology 67, 1167–1179
Thogmartin, W. E., Sanders-Reed, C. A., Szymanski, J. A., McKann, P. C., Pruitt, L., King, R. A., et al.
(2013). White-nose syndrome is likely to extirpate the endangered Indiana bat over large parts of
its range. Biol Conserv 160, 162–172
Thomson, S. A. L. (1931). On" abmigration" among the Ducks: An anomaly shown by the results of
bird-marking. Proc Int Ornith Congr 7, 382–388
Thurfjell, H., Ciuti, S., and Boyce, M. S. (2014). Applications of step-selection functions in ecology
and conservation. Movement Ecol 2, 4
Tian, H., Zhou, S., Dong, L., Van Boeckel, T. P., Cui, Y., Newman, S. H., et al. (2015). Avian influenza
H5N1 viral and bird migration networks in Asia. PNAS 112, 172–177
Tracey, J. A., Zhu, J., Boydston, E., Lyren, L., Fisher, R. N., and Crooks, K. R. (2013). Mapping behavioral landscapes for animal movement: A finite mixture modeling approach. Ecological Applications 23, 654–669
Turner, G. G., Reeder, D., and Coleman, J. T. (2011). A Five-year Assessment of Mortality and Geographic Spread of White-Nose Syndrome in North American Bats, with a Look at the Future.
Update of White-Nose Syndrome in Bats. Bat Research News 52, 13–27
Václavík, T., Kupfer, J. A., and Meentemeyer, R. K. (2012). Accounting for multi-scale spatial autocorrelation improves performance of invasive species distribution modelling (iSDM). Journal of
Biogeography 39, 42–55
104

van der Mensbrugghe, D., Timmer, H., and Burns, A. (2008). Evaluating the Economic Consequences
of Avian Influenza (The World Bank)
van Dijk, J. G. B., Hoye, B. J., Verhagen, J. H., Nolet, B. A., Fouchier, R. A. M., and Klaassen, M. (2014).
Juveniles and migrants as drivers for seasonal epizootics of avian influenza virus. Journal of Animal Ecology 83, 266–275
van Dijk, J. G. B., Kleyheeg, E., Soons, M. B., Nolet, B. A., Fouchier, R. A. M., and Klaassen, M. (2015).
Weak negative associations between avian influenza virus infection and movement behaviour in
a key host species, the mallard Anas platyrhynchos. Oikos 124, 1293–1303
van Gils, J. A., Munster, V. J., Radersma, R., Liefhebber, D., Fouchier, R. A. M., and Klaassen, M. (2007).
Hampered Foraging and Migratory Performance in Swans Infected with Low-Pathogenic Avian
Influenza A Virus. PLoS ONE 2, e184
van Toor, M. L., Jaberg, C., and Safi, K. (2011). Integrating sex-specific habitat use for conservation
using habitat suitability models. Animal Conservation 14, 512–520
van Toor, M. L., Newman, S. H., Takekawa, J. Y., Wegmann, M., and Safi, K. (2016). Temporal segmentation of animal trajectories informed by habitat use. Ecosphere 7, e01498. doi:10.1002/ecs2.1498
Varpe, b., Fiksen, b., and Slotte, A. (2005). Meta-ecosystems and biological energy transport from
ocean to coast: The ecological importance of herring migration. Oecologia 146, 443–451
Wallace, R. G., HoDac, H., Lathrop, R. H., and Fitch, W. M. (2007). A statistical phylogeography of
influenza A H5N1. Proceedings of the National Academy of Sciences 104, 4473–4478
Wallensten, A., Munster, V. J., Latorre-Margalef, N., Brytting, M., Elmberg, J., Fouchier, R. A. M., et al.
(2007). Surveillance of influenza A virus in migratory waterfowl in northern Europe. Emerging
Infectious Diseases 13, 404–411
Walter, H. (1979a). Eleonora’s Falcon: Adaptations to Prey and Habitat in a Social Raptor (University
of Chicago Press)
Walter, H. (1979b). The sooty falcon (Falco concolor) in Oman: Results of a breeding survey, 1978.
Journal of Oman Studies 5, 9–59
Walther, G.-R., Post, E., Convey, P., Menzel, A., Parmesan, C., Beebee, T. J. C., et al. (2002). Ecological
responses to recent climate change. Nature 416, 389–395
Weber, T. P. and Stilianakis, N. I. (2007). Ecologic Immunology of Avian Influenza (H5N1) in Migratory Birds. Emerging Infectious Diseases 13, 1139–1143
Webster, R. G., Bean, W. J., Gorman, O. T., Chambers, T. M., and Kawaoka, Y. (1992). Evolution and
ecology of influenza A viruses. Microbiol Rev 56, 152–179
Weimerskirch, H., Cherel, Y., Delord, K., Jaeger, A., Patrick, S. C., and Riotte-Lambert, L. (2014). Lifetime foraging patterns of the wandering albatross: Life on the move! Journal of Experimental
Marine Biology and Ecology 450, 68–78
Wenny, D. G. (2001). Advantages of seed dispersal: A re-evaluation of directed dispersal. Evolutionary Ecology Research 3, 37–50
Werner, E. E. and Gilliam, J. F. (1984). The Ontogenetic Niche and Species Interactions in SizeStructured Populations. Annual Review of Ecology and Systematics 15, 393–425
Wessel, P. and Smith, W. H. F. (1996). A Global Self-consistent, Hierarchical, High-resolution Shoreline Database. J Geophys Res 101, 8741–8743
105

Wilbur, H. M. (1988). Interactions Between Growing Predators and Growing Prey. In Size-Structured
Populations, eds. B. Ebenman and L. Persson (Berlin, Germany: Springer). 157–172
Wilcove, D. S. and Wikelski, M. (2008). Going, Going, Gone: Is Animal Migration Disappearing. PLOS
Biol 6, e188
Wilson, R. P., Shepard, E. L. C., and Liebsch, N. (2008). Prying into the intimate details of animal
lives: Use of a daily diary on animals. Endangered Species Research 4, 123–137
Wood, S. (2006). Generalized Additive Models: An Introduction with R (Boca Raton, Florida, USA:
Chapman & Hall/CRC)
Zeigler, S. L. and Fagan, W. F. (2014). Transient windows for connectivity in a changing world. Movement Ecol 2, 1
Zeller, K. A., McGarigal, K., Cushman, S. A., Beier, P., Vickers, T. W., and Boyce, W. M. (2014). Sensitivity of landscape resistance estimates based on point selection functions to scale and behavioral
state: pumas as a case study. Landscape Ecology 29, 541–557
Zeller, K. A., McGarigal, K., Cushman, S. A., Beier, P., Vickers, T. W., and Boyce, W. M. (2016). Using
step and path selection functions for estimating resistance to movement: pumas as a case study.
Landscape Ecology 31, 1319–1335

106

108

List of Figures
1
2

3

4

5

6

7

8

9

Flow chart outlining the process of the niche segmentation. . . . . . . . . . . . . . . . . . . .
Performance of the segmentation method according to the Adjusted Rand index (shown
are 25%, 50% and 75% quantiles). The results for segmentation performance are
shown separately for the niche following (change in the environment) and niche switching scenario (change in habitat preference). The results for the simultaneous change
scenario are included within these results. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .
Comparison between full and niche segment random forest models. We predicted
both the full and niche segment datasets using the full model (a) and niche segment
models (b), and estimated the models’ ability to accurately predict the data with the
DI. Shown here are the mean ± s.d. for the window size S = 2000. . . . . . . . . . . . . . . .
Comparison of the life history stages of Common Teal for both males and females
(Scott and Rose, 1996; Kear, 2005) with the segmentation derived with a window size
of S = 2000. The coloring is kept differently to not imply any untested similarities. . . .
General concept for our approach of environmentally informing simulated steppingstone migrations: I) Empirical tracking data are IIa) used to derive an informed eRTG
to simulate conditional movement between sites of interest, and IIb) combined with
environmental correlates to derive predictions of relevant measurements of landscape permeability (here: suitability of stopover sites). III) Finally, the simulated conditional trajectories are evaluated based on characteristics of the trajectory and permeability using an informed measure of route viability. . . . . . . . . . . . . . . . . . . . . . .
The route viability Φ of empirical and simulated migrations. Here we show Φ for
spring and autumn migrations, as well as the Φ for the simulated trajectories across
all five suitability landscapes (Seg. 1: winter/early spring, Seg. 2: mid-spring, Seg. 3:
late spring/summer, Seg. 4: early autumn, Seg. 5: late autumn). The black bars show
the 95% CIs for the respective medians, and the grey dots and violin plots show the
observed (empirical trajectories) and route viability densities (simulated trajectories).
The median route viability Φ between range fragments of bar-headed geese. We summarised Φ for all pairwise range fragment trajectories using the median route viability. The thickness of edges represents the sample size. Blue polygons show the native
breeding area of the species. Green polygons show the native wintering range. Long
edges are curved for sake of visibility. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .
Temporal dynamics of the route viability Φ. Here we show the predicted movements
for each of the five suitability landscapes separately. The visible edges of the network
have a median route viability Φ that is higher than 75% of the ecological likelihood
for the complete network. The respective time periods associated to these networks
is displayed in Appendix B, Figure B3. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .
On this map, we show both the spatial diffusion of AIV H5N1 between the study areas. Shown here are Markov Jumps for which the BSSVS suggests significant spatial
diffusion (BF>3). The directionality of diffusion is shown by arrows and is coded by
colours. The thickness of arrows indicates the median number of dispersal events.
The sampling regions are marked in black, including those that were removed from
the analysis. The map is shown in an Lambert azimuthal equal area projection. . . . .
109

