
Animal Movement in Pelagic Ecosystems: From

Communities to Individuals

by

Robert S. Schick

Department of Ecology
Duke University

Date:

Approved:

Patrick N. Halpin, Advisor

Andrew J. Read

Dean L. Urban

Francisco E. Werner

Dissertation submitted in partial fulfillment of the requirements for the degree of
Doctor of Philosophy in the Department of Ecology

in the Graduate School of Duke University
2009



Abstract
(Ecology)

Animal Movement in Pelagic Ecosystems: From Communities

to Individuals

by

Robert S. Schick

Department of Ecology
Duke University

Date:

Approved:

Patrick N. Halpin, Advisor

Andrew J. Read

Dean L. Urban

Francisco E. Werner

An abstract of a dissertation submitted in partial fulfillment of the requirements for
the degree of Doctor of Philosophy in the Department of Ecology

in the Graduate School of Duke University
2009



Copyright c© 2009 by Robert S. Schick
All rights reserved except the rights granted by the

Creative Commons Attribution-Noncommercial Licence

http://creativecommons.org/licenses/by-nc/3.0/us/


Abstract

Infusing models for animal movement with more behavioral realism has been a goal

of movement ecologists for several years. As ecologists have begun to collect more

and more data on animal distribution and abundance, a clear need has arisen for

more sophisticated analysis. Such analysis could include more realistic movement

behavior, more information on the organism-environment interaction, and more ways

to separate observation error from process error. Because landscape ecologists and

behavioral ecologists typically study these same themes at very different scales, it

has been proposed that their union could be productive for all (Lima and Zollner,

1996).

By understanding how animals interact with their land- and seascapes, we can

better understand how species partition up resources are large spatial scales. Ac-

cordingly I begin this dissertation with a large spatial scale analysis of distribution

data for marine mammals from Nova Scotia through the Gulf of Mexico. I analyzed

these data in three separate regions, and in the two data-rich regions, find compelling

separation between the different communities. In the northernmost region, this sep-

aration is broadly along diet based partitions. This research provides a baseline for

future study of marine mammal systems, and more importantly highlights several

gaps in current data collections.

In the last 6 years several movement ecologists have begun to imbue sophisticated

statistical analyses with increasing amounts of movement behavior. This has changed
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the way movement ecologists think about movement data and movement processes.

In this dissertation I focus my research on continuing this trend. I reviewed the

state of movement modeling and then proposed a new Bayesian movement model

that builds on three questions of: behavior; organism-environment interaction; and

process-based inference with noisy data.

Application of this model to two different datasets, migrating right whales in the

NW Atlantic, and foraging monk seals in the Northwest Hawaiian Islands, provides

for the first time estimates of how moving animals make choices about the suitability

of patches within their perceptual range. By estimating parameters governing this

suitability I provide right whale managers a clear depiction of the gaps in their

protection in this vulnerable and understudied migratory corridor. For monk seals I

provide a behaviorally based view into how animals in different colonies and age and

sex groups move throughout their range. This information is crucial for managers

who translocate individuals to new habitat as it provides them a quantitative glimpse

of how members of certain groups perceive their landscape.

This model provides critical information about the behaviorally based movement

choices animals make. Results can be used to understand the ecology of these pat-

terns, and can be used to help inform conservation actions. Finally this modeling

framework provides a way to unite fields of movement ecology and graph theory.
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Introduction

0.1 Prologue

Galileo caused quite a stir in the scientific and public arena when he pub-

lished his Siderus Nuncius (The Starry Messenger) in 1610. By showing

that increasing the resolution of observation, a whole new world is revealed. Galileo

wrote:

To whatever region you direct your spyglass, an immense number of stars

immediately offer themselves to view, of which very many appear rather

large and very conspicuous but the multitude of small ones is truly un-

fathomable.1

While I do not deign to imply the work I conducted as part of my doctoral research

is anywhere near as significant as Galileo’s (nor do I wish to be imprisoned for it!),

the theme of better understanding as a result of finer resolution is a central element

of this dissertation. To existing data, I apply finer and finer geospatial and statistical

tools in an effort to understand patterns in nature previously hidden from view.

1 This quote taken from the english translation by Albert Van Helden (1989), as noted in Edward
Tufte’s Beautiful Evidence (2006), Graphics Press, Chesire, CT
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1

Dissertation Introduction

1.1 Rationale

This dissertation focuses on the dynamics of mobile pelagic animals. Through-

out the history of their study inference has been difficult because the animals

are often cryptic and spend a majority of their time underwater. Historically there

have been three main tools for the study of marine mammals (though a 4th - genet-

ics - is fast gaining prominence). Most population assessment efforts come in the

form aerial-, vessel-, and land-based studies that are grounded firmly in line transect

theory (Buckland et al., 2004). The second body of work has come from photo-

based mark recapture methods to identify the patterns of individuals (Katona et al.,

1979). Starting in the late 1960’s (Kooyman and Ponganis, 1998) researchers began

telemetry tracking animals to learn more about physiology, behavior, and movements

during times when the animals were unobservable. This third approach has become

increasingly popular within marine science (Rutz and Hays, 2009), and has yielded

a vast amount of data – see for example http://www.topp.org or Block et al. (2005).

My dissertation research focuses on applying modern inferential techniques to dis-
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tribution and movement data – the latter of which is an underutilized dataset with

respect to modern inference. I will address two themes, with a heavier emphasis

on the second. First, can we use basic sighting data in an effort to understand the

emergent community properties among marine mammal species across a broad ge-

ographic range? Second, how can modern statistical tools yield insight about the

behavior of mobile marine mammals?

When trying to assemble my thoughts on what would comprise a field of behav-

ioral marine spatial ecology, I turned to Lima and Zollner (1996), who argued that

behavioral ecologists and landscape ecologists were primed for “a productive union.”

They proposed that though the scales of study between these two disciplines were

vastly different, the research themes were not. Behaviorists study movement and

habitat selection, as do landscape ecologists. Lima and Zollner (1996) stressed that

by joining forces and imbuing spatial models with more behavior, we are poised

for a broader understanding of the spatial dynamics of large animals. If we remain

convinced of this paradigms’ utility, we face the challenge of applying it to marine

systems. Because marine mammals are simultaneously difficult to study, gather bi-

otic and abiotic “information” at multiple-scales (Dall et al., 2005), and are under

anthropogenic pressure, there exists an opportunity to address this gap with a be-

haviorally and spatially explicit, seascape approach. Though it remains to be seen

whether marine spatial ecologists would benefit from a hierarchical paradigm (Stom-

mel, 1963; Haury et al., 1978; Delcourt et al., 1983; Urban et al., 1987), for a small

intellectual component of what might fully comprise seascape ecology, it is clear

that there is a mismatch between our ability to record movement data on marine

mammals and our ability to effectively analyze them with behaviorally sophisticated

models at seascape scales. It is this gap I will address in my dissertation.

There are two themes, then, that run throughout my dissertation. The first is the

idea of using modern analytical tools in an effort to better understand the ecology of

3



these marine species. The second, and most important is the one mentioned in the

last paragraph, namely the idea of studying movement with process based inferential

models that incorporate more behavior. Using these two themes as motivation for

the analysis, I show what we can learn from an ecological perspective and from a

conservation and management perspective. While I have learned more about the

ecology of these systems, I have also gained insight that is useful to managers across

a variety of systems.

How do the chapters fit together and build a larger whole? One way to think

about this is to look at the nuances of these themes. First, modern analytical tools

like Non-metric Multidimensional Scaling (NMMS) are only recently being applied

at landscape scales (Urban et al., 2002), and never have they been applied at such

a large scale in the ocean. Other large scale ordination approaches like (Reilly and

Fiedler, 1994; Fiedler and Reilly, 1994) or Ballance et al. (1997), have used canonical

correspondence analysis or principal component analysis. Such an approach has

enabled me to examine how communities partition themselves at these large scales.

Though the partitioning details arise from the application of an analytical tool,

they are explained by the biology of individual species. Second, in the movement

chapters I have built and applied a new approach to modeling movement that is

based on biology. While this model or tool is analytically sophisticated, inference

comes from a better understanding of how individuals are behaving - i.e., how are

they making choices about what parts of their habitat are suitable? Continuing with

the partitioning theme, for the monk seals in particular I was able to analyze how

groups in the data make choices about their landscape, which allowed inference on

partitions in behavior at the individual, group, and colony level. Though the tools

used (NMMS and movement models) are very different, and though the analyses

are conducted at different scales, their inferential themes are similar. In addition

the incorporation of dynamic environmental variables into the analysis helps explain

4



partitioning at all levels of the systems. While looking at the map helps generate

hypotheses, all of these analyses help explain the hidden processes that generate

observable patterns.

1.2 Structure of the Dissertation

This document has 6 chapters. Four main analysis chapters follow the introduction,

and the myriad themes of each of those are brought together and discussed in the

conclusion. This chapter (Chapter 1) describes the rationale and overall background

for my dissertation work, as well as the structure of the document.

I started the research for my first full data chapter - Chapter 2 - early in my time

at Duke. Originally this analysis had a very applied focus to it - to compare taxo-

nomic groupings versus community-, or ordination, based groupings. Our research

group under the direction of Dr. Patrick Halpin and Dr. Andy Read was using these

groupings in a large regional cetacean habitat modeling effort, and we wanted to

explore and quantify groupings that emerged from the data in an ordination based

analysis. This was a significant undertaking in and of itself, and the analysis broad-

ened as my research progressed. Eventually the analysis’ goals were to uncover the

structure of the relationships among species from Nova Scotia through the Gulf of

Mexico. I characterized this structure into quantitatively determined groups, and

then examined these groups in relation to other groups and the the environment in

which they are seen. I started with a simple Principal Components Analysis of the

environmental data, and quickly progressed into a standard Q-type analysis of the

species data themselves.

I used NMMS, Mantel tests (regular and group contrast), as well as Classification

and Regression Trees to examine the community structure in each of three different

biogeographic zones: 1) North of Cape Hatteras (NOH); 2) South of Cape Hatteras;

and 3) the Gulf of Mexico. While some ordination work had been done in differ-
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ent subsets of these areas (Hamazaki, 2002; Baumgartner et al., 2001), this effort

represents the first comprehensive analysis of all these data in a common analyti-

cal framework. This work clearly delineates groups in the NOH region that align

with diet based inference on structure in these species (Kenney and Winn, 1986).

In this region I observed clean breaks between onshore fish eating species, and off-

shore squid eating species. Analysis of the data from the SOH region confirmed the

data limitations, and highlights a future management need. Results from the GOM

analysis were the most complex, and for the first time revealed a highly structure

cetacean community. This work highlighted two critical management needs. One is

the need for better identification at the species level, especially for cryptic species

of concern such as beaked whales. The second major need is for more integration of

data gleaned from the required stock assessments into an ecological understanding

of species and group patterns.

Chapter 3 represents the organization of the especially complex topic of move-

ment ecology into a synthetic whole. This is an expansive and rapidly expanding

literature, and this chapter represents my attempt to capture the state of the art

in drawing inference from movement data. Our ability to telemetry tag and follow

animals of all sizes has greatly surpassed our ability to quantitatively understand

the movement process itself. This latter ability, however, has begun to catch up

with the recent applications of modern Bayesian techniques (Jonsen et al., 2003;

Morales et al., 2004; Clark, 2005). Both of these papers were published just before

I started here at Duke, and in many ways this chapter is in response to them. In

addition to reviewing the many types of movement models, which I’ve classified into

non-inferential and inferential, I propose a new movement model that highlights in-

ference on the movement process/behavior itself. Though in some ways this model

represents an incremental improvement, it does represent a substantial change in the

way we think about movement data. Instead of analyzing movement phenomena,
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turn angles and step lengths, with this model we can quantify how an animal makes

the choices it does about the suitability of future patches/locations. This chapter

was published in December 2008 as Schick et al. (2008). The subsequent chapters use

this model to analyze right whale and monk seal movement patterns, respectively.

Though Chapter 4 is the shortest chapter, it represents perhaps the biggest issue.

Here I apply the movement model from Chapter 3 to the only two movement tracks

of NW Atlantic right whales (Eubalaena glacialis) that span the migratory corridor.

Though in this application I use environmental data to help model suitability, the

main focus of the chapter is on the intersection between suitable habitat and the

recently enacted vessel speed restrictions around select shipping ports along the

eastern seaboard (73 FR 60173). Through the application of the model, I derive

estimates of the regression parameters that govern habitat suitability. I show how

this suitability varies as a function of bottom depth, and distance to shore, and most

importantly I conduct a gap analysis to show how much more habitat would be

protected under the original proposed boundaries. Though I only have two tracks,

the results are of critical importance to right whales.

The last analysis chapter (Chapter 5) is an ecological and conservation motivated

study of the movement patterns of the endangered Hawaiian monk seal (Monachus

schauinslandi) in the Northwest Hawaiian Islands. From an ecological standpoint,

I focus first on colony level differences and second on age and sex biased movement

patterns. The colonies are arrayed along a productivity gradient, and I pay special

attention to how foraging distances change along this gradient. From a conservation

standpoint, I explore two threads. The first thread is how movement of females

differs in the colonies with biased sex rations. The second thread in the discussion is

how these results can help inform recolonization efforts at new habitats throughout

the Main Hawaiian Islands. Here I fit the movement model from Chapter 3 to 79

different tracks of monk seals in 5 different colonies (Kure, Midway, Pearl & Hermes,
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Laysan, and Lisianski). I fit the model both at the colony level, and at the group

level, e.g. Midway Adult Males, Midway Adult Females, Midway Juvenile Males,

etc. Because monk seals are benthic foragers, in this chapter I use two covariates:

bottom depth and bottom slope.

I find significant differences in the way in which monk seals in different colonies

perceive and move through their environment. In addition, I explore differences at

the group level, and find significant differences in three colonies: Midway, Lisianski,

and Laysan. These findings are the first detailed analysis of these tagging data,

and they offer unique insights into relocation efforts among this endangered species.

Finally, this is the first application of a behaviorally explicit movement model to a

large marine dataset.

In the Conclusion (Chapter 6) I bring together the threads of the research effort,

and document how my contributions can help push the field forward. Notably, I

discuss how with a modern approach to inference, we can begin to ask increasingly

sophisticated questions about animal movement. The answers to these questions

enable both scientists and managers to understand the impact that future scenarios

– both ecological and conservation – will affect moving animals.
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2

Community Structure in Pelagic Marine Mammals

2.1 Introduction

To uncover community structure and the environmental variables that pattern

such structure, community ecologists have long used multivariate ordinations

(Austin, 1985) and references therein. Multivariate techniques allow ecologists to use

species data to see how species separate out in a community (Austin, 1985). Typi-

cally cluster analysis is used to form groups in multivariate space, and environmental

data are then used to examine what environmental features are correlated with in-

dividual groups (Clarke and Ainsworth, 1993). An understanding of the groups and

their position in environmental space has led to fundamental insights about what

biotic and abiotic forces pattern the distribution of species and communities. Multi-

variate techniques have been used to uncover the niche of species within a community

(Austin, 1985). By arraying species response curves along an environmental gradient,

resource based partitioning can be viewed graphically (Austin, 1985). The concept

of niche is fundamental to ecology and has evolved considerably from its environ-

ment based view originally put forth by Grinnell in 1917. Hutchinson (1957) fully
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developed the theory as a competition based view of resource space. More recently

Pulliam (2000) incorporated source-sink dynamics, and dispersal limitation into a

more fully featured (and less competition focused) view of the ecological niche. Us-

ing (modern) niche techniques (Austin, 1999; Holyoak and Ray, 1999; Pulliam, 2000)

allows us to relate the distribution of species to their fundamental ecological require-

ments. One interesting application of niche is for pelagic animals, which have not

received as much attention. Hutchinson postulated that one would see different hy-

pervolumes for such a species. Clearly pelagic animals, especially those who migrate,

“move from one part of the biotop to another” (Hutchinson, 1957). Visualizing how

these motile species use their environment throughout time, and how their niche may

overlap would significantly enhance our understanding of niche for pelagic animals.

Here I apply standard multivariate ordination techniques to a large dataset on the

distribution and abundance of marine mammals in order to understand community

structure, and environmental relationships therein.

2.1.1 Ordination Examples from the Marine Realm

Though some of the foundational literature in community ecology comes from the

marine realm (Connell, 1961; Paine, 1966), much of this work has been focused on

nearshore applications, e.g. Field et al. (1982); Clarke (1993); Newman et al. (2006).

Relatively little research has been done on the community structure of pelagic marine

organisms, most likely due to the difficulty with gathering such data (Venrick, 1990).

Despite these difficulties, the research in pelagic systems has shown clear gradients

and structure in the following pelagic communities: marine phytoplankton (Venrick,

1982, 1990); marine zooplankton (McGowan and Walker, 1979, 1985); marine birds

(Ballance et al., 1997); and marine mammals (Reilly and Fiedler, 1994; Fiedler and

Reilly, 1994; Hamazaki, 2002; Palacios, 2003; Baumgartner et al., 2001). Venrick

(1982, 1990) conducted experiments on the structure of open ocean phytoplankton
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in the North Pacific and therein found remarkable intra- and inter-season stabil-

ity. McGowan and Walker (1979, 1985) found similar stable patterns in open ocean

copepod communities. Ballance et al. (1997) found a pelagic seabird community

comprised of three types of bird flocks and structured by competition and energetic

constraint. This structure indicates stronger competitors are seen in highly produc-

tive environments, while birds who are lesser competitors but whom possess greater

flying ability are seen in less productive and more distant patches.

Reilly and Fiedler (1994) found clear separation among seven species of dolphins

in ordination space. Along the first ordination axis they found common dolphins

arrayed in cool upwelling habitat with spotted and spinner dolphins seen in warmer

less productive waters (Reilly and Fiedler, 1994). Fiedler and Reilly (1994) used

ordination indices from Canonical Correspondence Analysis on a subset of the data

from Reilly and Fiedler (1994) to derive a habitat quality index (H) that was then

regressed against changes in population abundance. Certain species’ abundance were

correlated with changes in H, including spotted and spinner dolphins (Fiedler and

Reilly, 1994). Though the primary focus of Hamazaki (2002) was on habitat mod-

eling, his analysis included a environmental based clustering of the cetacean fauna

of the western North Atlantic Ocean into four distinct groups – North-Atlantic vs.

Mid-Atlantic and nearshore vs. offshore. For a pelagic marine mammal community

near the Galápagos Islands, Palacios (2003) constructed an ordination of species and

environment and found that two environmental variables correlated with species’

position in ordination space: 1) distance from the Galápagos Islands; and 2) log

transformed Chlorophyll A. Palacios (2003) interpreted an environmental gradient

along this axis moving from cold, nutrient rich waters near to the Islands to warmer

nutrient poor waters farther away from the Islands. Baumgartner et al. (2001) used

canonical discriminant function analysis to examine the distribution of 5 species of

marine mammals in the northern Gulf of Mexico. They found depth to be a pri-
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mary partitioning ecological variable, and in cases of spatial overlap, certain species

partitioned along other variables like depth gradient or zooplankton biomass.

In addition to the difficulty with collecting data on pelagic organisms, two ad-

ditional factors complicate the analysis: 1) their behavior offers unique challenges

- notably they move; and 2) their environment moves as well. For large marine

mammals these hypervolumes (Hutchinson, 1957) are often spatially and temporally

distinct. For example many large whales spend significant and discrete portions of

the year engaged in the following activities: breeding/calving, migrating, and feeding.

Niche requirements for each of these phases at first glance would be quite different.

In some cases (e.g. humpback whales) these behaviors are readily distinguished,

while in others, e.g. right whales in the Gulf of Maine (Kraus and Rolland, 2007),

breeding and feeding can overlap in space and time. If an observation is made of an

individual whale at a single place in time, without additional knowledge of what the

organism is actually doing (feeding, breeding, etc.) then how would one classify its

position in a community?

Classification of pelagic communities then faces specific challenges, notably that

the communities overlap because of movement, life-history requirements, and a dy-

namic environment. Uncovering such structure in the community will give scientists

a baseline reference of the macro-scale community ecology of three different geo-

graphic systems. In addition, it will provide managers with information on the gaps

in existing data collection efforts. For example in the Gulf of Maine, there are rel-

atively fewer sightings of marine mammals in the non-summer seasons owing to the

difficulty with data collection in bad weather. Understanding where those gaps are

in space and time can help managers decide how specific data collection efforts can

enhance our understanding of community dynamics throughout all seasons. By using

ordination techniques we can refine our understanding of species position in differ-

ent communities, and we can graphically see the effect of gaps in data. Here I use
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non-metric multidimensional scaling to understand the structure of pelagic marine

mammal communities. I present static ordination results; I uncover groups in the

data, and I correlate group/community position with environmental features.

2.2 Methods

I use methods laid out in Field et al. (1982), Clarke (1993), and Urban et al. (2002)

to perform a multivariate analysis of these species data. Because I am working

at significantly larger spatial scales than most community ecologists operate at, I

closely followed the methods of Urban et al. (2002). In short, after assembling the

database(s), I performed a 3D nonmetric multidimensional scaling analysis of the

community data, which I plotted on top of interpolated environmental surfaces. Fol-

lowing this ordination, I used group contrast Mantel tests and hierarchical clustering

techniques to find optimal groupings in the species assemblages. Finally, I used

classification and regression tree analysis to assess how these groups are different in

environmental space.

2.2.1 Data Collection & Preparation

Sightings data for individual species were taken from individual datasets (Table 2.1)

provided to the Ocean Biogeographic Information System - Spatial Ecological Anal-

ysis of Megavertebrate Populations project at Duke University (Halpin et al., 2006),

hereafter OBIS-SEAMAP. These datasets include observations from 1991-2005. OBIS-

SEAMAP houses data observed from a variety of different platforms: ships of op-

portunity, vessel-based, and plane-based (Halpin et al., 2006). Regardless of the

platform type, at each sighting I extracted spatially and temporally specific environ-

mental information (see Best et al., 2007 and Best et al., in prep, for specifics of the

data and workflow). Specifically, I used R (Ihaka and Gentleman, 1996) to co-locate

the position of the sighting with each of 5 environmental layers comprised of the fol-
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lowing: 1) sea surface temperature (SST); 2) Chlorophyll concentration; 3) bottom

depth; 4) distance to continental shelf; and 5) distance to shore. For the temporally

dynamic layers, the SST and chlorophyll data were taken from PODAAC (Best et al.,

2007). For the static layers, derived variables, such as distances to specific features,

were calculated using standard GIS processing techniques, e.g. euclidean distance to

a line feature (Best et al., 2007).

To perform a traditional multivariate analysis I assembled a sites-by-species ma-

trix. First I created a spatial layer of 50 km wide hexagons (Figures 2.1, 2.2). I then

intersected these hexagons with the sightings data to create a presence-absence data

matrix comprised of site ID (rows) and species present on that site (columns). I cre-

ated an index of sighting frequency or rarity, which was used to ensure convergence

in certain ordinations. I limited the ordination to the “summer” season, defined as

June through August months. This temporal extent was chosen because most data

are sighted in these months (Best et al., in prep). I created a climatological average

of the species composition during the summer months over all years. I acknowledge

the crucial role time plays in marine systems, but the data are limited, especially

in non-summer months and so I was unable to examine the temporal progression of

species in ordination space over time (within and across years).

I subset the area into three biogeographic regions corresponding to the Gulf of

Mexico (GOM), South of Cape Hatteras, North Carolina (SOH), and North of Cape

Hatteras, North Carolina (NOH) (Figures 2.1, 2.2) to provide consistent convergent

results. These breaks were chosen based an understanding of the physical biogeog-

raphy of the area (Ekman, 1953; Angel, 1979; MacLeod, 2000). Lastly, for NOH I

prepared data frames both with and without rare species (defined as seen on fewer

than 5% of the sites) (See Appendix A for full tabular summary of this). For GOM,

and SOH, the ordination would only converge once the rare species were removed

(see next section for details).
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2.2.2 Ordination

I used the vegan package (http://cc.oulu.fi/~jarioksa/softhelp/vegan.html,

last accessed 4 January 2009) in R (Ihaka and Gentleman, 1996) to perform a tra-

ditional Q-type analysis using nonmetric multidimensional scaling (NMMS). NMMS

uses distance algorithms to “place” species in ordination space; accordingly one needs

a distance or dissimilarity matrix to complete the analysis. I used the Jaccards dis-

similarity metric on the sites by species data frame. I then ran several exploratory

NMS analyses to assess dimensionality of the final solution. Specifically I iterated

from 1 to 5 dimensions for the ordination, and ran the algorithm until convergence

was reached. I then plotted dimensions versus stress to look for ‘elbows,’ or places

where increasing the dimensions fails to greatly reduce the stress (results not shown).

In each of the ordinations, I settled on a 3 dimensional solution. In summary, for the

NOH region I ran a 3D NMMS ordination for all species and for common species,

i.e., rare species (seen on fewer than 5% of the hexagons) removed. For both SOH

and GOM, I ran 3D NMMS ordinations for common species. (See Appendix A for

summary tables of each of the regions. Included in these tables are the “rarity” score

of each species in each biogeographic region.)

2.2.3 Classification

One of my primary analytical goals was to determine if natural groups existed in the

species data. Typically when performing this analysis, one looks for groups of sites

and then the indicator species that characterize those sites (McCune et al., 2002).

Alternatively, one can look for groups in the species data by examining the transpose

of the sites by species matrix. I pursued the latter strategy, for two reasons: 1) I

was using presence-absence data, while indicator species analysis requires abundance

data; and 2) for habitat modeling with data-poor species I was interested in whether

natural groups exist that could increase sample size (see Best et al. in prep). To find
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these groups, I iteratively conducted a group-contrast Mantel test (Urban et al.,

2002) between the species distance in the sites-by-species matrix and the group

distance generated by hierarchical agglomerative clustering with the goal of finding

the highest Mantel R value. A high Mantel R, or correlation value, represents the

optimal number of groups in the data in species space.

My process was as follows. First, I created a species distance matrix using the

Jaccards measure of dissimilarity. This distance matrix shows how dissimilar species

are from one another in terms of their position in species space. Second, I created

a group membership vector using hierarchical agglomerative clustering with group

average linkages. This vector denotes which species belongs to which group. Finally,

I ran a Mantel test between these two distance matrices and recorded the Mantel

R coefficient. In other words, what this test determines is if the distance in species

space corresponds to the distance between groups. In theory there is an optimal

number of groups that maximizes the correlation between these distances. To es-

timate this maximum, I iterated over all possible numbers of groups, i.e., from 2

groups up to the number of species seen in the region, recording the Mantel R at

each point. (Though I did not use the p-values, they were generated with n=10,000

randomizations, and n=1,000 bootstrapped samples.) Plotting Mantel R against

the number of groups yields the “optimal” number of groups present in the species

data (Figure 2.3). Following this finding, I then created the actual group member-

ship vector by specifying the number of groups in the k-means clustering algorithm.

This grouping is used in two subsequent analyses: 1) to denote group membership

in the ordinations; and 2) the classification and regression tree (CART) analysis of

environmental differences among groups in species space.
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2.2.4 Environmental Differences

Once group membership was determined I ran a series of classification and regression

tree (CART) analyses on the data (sensu Urban et al. [2002]) to determine what

environmental factors pattern the different groups. Before running the CART, I

merged the group membership vector with the raw environmental data for each

species sighting. I used the rpart library in R (Ihaka and Gentleman, 1996) to create

classification trees depicting group membership as a function of the environmental

variables. This yields a summary of the groups in the data, and the quantitative

values of the variables that controlled the split, e.g. group 2 is found in water deeper

than 185 m, while group 1 is found in water shallower than 185 m, etc.

Because all of these data exhibit varying degrees of spatial autocorrelation, I used

partial Mantel tests to test group membership as predicted by the environmental

variables while controlling for spatial autocorrelation (Urban et al., 2002). Tests of

these form help answer the following type of question, “are species that are in the

same groups also found in similar environments?”

2.2.5 Classifying Observations at Different Taxonomic Levels

Several of the species sighted throughout the three regions are fairly cryptic, remain-

ing difficult to identify to the species level. This is especially true for some of the

beaked whales (MacLeod, 2000; Macleod et al., 2006; Macleod and Mitchell, 2006).

To increase statistical power researchers have lumped beaked whales (Waring et al.,

2001). I tested the effects of classifying sightings at different taxonomic levels by

running the NOH ordination where all sightings were at the species level, and then

when sightings were lumped at higher taxonomic levels. For example, for beaked

whales at the species level I had three species: Sowerby’s, Cuvier’s and unknown

beaked whales; when lumped all beaked whales were treated as the same.
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2.3 Results

2.3.1 Overview

Only in the NOH region did I have a sufficient number of observations to reach

convergence for both the complete species and no-rare species ordination (Figure 2.4).

From a management perspective we are often interested in the rarest species, yet

when included they tend to dominate the results. The resulting structure often

depicts these rare species alone and far removed from other species in ordination

space, which makes the more common species appear relatively clumped together -

even when there is patterning therein (results not shown). In the SOH region, there

were fewer species seen, and they are naturally spaced in the ordination (Figure 2.5).

Removal of the rare species also yields an ordination where the common species are

relatively evenly spaced with two notable outliers, killer whales and Atlantic spotted

dolphins (Figure 2.6).

2.3.2 NOH

Of the three regions, NOH contained the most data both in terms of effort (not

depicted) and species observations. Because of this I was able to conduct ordinations

on both the complete and rare-species removed datasets, an interesting point of

comparison. Rare species are often of management interest, as it is instructive to

see what other species these rare species are (or more typically are not) sighted

with. However their inclusion tends to make most species seem average, even in

cases where structure naturally exists, that is the presence of the rare outliers makes

other more common species clump together in ordination space (results not shown).

The species are fairly well split along axis 1, with most of the squid eating species

(Kenney and Winn, 1986) to the right (positive along Axis 1), and most of the fish

and plankton eating species (Kenney and Winn, 1986) to the left (negative along
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Axis 1) (Figure 2.4). Certain species are distant from others in ordination space;

these include Atlantic spotted dolphin, the Kogia spp., and pilot whales (Figure 2.4).

(Recall that only the first two axes are shown in the results. The exclusion of the

third axis from view means that certain species, e.g. Kogia, look close when in fact

they are quite distance along the third axis. Color helps denote these differences.)

The fish and plankton eating species are somewhat more tightly clustered than the

squid eating species (Figure 2.4).