29

36

37

39

52

57

58

59

75

10

11

Here we show the probability of inclusion of predictor variables into the diffusion
model probability in addition to their median effect size alongside the respective 50%
highest posterior densities. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .
A contour plot highlighting the results from the GAM for zero-inflated Poisson data.
Here we show the response of the spatial diffusion of AIV H5N1 to the variables Connectivity PC2 (mainly geographic distance) and Connectivity PC5 (waterbird landscape connectivity). . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

110

76

77

112

List of Tables
1

2
3

4

5
6

7

Set-up for the different simulation experiments. Listed are all parameters used and
how they were handled for each of the different scenarios. We computed 1000 replicates for every combination of parameters, except for window size which was chosen
randomly. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .
A summary over the catching sites and corresponding sample sizes. The number of
tracking days and locations are listed as a mean per individual. . . . . . . . . . . . . . . . . .
Influences of the parameters on the method performance as evaluated by the ARI.
Results from a linear model with ARI as response variable, and the number of true
segments, the simulation scenario, number of data points, window size and the ratio
window size
of number
of locations as predictors. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .
A summary of the catching sites and corresponding sample sizes. The number of
tracking days and GPS fixes are listed as a median per individual, with the 25% and
75% quantiles in square brackets. Eleven out of the total of 91 tags deployed did not
transfer any data, and are not included in this table . . . . . . . . . . . . . . . . . . . . . . . . .
A summary over the catching sites and corresponding sample sizes. The number of
tracking days and GPS fixes are listed as a mean per individual. . . . . . . . . . . . . . . . . .
Loadings on the PCA for the Connectivity predictors included in the general set of predictors. Shown are only those principal components that were used for the diffusion
GLM and explained > 99% of the variation. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .
Here we show the results from the GAM for zero-inflated Poisson data. Top part of
the table shows the parametric coefficients, which in this case is only the intercept,
and the lower table shows the model summary for the smooth terms. We used cubic
regression splines with four knots for both smooth terms, and in total the model was
able to explain 95.3% of the deviation in the data. . . . . . . . . . . . . . . . . . . . . . . . . . . .

113

31
32

36

51
72

73

78

Appendix A:
Temporal segmentation of
animal trajectories by habitat
use
MARIËLLE L. VAN TOOR
SCOTT H. NEWMAN
JOHN Y. TAKEKAWA
MARTIN WEGMANN
KAMRAN SAFI

Published in Ecosphere, 7(10), e01498

Table A 2 The environmental variables used for the initial random forest models. The final composition of
variables used depended on the selection process during cross-validation, and differs for all final models.
For clarity, we only list the data products, which can consist of several related variables.
Product

Spatial resolution

Temporal resolution

Source

Aster GDEM (elevation model)
Climate Indexes (climate teleconnection)
ECMWF Reanalysis-2 (weather & climate)
eTopo1 (ice surface)
GlobCover 2009 (land cover)
MCD12Q1.005 (annual land cover)
MOD11A2.005 (land surface temperature)
MOD13A1.005 (vegetation indices)
MOD15A2.005 (leaf area index)
MOD17A2.055 (gross primary productivity)
MOD17A3.055 (net primary productivity)
MOD10A2.005 (snow products)
Dist2Coast (distance to the nearest coast)

1 arc-second
none
0.7 degrees
1 arc-minute
20 arc-seconds
500 m
1000 m
500 m
1000 m
1000 m
1000 m
1000 m
0.01 degrees

none
daily
6 hours
none
none
1 year
8 days
16 days
8 days
8 days
1 year
8 days
none

asterweb.jpl.nasa.gov
www.cpc.ncep.noaa.gov
www.ecmwf.int
www.ngdc.noaa.gov
dup.esrin.esa.it
lpdaac.usgs.gov
lpdaac.usgs.gov
lpdaac.usgs.gov
lpdaac.usgs.gov
lpdaac.usgs.gov
lpdaac.usgs.gov
lpdaac.usgs.gov
oceancolor.gsfc.nasa.gov
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Table A 3 Results for a GAM for ordered categorical data to estimate the effects of space (in form of migration
and study site) and time of the year on the segmentation. We used the formula segment ~ s(Longitude,
Latitude) + s(Julian day) + study site with Julian day as a circular smoothing factor and k = 150 spatial
knots.

a) Parametric Coefficients

Estimate

Standard error

t-value

Pr(> |z |)

Intercept (study site China)
Study site Egypt
Study site India
Study site Kazakhstan
Study site Turkey

-145.92
-0.97
-2.19
-769.81
-1.06

298.60
32.38
27.20
0
30.0

63.22
48.99
3.48
-11.95
-4.94

0.625
0.976
0.936
<0.001
0.972

Estimated DF

Residual DF

χ 2 statistic

p-value

0.135
6.659

106
8

0.006
501.95

1
<0.001

b) Smooth terms
Longitude, Latitude
Julian days
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Discriminatory Index (DI)
Despite the availability of many measures to evaluate predictions from species distribution models,
we decided to use an own metric derived from the Earth Mover’s Distance (EMD, Rubner et al., 2000).
Our main reasoning for this is that most of these evaluation measures rely on a posterior classification of the predictions into presences and absences. The decision on a threshold for classification is
usually somewhat arbitrary and might thus strongly influence the observed transferability of models.
The Earth Mover’s Distance (EMD, Kranstauber et al., 2017) is a distance measure between two
probability density functions and has been mostly applied to pattern recognition. We applied the
EMD both as a measure of transferability as well as performance in the sense of the models’ ability
to discriminate between absences and presences. To calculate both these measures, we used the
predictions from the test portion of each dataset, and separated them into "true" presences and absences. From these, we derived density distributions, and calculated the EMD between these two
distributions. In cases where a model makes random predictions, and thus can’t discriminate between presences and absences and the density functions completely overlap, the EMD would take
the value 0. When model predictions were 100% accurate, the EMD would take the value of one.
We observed the behavior of the EMD for simulated binary model predictions by drawing from
a binomial distribution with probability p ranging from 0.5 to 1 to simulate performance varying
between random and 100% accuracy, and calculated the EMD accordingly. The figure below shows
the resulting EMD values. Using the EMD has, however, one disadvantage: for models performing
worse than random, the EMD would take values greater than 0. For this reason, when calculating
the EMD for the segmentation, we tested whether the median for presences was greater than the
median for absences to account for worse-than-random predictions using E M D = −1∗E M D , leading to a range from -1 to 1. However, helped by the use of machine learning models, we did not find
this in our predictions.
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Figure A 2 Behavior of the EMD in a simulation experiment.