Six groups were delineated in this ordination – two large groups, and four small

ones (Figure 2.4). One group comprised of common dolphins, Atlantic white-sided

dolphins, harbor porpoise, minke whales, fin whales, humpback whales, and Northern

right whales is tracking cooler, more productive, inshore waters (Figure 2.4). The

“offshore” species are all Odontocetes: bottlenose dolphins, Risso’s dolphins, sperm

whales, striped dolphins, striped dolphins, pilot whales, and beaked whales. The

remaining four groups are each comprised of a single species: 1) Cuvier’s beaked

whales; 2) Sowerby’s beaked whales; 3) Kogia spp.; and 4) Atlantic spotted dolphins

(Figure 2.4).

By depicting the environmental data as fitted surfaces the relative position of

the groups and the species within those groups can be seen with greater clarity.

The inshore species are in the highest productivity waters (Figure 2.4a), and are

fairly clumped. These species are in the coolest areas, and are closest to shore

(Figure 2.4b,c). However, even though the grouping between inshore and offshore

is apparent, subtleties exist in the chlorophyll response. For example, though the

offshore group is seen in warmer waters (Figure 2.4b,c), there is a distinct gradient in

the response to chlorophyll. This gradient goes from those species in the group that

are seen in the least productive waters (Bottlenose and Risso’s dolphins), through

striped dolphins and sperm whales, to those seen in relatively more productive waters

(beaked whales and pilot whales) (Figure 2.4a). With respect to chlorophyll and
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sea surface temperature, common dolphins, pilot whales and fin whales are seen

approximately midway between the inshore and offshore groups, with fin whales

seen closest to the center of the onshore group (Figure 2.4a,b). In summary, most,

but not all, toothed whales and dolphins are seen father offshore, in warmer, deeper,

less productive waters, while all baleen whales and three odontocete species are seen

closer to shore, in cooler, shallower, more productive waters (Figure 2.4).

2.3.3 SOH

There were no baleen whales seen in the SOH during the summer. In contrast this

region is dominated by a smaller number of Odontocetes, many of which are quite

spread out in species space (Figure 2.5). Three groups exist in the ordination, though

the main group seems the most defined (green circles in Figure 2.5). This group

consists of pilot whales, bottlenose dolphins, Risso’s dolphins, spotted dolphins and

common dolphins. Three species in particular are seen most often by themselves.

These are: Pantropical spotted dolphin, Kogia spp., and beaked whales (Figure 2.5).

In general, the main group tends to be in warmer, lower productivity waters that

are closer to shore (Figure 2.5). Pantropical spotted dolphins are seen in cooler,

more productive waters farther from shore (Figure 2.5). Kogia spp. were seen in the

deepest and warmest waters (Figure 2.5).

2.3.4 GOM

The GOM has the greatest diversity of species, and the ordination results are less

distinctive than the other two areas in terms of differences between groups. Like

the SOH region, species in the GOM region were comprised entirely of Odontocetes.

However, unlike the SOH there was some more discernable structure and grouping in

the GOM (Figure 2.6). One particularly striking patterning variable in the GOM is

depth (Davis et al., 1998; Baumgartner et al., 2001; Davis et al., 2002). In the GOM,
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surveys were conducted across a large depth gradient – indeed many go directly

offshore in rectangular and/or sawtooth patterns (Figure 2.2). Most species in the

GOM are seen shallower than 1050 m; species found in deepest waters include:

rough-toothed dolphins, Pantropical spotted dolphins, sperm whales, and melon-

headed whales (Figure 2.6d). Two species are clear outliers that are seen typically

by themselves: killer whales and Atlantic spotted dolphins (Figure 2.6).

Seven groups were delineated in the GOM (Figure 2.6). The largest group was

comprised of bottlenose dolphins, Risso’s dolphins, Kogia spp. spinner dolphins,

striped dolphins, sperm whales, and Pantropical spotted dolphins (orange circles in

Figure 2.6). Smaller multiple species groups included: a) melon headed whales, and

rough toothed dolphins (dark green circles in Figure 2.6); and b) Clymene dolphins,

dwarf sperm whales, and beaked whales (purple circles in Figure 2.6).

Most of the species are seen in relatively low productivity waters between 0.2

and 0.3 mg/m3 (Figure 2.6a). There is a concave shape to the chlorophyll response

with Atlantic spotted dolphins and Clymene dolphins both seen in the highest pro-

ductivity waters, yet the former is in cool waters, while the latter is in warm waters

(Figure 2.6a,b). In comparison the two outliers (Atlantic spotted dolphins and killer

whales) were seen in similarly productive waters, with killer whales seen in waters

about 0.5◦ C warmer, and 10-12 km farther offshore (Figure 2.6a,b,c). Bottlenose

dolphins are also somewhat isolated in species space, and are frequently sighted in

productive onshore waters (Figure 2.6a,c).

2.3.5 Group Differences in Environment

In the NOH there were two dominant groups (depicted with orange and dark green

colors in Figure 2.4), and the only significant split in environmental variables was

along a sea surface temperature gradient, with the onshore group being found in

waters cooler than 19 ◦ C. This was reflected in the Mantel results - with SST
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having the highest correlation with group difference (Table 2.2). In the SOH, the

primary split in the CART was along a depth gradient (split at 718 m), with a

secondary split at SST values of 29 ◦ C. The Pantropical spotted dolphins and Kogia

spp. were seen primarily offshore (Figure 2.5). In the Mantel results, the strongest

correlations between group membership and the environment were among distance

to shelf (Mantel R = 0.284), and depth (Mantel R = 0.332, Table 2.2). In the

GOM, there was the most environmental structuring in the groups (Figure 2.6). In

terms of sighting frequency on unique sites, groups 2 and 6 are the largest groups

in the GOM. Group 2 is comprised of striped dolphin, Kogia spp., spinner dolphin,

Pan-tropical spotted dolphin, sperm whales, bottlenose dolphin, Risso’s dolphin,

while group 6 is comprised of killer whales and pygmy sperm whales (Figure 2.6).

Generally group 2 is arrayed along an increasing depth gradient as follows: bottlenose

dolphin, Kogia spp., Risso’s dolphin, spinner dolphin, striped dolphin, sperm whale,

Pan-tropical spotted dolphin. Pygmy sperm whales in group 6, are seen in depths

between spinner dolphin and striped dolphin, while killer whales are seen in deeper

waters (Figure 2.6). The strongest patterning variables in the CART analysis were

depth and distance to coast, which matched the Mantel results (Table 2.2). (I include

the full graphical summaries of the CART for each region in Appendix B.)

2.3.6 Lumping vs. splitting

I found that grouping species at higher taxonomic levels caused significant shifts in

the larger identified groups (Figure 2.7). When I lumped beaked whales at higher

taxonomic levels, they occurred generically in the “offshore” group (Figure 2.7);

however when I analyzed the data at the species level two additional groups emerge,

comprised of Cuvier’s and Sowerby’s beaked whale, respectively (Figure 2.4). When

beaked whales are lumped across taxonomic levels the fine scale ecological distinc-

tions are lost (Figure 2.8); when identified at the species level beaked whales separate
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out into distinct ecological niches (Figure 2.4), e.g. Sowerby’s in cooler water than

Cuvier’s, etc. In addition, there are other subtle differences with the right whales and

pilot whales changing their group membership slightly, though in each case (split vs.

lumped) these two species are distant from the other group members (Figure 2.7).

2.4 Discussion

2.4.1 NOH

The most obvious signal in the ordination is the clear distinction between the “on-

shore” species group and the “offshore” species group. The onshore ones are in

cooler, shallower, more productive waters; in clear contrast with the offshore group

(Figure 2.4). These splits are consistent with the diet based partitioning (plankti-

vores, teuthivores (squid eaters), and piscivores) used in Kenney and Winn (1986).

Areas in the western Gulf of Maine were primarily used by humpback whales, fin

whales, right whales, white-sided dolphins, and minke whales – all piscivores save for

the right whale. My results also include Harbor porpoise and saddleback dolphins in

this group. The larger baleen whales have larger ranges than the smaller cetaceans

(white-sided dolphins, Harbor porpoise, saddleback dolphins), but they are known

to feed on prey species concentrated in the Gulf of Maine, such as sand lance (Am-

modytes spp.) (Kenney and Winn, 1986). Harbor porpoise are a coastal species,

and this population is not known to leave the northern Gulf of Maine during the

summer months (Read and Westgate, 1997). Here Harbor porpoise are consistently

seen in the coolest, shallowest, most productive waters, which is consistent with their

life history strategy (Read and Hohn, 1995) and with a diet comprised primarily of

herring (Smith and Gaskin, 1974; Smith and Read, 1992). Though they are plank-

tivores, right whales group with the other large baleen whales (Figure 2.4). Their

primary prey, Calanus finmarchicus is at the base of many fish food chains in the

GOM (Baumgartner et al., 2007), which helps explain their grouping.

23



The offshore group, comprised solely of Odontocetes, is quite similar to the base-

line from Kenney and Winn (1986). In Kenney and Winn (1986) this group is

referred to as the teuthivores, and while this group is more loosely clustered then

the piscivores, the diet based partition is closely aligned with my grouping results

(Figure 2.4). One interesting placement is the pilot whales, only identified to the

genus level, and are approximately split between the onshore and offshore groups

(Figure 2.4). This placement is likely a compromise between the long-finned pilot

whales, typically seen in colder more productive waters, and short-finned pilot whales

typically seen in warmer oligotrophic waters (Payne and Heinemann, 1993). Pilot

whales group with the offshore species, but their apparent distance from other mem-

bers in the group (beaked whales, striped dolphin, sperm whale, Risso’s dolphin, and

bottlenose dolphin) might owe to this taxonomic effect.

Another odonotocete species – bottlenose dolphins – have two ecotypes (onshore

and offshore) (Hersh and Duffield, 1990). The coastal ecotype (Hersh and Duffield,

1990) is apparently not represented in these data. Torres et al. (2003) found any

bottlenose dolphin seen farther than 34 km from the shore is classified as the offshore

ecotype, and the placement here puts bottlenose dolphin well offshore of that distance

(Figure 2.4). Bottlenose dolphins are considered primarily piscivores, but dolphins of

the offshore ecotype are known to eat squid (Barros and Odell, 1990) as well as fish.

In addition the stomach contents of the offshore ecotype frequently contain remains

from deep-water fish families (Mead and Potter, 1990). This may help explain why

the piscivorous bottlenose are grouped with the squid-eaters.

Previous work on the distribution of sperm whales and beaked whales (Waring

et al., 2001) has noted that while both are shelf edge species (Kenney and Winn,

1986), sperm whales are more widespread than beaked whales and are typically seen

in close proximity to the edges of warm core rings (Waring et al., 1993, 2001). Waring

et al. (2001) found that sperm whales were typically seen in warmer waters than
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beaked whales; however their analysis lumped beaked whales across species. Here I

found that Sowerby’s beaked whale was seen in cooler waters than sperm whales, but

that Cuvier’s beaked whale was seen in warmer waters than sperm whales, suggesting

there is fine scale habitat partitioning among these deep diving squid eating species.

The distinctions between beaked whales and SST values observed here, i.e. Sowerby’s

in cooler waters than Cuvier’s, are similar to those reported previously (MacLeod,

2000; Macleod et al., 2006). In addition, both Sowerby’s and Cuvier’s cluster out into

their own unique single species groups. While they are both shelf associated squid

eating species, Sowerby’s are smaller, and it has been posited that size differences

among beaked whales lead to prey partitioning (MacLeod and D’Amico, 2006).

My grouping results are quite similar to a previous cluster analysis (Hamazaki,

2002). Hamazaki (2002) found two primary groups, with two subgroups in each.

He named these groups “Mid-Atlantic” and “North-Atlantic,” with “Mid-Atlantic

Offshore,” “Mid-Atlantic Shelf,” “North-Atlantic Nearshore,” and “North-Atlantic

Shelf” subgroups (Hamazaki, 2002). These major groupings are very similar in terms

of species membership to the ones presented here, save for a few differences. First,

his analysis uncovered four groups, where as mine had six. Second, beaked whales

were lumped in Hamazaki (2002), whereas I split them in my analysis. When we can

identify individuals to the species level among beaked whales, it is clear that each

species occupies its own niche (Figure 2.4). I have common dolphins present in the

onshore piscivorous group, whereas Hamazaki (2002) has it in an offshore separate

group - the “Mid-Atlantic Shelf” group, though of the species in my onshore group

common dolphins are closest to the offshore group. Finally, similar to the results of

Hamazaki (2002), here bottlenose dolphin and Risso’s dolphin are located closely to

each other in ordination space (Figure 2.4). It should be noted that the data used in

Hamazaki (2002) are not as spatially comprehensive as those used here, which leads

to some gaps, e.g. no right whales were present in his results.
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2.4.2 SOH

The SOH had the fewest observations, and as a result, inference on community struc-

ture here is more difficult. Because of a relative lack of survey effort Waring et al.

(1997); Mullin and Fulling (2003), there were notably fewer sightings in the SOH

than the other two areas. Groups emerged from the data (Figure 2.5), but the spac-

ing in the groups no doubt reflects the paucity of sightings. Whereas Risso’s dolphin

and bottlenose dolphin are closely grouped in the other two areas (Figure 2.4,Fig-

ure 2.6), here they are somewhat farther apart. Risso’s dolphin are seen in cooler

more productive waters. Clearly the onshore ecotype of bottlenose dolphin are not

represented in these surveys (Figure 2.5c). While bottlenose dolphins were the most

frequently seen species in the SOH area, it has been found that most bottlenose

dolphins migrate north of Cape Hatteras, and hence into the NOH region, in sum-

mertime (Torres et al., 2005). It is possible then, that the onshore ecotype were in

NOH as opposed to SOH during summer. Like the results from NOH, beaked whales

cluster out into their own distinct niche (Figure 2.5).

2.4.3 GOM

Perhaps the richest and most complex structure in the ordination results was seen

in the GOM (Figure 2.6). GOM had the highest species diversity, the most groups

(7), and significant structuring in environmental space (Figure 2.6). Depth was a

clear patterning variable (Figure 2.6), which corresponds well with previous work

on distributions in the GOM (Baumgartner, 1997; Davis et al., 1998; Baumgartner

et al., 2001; Mullin and Fulling, 2004). Previous surveys have led to an under-

standing of depth partitioning in the GOM, with a gradient as follows: shelf species

(Atlantic spotted dolphin, bottlenose dolphin), upper slope species (Risso’s dolphin,

short finned pilot whales), lower slope species (Kogia species, rough-toothed dol-

phins, spinner dolphins, sperm whales), and oceanic species (striped dolphins, melon-
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headed whales, Pan-tropical spotted dolphin, Clymene dolphins, beaked whales)

(Davis et al., 1998; Baumgartner et al., 2001; Davis et al., 2002). Note that while

a clear trend exists, there is overlap within groups of pelagic species, e.g. Figure

2 in Davis et al. (1998). Within this overlap, species separate on subsequent en-

vironmental variables, e.g. Risso’s and Kogia spp. overlap in depth but differ in

slope and zooplankton biomass with Risso’s seen in high slope environments, while

Kogia are typically seen in areas of higher zooplankton biomass (Baumgartner, 1997;

Baumgartner et al., 2001). (Note especially Figure 6 in Baumgartner et al. 2001.)