1.0

Figure A 3 Spatial predictions of the segment models derived from the segmentation by Julian days (window
size S = 2000, see also Figure 3). We predicted habitat suitability for the environmental conditions of every
single day during the study period with the respective niche segment models (best-performing 10% of all
100 replicates), and calculated the 75%-quantile of habitat suitability for each segment. Julian days that
were not represented in the data were excluded.
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Increment in node purity
Figure A 4 Estimated importances of the environmental variables contributing to the segment models. We
use node impurity as a measure of importance. This index measures the average decrease in the impurity
of single nodes of the decision tree when a variable is added to the model. Shown here are the mean values
and variation of increase in node purity, as derived from the random forest models, for the segmentation
with window size S = 2000 locations (number of model replicates = 100). Missing values resemble environmental variables that were not kept in the variable selection process. The red line demarcates the median
importance of all variables and segments for reference.
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Figure A 5 The segmentation by Julian days mapped to the time of year. The y-axis correspond to the four
initial section sizes used for the partitioning of the data into sections, with white space representing gaps
in the data. The naming of niche segments and the colors used are arbitrary and do not necessarily reflect
similar habitat use across these four section sizes.
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Segmentation by habitat use and suitability landscapes
In a seasonal environment, the availability of suitable habitat can change throughout the year. Also,
as a bar-headed goose changes from one life history stage to the next, e.g. from breeding to moult, it
might require different conditions from an optimal habitat. Consequently, the suitability of habitat
for being a good-quality stopover location for bar-headed geese might not be constant throughout
the year, and so the viability of a hypothetical migratory route can fluctuate as well. To be able to account for these changes, we used a segmentation by habitat use to define periods of the year during
which both habitat preference and habitat availability are consistent (van Toor et al., 2016). In conjunction with time series of environmental information, we used these periods of consistent habitat
availability and preference to derive several models of habitat use and their respective predictions
which reflect the temporal variation in habitat suitability. We mainly followed the procedure that
was described in detail by van Toor et al. (2016), and we provide an outline of how we derived temporally explicit predictions of habitat suitability. The segmentation by habitat use is a procedure that
bins environmentally annotated animal location data into arbitrarily small windows of window size
w s , and uses these bins to model habitat use as a series of random forest models (Breiman, 2001).
Subsequently, the bins are clustered according to the similarity of habitat use represented by the respective models representing segments of consistent habitat use. These segments can then be used
to build models that correspond to different habitat use and times of the year. As an extension of the
concept of species distribution modelling, each model requires presence as well as pseudo-absence
data of the species, and environmental predictors of habitat suitability. As this approach, different
from more classic species distribution modelling approaches, identifies changes in habitat use in
time, the environmental predictors are required to be explicit in space as well as in time.
We used the tracking data of all individuals as presence data for the segmentation by habitat
use, including the ARGOS Doppler-shift locations that were excluded for the simulation of trajectories. We accounted for the differences in spatial error of GPS and Doppler-shift locations using
dynamic Brownian Bridge Movement Models (Kranstauber et al., 2012) as described by van Toor
et al. (2016), and sampled pseudo-presences from the resulting utilisation distributions. As true
absence data were not available to use, we sampled pseudo-absence data from the utilisation distributions of randomised trajectories (see van Toor et al., 2016 for details). We used the Movebank
Env-DATA system (Dodge et al., 2013) to annotate the resulting location dataset with environmental information (see Table S 2 for the complete list of environmental variables that were used for
the initial models), and used the available interpolation methods to reflect the conditions at the respective locations and time. In addition to the environmental products available at the Env-DATA
system, we complemented the data with several additional variables.
To prepare the data for segmentation, we subsetted the tracking data for each species using Julian days (i.e., irrespective of the year). We used four different initial window sizes (5 days, 10 days,
half month, month), and built random forest models for all subsets that contained at least 100 locations. For each of the replicates, we randomly split the subset data into 50% test and training data
sets, and built a first model with all environmental predictors on a random sample of maximum
2000 training locations. We then used a nested cross validation by sequentially reducing the number of predictors, and repeated this process five times to determine the best number of predictors
(no p t ). For the final random forest model, we determined the importance of each predictor, and
only used the no p t most important predictors. We calculated transferability matrices for each subset and replicate as well as a time distance matrix for the subset Julian dates according to van Toor
et al. (2016) and used a constrained correspondence analysis to ordinate the matrices. We determined the cluster silhouettes (Rousseeuw, 1987) after fuzzy clustering with the number of clusters
k = 1, ..., 12, and used the k that produced the most compliant hard clustering. Subsets were then annotated with the respective segment ID according to the clustering. We applied a ranking approach
to determine the best initial window size and segmentation. We ranked each of the four window
sizes w s according to five criteria: a) the number of segments (more is better), b) the number of
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switches between segments corrected for the number of segments (less is better), c) the number
of unique Julian days covered by the segments (more is better), d) the size (with respect to days)
of the initial size (less is better), and e) whether the first segment of the year corresponded to the
last segment. Ties were given an average rank. We chose the segmentation with the highest average
ranking, and in the case that two window sizes achieved the same rank, we chose in favour of the
segmentation that had achieved a higher rank with respect to criterion c). We then repeated the
modelling procedure for the segmented data with 100 replicates per segment. We calculated model
performance of each of the model replicates on the test data using point-biserial correlation (Liu
et al., 2005a), and determined the upper 10%-quantiles to keep only the best ten model replicates
per segment.
For the present study, the initial window size of half-months, or 15 days, was given the highest
rank. This segmentation had resulted in five distinct clusters of habitat use (see Figure S 4), which
we subsequently used to derive suitability landscapes. We prepared daily layers containing the environmental conditions during that day using the same variables as used for the segment models,
laid out on a spatial grid with cells of 0.25x 0.25 degrees. We assigned each of these layers to the
corresponding model replicates and subsequently derived predictions from each model replicate.
First, we averaged over the predictions made from the model replicates, and then calculated the
mean ± s.d. for each grid cell for all layers in each segment. We standardised the averages of the
resulting five maps, and used these as suitability landscapes to calculate the benefit of staying at
stopover sites, bk .
Table B 2 A list of the environmental variables that were used for the random forest models to predict habitat
suitability. While all variables were included in the initial models, a variable selection process reduced the
number of variables present in the final models.

Product

Spatial resolution

Source

Aster GDEM (elevation model)
Global climate teleconnection
eTopo1 (ice surface)
GlobCover 2009 (land cover)
MOD13A1.005 (NDVI)
MOD11A2.005 (surface temperature)
MOD10A2.005 (Snow products)
Distance to nearest coast
Distance to nearest lake
Ecoregions
Global lakes and wetlands database

1 arc-second
none
1 arc-minute
30 arc-seconds
500 meters
1000 meters
1000 meters
0.01 degrees