Similarly, Davis et al. (1998) have noted that where species overlap in environmental

space, e.g. oceanic stenellids and sperm whales, physiology dictates that the stenel-

lids are restricted to upper portions of the water column (Williams et al., 1993),

while sperm whales could dive deeper.

In general, depth partitioning observed here is consistent with previous work

(Davis et al., 1998; Baumgartner et al., 2001; Davis et al., 2002) with a few exceptions.

Rough toothed dolphins were seen in deeper waters than other lower slope species

(Figure 2.6), while Clymene dolphins and beaked whales were seen in shallower waters

than other oceanic species (Figure 2.6). Differences between the results presented

here and those in previous studies may be due to the different scales of analysis, i.e.

western continental slope (Davis et al., 1998), northern oceanic GOM (Davis et al.,

2002), or the continental shelf (Fulling et al., 2003), whereas the data presented

here were collected over a larger range (Figure 2.2). Differences could also owe to

seasonality in the community and or in the survey effort, leading to certain species

seen more frequently in the summer (Mullin and Fulling, 2004) and some seen more

frequently in spring (Jefferson and Schiro, 1997).

The positioning of species in ordination space is similar to results from Baum-

gartner et al. (2001) with a few differences. Notably in their results, the deep to

shallow gradient was sperm whale, Pan-tropical spotted dolphin, Risso’s dolphin,
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Kogia, and bottlenose dolphin (Baumgartner et al., 2001). My results are similar

with the exception that Pan-tropical spotted dolphin are seen in deeper waters here

(Figure 2.6d). It is important to note the data used in Baumgartner et al. (2001)

are from spring cruises, while here I analyzed summer data. Jefferson and Schiro

(1997) note a reduction in encounter rate of Pan-tropical spotted dolphin as spring

progresses to summer. Jefferson and Schiro (1997) document changes in abundance

for a number of GOM species with the abundance of certain species peaking in dif-

ferent seasons. How these differences would change the ordination results is unclear,

but these temporal differences may help explain the differences between these results

and previous efforts (Baumgartner et al., 2001).

There have been two prior efforts at clustering in the GOM: one used body

size, taxonomy, and shallow water habitat preferences (Davis et al., 2002); and one

used a multivariate technique (CCA) (Baumgartner et al., 2001). Davis et al. (2002)

clustered GOM species a priori into 5 primary groups. As an example, one group was

comprised solely of sperm whales, who are large and deep diving, while another group

was comprised of intermediate size squid eaters (e.g. Kogia, Risso’s dolphin, rough

toothed dolphins). In contrast, my clustering emerged from the data a posteriori,

and the results indicate the difference of the two approaches. For example, rather

than belonging to their own group, in my results, sperm whales are part of the

largest group (Figure 2.6). Davis et al. (2002) also delineated a group comprised of

oceanic stenellids based on phylogenetic similarity. In contrast, I found these species

split across two different groups, with Clymene dolphins more closely associated with

beaked whales and dwarf sperm whales (Figure 2.6).

2.4.4 Overlap

There are macro and micro patterns observed within the results. For example, in

NOH, a clear macro distinction between the groups was noted in the results (Fig-
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ure 2.4). However, even within these groups, there is a fair bit of structure worth

examining. Within each group, several species appear to cluster quite closely in ordi-

nation space. In the “onshore” group seen in NOH, there appears to be a great deal

of overlap (Figure 2.4). In fact this figure is slightly misleading, as the ordination

results presented in three dimensions indicate a fair separation along the three axes

(represented with color in the groups in Figure 2.4). Right whales occur in the most

productive waters (Figure 2.4a), likely because their primary prey Calanus spp. is

much more closely linked to primary productivity than prey items higher up the

food chain. Right whales, humpback whales, harbor porpoise, minke whales, and

white-sided dolphins are all seen in productive waters, while the other members of

the group (fin whales, saddleback dolphins) are seen in warmer, less productive wa-

ters (Figure 2.4). In addition to diet preference, some of this discrimination must be

related to morphological and physiological adaptations (Bowen et al., 2002). Thus

it makes sense that animals with similar “feeding apparatus,” e.g. baleen whales,

all fall into the same group (Bowen et al., 2002). Similarly, species whose primary

prey includes small schooling fish are in the same group (harbor porpoise and minke

whales). Compared to the other baleen whales, the baleen of minke whales is shorter

and better adapted to a diet of fish (Bowen et al., 2002).

2.4.5 Temporal Dynamics

For this study I ignored time within and across years for the following reasons: 1) I

was deliberately trying to generate a baseline understanding of community structure

in cetaceans over a large spatial gradient; and 2) I was limited by availability of data.

I chose to focus on summer because that was the only season with a sufficient number

of observations. Research cruises occur most frequently in summer owing to better

weather, which leads to better sightability. It was not possible to draw comparisons

across seasons or years due to a lack of data.

29



Clearly time is important in pelagic realms. Palacios (2003) showed how indi-

vidual species and community groups shift their spatial distribution over time (see

his Figures 4.4, 4.6, and 4.7). He was able to document progressions across seasons,

but his analysis was limited by data availability, with only 54 (out of a single season

max of 309) sample blocks common to all seasons (Palacios, 2003). Palacios (2003)

speculates the role of large scale oceanographic events like El Niño which significantly

change oceanographic regimes; notably he postulated an increased competition for

space during an El Niño event as favorable conditions for upwelling species is reduced.

Similarly, the loop current is a dominant hydrographic feature in the GOM. The pen-

etration of the current into the GOM changes with time, and has been speculated

to impact the position of individual species, which in turn could change community

structure. In addition there is a seasonal signal to discharge from the Mississippi

River; both of these events have been postulated to affect the environment in a way

that might affect the distribution of cetaceans (Davis et al., 2002).

On longer time scales, Gulf of Maine plankton and zooplankton communities have

shifted in response to NAO dynamics and the freshening of the upstream oceanic

inputs (Pershing et al., 2005; Greene and Pershing, 2007). The long term impact of

these signals is unclear, but the fecundity of right whales has already been linked

to these events (Greene and Pershing, 2007). Should the prey base - the putative

dominant partition of cetacean groups in the Gulf of Maine (Kenney and Winn, 1986)

- change, this will undoubtedly change the community structure of these areas.

2.4.6 Management Implications

Two of the three geographic areas analyzed here have had the benefit of major

research efforts for cetaceans: CETAP for the Northeast (Cetacean And Turtle As-

sessment Program, 1982), and GulfCet I and II for the Gulf of Mexico (Jefferson,

1995; Davis and G.S., 1996; Baumgartner, 1997; Jefferson and Schiro, 1997; Davis
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et al., 1998, 2000; Würsig et al., 2000). No similar effort exists for the area south of

Cape Hatteras (Waring et al., 1997; Mullin and Fulling, 2003). Accordingly, there is

a need for more data collection in the SOH. Additional observations would enhance

our understanding of community structure in this area. In addition, I stress the

need for more sightings in all areas throughout the year. Temporal dynamics are

important, and more data from other seasons would provide a clearer picture of how

communities change through ordination space. Lastly, the groups uncovered herein

can provide a reference for species that are sighted together as well as those that

are frequently sighted alone, e.g. if Risso’s dolphins are observed, one should expect

to see Kogia spp. as well (Figures 2.4, 2.5, 2.6). It is my hope that this effort will

provide an initial baseline for our understanding of community structure in these

three areas.

Finally, a key need in the management of cetaceans is a better understanding

of the beaked whale group (MacLeod, 2000; MacLeod and D’Amico, 2006; Macleod

and Mitchell, 2006; Macleod et al., 2006). These species are difficult to observe

at sea, particularly from aircraft, and are difficult to identify to the species level

(Figures 2.4, 2.8). My results confirm the importance of such fine distinctions. For

example, when animals are identified to the species level, I saw clear partitioning with

the smaller Sowerby’s whale in cooler water than the larger Cuvier’s beaked whale

(Figure 2.4). Although these two beaked whales are relatively close in ordination

space, such differences are likely due to body size and prey partitioning (MacLeod

and D’Amico, 2006). Macleod et al. (2006) have already noted how such taxonomic

lumping can have profound impacts on our knowledge of the distribution of beaked

whales, which could have impacts for how we define, understand, and increase our

knowledge of key areas (Macleod and Mitchell, 2006). Previous workers have called

for future research in these key areas: species identification; surveys in understudied

areas; and finding the factors that determine species ranges Macleod et al. (2006).
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I agree with the importance of this basic research, and hope that this effort offers

additional insight into the ecology and conservation of beaked whales and other

species discussed herein.
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Table 2.1: Summary table of the data sets used in the ordination analysis. Infor-
mation includes the OBIS-SEAMAP Dataset ID, the name of the dataset, and if
available the year the data were collected. More information on each dataset is
available at http://seamap.env.duke.edu/.

ID Dataset Name Year
001 SEFSC Atlantic surveys 1998
003 NOAA Atlantic Cetacean Survey 1992
005 NOAA Atlantic Cetacean Survey 1999
007 SEFSC Caribbean Survey 2000
011 NOAA Caribbean Sea Cetacean Survey 1995
013 NOAA Gulf of Mexico Marine Mammal Survey 1992
015 NOAA Gulf of Mexico Marine Mammal Survey 1993 (Winter)
017 NOAA Gulf of Mexico Marine Mammal Survey 1993 (Summer)
019 NOAA Gulf of Mexico Marine Mammal Survey 1994
021 NOAA Oceanic Gulf of Mexico Cetacean Survey 2000
023 NOAA Oceanic Gulf of Mexico Cetacean Survey 2001
025 NOAA Oceanic Gulf of Mexico Cetacean Survey 1996
027 NOAA Oceanic Gulf of Mexico Cetacean Survey 1997
029 NOAA Oceanic Gulf of Mexico Cetacean Survey 1999
031 NOAA Northern Gulf of Mexico Cetacean Survey 1998
033 SEFSC Gomex Shelf 2001
035 NOAA Eastern Gulf of Mexico Marine Mammal Survey 1994
037 NOAA Northern Gulf of Mexico Marine Mammal Survey 2000
086 NOAA Southeast Cetacean Aerial Survey 1995
087 NOAA Southeast Cetacean Aerial Survey 1992
088 NOAA Mid Atlantic Tursiops Surveys 1995
089 NOAA Mid Atlantic Tursiops Surveys 1995
090 NOAA Mid Atlantic Tursiops Surveys 1995
096 Gomex Sperm Whale Survey
306 Sargasso cruise 2005
322 Hatteras Eddy Cruise 2004
332 Sargasso cruise 2005
298 Summer 2004 and Winter 2005 Cape Hatteras Surveys 2004-2005
065 UNCW Marine Mammal Sightings, Southeastern US 2001
272 UNCW Aerial Survey 1998-1999
360 UNCW Right Whale Aerial Survey 2005-2006
056 NEFSC 1995 AJ9501 (Part I) 1995
058 NEFSC Survey 1997
060 NEFSC Survey 1998
062 NEFSC Survey 1998
107 NEFSC Aerial Survey - Experimental 2002
109 NEFSC Aerial Survey - Summer 1995
111 NEFSC Survey 1991
113 NEFSC Aerial Survey - Summer 1998
288 Harbor Porpoise Survey 1991 (AJ91-02) 1991
290 Summer Marine Mammal Survey 1995 (AJ-95-01 Part II) 1995
292 Joint Deepwater Systematics and Marine Mammal Survey
294 Marine Mammal Survey PE 95-02
296 Marine Mammal Abundance Survey - Leg 1
300 NEFSC aj9902
302 Harbor Porpoise Survey 1992 (AJ92-01) 1992
396 NEFSC Mid-Atlantic Marine Mammal Abundance Survey 2004
398 NEFSC Aerial Circle-Back Abundance Survey 2004
274 The Years of the North Atlantic Humpback Whale
328 Bahamas Marine Mammal Research Organisation On-transect Sightings
329 Bahamas Marine Mammal Research Organisation Opportunistic Sightings
330 Bahamas Marine Mammal Research Organisation Aerial Sightings
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Table 2.2: Mantel correlations between group membership and the five environmental
variables for each of the three regions. Because of the large size of the dataset from
the NOH region, we calculated a bootstrapped Mantel R, which is reported along
with 5% confidence intervals.

Region Variable Mantel R CI
NOH chlorophyll A -0.008 (-0.06, 0.07)

Depth 0.286 (0.21, 0.37)
d2coast 0.288 (0.21, 0.36)
d2shelf -0.032 (-0.09, 0.03)

SST 0.371 (0.28, 0.46)

SOH Variable Mantel R p-value
chlorophyll A -0.051 NS

Depth 0.284 0.0009
d2coast 0.208 0.0007
d2shelf 0.332 0.0001

SST 0.046 NS

GOM Variable Mantel R p-value
chlorophyll A -0.046 NS

Depth 0.083 0.001
d2coast 0.035 0.06
d2shelf 0.027 NS

SST -0.011 NS
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Figure 2.1: Overview figure for the North of Hatteras (NOH) and the South of
Hatteras (SOH) regions. Sampling hexagons are depicted in light grey (NOH), and
dark grey (SOH). Sightings are depicted at the taxonomic guild level with different
color and symbols. Contour lines (200, 500, 1000, 2000 m) are shown in light grey.
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Figure 2.2: Overview figure for the Gulf of Mexico (GOM). Sampling hexagons are
depicted in dark grey, and sightings are depicted at the taxonomic guild level with
different color and symbols. Contour lines (200, 500, 1000, 2000 m) are shown in
light grey.
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Figure 2.3: Results from iterative group contrast Mantel tests between distance in
species space and group space (see text for details). In this example, we ran this test
incrementing upward the number of potential groups in the species data from 2 to
the total number of species seen in the region. At each step, the Mantel R coefficient
was recorded, and we chose the highest R to correspond to the “optimal” number of
groups present in the species data. Here 6 groups were chosen.
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Figure 2.4: Plot of NOH species in ordination space (1st two axes) overlaid on a
fitted environmental surface (grey contour lines). Plots from left to right and top
to bottom: chlorophyll a (mg per m-3); sea surface temperature (◦ C); distance to
coast (km); and depth (m). Species location is marked with two circles, an outer
colored one, and an inner white one. Note small legend at upper left: 1) size of
inner circle corresponds to rarity level, i.e. a fully colored in circle is abundant,
while circles with a thin colored outline are rare; 2) color corresponds to grouping
from group contrast Mantel tests. Species are labeled as follows: ASDO, Atlantic
Spotted Dolphin; BODO, Bottlenose Dolphin; FIWH, Fin Whale; GOBW, Cuvier’s
(Goose-) Beaked Whale; GRAM, Risso’s Dolphin; HAPO, Harbor Porpoise; HUWH,
Humpback Whale; MIWH, Minke Whale; PIWH, Pilot Whale; RIWH, Right Whale;
SADO, Common (Saddleback) Dolphin; SOBW, Sowerby’s (North Sea) Beaked
Whale; SPWH, Sperm Whale; STDO, Striped Dolphin; UNBW, Unidentified Beaked
Whale; UNKO, Pygmy or Dwarf Sperm Whale; WSDO, Atlantic White-Sided Dol-
phin. 38
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Figure 2.5: Plot of SOH species in ordination space (1st two axes) overlaid on a
fitted environmental surface (grey contour lines). Species are colored and labeled as
in Figure 2.4, except for PSDO, Pantropical Spotted Dolphin.
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Figure 2.7: Dendrogram resulting from hierarchical k-means clustering using a
group average linkage for the common species sighted in the North of Hatteras re-
gion. Six groups were determined using group-contrast Mantel tests (see text for
details); rectangles surround groups containing more than one species, e.g., pygmy
sperm whales comprised a group. In b) the dendrogram is a result of lumping sight-
ings across taxonomic levels, i.e. all beaked whales are the “same” species in the
ordination. Same is true for pilot whales, e.g. sightings at the species level are the
same as sightings at the genus level, which lumps short-finned and long-finned pilot
whales. Note especially how lumping the beaked whales moves all sightings into the
“offshore” group (b). Clearly, when we can identify beaked whales to the species
level, they are falling out into distinct ecological niches.
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Figure 2.8: Same plot as Figure 2.4 except results are for sightings lumped across
taxonomic levels. Grouping follows Figure 2.7b. Dark grey arrows denote the new
position of “Beaked whales.” Compare to the positions of Cuvier’s and Sowerby’s
Beaked whales in Figure 2.4.
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3

Understanding movement data and movement
processes: current and emerging directions

Note - this chapter was published in the December 2008 issue of Ecology Letters. Per-

mission was granted on 6 February 2009 by Debbie Wright of Blackwell Publishing

Ltd. to reproduce the paper as part of my dissertation. The full citation is:

Schick, R.S., S.R. Loarie, F. Colchero, B.D. Best, A. Boustany, D.A. Conde, P.N.

Halpin, L.N. Joppa, C.M. McClellan, and J.S. Clark. (2008) Understanding move-

ment data and movement processes: current and emerging directions. Ecology Letters

11:1138-1150.

3.1 Introduction & Motivation

Animal movement has been the focus of much theoretical and empirical work

in ecology over the last 25 years in part because the movement of individ-

uals provides a spatio-temporal bridge between the individual and the population

(Turchin, 1998). By studying the causes and consequences of individual movement,

ecologists have gained greater insight into spatial dynamics at increasingly higher lev-
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els of organization, i.e., patches, populations, communities, and meta-communities

(Bowler and Benton, 2005). Landscape ecologists have focused on the interaction

between individuals and their environment in an effort to understand future impacts

from habitat loss and climate change (Bowler and Benton, 2005). Wildlife telemetry

and GIS have become important conservation and management tools. Researchers

in these fields collect spatial data on movement and on the environment to explore

how the environment controls the movement behavior of animals; the precise mech-

anism of this complex interaction is the object of inference. From these different

perspectives three issues emerge, 1) developing models for realistic movement behav-

ior (Lima and Zollner, 1996; Morales and Ellner, 2002; Morales et al., 2004; Jonsen

et al., 2005); 2) inferring how the organism-environment interaction influences move-

ment processes (Morales et al., 2004; Forester et al., 2007); and 3) inferring movement

itself, when the movement data are incomplete or contain substantial error (New-

man, 1998; Jonsen et al., 2003). We suggest that continued progress in movement

ecology will require that these components be subsumed into process-based inferen-

tial models, i.e., models that have separate stages for the data and the process, and

the parameters that govern both (Clark, 2005). After reviewing models for animal

movement, we describe an approach that accomplishes these goals.

To address the issues facing movement ecologists, a variety of techniques to model

movement have been proposed; these range from mathematical diffusion-based ap-

proaches to likelihood-based statistical approaches. Skellam’s classic work (Skellam,

1951) stimulated substantial interest in understanding spatial dynamics of popula-

tions (Kareiva, 1990; Turchin, 1991, 1998). Statistical approaches that focus on the

interaction between individuals and their landscape have included: fractal analysis

(Dicke and Burrough, 1988; Wiens and Milne, 1989; Milne, 1991); first passage time

(Fauchald and Tveraa, 2003); Lévy flights (Viswanathan et al., 1996); and process-

based movement models (Jonsen et al., 2003; Morales et al., 2004).

44



In this review, we focus on several issues fundamental to movement ecology. First,

we review non-inferential movement models. Because our primary focus is on inferen-

tial process-based models, this section is brief. Next, because we feel its development

can promote further progress, we then briefly review hierarchical modeling. Third,

we review inferential movement models used to address the three main questions out-

lined above. Finally, we discuss a conceptual model for movement data and processes

that builds on process models now in the literature, while exploiting some advan-

tages provided by the hierarchical approach. It includes the organism-environment

interaction, a principle interest of movement ecology. Our goals are three-fold: 1)

to stress the importance and complexity of movement data; 2) to highlight the tech-

niques used to account for the vagaries of such data; and 3) to promote an integral

understanding needed for further progress in this subfield.

3.2 Movement Ecology & Process Models

To analyze and understand a typical movement path, which has distinct movement

behaviors (Fig. 3.1), an ecologist is faced with a potentially confusing variety of mod-

els. While we will focus on inferential models that include data and process stages,

there are many terms applied to non-inferential models that deserve mention. These

include random walks (RW), fractal analysis, first passage time (FPT), Lévy flights,

and multi-behavioral approaches. (Random walks and their diffusion approximations

have been used and applied so widely in ecology that even briefly reviewing them

here would be superficial; for a thorough review see Okubo (1980); Kareiva (1990);

Turchin (1998); Okubo and Levin (2002).) Any of these models could be applied

to the example track shown in Fig. 3.1. A random walk model might be fitted to

these data with habitat specific parameters (Morales and Ellner, 2002; Ovaskainen,

2004). Alternatively, a correlated random walk (CRW) might provide the best fit

for the “migrating” phase of the track (Fig. 3.1) (Jonsen et al., 2005). A Lévy flight
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analysis would pool the observed moves (Fig. 3.1) and graphically fit the data to see

if the steps follow Lévy type behavior (Viswanathan et al., 1996). A similar approach

would be taken with a multi-behavioral model (Johnson et al., 2002b). The many

different types of models applied to such data underscore the fact that movement

data often look similar (Fig. 3.1), and models that might fit equally well could involve

different assumptions or, at least, be interpreted in different ways.

Calculating a fractal index D from a movement path provides a scale-free measure

of the structure in the movement path, or more specifically, a measure of the tortu-

osity of the movement path (Dicke and Burrough, 1988; Milne, 1991; With, 1994).

Typically, 1 ≤ D ≤ 2, which corresponds to straight line movement at the lower end,

and Brownian motion at the upper end. Since landscape ecologists had used frac-

tals to assess spatial structure in landscapes (Wiens and Milne, 1989; Milne, 1991),

analyzing movement paths with fractal analysis afforded the user a way to observe

how D in movement tracks is affected by landscape structure (With, 1994). Though

these methods have been critiqued on technical and philosophical grounds (Turchin,

1996), fractal analysis remains widely used in the movement literature (Fritz et al.,

2003; Nams, 2005, 2006; Tremblay et al., 2007) in large part because of the inherent

desire of researchers to relate patterns in movement to patterns in the environment.

First passage time (FPT) has deep roots in the physics literature and shares some

functional similarity with fractal analysis. In the analysis one centers a window of

radius r on the origin (or current location) of a random walker and records how long

it takes the walker to leave this circle. This time is the mean first passage time,

which scales in non-fractal environments as T (r) ∼ r2 (Johnson et al., 1992). Like

the R2
n metric in the diffusion literature (Kareiva and Shigesada, 1983), T (r) allows

researchers to see how FPT scales with increasing r. Similar to fractal analysis,

a power law analysis of this scaling behavior suggests a scale-invariant view of the

movement process (Johnson et al., 1992). Fauchald and Tveraa (2003) extended this
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analysis by making the link between FPT and search behavior in order to directly link

these movement patterns to landscape patterns. Their hypothesis was that organisms

with higher FPT in certain areas would be exhibiting area-restricted search. After

empirically detecting search behavior with FPT analysis, Fauchald and Tveraa (2003)

could then explore spatial patterns in the environment at these areas of high search

intensity.

In the early 1990’s the statistical physics community noted how Lévy statistics

can be used to study scale invariant patterns observed in kinetic data (Shlesinger

et al., 1993). In an ecological setting, Viswanathan et al. (1996; 1999), were the first

researchers to observe and document Lévy flight patterns in searching organisms.

Lévy flights are the step lengths (measured in time or in geographic distance) in a

movement path and are characterized by a power law distribution P (l) ∼ l−µ, with

1 < µ ≤ 3, where l represents the step lengths. Lévy flights differ from Gaussian

random walks by the fact that under a power law, longer step lengths are (much) more

probable. The case for Lévy flights has been called into question recently by Edwards

et al. (2007). Their arguments focus on three problems with the initial approach of

Viswanathan et al. (1996): 1) the lack of a proper data model for observed flights;

2) low resolution data collection that led researchers to conclude erroneously that

the albatross were making extremely long flights (when in fact they were still on

land); and 3) a non-likelihood based approach to model fitting. Once these problems

were addressed, the researchers found no support for flights in four different datasets

being drawn from a power-law (Edwards et al., 2007), and hence conclude that Lévy

flights are not appropriate for movement data. On the other hand, Sims et al. (2008),

found a good fit between >1 million records of marine animal dive data and Lévy

flights, suggesting that the debate over Lévy flights is yet to play out. Regardless

of the outcome of this debate, it is important to note that researchers have used

these models to try and explain how a Lévy search behavior can be used efficiently
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by foraging organisms. It has been argued that Lévy flight behavior is selected for

as it increases search efficiency (Bartumeus et al., 2005).

This treatment of movement data revisits some issues that emerged in the study

of long distance dispersal (LDD) and population spread (Okubo and Levin, 1989; Kot

et al., 1996; Clark et al., 1999). Fat tailed kernels may fit dispersal data that include

rare LDD events, but the extreme behavior should not be over-interpreted. Power

functions used to account for this extreme behavior are not proper density functions

because they lack finite moments (Clark et al., 1999). The infinite variance of a fat-

tailed dispersal kernel cannot apply to data, and it makes qualitatively unrealistic

predictions (Kot et al., 1996; Clark et al., 2001, 2003). It makes sense to use a

distribution that accounts for occasional fat-tailed movement behavior (Clark et al.,

1999). Power provide “. . . no understanding of the underlying mechanisms.” (Okubo

and Levin, 1989).

Ecologists increasingly recognize the need for more realistic treatment of behavior

in movement models (Lima and Zollner, 1996). This need comes in part from empir-

ical work on movement, which highlighted the mismatch between predictions derived

from CRWs and observed movement paths (Morales and Ellner, 2002). Recognizing

the need for a model that fits multiple behavioral modes to movement data, Johnson

et al. (2002b) employed a model originally developed for the study of foraging or

pecking behavior in zebra finches (Sibly et al., 1990). This model assumed that be-

haviors were bouts whose frequency follows a Poisson process. Johnson et al. (2002b)

fit this model to the frequency of movement rates to determine whether more than

one type of (behavioral) movement processes existed in the data, e.g., processes with

short and long movements. Despite a recent critique of the approach (Nams, 2006),

Johnson et al. (2006) note that their approach is useful to identify “behavioral scales

of movement.” We agree with Johnson et al. (2006) that more research is needed to

detect exact ecological mechanisms that produce the observed movement data.
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3.3 Emerging Perspectives from Inferential Movement Ecology

Whereas the preceding process models lack a data stage, the models reviewed in

this section have stages for both the data and the process. We feel this is a key

decomposition, because it allows the user to infer hidden movement processes on the

basis of incomplete and/or missing data, multiple data sets, or both. We begin the

section with a brief overview of hierarchical modeling, which is followed by a review of

how inferential models have been used to: 1) handle complex behaviors; 2) quantify

the organism-environment interaction; and 3) understand movement processes in

data observed with error.

3.3.1 Hierarchical Bayes for Movement Data and Movement Processes

Advances in hierarchical Bayes (HB) have opened up new opportunities for inference

on biological processes (Gelfand and Smith, 1990; Carlin and Louis, 2000; Wikle,

2003; Clark, 2005, 2007). This inference comes by factoring high dimensional prob-

lems into lower dimensional, conditionally dependent ones (Berliner, 1996; Wikle

et al., 1998; Clark, 2005). Movement data come from a variety of different sensors.

Sensors can include ARGOS tags, radio telemetry, GPS tags, and archival tags, each

of which has strengths and weaknesses and unique error structures. Because of these

error structures, it becomes necessary to separate the data from the process. Using

simple probability rules, we can factor the joint probability distribution of random

variables into a series of conditional probability distributions that are easier to com-

pute. One standard factorization breaks the joint distribution into three stages: a

data stage, a process stage, and a parameter stage, which yields the following poste-

rior distribution:

[process|parameters, data] ∝ [data|process, parameters][process|parameters][parameters].
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Such a factorization works well for movement data for the following three reasons.

First, movement data are typically recorded with error (Jonsen et al., 2003), and

using a data stage allows us to account for different error structures. Second, we

gain a greater understanding of the processes that drive movement by incorporating

the process stage. Finally, having a parameter stage allows for uncertainty in the

parameters at all levels of the model. This type of hierarchical structure allows for

structured complexity (Clark, 2005).

Movement is a complex process that depends on many things. To understand

what drives movement at the individual and population levels, models could accom-

modate up to four elements: (1) a likelihood-based framework that uses distributions

with nite moments; (2) complex process models; (3) a way to separate biotic and

abiotic forcing, e.g., locomotion vs. advection (a problem that is especially acute

in many marine and aerial systems); and (4) the multiple behavioral patterns com-

mon to movement data, i.e., spatial memory, site delity, directed movement, etc.

(Lima and Zollner, 1996; Morales et al., 2004; Jonsen et al., 2005; Armsworth and

Roughgarden, 2005). With the advent of modern Bayes we are poised for substan-

tive advance in how we think about, analyze, and use movement data; indeed initial

forays into this area have been promising (Jonsen et al., 2003; Morales et al., 2004;

Jonsen et al., 2005). Such modern analytical tools will allow us to accommodate

complexity both in the data and in the process, and will afford us a quantitatively

rigorous understanding of this multi-scaled, multi-dimensional process.

3.3.2 Scaling Up Movement Behavior

Lima and Zollner (1996) called for a “productive union” between behavioral ecol-

ogists and landscape ecologists. They argued that though researchers in these two

fields studied similar things, i.e., habitat selection and animal movement, they did

so at vastly different scales. Because much of the theoretical foundation in eco-
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logical diffusion and movement ecology had been developed using invertebrates as

study organisms, and because ecologists were increasingly interested in large scale

organism-environment interactions, Lima and Zollner (1996) argued that we should

develop models with increasing behavioral complexity.

Scale has often been treated spatially (Levin, 1992), i.e., does the pattern observed

at one spatial domain “scale-up” to the next. Such scaling in pattern and process is

a hallmark of landscape ecology. For movement ecologists, recent developments have

highlighted the importance of “scaling-up” behavior. In their work on beetle move-

ment, Morales and Ellner (2002) examined scaling in experimental model systems

(EMS). Though random walk models can successfully describe movement data at

one scale, they may fail to accurately predict the data at larger scales. Morales and

Ellner (2002) examined whether “a random walk framework can be used to trans-

late small-scale, within-patch movement data to larger scale spread in heterogeneous

landscapes.” What they found was that single mode CRW models fail to capture the

observed spatial spread. A better model fit was achieved by incorporating increased

behavioral complexity into the movement model. Such behavioral complexity can

take the form of a model that accounts for “state switching” or one that accounts

for “acclimating” (Morales and Ellner, 2002). For example, with a state-switch an

organism may switch from one behavior type (e.g. foraging) to another (e.g. migrat-

ing) (Fig. 3.1). Their finding has brought about a way of thinking about movement

models that includes not just the landscape-heterogeniety/spatial-scale framework,

but also the importance of including more detailed and realistic behavior into the

movement process (Morales et al., 2004; Jonsen et al., 2005; Patterson et al., 2008).