asterweb.jpl.nasa.gov
cpc.ncep.noaa.gov
ngdc.noaa.gov
dup.esrin.esa.it
lpdaac.usgs.gov
lpdaac.usgs.gov
lpdaac.usgs.gov
oceancolor.gsfc.nasa.gov
derived from Wessel and Smith (1996)
Olson et al., 2001
Lehner and Döll, 2004
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Estimated flight times
Our measure of ecological likelihood requires an estimate for the duration of a simulated migratory
trajectory if individuals didn’t use stopovers when migrating from a and z , τM ,a ,z . While τM ,a ,z
for a simulated trajectory can be approximated by excluding those parts that are in stopover mode,
the first and last position of a stopover will likely not be the same. As this could introduce a minor
bias in the expected flight time τM ,a ,z , we decided instead to derive a model from the empirical
data that predicts flight time as a function of geographical distance. Here, we used the migratory
legs that we had previously identified in the tracking data to derive the measures necessary for the
transition probabilities. Each migratory leg presented a series of consecutive locations within the
trajectory of an individual bar-headed goose that were classified as fast movement by the EMbC
(Garriga et al., 2016). We calculated the geodesic distance as well as the time difference between
the first and last location of all migratory legs. We used these time differences as the dependent,
and the geodesic distance as the independent predictor in a simple linear model. This resulted in
a function of τM ,a ,z = 0.07471 × d a ,z , where d a ,z is the geodesic distance between a and z meters,
and τM ,a ,z the predicted flight time in seconds. This corresponds to a flight speed of 13.4m /s , or
48.2k m /h .
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Figure B 2 Tracking data of bar-headed geese with individual GPS-trajectories of all individuals for the study
period. The breeding range is shown in blue colour, the wintering range in green (BirdLife BirdLife International and NatureServe, 2013).
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Figure B 3 This figure shows 2D-distributions of step length and turning angle for both movement modes,
migration and stopover. The time lag between relocations and thus between estimates for speed and turning angle was two hours.
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Figure B 4 Temporal segmentation by habitat use derived from the tracking data of all individuals. The
colouring of segments is arbitrary and does not reflect similarities between segments.
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Figure B 5 This map displays the hitchhiker’s guide to the migration of bar-headed geese caught at Lake
Qinghai. Shown are only tracks with positive fitness, and the colouring illustrates the number of tracks
passing through the respective pixel of the map. Blue polygons illustrate the native breeding range, green
polygons the native wintering range of the species.
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Figure B 6 Here we show the maximum route viability between range fragments as an indicator of migratory
connectivity in the range of bar-headed geese. We summarised the route viability for all pairwise range
fragment trajectories using the maximum route viability Φ. The thickness of edges represents the sample
size. Blue polygons show the native breeding area of the species, green polygons the native wintering range.
Long edges are curved for sake of visibility.
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Figure B 7 Here we show the median number of stopovers that are predicted to occur between range fragments as derived from simulated migrations. Blue polygons show the native breeding area of the species,
green polygons the native wintering range. Long edges are curved for sake of visibility.
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Figure B 8 Here we show the comparison between the observed and simulated properties
Pt of trajectories.
The blue density curves show the cumulative distances flown between stopover sites (a, i =0 d m ) and the
amount of time spent at stopover sites (b, T s ) for the simulated trajectories. The red density curves display
the respective observations in the empirical trajectories, and the red vertical lines the values used for the
maximum migratory distance, d mm a x , and 95% of stopover duration, T sma x .
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Tracking data and suitability landscapes
For a seasonal migrant, the connectivity between two distant sites is not constant throughout the
year. Waterfowl in Central and Eastern Asa usually migrate from North to South in fall, and from
South to North during spring migration, causing a strong temporal bias for the dispersal opportunities of pathogens. We accounted for this by infering an asymmetric network across outbreak
sites, but also by including temporal information in our predictors of connectivity. We did so by
using a time series of suitability landscapes to derive stopover suitability of the simulated trajectories, where each suitability landscape represents a period of time where both the environmental
conditions and habitat use of the two study species are similar. To be able to do so, we identified
these periods using a segmentation by habitat use (van Toor et al., 2016). In conjunction with time
series of environmental information, we used these periods to derive several models of habitat use
and respective predictions spatial predictions, and thus reflect the temporal variation in habitat
suitability. We mainly followed the procedure that was described in detail by van Toor et al. (2016),
and here give an outline how we derived temporally explicit predictions of habitat suitability. The
segmentation by habitat use is a procedure that bins environmentally annotated animal location
data into arbitrarily small windows of window size w s , and uses these bins to model habitat use as
a series of random forest models (Breiman, 2001). Subsequently, the bins are clustered according
to the similarity of habitat use represented by the respective models. These clustered bins, or segments, can then be used to build models that correspond to different habitat use and times of the
year. As an extension of the concept of species distribution modelling, it requires presence as well as
pseudo-absence data of the species to be modelled, environmental predictors of habitat suitability
But different from more classic species distribution modelling approaches, here the data need to be
explicit in time.
The analyses were carried out independently for both A. indicus and T. ferruginea, but the prodcedure was the same for both of the species. We used the tracking data that was available for all
catching sites, and included the ARGOS Doppler-shift locations that were excluded for the simulation of trajectories. The respective individuals contributing to the segmentation and subsequent
modelling of habitat use are listedin Table 3. We accounted for the differences in spatial error of GPS
and Doppler-shift locations using dynamic Brownian Bridge Movement Models (Kranstauber et al.,
2012) as described by van Toor et al. (2016), and sampled pseudo-presences from the resulting utilisation distributions. As true absence data were not available to use, we sampled pseudo-absence
data according to van Toor et al. (2016). Using the Movebank Env-DATA system (Dodge et al., 2013),
we annotated the resulting location datasets of both species with environmental information using both spatial and temporal interpolation to reflect the conditions at the respective locations and
time. In addition to the environmental products available at the Env-DATA system, we complemented the data with few additional variables, both of which are listed in Table S 2.
To prepare the data for segmentation, we subsetted the tracking data for each species using Julian days (i.e., irrespective of the year). We used four different initial windowsizes (5 days, 10 days,
half month, month), and built ten replicates of random forest models for all subsets that contained
at least 100 locations. For each of the replicates, we randomly split the subset data into 50% test and
training data sets, and built a first model with all environmental predictors on a random sample of
maximum 2000 training locations. We then used a nested cross validation by sequentially reducing the number of predictors, and repeated this process 5 times to determine the best number of
predictors (no p t ). For the final random forest model, we determined the importance of each predictor, and only used the no p t most important predictors. We calculated transferability matrices
for each subset and replicate as well as a time distance matrix for the subset Julian dates according
to van Toor et al. (2016) and used a constrained correspondence analysis to ordinate the matrices.
We determined the cluster silhouettes (Rousseeuw, 1987) after fuzzy clustering with the number
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of clusters k = 1, ..., 12, and used the k that produced the most compliant hard clustering. Subsets
were then grouped into segments according to the clustering. We applied a ranking approach to
determine the best initial window size and segmentation. We ranked each of the four windowsizes
according to five criteria: a) the number of segments (more is better), b) the number of switches
between segments corrected for the number of segments (less is better), c) the number of unique
Julian days covered by the segments (more is better), d) the size (with respect to days) of the initial
size (less is better), and e) whether the first segment of the year corresponded to the last segment.
Ties were given an average rank. We chose the segmentation with the highest average ranking, and
in the case that two windowsizes achieved the same rank, we chose in favour of the segmentation
that had achieved a higher rank respecting to criterium c). We then repeated the modelling procedure for the segmented data with 100 replicates per segment. We calculated model performance of
each of the model replicates on the test data using point-biserial correlation (Liu et al., 2005a), and
determined the upper 10%-quantiles to keep only the best ten model replicates per segment.
For the present study, the initial window size of half-months, or 15 days, was given the highest
rank for both A. indicus and T. ferruginea. This segmentation had resulted in five distinct clusters
of habitat use for the bar-headed goose, and six distinct clusters for the ruddy shelduck (see Figure S 2). These were the segmentations that we subsequently used to derive suitability landscapes.
We prepared daily layers containing the environmental conditions during that day using the same
variables as used for the segment models, layed out on a spatial grid with cells of 0.25x 0.25 degrees.
We assigned each of these layers with the corresponding model replicates and subsequently derived
predictions from each model replicate. First, we averaged over the predictions made from the model
replicates, and then calculated the mean ± s.d. for each grid cell for all layers in each segment. We
standardised the averages of the resulting five maps, and used these as suitability landscapes for the
calculation of stopover suitability.
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Table C 2 Full list of environmental variables used for the random forest models to predict habitat suitability.
While every of these variables was included in initial models, a selection process reduced the number of
variables present in the final models.

Product

Spatial resolution

Source

Aster GDEM (elevation model)
Global climate teleconnection
eTopo1 (ice surface)
GlobCover 2009 (land cover)
MOD13A1.005 (NDVI)
MOD11A2.005 (surface temperature)
MOD10A2.005 (Snow products)
Distance to nearest coast
Distance to nearest lake
Ecoregions
Global lakes and wetlands database

1 arc-second
none
1 arc-minute
30 arc-seconds
500 meters
1000 meters
1000 meters
0.01 degrees

asterweb.jpl.nasa.gov
cpc.ncep.noaa.gov
ngdc.noaa.gov
dup.esrin.esa.it
lpdaac.usgs.gov
lpdaac.usgs.gov
lpdaac.usgs.gov
oceancolor.gsfc.nasa.gov
derived from Wessel and Smith (1996)
Olson et al., 2001
Lehner and Döll, 2004
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Table C 3 Sample sizes for all catching sites and species that were used for the segmentation of habitat use
and subsequent modelling of habitat use with random forest models.

Anser indicus
Catching site

Year

# of individuals

First fix taken

tracking days
[mean ± s.d]

GPS fixes
[mean ± s.d.]

Lake Qinghai

2007
2008
2008
2009
2008
2009

14
12
17
8
23
15

Mar 25 – 31
Mar 30 – Apr 4
Dec 10 – 18
Jan 27 – Feb 06
Jul 13 – 16
Jul 05 – 08

316 ± 207
488 ± 439
242 ± 220
223 ± 232
150 ± 154
120 ± 61

1964 ± 1622
3131 ± 3055
3077 ± 1877
2633 ± 2413
886 ± 809
738 ± 833

India
West Mongolia

Tadorna ferruginea
Catching site

Year

# of individuals

First fix taken

tracking days
[mean ± s.d]

GPS fixes
[mean ± s.d.]