Ecologists who have incorporated increased behavioral complexity into movement

models have accomplished several things: (1) they have obtained better ts to move-

ment data, i.e., for the location and behavioral state (Blackwell, 1997; Jonsen et al.,

2005; Blackwell, 2003); (2) they have correlated behaviors with landscape features
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(Johnson et al., 2002b,a; Jonsen et al., 2007; Eckert et al., 2008); (3) they have

estimated hidden movement behavior within discrete habitat patches of different

types as well as movement behavior at boundaries (Morales, 2002; Ovaskainen, 2004;

Ovaskainen et al., 2008); and (4) they have observed how the environment can inu-

ence within-state movements as well as switches between behavioral states (Morales

et al., 2004; Forester et al., 2007).

A second key form of scaling comes from using a hierarchical structure that allows

for a probabilistic link from parameters at the individual level to parameters at the

population level (Carlin and Louis, 2000; Clark, 2005). This structure affords one a

population level understanding of particular behaviors by borrowing strength across

the individual datasets (Clark, 2005, 2007). For example, Jonsen et al. (2003) show

how a hierarchical structure reduces uncertainty around specific movement parame-

ters. Morales et al. (2004) (in their Appendix B) present a hierarchical analysis of

10 simulated tracks that depicts individual variation (or “random effects”) within a

population. Such variation can be seen in the individual and population level pos-

terior estimates for specific movement parameters presented by Jonsen et al. (2006)

(see their Figure 3). This hierarchical treatment allowed them to infer individual

behavior in different movement modes as well as make population level inference,

e.g., turtles travel faster during day time while on southward migration.

Despite this progress, much work is needed to account for the types of movement

behavior often observed in long-lived species with spatial memory, learned behavior,

social structure, etc. (Morales et al., 2004; Gautestad and Mysterud, 2005; Mueller

and Fagan, 2008).

3.3.3 Organism-Environment Interaction

Landscape ecologists and conservation biologists have focused considerable effort on

the interaction between individuals and their landscapes. Using GIS, one can overlay
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a movement track on top of a variety of environmental covariates, e.g., elevation,

habitat, sea surface temperature, etc., with the goal of visualizing the observed

interaction. This is often a helpful first data exploration step, but typically we want

to learn more about the quantitative nature of such interactions. Gaining inference is

key to a richer understanding of how the environment controls the observed spatial

behavior of individuals. (In terms of behavior, one could argue that this section

is inextricably linked with the previous section, as a behavioral state can be a key

determinant of organism-environment interaction. While we review them separately

here, we acknowledge the importance of such a link, and we take up their synthesis

further in the model section.)

Many recent efforts have quantified the relationship between movement patterns

and landscape patterns. Ovaskainen (2004) used a diffusion approach to model move-

ment in heterogeneous landscapes. His model was comprised of multiple CRWs with

habitat-specific parameters, boundary behavior, and mortality. A diffusion coeffi-

cient, Di(t), was fitted that varied with time and habitat type j. The boundary

behavior component consisted of a biased movement toward a specific habitat type.

The model is connected to the data via maximum likelihood and the set of partial

differential equations are solved numerically with a finite element scheme. Though

there was not support for a habitat-specific Di(t) in the butterfly data, the model

provides a way to estimate these parameters. The model has been further devel-

oped in Ovaskainen et al. (2008) to include a Bayesian approach in lieu of the MLE

approach of Ovaskainen (2004). This approach yielded separate sex- and habitat-

specific movement rates (in patch vs. in matrix), whose median was similar, but

with a broader range of diffusion rates of butterflies in the patches (Ovaskainen

et al., 2008).

Morales et al. (2004); Forester et al. (2007); Eckert et al. (2008) all provide

examples of how state-space models can be used to quantify the interaction be-
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tween the organism and environment. Unlike the approach of Ovaskainen (2004)

and Ovaskainen et al. (2008), these models specifically model the dynamics of a

time-series of movement steps. Morales et al. (2004) provide a framework for incor-

porating the influence of abiotic structure on movement processes and such hidden

states. They assumed fixed observation error, and explored several models of in-

creasing complexity. Though Morales et al. (2004) caution that even these models

were probably insufficient to capture the full behavior of elk, the analysis provided an

example linking likelihood-based movement models of increasing behavioral sophis-

tication with remotely-sensed landscapes. From an ecological standpoint, Morales

et al. (2004) were able to quantitatively separate “encamped” versus “exploratory”

movements as well as the habitat preferences among elk in the encamped state. Such

an approach allows us to answer an ecological question; under what conditions do

certain movement types occur? In lieu of a switching approach, Forester et al. (2007)

accommodate a multi-scale movement process in the transition equation of the state-

space model by accounting for a) the immediate response of elk to the environment

and b) a longer and temporally autocorrelated index of the behavioral state of the

animal. Eckert et al. (2008) combined the approach of Jonsen et al. (2005) with that

of Morales et al. (2004) to first filter the sightings, and then quantitatively determine

how oceanographic covariates influence movement states. Not only were several of

these measured covariates used differently by turtles in different movement states,

Eckert et al. (2008) also found that turtles of different size classes had different per-

sistence in “fast swimming” modes. Lastly, Johnson et al. (2008), in a continuous

time CRW model, include a drift term that allows for inference on movement that

is influenced by ocean currents. From an inferential standpoint the continuous time

formulation allows for precise spatio-temporal matching between animal locations

and environmental covariates.

Moorcroft et al. (1999, 2006) use telemetry data to parameterize mechanistic
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home ranges in coyotes. Whereas traditional home range analysis largely ignore the

mechanisms that drive movement, and hence space-use by animals, Moorcroft’s mod-

eling approach used both a process stage and a data stage to connect movement data

to the environment. Using a system of coupled partial differential equations whereby

movement is built on two simple biologically-based rules, Moorcroft et al. (1999)

provided steady-state equilibrium estimates of pack-specific home ranges. In a later

model, Moorcroft et al. (2006) compare a model where space-use is topographically

restricted to one where space-use is prey-driven, and find that the prey-driven model

provides a better fit to the data. This model offers several compelling features: 1) it is

spatially explicit; 2) it is likelihood-based; and 3) the movement rules are biologically

meaningful. The model offers a snapshot of animal distribution that accounts for

individual movement, pack-level distribution, landscape features, attraction towards

home range, and conspecific avoidance. While these are not billed as movement

models, the take home message is clear, more focus on the organism-environment

interaction typically yields a better understanding of space use in animals.

Lastly, non-inferential models have been applied to movement data to explore

the population level consequences of organism-environment interactions of moving

individuals (Morales et al., 2005; Mueller and Fagan, 2008). The modeling approach

here used artificial neural networks and genetic algorithms (ANN/GA) to build upon

a more traditional individual based model. Morales et al. (2005) explored how the

same set of movement decisions in different simulated landscapes led to different

emergent movement behavior. For example, heterogeneous landscapes led to in-

creased variability in movement. Whereas Morales et al. (2005) focused more on

organism-environment interactions, Mueller and Fagan (2008) focus on how move-

ments of individuals in response to the distribution of resources translates to popula-

tion level distribution. Mueller and Fagan (2008) note that this modeling approach

can accommodate three typical types of movement behavior: non-oriented, oriented,
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and memory based. Dalziel et al. (2008) extend the approach of Morales et al.

(2005) by combining likelihood with an ANN/GA framework to examine the effect

of resources, spatial memory, and distance on elk movements.

3.3.4 Process-based Inference in the Face of Messy Data

Proceeding from a simple hierarchical decomposition of the data, the process, and the

parameters, we can ask increasingly complicated questions about the features driving

movement processes. This theme was first noted in the ecological movement litera-

ture by Jonsen et al. (2003), who argued that (especially in marine settings) move-

ments are observed incompletely, infrequently, and with error. Accounting for this

error via a state-space formulation enables one to probabilistically filter these move-

ment tracks. It should be noted that state-space models for movement existed prior

to these, but were found primarily in the statistical literature (Anderson-Sprecher

and Ledolter, 1991; West and Harrison, 1997; Newman, 1998; Sibert and Fournier,

2001). Perhaps more importantly, while ecologists’ introduction to SSMs comes from

the statistical and econometrics literature, the field of origin for state-space model-

ing is control engineering, e.g., Kalman (1960), or section 2.1.6 in Hinrichsen and

Pritchard (2005)).

The strength of a state-space model framework is that it allows uncertainty in

both the process and in the observation to be accounted for separately in the estima-

tion process. The model can be thought of as two “time series running in parallel”

(Newman, 1998) – one for the process and one for the observations. For the process

model, one typically assumes the underlying true state x changes over time, but is

hidden from observation, i.e., x is a latent state variable requiring estimation:

xt = f(xt−1) + εt,

where the dynamic state variable (typically) evolves according to a Markov process
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with inherent error that allows for stochasticity (sensu Berliner, 1996). Here εt

denotes error that is not accounted for by the process model f(x). The model

structure for the observations y also includes an observation model with error ωt:

yt = g(xt) + ωt,

where again we assume a generic observation model g(x).

This framework, though seemingly simple, accommodates a great deal of struc-

ture in both the data and the process (Clark and Bjørnstad, 2004; Jonsen et al., 2005;

Patterson et al., 2008). For animal movement data, this flexibility is key because

movement is comprised of multiple behavioral patterns, and multi-scaled interactions

with the environment (Patterson et al., 2008). The movement data themselves are

typically derived from some telemetry method (e.g., ARGOS, GPS, light sensing

archival tags, radio tracking) all of which are marked by complicated non-Gaussian

error in the observation (Jonsen et al., 2005; Royer et al., 2005; Jonsen et al., 2006).

State-space models can be solved numerically with a Kalman filter approach (New-

man, 1998; Forester et al., 2007). Alternatively, a hierarchical form allows for more

complex relationships.

State-space models have greatly advanced the way we think about movement

ecology (Patterson et al., 2008). True movement is observed neither continuously,

nor with complete accuracy. A state-space model accounts for this by making the true

movement data conditionally dependent on the movement process, and the observed

data conditionally dependent on the true data. This is especially important in the

marine realm where the quality of locations returned by satellite or archival tags is

often much lower than on land (Jonsen et al., 2003; Royer et al., 2005).

These models for movement have allowed for inference that would not be possible

under a traditional non-likelihood based approach. Jonsen et al. (2005) showed how
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one can use all the data in a probabilistic framework to build models that partition

movement data (observed with error) into different behavioral modes. Jonsen et al.

(2006), used hierarchical SSMs to infer varying rates of travel speed in leatherback

turtles as a function of time of year and breeding status. Jonsen et al. (2007) linked

posterior estimates of behavioral mode with in situ observations of diving behavior

in leatherback turtles.

While all of these state-space models represent an advance in our ability to model

these types of data, there is room for improvement (Patterson et al., 2008). Notably,

we see a real need for biologically-based transition processes that occur at different

scales, and that account for biotic and abiotic interactions on the movement pro-

cesses. Instead of filtering or classifying the locations and overlaying them on the

environment (Johnson et al., 2002b; Jonsen et al., 2006), we propose that such en-

vironmental interactions or forces be estimated as part of the movement processes

themselves. Including forces within the transition equation may help explain move-

ment behaviors in long lived mammals who undergo migration, have spatial memory,

experience matrilineal learning, are attracted to conspecifics, etc. (Morales et al.,

2004).

3.4 Synthesis & Future Directions

Though movement data are key to a variety of ecological processes, there is room for

refinement. The models reviewed herein have addressed several different and impor-

tant aspects of these processes. For example, the random walk/diffusion framework

has told us a great deal about the spatial dynamics of populations. Findings here

have been key not only to our understanding of the ecology of these systems, but

they have also been instrumental in our understanding of how populations might

respond spatially to threatened or fragmented landscapes (Kareiva and Wennergren,

1995). With the advent of metapopulation biology and landscape ecology, we saw
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a resurgence in interest in spatial processes at the individual level. Researchers in

these fields began to focus on questions of the following form: How does an organism

perceive its landscape? How does it move through that landscape? What happens

to these processes with fragmentation? Many of the phenomenological models (frac-

tal analysis, first passage time, Lévy flights) address these lines of inquiry. These

three families of models share many similarities in that they examine how patterns

in the movement data correspond to patterns in the environment, but these models

typically do not include separate data and process stages. As a result, it is easy

to see how different combinations of movements could lead to the same observed

phenomenon. More importantly, though many of these models arose out of a de-

sire to understand organism-environment interactions, none of these models has an

ability to test for how landscape features actually influence the movement process.

In addition, though our technological progress in wildlife telemetry has progressed

considerably since the late 1980’s (Cooke et al., 2004; Godley et al., 2008), many of

these observations are still made with error (Hays et al., 2001). Accounting for error

in the observations, especially with marine organisms, is critical.

A movement model needs to do several different things simultaneously. First and

foremost it can be grounded in biology, that is, it uses biological information about

behaviorally-based movement processes as opposed to simply looking for variance

in movement patterns. The model can accommodate multiple spatial and temporal

scales, and it can include the multiple inputs that a moving individual is constantly

evaluating (Dall et al., 2005). It could be likelihood-based, and could be structured

according to hierarchy. Lastly, the model should be flexible, adaptable, and useful

for prediction.

HB represents an advance in our ability to model movement for the following

three reasons: 1) a traditional HB structure accounts separately for error in the

process and the observations; 2) it offers a full likelihood-based framework for testing

59



model fit; and 3) it affords the user the ability to borrow strength across the dataset

while estimating parameters. Clearly state-space models have taken full advantage

of this structure. By employing a hierarchical structure one can straightforwardly,

if not necessarily easily, conduct inference on movement processes. Without such a

structure, it is difficult to make inference on the movement process underlying the

inherently messy movement data.

Given the emerging questions in movement ecology as well as the importance

of thinking hierarchically, we present an example model that incorporates the ad-

vances of previous models. Recall Fig. 3.1, which depicted a typical movement path

structured by a combination of short moves in one area with long directed moves

towards another area. These types of paths occur throughout movement ecology,

and ecologists have long applied models to better understand such paths.

To date, most movement models, especially those RW-based inferential models

reviewed here, have modeled the state of the animal, each of which has particular

parameter distributions (Blackwell, 1997; Morales et al., 2004; Jonsen et al., 2005).

In cases where the state is a function of the environment (Morales et al., 2004;

Forester et al., 2007), the environment has been fixed and typically the movement

data are taken as known. There has been little attempt to model the state of the

map in large part because of algorithmic challenges. In WinBUGS (Lunn et al.,

2000) “sampling” the environment (e.g., extracting spatially and temporally explicit

values from remotely-sensed covariates) in cases where true movement observations

are unknown, and/or where the environment is dynamic (e.g., marine settings) is not

possible. Because of the importance of incorporating biotic and abiotic forces into

the process component of the model, the model described here addresses both the

state of the moving individual and its response to the state of the map over which it

moves (Fig. 3.2, 3.3).