Bangladesh

2010
2011
2007
2008
2008
2008
2009
2007

8
8
12
5
21
1
6
1

Mar 03 – 08
Feb 26
Mar 25 – 31
Mar 28 – Apr 6
Sep 11 – 15
Dec 10
Dec 06 – 07
Sep 15

174 ± 147
228 ± 206
336 ± 198
712 ± 332
410 ± 395
511
160 ± 176
24

1316 ± 1110
2374 ± 2577
1081 ± 1372
4179 ± 1843
2635 ± 2877
4392
1403 ± 1947
75

Lake Qinghai

India
Kazakhstan
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Anser indicus

Tadorna ferruginea

Dec−31
Dec−01
Nov−01
Oct−01
Sep−01
Aug−01
Jul−01
Jun−01
May−01
Apr−01
Mar−01
Feb−01
Jan−01

Segment

1

2

3

4

5

6

Figure C 2 Here we show the niche segmentation for both study species where each colour reflects a period
during which habitat use and environmental availability are similar. For bar-headed geese (A. indicus),
five segments were detected, wheres six segments were found for ruddy shelducks (T. ferruginea). The
colouring of segments is arbitrary and does not reflect similarities between segments or species.
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Accession ID

Strain name

Sampling date

Region Name

KJ397915
KJ397920
CY066004
CY066012
CY063473
CY063481
JX576788
CY098830
CY098845
CY098853
JN543373
JN543374
JN543375
JN543376
JN543377
JN543378
KP735809
KP735811
KP735814
CY046081
CY046083
CY046085
CY046093
CY046095
CY046097
CY046107
CY046112
CY061294
CY061302
CY080363
CY080371
CY080395
CY090116
CY090124
CY111065
CY111073
CY111081
CY111097
CY111105
CY111113
CY111121
EU871814
GQ917223
GQ917225
GQ917227
GU083618
GU083626
GU083653
GU083661
GU271998
GU272006
GU354073
GU356583
CY046102
CY089413
CY089421
GQ478333
CY046070
HQ200467
HQ200475

A/migratory bird/Bangladesh/P18/2010
A/migratory bird/Bangladesh/P29/2010
A/chicken/Bhutan/248006/2010
A/chicken/Bhutan/248007/2010
A/chicken/Bhutan/248009/2010
A/chicken/Bhutan/248015/2010
A/environment/Hunan/3/2011
A/water/Xinjiang/3/2009
A/water/Hunan/3/2009
A/water/Hunan/7/2009
A/environment/Chang Sha/1/2009
A/environment/Chang Sha/2/2009
A/environment/Chang Sha/3/2009
A/environment/Chang Sha/4/2009
A/environment/Chang Sha/7/2009
A/environment/Chang Sha/25/2009
A/chicken/Dongtai/1011/2010
A/chicken/Gaoyou/1004/2010
A/chicken/Dongtai/601/2011
A/chicken/India/WB-NIV2665/2008
A/chicken/India/WB-NIV2670/2008
A/chicken/India/WB-NIV2800/2008
A/chicken/India/WB-NIV2811/2008
A/chicken/India/WB-NIV2812/2008
A/chicken/India/WB-NIV2813/2008
A/chicken/India/WB-NIV527/2008
A/chicken/India/WB-NIV529/2008
A/chicken/West Bengal/239020/2010
A/chicken/West Bengal/239022/2010
A/chicken/West Bengal/155508/2009
A/chicken/West Bengal/174881/2009
A/chicken/West Bengal/83098/2008
A/chicken/India/241272/2010
A/chicken/India/81766/2008
A/chicken/India/81754/2008
A/chicken/India/81890/2008
A/chicken/India/82544/2008
A/chicken/India/82616/2008
A/chicken/India/83093/2008
A/chicken/India/85459/2008
A/chicken/India/96880/2008
A/chicken/West Bengal/81010/2008
A/chicken/India/AS-NIV15983/2008
A/chicken/India/WB-NIV16915/2008
A/chicken/India/WB-NIV16924/2009
A/chicken/West Bengal/81760/2008
A/chicken/West Bengal/106181/2008
A/chicken/West Bengal/162642/2009
A/chicken/West Bengal/170564/2009
A/chicken/West Bengal/155505/2009
A/chicken/West Bengal/193936/2009
A/chicken/West Bengal/142121/2008
A/chicken/West Bengal/148713/2009
A/duck/India/TR-NIV4396/2008
A/duck/India/02AF1/2011
A/duck/India/02CA10/2011
A/crow/Assam/142119/2008
A/chicken/India/WB-NIV2653/2008
A/duck/Cambodia/D1PV/2006
A/duck/Cambodia/D3PV/2006

2010-12-00
2010-12-00
2010-02-17
2010-02-17
2010-02-20
2010-02-19
2011-03-07
2009-01-16
2009-01-16
2009-01-16
2009-07-03
2009-07-03
2009-07-03
2009-08-19
2009-09-23
2009-12-22
2010-11-10
2010-04-10
2011-01-13
2008-01-22
2008-01-22
2008-01-23
2008-01-25
2008-01-25
2008-01-25
2008-01-13
2008-01-13
2010-01-12
2010-01-12
2009-01-29
2009-03-25
2008-01-26
2010-01-18
2008-01-19
2008-01-19
2008-01-21
2008-01-22
2008-01-24
2008-01-26
2008-01-30
2008-03-06
2008-01-11
2008-11-27
2008-12-16
2009-01-02
2008-01-19
2008-05-07
2009-02-15
2009-03-09
2009-01-00
2009-05-00
2008-12-00
2009-01-00
2008-04-03
2011-02-00
2011-02-00
2008-12-00
2008-01-21
2006-08-07
2006-08-07

Dhaka
Dhaka
West Bengal
West Bengal
West Bengal
West Bengal
Hunan
Hunan
Hunan
Hunan
Hunan
Hunan
Hunan
Hunan
Hunan
Hunan
Dongtai & Gaoyou
Dongtai & Gaoyou
Dongtai & Gaoyou
West Bengal
West Bengal
West Bengal
West Bengal
West Bengal
West Bengal
West Bengal
West Bengal
West Bengal
West Bengal
West Bengal
West Bengal
West Bengal
West Bengal
West Bengal
West Bengal
West Bengal
West Bengal
West Bengal
West Bengal
West Bengal
West Bengal
West Bengal
Kamrup
West Bengal
West Bengal
West Bengal
West Bengal
West Bengal
West Bengal
West Bengal
West Bengal
West Bengal
West Bengal
Agartala
Agartala
Agartala
Kamrup
West Bengal
SVietNam & Cambodia
SVietNam & Cambodia
Continued on next page
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Table 4 – continued from previous page
Accession ID Strain name
HQ200483
A/duck/Cambodia/D1KC167/2006
HQ200490
A/duck/Cambodia/D2KC167/2006
HQ200498
A/duck/Cambodia/D3KC167/2006
HQ200511
A/duck/Cambodia/D5KC167/2006
HQ200575
A/chicken/Cambodia/LC1AL/2007
HQ200583
A/chicken/Cambodia/LC3AL/2007
JN588810
A/chicken/Cambodia/67F4/2008
JN588811
A/chicken/Cambodia/TLC1/2009
JN588812
A/chicken/Cambodia/TLC2/2009
JN588813
A/duck/Cambodia/TK05D8T/2010
JN588814
A/duck/Cambodia/TK05D12T/2010
JN588818
A/duck/Cambodia/TK007D1C/2010
JN588819
A/duck/Cambodia/TK007D5T/2010
JN588938
A/chicken/Cambodia/67F1/2008
JN588944
A/chicken/Cambodia/67F8/2008
JQ673600
A/environment/Cambodia/C53W/2011
JQ673601
A/environment/Cambodia/C57W/2011
JQ673602
A/environment/Cambodia/C85W/2011
JQ673603
A/environment/Cambodia/C425D/2011
JQ673604
A/environment/Cambodia/C429D/2011
JQ673605
A/environment/Cambodia/C433W/2011
JQ673606
A/environment/Cambodia/C453W/2011
JQ701712
A/marabou stork/Cambodia/TM068/2011
JN588815
A/chicken/Cambodia/TKCMB5T/2010
JN588817
A/chicken/Cambodia/TKCMB1F/2010
JN588820
A/chicken/Cambodia/PV025LC1/2010
JN588821
A/duck/Cambodia/PV027D1/2010
JN588822
A/chicken/Cambodia/PV025LC2/2010
JN588823
A/chicken/Cambodia/PV025LC4/2010
GQ412051
A/chicken/Korea/ISQ250/2008
GQ412052
A/duck/Korea/JEQ149/2008
GQ412053
A/chicken/Korea/Gimje/2008
GQ412054
A/duck/Korea/NSQ263/2008
JN807985
A/duck/Korea/Cheonan/2010
JQ936687
A/chicken/Yangon/254/2010
JQ936703
A/chicken/Yangon/182/2010
EF474450
A/chicken/Moscow/2/2007
EU676174
A/chicken/Primorje/1/2008
FJ654295
A/chicken/Primorsky/85/2008(H5N1)
FJ667188
A/chicken/Domodedovo/MK/2007
EU497921
A/chicken/Thailand/ICRC-213/2007
EU547798
A/chicken/Thailand/ICRC-618/2008
EU919138
A/chicken/Phichit/NIAH600674/2008
AB593447
A/duck/Vietnam/G12/2008
CY081026
A/chicken/Vietnam/1/2010
CY081027
A/duck/Vietnam/1/2010
CY081028
A/duck/Vietnam/2/2010
CY081033
A/duck/Vietnam/8/2010
CY081036
A/quail/Vietnam/1/2010
CY095692
A/duck/Viet Nam/TMU017/2009
CY095704
A/duck/Viet Nam/TMU026/2009
CY099958
A/muscovy duck/Viet Nam/TMU001/2008
CY099963
A/quail/Viet Nam/TMU010/2008
CY099970
A/duck/Viet Nam/TMU018/2009
CY099971
A/duck/Viet Nam/TMU019/2009
CY099972
A/duck/Viet Nam/TMU020/2009
CY099974
A/duck/Viet Nam/TMU024/2009
CY099975
A/duck/Viet Nam/TMU027/2009
CY099976
A/duck/Viet Nam/TMU028/2009
CY099977
A/duck/Viet Nam/TMU029/2009
EU124166
A/Duck/Vietnam/Tien Giang 409/2006

147

Sampling date
2006-08-00
2006-08-00
2006-08-00
2006-08-00
2007-09-04
2007-09-04
2008-03-07
2009-12-18
2009-12-18
2010-02-12
2010-02-12
2010-02-10
2010-02-10
2008-03-07
2008-03-07
2011-03-23
2011-03-23
2011-03-30
2011-04-26
2011-04-26
2011-04-26
2011-04-27
2011-07-14
2010-01-28
2010-01-28
2010-04-23
2010-04-30
2010-04-23
2010-04-23
2008-04-21
2008-04-06
2008-04-01
2008-04-22
2010-12-00
2010-02-00
2010-02-00
2007-02-13
2008-04-10
2008-04-08
2007-01-14
2007-08-23
2008-01-29
2008-01-00
2008-01-00
2010-01-01
2010-01-07
2010-01-10
2010-02-12
2010-02-23
2009-01-09
2009-10-12
2008-02-20
2008-03-07
2009-10-06
2009-10-06
2009-06-16
2009-12-10
2009-10-12
2009-10-12
2009-10-12
2006-12-19

Region Name
SVietNam & Cambodia
SVietNam & Cambodia
SVietNam & Cambodia
SVietNam & Cambodia
SVietNam & Cambodia
SVietNam & Cambodia
SVietNam & Cambodia
SVietNam & Cambodia
SVietNam & Cambodia
SVietNam & Cambodia
SVietNam & Cambodia
SVietNam & Cambodia
SVietNam & Cambodia
SVietNam & Cambodia
SVietNam & Cambodia
SVietNam & Cambodia
SVietNam & Cambodia
SVietNam & Cambodia
SVietNam & Cambodia
SVietNam & Cambodia
SVietNam & Cambodia
SVietNam & Cambodia
SVietNam & Cambodia
SVietNam & Cambodia
SVietNam & Cambodia
SVietNam & Cambodia
SVietNam & Cambodia
SVietNam & Cambodia
SVietNam & Cambodia
Chungcheong & Jeolla
Chungcheong & Jeolla
Chungcheong & Jeolla
Chungcheong & Jeolla
Chungcheong & Jeolla
Yangon
Yangon
Domodedovskiy
Vozdvizhenka
Vozdvizhenka
Domodedovskiy
Sukhothai
Phichit & Phitsanulok
Phichit & Phitsanulok
NEVietNam & RedRiver
SVietNam & Cambodia
SVietNam & Cambodia
SVietNam & Cambodia
SVietNam & Cambodia
Khanh Hoa
NEVietNam & RedRiver
NEVietNam & RedRiver
NEVietNam & RedRiver
NEVietNam & RedRiver
NEVietNam & RedRiver
NEVietNam & RedRiver
NEVietNam & RedRiver
NEVietNam & RedRiver
NEVietNam & RedRiver
NEVietNam & RedRiver
NEVietNam & RedRiver
SVietNam & Cambodia
Continued on next page

Table 4 – continued from previous page
Accession ID Strain name
EU124167
A/Muscovy Duck/Vietnam/Ben Tre 342/2006
GU108226
A/chicken/Vietnam/NCVD-134/2008
GU108227
A/chicken/Vietnam/NCVD-135/2008
GU108228
A/chicken/Vietnam/NCVD-136/2008
GU108229
A/chicken/Vietnam/NCVD-137/2008
JN055363
A/chicken/Vietnam/18129/2009
JN055364
A/Muscovy duck/Vietnam/18151/2009
JN055365
A/chicken/Vietnam/18083/2009
JN055366
A/chicken/Vietnam/18105/2009
JN055367
A/chicken/Vietnam/18106/2009
JN055368
A/Muscovy duck/Vietnam/18152/2009
JN055369
A/Muscovy duck/Vietnam/18153/2009
JN055370
A/chicken/Vietnam/18082/2009
JN055378
A/chicken/Vietnam/27262/2009
JN055379
A/chicken/Vietnam/27265/2009
JN055380
A/chicken/Vietnam/27270/2009
JN055381
A/chicken/Vietnam/27319/2009
JN055382
A/chicken/Vietnam/27306/2009
JN055383
A/chicken/Vietnam/27309/2009
JN055384
A/chicken/Vietnam/27310/2009
JX021299
A/duck/Vietnam/MB2/2007
JX021300
A/chicken/Vietnam/TV98/2008
JX021302
A/chicken/Vietnam/DT382/2008
JX021303
A/duck/Vietnam/ST0970/2009
JX420134
A/Muscovy duck/Ca Mau/1181/2006
JX420158
A/chicken/Bac Lieu/1214/2007
JX420206
A/chicken/Ca Mau/1180/2006
JX420214
A/duck/Bac Lieu/1213/2007
JX420222
A/Muscovy duck/Ca Mau/1185/2006
JX420238
A/Muscovy duck/Ca Mau/1159/2006
CY081032
A/chicken/Vietnam/2/2010
CY081034
A/duck/Vietnam/7/2010
CY081035
A/chicken/Vietnam/4/2010
CY081037
A/chicken/Vietnam/5/2010
CY081038
A/chicken/Vietnam/3/2010
CY081040
A/duck/Vietnam/10/2010
CY095680
A/chicken/Viet Nam/TMU004/2008
CY095683
A/duck/Viet Nam/TMU005/2008
JN055385
A/duck/Vietnam/27329/2009
JN055386
A/duck/Vietnam/27354/2009
JN055387
A/duck/Vietnam/27339/2009
JN055388
A/duck/Vietnam/27373/2009
JN055389
A/duck/Vietnam/27372/2009
JN055390
A/duck/Vietnam/27374/2009
JN055391
A/duck/Vietnam/27386/2009
JN986881
A/duck/Vietnam/QT801/2011
JN986882
A/duck/Vietnam/QT802/2011
FJ602799
A/bar-headed goose/Qinghai/6/2006
FJ602800
A/black-neck crane/Qinghai/7/2006
FJ602801
A/bar-headed goose/Qinghai/8/2006
FJ602802
A/bar-headed goose/Qinghai/9/2006
FJ602803
A/common cormorant/Qinghai/10/2006
FJ602804
A/bar-headed goose/Qinghai/11/2006
FJ602816
A/bar-headed goose/Qinghai/1/2008
FJ602817
A/bar-headed goose/Qinghai/2/2008
FJ602818
A/bar-headed goose/Qinghai/3/2008
FJ602819
A/bar-headed goose/Qinghai/4/2008
FJ602820
A/bar-headed goose/Qinghai/5/2008
FJ602821
A/bar-headed goose/Qinghai/6/2008
FJ602822
A/bar-headed goose/Qinghai/7/2008
FJ602823
A/common cormorant/Qinghai/8/2008
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Sampling date
2006-07-21
2008-09-00
2008-09-00
2008-09-00
2008-09-00
2009-04-08
2009-04-08
2009-04-08
2009-04-08
2009-04-08
2009-04-08
2009-04-08
2009-04-08
2009-04-29
2009-04-29
2009-04-29
2009-04-29
2009-04-29
2009-04-29
2009-04-29
2007-02-20
2008-03-14
2008-03-21
2009-02-18
2006-12-29
2007-01-06
2006-12-27
2007-01-06
2006-12-28
2006-12-27
2010-02-02
2010-02-17
2010-02-23
2010-02-25
2010-02-25
2010-03-06
2008-03-02
2008-03-02
2009-06-22
2009-06-22
2009-06-22
2009-06-22
2009-06-22
2009-06-22
2009-06-22
2011-07-07
2011-07-07
2006-07-18
2006-07-15
2006-07-18
2006-07-18
2006-07-26
2006-08-18
2008-05-24
2008-05-24
2008-06-12
2008-06-25
2008-06-16
2008-06-16
2008-07-13
2008-07-16