Like random walk-based movement models, resource selection functions (RSF)
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(Manly and McDonald, 2002) have been very important in animal ecology. They are

useful for wildlife managers as large-scale predictive tools because they answer the

questions most managers want to know – namely what’s the chance we’ll observe

an animal in any given cell in a landscape? Accordingly, they have earned a well-

deserved place in animal ecology and conservation biology (Johnson et al., 2004).

RSFs are a way to relate observed habitat selection of individuals to a broader

understanding of habitat suitability across larger spatial and temporal scales (Manly

and McDonald, 2002). Many RSF papers use telemetry data as the input, where

visitation is a function of resources. These visitations, or locations, are typically

not treated as autocorrelated moves. Loarie et al. developed and implemented a

temporally explicit RSF for moving pronghorn (Antilocapra americana) (Fig. 3.2)

(Loarie, S.R., M.J. Suitor, R.S. Schick, C.J. Loucks, P. Jones, C. Gates, and J.S.

Clark, Natural and artificial barriers to pronghorn movement choices in the Northern

Great Plains, [manuscript a, in prep]). In this case, the RSF is embedded within the

process equation.

We can further develop this temporally explicit RSF model by considering multi-

state movement paths, i.e., a resident state with no directional movement; and a

state depicted by movement towards another location (Fig. 3.1). In either state,

movements are predicated in space and time in response to habitat suitability, where

the response has some functional form based on environmental covariates. In the

moving state, moves are predicated on the location of the destination, i.e., taxis,

and on environmental covariates along the path. In this model moves are condi-

tioned upon two hidden processes: behavior and organism-environment interaction

(Fig. 3.3).

Formally, the event that an individual i in state m at time t − 1 moves from

location j to k at time t is given by:

61



zijk,t,m = I(si,t−1,m = j, si,t,m = k) (3.1)

Here t refers to discrete time intervals; see Johnson et al. (2008) for a continuous

time formulation of state-space movement model. The indicator function I() is 1

when true, and 0 otherwise. Thus, si,t,m = k is the time specific location k of

individual i on the map. It follows that the observed move zijk,t,m by the individual

is from location si,t−1,m = j to si,t,m = k; s is simply a two dimensional vector of

cartesian coordinates. This movement event has probability distribution:

Pr[zijk,t,m] = Multinom(zijk,t,m|1, θijk,t−1,m) (3.2)

This says the observed move results when the animal chooses one location with

probability θ from a set of available locations. This set depends on the state-specific

suitability of habitat cells. This probability θ describes suitability h of location k,

which varies in time, i.e. the choice set,

θijk,t−1,m =
hjk,t−1,m

N∑
k=1

hjk,t−1,m

. (3.3)

The relative suitability of location k given that individual i is in j is a function of

covariates, e.g., logit(hjk,t−1,m) = Xjk,t−1Bm. Here Xjk,t−1 describes the landscape

covariates of choice k at time t − 1 for an individual located at j, and Bm contains

the state-specific movement parameters for individual covariates, i.e.,

Xjk,t−1Bm = x1,jk,t−1β1,m + x2jk,t−1β2,m + x3jk,t−1β3,m + . . . . (3.4)

Let Lt be the x, y location of the destination patch centroid, and Bm is a vector

of individual parameters, β1,m, β2,m, etc., indexed for each movement state (m =
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0,m = 1). Here we include directionality to to a new location Lt as a covariate

(Fig. 3.4). Imagine that in the “resident” state, the movement depends on the density

of conspecifics, elevation and distance to a road (Fig. 3.4). Hence, directionality to Lt

is weak. Now consider the state switch that changes the importance of the covariates.

Distance and direction to the new location Lt may become more important. That is,

when m = 0 the covariates are related to local habitat suitability, e.g., β1,m=0 relates

to conspecific density, β2,m=0 relates to elevation, etc. (Fig. 3.4). Following the

state switch, (Bm=1), the habitat suitability is governed by a new set of parameters.

Advection towards Lt becomes important and the animal balances taxis with local

choices while moving.

This suite of behaviors covers the classic example of area-restricted search in a

favorable location (m = 0), followed by taxis towards the next destination (m = 1).

More importantly we now have a direct way to gain inference on these behaviorally

and map-dictated processes and the parameters that govern them.

The full model summary is as follows:

p(βm,m | z) ∝
n∏
i=1

T∏
t=1

Multinom(zijk,t,m|1, θijk,t−1,m) · Nt(0, σ2), (3.5)

where z are the observed data, and m is the vector of behavioral states. For the

priors we use non-informative truncated multivariate normals for Bm centered on

zero with large variance, σ2. Loarie et al. (see Loarie, S.R., R.S. Schick, M.J. Suitor,

C.J. Loucks and J.S. Clark, Environmental constraints on pronghorn migratory be-

havior in the Northern Great Plains, [manuscript b, in prep]) applied this model to

explore how habitat suitability and movement choices differ between the “resident”

and “migrating” phase in pronghorn antelope. The model combines environmental

covariates greenness, snow, roads, and rivers with direction and distance of move-

ment. During the migratory phase, results described not only the rapid northerly
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movement, but also the increased tendency to move into snow covered areas and

to cross roads than when in the resident phase. By incorporating dynamic spatial

covariates Loarie et al. (manuscript b, in prep) quantified a balance of processes

affecting local movement in combination with migratory dynamics at coarse scales.

For the full model development, implementation, and application of this model to

data, we refer to reader to Loarie et al. (manuscript b, in prep).

Several key differences emerge in a comparison to a RW-based process model.

Here we explicitly model how the state, location, and suitability for the individual

and the landscape govern choices the animal makes about moving from place to place

(Fig. 3.4). That is to say, instead of a multiple CRW model, which yield posterior

estimates of random movement in different landscape types, here we model how

those landscape types actually influence the movements (see the boxes for the β’s in

Fig. 3.4). In comparison to a biased CRW (Marsh and Jones, 1988), which accounts

for directed random movement to a location, the model presented here accounts for

the timing of that influence (i.e., the states), as well as choices along the path towards

Lt (Fig. 3.4). Of course uncertainty arises in many places in movement modeling,

including the uncertainty in suitability h. There can exist a range of how well we

know an individual covariate. Certain habitat classification maps derived from a

remotely sensed product can propagate errors in spatial location, reflectance, and

the classification itself. In some cases these errors can be larger than the errors in

animal location. Accounting for this error could be important, and while it increases

the dimensionality of the model, it can readily be accomplished in the model proposed

above.

One of the primary algorithmic difficulties faced by a practicing movement ecol-

ogist is the interface between the map and the animal. At each time step the animal

samples and monitors in parallel its environment and its behavioral state and then

makes movement decisions (Gautestad and Mysterud, 2005). In a Gibbs sampling
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framework the proposed location must sample the “map” and this sampling is not

straightforward with the widely used HB program WinBUGS (Lunn et al., 2000). We

note this because as WinBUGS code for movement models is increasingly published

with the papers (Morales et al., 2004; Jonsen et al., 2005), it can be relatively easy

to apply these models to movement data. When faced with a dynamic map, missing

data and observation error we can use R, Matlab, or other computing languages.

Many models (analytical, phenomenological, or statistical) include efforts to ac-

count for difcult components of an average movement ecology problem. The model

presented here is incrementally more sophisticated. We do believe that it builds on

the strengths of previous models, while offering an important new component: the

response of a moving individual to a dynamic environment. In addition to sampling

the map, the process component differs from inferential models that are based on

random walks (e.g., Blackwell 1997, Ovaskainen 2004, Morales et al. 2004, Jonsen

et al. 2005), including instead a multinomial choice model. We are interested in

how the animal is choosing to move as a function of the environment and behavioral

state. Rather than basing state-specic moves on random walks [including correlated

random walks, biased correlated random walks (Marsh and Jones, 1988), or multiple

random walks (Morales et al., 2004)], in this model the animal is actively monitoring

the state of the map in addition to its own internal state and making state-specic

choices. One way to think of this is as a resource selection function embedded within

a movement model. Whereas Moorcroft and Barnett (2008), used RSF’s embed-

ded within a mechanistic home range model, here we have one embedded within

a movement path. In addition to the model presented here, others have taken a

similar approach. Christ et al. (2008) have developed a similar RSF-type approach

using a likelihood that is based on a bivariate normal, as opposed to the multinomial

approach used here. Their model also includes a home range component. From an

inferential standpoint, when t to telemetry data the model developed by Christ et al.
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(2008) outputs a utilization distribution from posterior estimates of site fidelity and

habitat selection. With such an RSF-type framework, we can easily propose multi-

ple behaviorally explicit movement process models complete with switching models,

and let the data be the arbiter of the models. In addition we can begin to ask

behavioral and landscape specific questions about the organism-environment inter-

action. For example, the extension to multiple states, each with a behavioral and

or (dynamic) landscape-mediated switch probability is straightforward. We feel that

this framework addresses many of the key themes for ecological inference in move-

ment systems, while remaining flexible enough to be tailored to multiple tagging

technologies in both marine and terrestrial systems.

3.5 Conclusions

We have argued that further progress in movement ecology can focus effort on the

movement process itself. Without separating the data from process, inference is

difcult. In addition, we have argued for the need to understand both the state of the

organism as well as the state of the environment through which it moves. Clearly it is

important to account for complexity in the data and the process, especially where this

process is in response to the environment. HB offers a structure that accounts for

this complexity by factoring multidimensional problems into simpler conditionally

dependent ones. We have stressed a need to formulate biologically-based process

models that a) account for multiple behavior types, b) incorporate what we know

about how the environment drives movement processes, and c) account for the often

messy data we collect on movement. While we have stressed the need for more

biology in the movement process, we also recognize the importance of a data stage,

i.e., a way to handle observation error. Though tagging technology continues to

improve, certain tag types (e.g., archival tags) have large observation error that must

be accounted for explicitly. By also accounting for the “map,” we better understand
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how the landscape (or seascape) affects individuals.

We believe that implementing the conceptual framework outlined here will lead

to greater ecological insight about why animals move. Learning more about how

multi-scaled interactions with the environment inuence movement will enhance our

understanding of the effects of habitat fragmentation and loss on population size and

structure. With a better understanding of the movement mechanisms, we can take

advantage of the huge tagging datasets now available to gain much needed insight

into the ecology and conservation of mobile species.

Area Restricted Search

Patch Departure

Taxis

Patch Immigration

Figure 3.1: Here we depict a cartoon that captures typical movement behavior,
including: area-restricted search, patch-departure, taxis towards a new location, and
patch immigration.
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Figure 3.2: A movement path for a migrating pronghorn in Alberta, Canada. The
path begins at t = 1 and ends at t = 186. Each location is 4 hours apart. The
red areas are estimates of 3 missing locations. The arrow from t = 100 to t = 101
illustrates a single choice. The choice set for this choice includes the 445 pixels
centered on the animal’s location at time t = 100. The background shows greenness
and a river. (Figure from Loarie et al., manuscript a, in prep.)
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Observed 
Movement Path

Observed Environmental
Covariates

Observed Patch 
Centroids

Data

Behavioral 
State

True Movement
Path

Habitat
Suitability

Perceptual
Range

Process

Population Effects

Hyperparameters

Perceptual Range:
Distance Kernel Individual Effects

Behavioral State:
Phenology, 

Distance to Patch

Parameters:
Observation Error

Parameters

Habitat Suitability:
Ind./env Interaction

Figure 3.3: Following Clark (2005) we diagram the conceptual model in 4 stages:
a data stage, a process stage, a parameter stage, and a hyperparameter stage. Con-
ceptually we propose making inference on the true (hidden) movement process based
on (hidden) habitat suitability, (hidden) behavioral state, and perceptual range. The
data stage consists of the observed path, a set of spatially and temporally explicit
covariates, and inferred patch centroids (though these are taken as known, they could
be estimated – see text for details). The process stage for the model consists of a true
movement path that is based on an estimated behavioral state, a relationship to the
dynamic covariates, and an estimated perceptual range. Finally we have parameters
for the data, the process, and a hyperparameter stage that accounts for population
level effects.
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hjk,t-1

sk,t

Lt

x2

sj,t-1

β2,m=0
x1

x3

β2,m=1

Figure 3.4: Here we repeat the movement path from Fig. 3.1 in an effort to high-
light the potential results from the conceptual model. Movement behaviors depicted
include: area-restricted search, taxis towards a new location Lt, and area-restricted
search at the new location. Consider the following organism-environment interaction
scenario addressed by the model. An animal moves from location sj,t−1 to sk,t; here sk
corresponds to a two dimensional vector of cartesian location coordinates of location
k. For visual clarity, we drop the index for individual and state. These moves are
made according to some normalized habitat suitability hjk,t−1, which describes the
suitability of the landscape at position k given that the animal is currently at j. This
suitability is comprised of a state-specific vector of covariates Xjk,t−1βm. hjk,t−1 can
be based on any number of covariates; here we depict 1) location of conspecifics x1,
2) elevation x2, and 3) distance to a road x3. Once the animal has switched move-
ment states, moves are still evaluated based on covariates, but now we explicitly
model taxis as a function of direction to Lt (here taken as known - though it could
be estimated). Lastly, the cartoon documents what state-specific posterior estimate
of the β’s could look like (two boxes at right). For example, in the each movement
state the animal evaluates suitability that includes elevation. In the resident state
values across a wider range are plausible, while in a moving state, the values are
much more constrained. 70



4

Striking the Right Balance in Right Whale
Conservation

Note - this chapter is currently formatted as a “Rapid Communication” type article

for review at Canadian Journal of Fisheries and Aquatic Sciences

4.1 Introduction

Despite many years of study and protection, the North Atlantic right whale

remains on the brink of extinction (Fujiwara and Caswell, 2001; Kraus et al.,

2005). Though a more complete understanding of right whale movement, feeding

and distribution patterns on their northern foraging and southern calving grounds

has emerged (Kraus and Rolland, 2007), space used by right whales along their mi-

gratory corridor remains almost entirely unknown. This lack of knowledge impedes

management of the most vulnerable segment of this critically endangered species,

namely pregnant females and nursing mothers. As right whales migrate they pass

several of the largest ports on the eastern seaboard (Knowlton et al., 2002), (Fig-

ure 4.1). Ship strikes are one of the primary factors limiting recovery of this species;

more than a quarter of known ship strike mortalities for right whales occur in this
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region (Knowlton et al., 2002). Knowledge of how right whales perceive and move

through this area will help inform the risk of ship strikes near these ports. Accord-

ingly I fit a new movement model to the migratory paths of two female right whales

to estimate habitat suitability along the Mid-Atlantic corridor. In fitting this model

I emphasize: 1) the general suitability of this important migratory corridor; and 2)

the spatial relationship between habitat suitability and recently enacted vessel speed

restrictions near shipping ports along the east coast (73 Federal Register 198, 2008).