Region Name
SVietNam & Cambodia
NEVietNam & RedRiver
NEVietNam & RedRiver
NEVietNam & RedRiver
NEVietNam & RedRiver
NEVietNam & RedRiver
NEVietNam & RedRiver
NEVietNam & RedRiver
NEVietNam & RedRiver
NEVietNam & RedRiver
NEVietNam & RedRiver
NEVietNam & RedRiver
NEVietNam & RedRiver
NEVietNam & RedRiver
NEVietNam & RedRiver
NEVietNam & RedRiver
NEVietNam & RedRiver
NEVietNam & RedRiver
NEVietNam & RedRiver
NEVietNam & RedRiver
NEVietNam & RedRiver
SVietNam & Cambodia
SVietNam & Cambodia
SVietNam & Cambodia
SVietNam & Cambodia
SVietNam & Cambodia
SVietNam & Cambodia
SVietNam & Cambodia
SVietNam & Cambodia
SVietNam & Cambodia
SVietNam & Cambodia
SVietNam & Cambodia
Khanh Hoa
Khanh Hoa
Khanh Hoa
SVietNam & Cambodia
NEVietNam & RedRiver
NEVietNam & RedRiver
NEVietNam & RedRiver
NEVietNam & RedRiver
NEVietNam & RedRiver
NEVietNam & RedRiver
NEVietNam & RedRiver
NEVietNam & RedRiver
NEVietNam & RedRiver
Quang Tri
Quang Tri
Qinghai Lake
Qinghai Lake
Qinghai Lake
Qinghai Lake
Qinghai Lake
Qinghai Lake
Qinghai Lake
Qinghai Lake
Qinghai Lake
Qinghai Lake
Qinghai Lake
Qinghai Lake
Qinghai Lake
Qinghai Lake
Continued on next page

Table 4 – continued from previous page
Accession ID Strain name
FJ602824
A/common cormorant/Qinghai/9/2008
FJ602825
A/bar-headed goose/Qinghai/10/2008
FJ602826
A/bar-headed goose/Qinghai/11/2008
FJ602827
A/common cormorant/Qinghai/12/2008
FJ602828
A/bar-headed goose/Qinghai/13/2008
FJ602868
A/bar-headed goose /Qinghai/14/2008
GQ290463
A/environment/Dongting Lake/Hunan/5-41/2007
GU182142
A/chicken/Hunan/3/2007
GU182150
A/duck/Hunan/3/2007
GU182158
A/chicken/Hunan/8/2008
GU182166
A/duck/Hunan/8/2008
GU182174
A/environment/Hunan/7-73/2008
GU182182
A/environment/Hunan/6-69/2008
GU182190
A/environment/Hunan/6-45/2008
GU182198
A/environment/Hunan/5-25/2007
GU182206
A/environment/Hunan/5-32/2007
GU182214
A/environment/Hunan/1-8/2007
GU182222
A/environment/Hunan/1-35/2007
GU182238
A/environment/Hunan/2-16/2007
GU182246
A/environment/Hunan/2-1/2007
HQ020365
A/bar-headed goose/Qinghai/2/2007
HQ020366
A/bar-headed goose/Qinghai/3/2007
HQ020369
A/great black-headed gull/1/2009
AB523366
A/bar-headed goose/Mongolia/X54/2009
HM006728
A/bar-headed goose/Mongolia/X25/2009
HM006733
A/common goldeneye/Mongolia/X60/2009
HM006735
A/common goldeneye/Mongolia/X59/2009
HM006736
A/ruddy shelduck/Mongolia/X42/2009
GQ386142
A/grebe/Tyva/3/2009
GQ386150
A/bean goose/Tyva/10/2009
KF888538
A/environment/Bangladesh/9675/2011
CY063318
A/great crested-grebe/Qinghai/1/2009(H5N1)
CY046075
A/chicken/India/WB-NIV2654/2008
CY046077
A/chicken/India/WB-NIV2656/2008
CY046079
A/chicken/India/WB-NIV2664/2008
CY046087
A/chicken/India/WB-NIV2805/2008
CY046089
A/chicken/India/WB-NIV2806/2008
CY089468
A/chicken/India/CA0303/2011
CY089470
A/chicken/India/CL03485/2011
CY089472
A/chicken/India/CA0301/2011
CY089474
A/chicken/India/CA0302/2011
CY089476
A/chicken/India/TR0383/2011
GQ917229
A/chicken/India/WB-NIV96526/2009
GQ917231
A/chicken/India/WB-NIV92456/2009
GU083645
A/chicken/West Bengal/82613/2008
HM466695
A/chicken/Israel/65/2010
HQ606466
A/emu/Israel/552/2010
JN582041
A/turkey/Israel/362/2011
JN582043
A/turkey/Jenin/341/2011
JN588824
A/chicken/Cambodia/008LC1/2011
CY098297
A/chicken/Lao/LH1/2010
CY098302
A/chicken/Lao/LH1B/2010
CY098304
A/chicken/Lao/LH2/2010
JQ936695
A/guinea fowl/Yangon/834/2007
JQ936719
A/chicken/Yangon/1023/2007
AB520708
A/whooper swan/Mongolia/6/2009
CY098291
A/herring gull/Mongolia/833T/2009
CY098292
A/tundra swan/Mongolia/1T/2010
CY098293
A/ruddy shelduck/Mongolia/911T/2009
HM006740
A/whooper swan/Mongolia/2/2009
HM006741
A/whooper swan/Mongolia/4/2009
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Sampling date
2008-07-16
2008-07-13
2008-08-08
2008-08-23
2008-08-09
2008-06-16
2007-10-31
2007-10-00
2007-10-00
2008-11-00
2008-11-00
2008-03-00
2008-02-00
2008-02-00
2007-12-00
2007-12-00
2007-03-00
2007-03-00
2007-04-00
2007-04-00
2007-05-10
2007-05-00
2009-05-00
2009-08-00
2009-08-00
2009-08-00
2009-08-00
2009-08-00
2009-06-22
2009-06-22
2011-01-18
2009-05-15
2008-01-21
2008-01-21
2008-01-22
2008-01-23
2008-01-23
2011-03-06
2011-03-06
2011-03-06
2011-03-06
2011-03-06
2009-05-23
2009-03-10
2008-01-25
2010-01-25
2010-05-00
2011-03-06
2011-03-02
2011-01-27
2010-05-00
2010-05-00
2010-05-00
2007-03-00
2007-04-00
2009-05-00
2009-08-01
2010-05-18
2009-08-06
2009-05-00
2009-05-00

Region Name
Qinghai Lake
Qinghai Lake
Qinghai Lake
Qinghai Lake
Qinghai Lake
Qinghai Lake
Hunan
Hunan
Hunan
Hunan
Hunan
Hunan
Hunan
Hunan
Hunan
Hunan
Hunan
Hunan
Hunan
Hunan
Qinghai Lake
Qinghai Lake
Qinghai Lake
Doroo Lake
Doroo Lake
Doroo Lake
Doroo Lake
Doroo Lake
Uvs Lake
Uvs Lake
Dhaka
Qinghai Lake
West Bengal
West Bengal
West Bengal
West Bengal
West Bengal
Agartala
Agartala
Agartala
Agartala
Agartala
West Bengal
West Bengal
West Bengal
EinShemer & Jenin
EinGedi & RoshZurim
EinGedi & RoshZurim
EinShemer & Jenin
SVietNam & Cambodia
Xaythany
Xaythany
Xaythany
Yangon
Yangon
Doitiin Lake
Erkhel Lake
Dariganga
Doroo Lake
Doitiin Lake
Doitiin Lake
Continued on next page

Table 4 – continued from previous page
Accession ID Strain name
HM006742
A/whooper swan/Mongolia/5/2009
HM006745
A/whooper swan/Mongolia/7/2009
HM006746
A/whooper swan/Mongolia/8/2009
HM006747
A/whooper swan/Mongolia/9/2009
KF501061
A/herring gull/Mongolia/834T2/2009
EU401751
A/chicken/Rostov-on-Don/35/2007
EU441929
A/muscovy duck/Rostov-on-Don/51/2007
EU441937
A/pigeon/Rostov-on-Don/6/2007
EU486855
A/starling/Rostov-on-Don/39/2007
GQ338087
A/great crested grebe/Tyva/120/2009
HQ131674
A/great crested grebe/Tyva/22/2010
HQ630838
A/grebe/Tyva/2/2010
JN588816
A/chicken/Cambodia/TKCMB8F/2010
FJ455820
A/environment/Qinghai/1/2008
FJ602806
A/brown-headed gull/Qinghai/3/2007
FJ602807
A/brown-headed gull/Qinghai/4/2007
FJ602808
A/bar-headed goose/Qinghai/5/2007
FJ602809
A/bar-headed goose/Qinghai/7/2007
FJ602810
A/great black-headed gull/Qinghai/8/2007
FJ602811
A/common cormorant/Qinghai/9/2007
FJ602812
A/common cormorant/Qinghai/10/2007
FJ602813
A/bar-headedgoose/Qinghai/11/2007
FJ602814
A/great black-headed gull/Qinghai/12/2007
FJ602815
A/bar-headed goose/Qinghai/13/2007
FJ602866
A/bar-headed goose/Qinghai/1/2007
FJ602867
A/brown-headed gull/Qinghai/6/2007
HQ020364
A/bar-headed goose/Qinghai/1/2010
HQ020376
A/great crested grebe/Qinghai/1/2010
GQ338084
A/black-headed gull/Tyva/115/2009
HQ020367
A/brown-headed gull/Qinghai/1/2009
HQ020368
A/brown-headed gull/Qinghai/2/2009
HQ020370
A/great black-headed gull/Qinghai/2/2009
HQ020371
A/great black-headed gull/Qinghai/3/2009
HQ020372
A/great black-headed gull/Qinghai/4/2009
HQ020373
A/great black-headed gull/Qinghai/5/2009
HQ020374
A/great black-headed gull/Qinghai/6/2009
HQ020375
A/great cormorant/Qinghai/1/2009
FJ868025
A/chicken/Sukhothai/NIAH114843/2008
AB521999
A/bar-headed_goose/Mongolia/X25/2009
AB523767
A/bar-headed_goose/Mongolia/X53/2009
FJ602805
A/bar-headed_goose/Qinghai/2/2007
AB522001
A/common_goldeneye/Mongolia/X59/2009
AB523775
A/common_goldeneye/Mongolia/X60/2009
AB523759
A/ruddy_shelduck/Mongolia/X42/2009
AB523368
A/ruddy_shelduck/Mongolia/X63/2009
AB569348
A/whooper_swan/Mongolia/1/2010
AB569607
A/whooper_swan/Mongolia/11/2010
AB517665
A/whooper_swan/Mongolia/2/2009
AB569609
A/whooper_swan/Mongolia/21/2010
AB569353
A/whooper_swan/Mongolia/7/2010
AB517667
A/whooper_swan/Mongolia/8/2009

Sampling date
2009-05-00
2009-05-00
2009-05-00
2009-05-00
2009-08-01
2007-12-14
2007-12-15
2007-12-14
2007-12-15
2009-06-09
2010-06-00
2010-06-22
2010-01-28
2008-06-12
2007-05-17
2007-05-17
2007-06-19
2007-06-25
2007-07-26
2007-07-15
2007-07-15
2007-08-23
2007-08-18
2007-09-22
2007-05-10
2007-06-22
2010-05-00
2010-05-00
2009-06-09
2009-05-00
2009-05-00
2009-05-00
2009-05-00
2009-05-00
2009-05-00
2009-05-00
2009-05-00
2008-11-00
2009-07-00
2009-07-00
2007-05-10
2009-07-00
2009-07-00
2009-07-00
2009-07-00
2010-05-00
2010-05-00
2009-05-00
2010-05-00
2010-05-00
2009-05-00

Region Name
Doitiin Lake
Doitiin Lake
Doitiin Lake
Doitiin Lake
Erkhel Lake
Gulyay & Borisovka
Gulyay & Borisovka
Gulyay & Borisovka
Gulyay & Borisovka
Uvs Lake
Uvs Lake
Uvs Lake
SVietNam & Cambodia
Qinghai Lake
Qinghai Lake
Qinghai Lake
Qinghai Lake
Qinghai Lake
Qinghai Lake
Qinghai Lake
Qinghai Lake
Qinghai Lake
Qinghai Lake
Qinghai Lake
Qinghai Lake
Qinghai Lake
Qinghai Lake
Qinghai Lake
Uvs Lake
Qinghai Lake
Qinghai Lake
Qinghai Lake
Qinghai Lake
Qinghai Lake
Qinghai Lake
Qinghai Lake
Qinghai Lake
Sukhothai
Doroo Lake
Doroo Lake
Qinghai Lake
Doroo Lake
Doroo Lake
Doroo Lake
Doroo Lake
Dariganga
Dariganga
Doitiin Lake
Dariganga
Dariganga
Doitiin Lake

Table C 4 A list of all sequences used in the phylogeographic analyses. Information are given for the corresponding accession IDs, as well as the date of sampling and the geographic region each sequence was
assigned to. Those sampling dates for which the date of the month was unknown are labelled with -00, and
were assumed to be sampled on the 15th.
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Figure C 3 Phylogeny of AIV H5N1 during the study period. Putative dispersal events are marked as red
dots. Blue dots mark collapsed nodes for better legibility, and the corresponding tips are labelled with the
true sample size. The colour of branches reflects the most probable location.
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Species

Variable Name

Tadorna ferruginea

e l i s p r i ng
e l i f al l
e l i ma x
Stopovers
Track sample size

Anser indicus

e l i s p r i ng
e l i f al l
e l i ma x
Stopovers
Track sample size

PC 1

PC 2

PC 3

-0.348
-0.926

-0.229
-0.233
-0.230
0.877
-0.268

-0.527
-0.524
-0.516
-0.332
0.265

-0.670
-0.741

-0.137
-0.138
-0.144
0.727
-0.642

0.564
0.558
0.556
0.148
-0.197

Table C 5 Loadings on the PCA for the predictors of landscape connectivity for Anser indicus and Tadorna
ferruginea. Shown are only those principal components that were used for the diffusion GLM and explained > 99% of the variation.

A. indicus (PC1)

●

A. indicus (PC2)

●

A. indicus (PC3)

●

T. ferruginea (PC1)

●

T. ferruginea (PC2)

●

T. ferruginea (PC3)

●

0.00

0.25
0.50
0.75
Inclusion probability

1.00 −2

−1

0
eﬀect size

1

2

Figure C 4 Here we show the probability of inclusion of predictor variables included in the second diffusion
GLM using species-specific landscape connectivity. In the right panel, the respective effect sizes of the
predictors are shown as median estimates and the 50% highest posterior densities.
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