4.2 Data

The data used here come from portions of movement paths from two female right

whales: NEA 1812, tagged in 1996 (C.S. Slay, and S.D. Kraus, unpublished data),

and NEA 2320, tagged in 2000 (Baumgartner and Mate, 2005). NEA 1812 is a

reproductively active female at least 20 years old. She was first identified in Roseway

Basin on the Nova Scotian Shelf in September of 1988, and was last seen in August

of 2008 in the Bay of Fundy. NEA 1812 was accompanied by a newborn calf at

the time of tagging. NEA 2320 (“Piper”) is a reproductively active female first

identified in January of 1993 off Florida and last seen in March of 2008 in Cape

Cod Bay. The ages of both whales were estimated from sighting data in The North

Atlantic Right Whale Catalog (http://rwcatalog.neaq.org/Default.aspx, last

accessed 12 December 2008.) The track of NEA 1812 originated off Fernandina

Beach, Florida on 21 February 1996, and ended in the Gulf of Maine (GOM) on 2

June 1996 (Figure 4.1). The track of NEA 2320 originated in the Bay of Fundy on

11 August 2000, and ended just north of the calving grounds in Florida and Georgia

on 15 December 2000 (Figure 4.1). In both cases I ignored the GOM portion of

the tracks, because this comprised a demonstrably different behavioral state, and

locations were no longer in the migratory corridor. For NEA 1812, 47 locations

spanned the calving ground and migratory corridor; for NEA 2320, 16 locations
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spanned the migratory corridor. I included the calving ground for 1812 because

right whales in this area are known to be close to shore and in shallow waters. NEA

1812 transmitted for 103 days and covered 2,676 km (average of 26.0 km/d). NEA

2320 transmitted for 127 and covered 5,612 km (average of 44.2 km/d).

4.3 Methods

To these data I applied the Bayesian movement model from Chapter 3 and Schick

et al. (2008) that embeds a resource selection function (Manly and McDonald, 2002)

inside a movement model in an effort to infer the parameters governing relative

habitat suitability, h, where h is a function of environmental covariates. That is,

how does the suitability of the patch chosen differ from those the animal could have

chosen to visit? I modeled suitability as a function of two environmental covariates,

depth and distance to shore, including both linear and quadratic terms for both. The

model exploits observed movement relative to the options available as the basis for

inference on habitat preference.

Because this model assumes equal time intervals between locations I fit the model

from Jonsen et al. (2005) to the data as a first stage filter. I then buffered positions

along this estimated true path to compare actual location visited at time t versus

a range of possible locations within the buffer. I chose a 100 km spatial buffer

around each location time t because this distance slightly exceeded the maximum

daily distance covered by the individual whales (97 km). Using GIS I sampled two

environmental covariates – water depth and distance to shore – at each of these

possible locations along the path of the individual, as well as at each patch within

the buffered track (Figure 4.1, inset). I chose these covariates from first principles;

it is unclear whether migrating right whales respond to dynamic covariates like sea

surface temperature. In certain cases where shorter moves by the animal resulted

in overlap of the spatial buffers, a separate time index was derived for each of the
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points. For example, at time t = 3 there were, say, 100 possible locations. At t = 4

the locations were also 100, but since the animal only moved 5 km, 90 of these 100

possible locations were the same as the previous time step. In this case I calculated

and kept the space and time index of each patch in relation to when it could have

been visited by the moving animal (Figure 4.1, inset). After this GIS work, I had

two data structures: 1) the x, y, t locations along the actual path along with the

sampled covariates and a patch index; and 2) the covariate values, the patch indices,

and x, y, t locations for each location within the 100 km along the buffered tracks. I

then exported these to R for fitting of the movement model from Chapter 3. (See

Appendix C for the R code to read and process the data and then to estimate the

posterior parameters for the β’s.)

I then built upon these two covariates by separately calculating quadratic terms

for both water depth and distance to shore. I used quadratic terms to see if there was

an optimal range for each of these covariates. In addition, I calculated the distance

from the animal’s position at time t−1 to the current location of possible patches at

time t. This allowed me to make inference on how distance from the animal affects

suitability of the depth and distance to shore covariates.

I used these covariates and regression parameters to model the suitability h of

areas along the track. At each point along the movement track, the animal chooses

one location of many possible locations. I used a multinomial for the likelihood based

on the assumption that the animal chooses the location with probability θ. θ was

mechanistically derived from the relative suitability h of the visited patch. h was

normalized by dividing by the sum of h for all other patches. h had a functional form

Xβ. I constructed X above, and in a Gibbs sampling framework, I propose β’s using

a truncated multivariate normal distribution centered on current values. I accepted

proposed values with a Metropolis step. I derived and used an empirical covariance

matrix for this multivariate distribution. I started with a default covariance matrix
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and then twice calculated and employed the empirical covariance matrix after 1,000,

and 100,000 steps through the Gibbs sampler. I used uninformative flat priors cen-

tered on 0 with large variance. I ran the Gibbs sampler for 250,000 steps, saving the

thinned last 150,000 values. I calculated summary statistics for each of the posterior

estimates of the parameters. To display habitat suitability I used median estimates

of the regression parameters, and plotted estimates of suitability around each point.

For the global suitability, I fixed distance, and depth at their mean values, while

calculating suitability as a function of distance to shore.

Results from the two migratory tracks analyzed here (whales NEA 1812 and

NEA 2320) indicate that the estimate of habitat suitability should be revised farther

offshore (Figure 4.2a). In particular, NEA 1812 a migrating female with a newborn

calf, occurred relatively far offshore during some points in her migration (Figure 4.1,

Figure 4.2a). This means that the migratory corridor may be broader than originally

thought (Figure 4.2) (Knowlton et al., 2002).

I estimated habitat suitability around all seasonal management areas (SMA) (73

Federal Register 198, 2008) in relation to the new 37 km (20 nautical miles) speed

restriction buffers and earlier proposed 55.6 km (30 nautical miles) buffers (71 Federal

Register 122, 2006). My analysis indicates that the enacted SMA boundary covers

only a small portion of suitable habitat. Enacting the original proposed zones over

the Mid-Atlantic would protect an additional 15,453 km2 of suitable habitat (3,004

km2, 3,042 km2, 2,052 km2, 2,188 km2, and 1,761 km2, around Southeastern US,

Morehead City, Chesapeake Bay, Delaware Bay, New York/New Jersey, respectively)

(See detailed views for Chesapeake Bay and Delaware Bay, Figure 4.2b, c). I prefer

the contiguous border for the SMA from Savannah to Wilmington (Figure 4.1), but

feel it would be improved by extending the boundary the full 30 nautical miles from

shore.

By taking a new approach to inference, I find that habitat suitability for migrat-
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ing right whales extends farther offshore than previously thought (Knowlton et al.,

2002). In addition, I show the original proposed boundary of 30 nautical miles would

protect significantly more suitable habitat near ports. Future management and con-

servation activities should take these two findings into account. While I cannot draw

too much inference from analysis of two tracks, I note the following. First, the entire

population is extremely small, comprised of approximately 300-400 individuals, so

two tagged reproductively active females represents a significant portion (3%) of the

most vulnerable segment of the population (current estimate is 97 breeding females,

personal communication, Philip Hamilton, New England Aquarium). Previous esti-

mates of population viability have stressed that population growth will become pos-

itive if even 2 females per year can be saved (Fujiwara and Caswell, 2001). Second,

the migratory section of the species’ range is the least understood, but is critically

important to pregnant females migrating southward from the Gulf of Maine to calv-

ing grounds, and for mothers with newborn calves migrating northward to feeding

grounds. Because these north- and southbound migrations pass close to several of

the largest shipping ports on the eastern seaboard, and because a substantial number

of ship strike mortalities occur in this area (Knowlton et al., 2002), I argue that the

speed restriction boundaries should be revisited. While I am not estimating risk of

ship strike, previous work has documented the successful reduction in risk of ship

strike to right whales with a combination of traffic separation schemes and speed

restrictions (Vanderlaan et al., 2008; Fonnesbeck et al., 2008). Incorporating the

results presented here in conservation and management schemes will protect larger

portion of right whale habitat in this critical yet understudied area of their range.
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Figure 4.1: The portions of two movement paths that cross the migratory corridor
are depicted in relation to the proposed (red) and enacted (orange) Seasonal Man-
agement Areas (SMA). Whales shown are NEA 1812, tagged off Fernandina Beach,
Florida in February of 1996, and NEA 2320, tagged in the Bay of Fundy (BOF) in
October of 2000. Light grey circles indicated SSM filtered estimates Jonsen et al.
(2005) of 1812’s track; darker grey circles depict 2320’s track. Major ports (in beige)
are symbol coded according to TEU (Twenty Foot Equivalent Units, 1 TEU ap-
proximately represents the capacity of a standard shipping container, or 1,360 ft3)
from the United States Army Corps of Engineers, Navigation Data Center (http:
//www.iwr.usace.army.mil/ndc/wcsc/by_portname06.htm, website last accessed
19 February 2009). Inset map shows the last 4 locations of NEA 2320s track in blue
with the buffered track shown in light to dark reds surrounding each point.
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Figure 4.2: Depicted are posterior estimates of suitability as a function of distance
to shore across the whole path (a) for NEA 2320 (blue line) and NEA 1812 (red
line). Peak suitability values for distance to shore are slightly farther offshore for
1812. Vertical grey line corresponds to 75 km (40 nautical miles) offshore. Posterior
estimates of habitat suitability are shown for NEA 2320 near the mouth of Delaware
Bay (b), and for NEA 1812 near the mouth of the Chesapeake Bay (c). Suitable
habitat is colored from high (dark green colors) to low (light blue colors). Shown
are the southbound (b) and northbound (c) paths of the animal (grey dots and lines
with directional arrow), as well as the 37 km (20 nautical miles) and the originally
proposed 55.6 km (30 nautical miles) buffer around these two ports (densely hatched
and hatched, respectively).
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5

Movement in Central Place Foragers: The
Hawaiian Monk Seal

5.1 Introduction

The approximately 1100-1200 remaining Hawaiian monk seals (Monachus schauins-

landi) are endangered and subject to a variety of natural and anthropogenic

impacts, which include: 1) inter-specific competition with and predation by sharks

(Alcorn and Kam, 1986; Antonelis et al., 2004); 2) atmospheric forcing via Pa-

cific Decadal Oscillations, El Niño, and the relative position of the Transition Zone

Chlorophyll Front (TZCF) (Polovina et al., 1994, 1995; DeMartini et al., 1996; An-

tonelis et al., 2003; Baker, 2006); 3) “mobbing” behavior by adult males in colonies

with male-biased sex ratios (Hiruki et al., 1993; Starfield et al., 1995); 4) poor ju-

venile survival (Gilmartin et al., 1993; Craig and Ragen, 1999); 5) interactions with

fisheries effort (Craig and Ragen, 1999; Antonelis et al., 2004); and 6) entanglements

(Antonelis et al., 2004).

The monk seal population is comprised of 6 main sub-populations in the Hawaiian

Archipelago ordered from least to most remote: French Frigate Shoals (FFS), Laysan
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Island (LAY), Lisianski Island (LI), Pearl & Hermes Reef (PHR), Midway Atoll

(MID), and Kure Atoll (KUR) (Figure 5.1). NOAA Fisheries funded research into

the movement patterns of monk seals at each of these colonies, and 147 animals were

tagged and monitored over several years (Stewart, 2004a,b; Stewart and Yochem,

2004a,b,c). Despite this large tagging effort, post-tagging analysis of the data was

limited to descriptive plotting of monk seal positions to depict colony wide spatial use

(Stewart, 2004a); specifics of the ecological processes behind monk seal movement

patterns remain largely unknown. Here I fit a new movement model (Chapter 3 and

Schick et al. 2008) to these data to obtain a fine scale quantitative understanding of

how individual monk seals choose their locations within movement tracks.

Much of the activity in modeling animal movement in the last 5-6 years has been

fueled in part by the advent of more modern analytical techniques, e.g., Jonsen et al.

(2003); Morales et al. (2004); see reviews in Patterson et al. (2008); Schick et al.

(2008). These methods have shifted the focus away from phenomenological views of

movement data, and towards a focus on inference about the movement process itself.

Using state-space methods has allowed ecologists to effectively separate how well we

observe the movements from how well we understand the movement process itself.

Several key themes have emerged as a result of this recent activity. These themes

include: 1) scaling up movement behavior; 2) organism-environment interaction;

and 3) process based inference with highly variable data (Chapter 3 and Schick et al.

2008). The model I use here was proposed in Schick et al. (2008), and directly

addresses the first two of these themes. In contrast to the traditional approach

whereby the process model based on a random walk, here I focus instead on how an

animal chooses new locations. By focusing inference on the factors that make some

patches more attractive than others, I obtain a quantitative understanding of the

organism-environment interaction.

Much of the fine-scale understanding of how monk seals use their environment
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came from a different tagging effort - this one focused on the use of a time-depth

recorder and a “CritterCam” (Parrish and Littnan, 2007). Parrish and colleagues

used this technology to tag adult and juvenile monk seals at French Frigate Shoals

and found that: a) adults spend most of their time foraging in talus and sand ecotone

habitats at 50-60m depth (Parrish et al., 2000); b) adults occasionally dive to the

sub-photic zone and were observed foraging in black coral habitat (Parrish et al.,

2002); and c) FFS juveniles appear to have foraging habitats similar to that of

adults (Parrish et al., 2005). In contrast to this apparent overlap in habitat, Stewart

(2004a) found some evidence for niche separation, i.e., different spatial use patterns

for age and sex classes, in Kure and Lisianski. The factors that drive this separation

are not known. It has been hypothesized that monk seals of different age classes have

different prey items. Goodman-Lowe (1998) found notable temporal and geographic

differences in diet among years and colonies. She documented ontogenetic shifts in

diet composition, and she found evidence of increased nighttime foraging by juveniles

– perhaps as a mechanism to avoid competition with larger adults (Goodman-Lowe,

1998). It is possible, perhaps, that this putative competition avoidance may instead

be a simple ontogenetic shift. Smaller monk seals are less able to flip over the

heavy boulders and coral rubble that their older larger counterparts are able to

manipulate(Parrish et al., 2005).

Werner and Gilliam (1984) reviewed the critical, but previously understudied, role

that intra-specific competition plays in our understanding of community patterns.

Up to that point, many researchers had focused on size differences between compet-

ing species, citing a body size differential factor of two that typically led to parti-

tioned niches among these species. However, researchers largely ignored the fact that

intra-specific body size differential was frequently much larger than this difference

(Werner and Gilliam, 1984). Ontogenetic shifts, then, can create large stage-specific

interactions affecting population dynamics (Werner and Gilliam, 1984). Werner and
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Gilliam (1984) propose a mechanism for predicting ontogenetic shifts that includes

a trade-off between growth rate and predation risk. If individuals are faced with two

separate habitats with two different growth rates, there is a theoretical optimum for

the ontogenetic shift, assuming predation risk is equal in the two habitats. Typically

predation risk is not equal; hence for a smaller individual there is a trade-off between

a shift to a more productive habitat that potentially has a higher predation risk.

Theoretically, this typically means a later (i.e., at a larger body size) shift to the

new habitat. We expect increased evidence of shifts as competition for resources

increases.

The evidence for such shifts in monk seals in contradictory. Stewart (2004a)

found spatial separation among different age classes in at least two colonies, Kure

and Lisianski. And, while Goodman-Lowe (1998) found clear indications of shifts

in diet, Parrish et al. (2005) found that the types of habitat used by adults and

juveniles were quite similar. In addition, Parrish et al. (2005) suggest that some of the

diet-based view of partitioning may be based on limited resolution in the taxonomic

identification of the different prey species. Such limited resolution erroneously places

wrasses from a sand community into a coral community (Parrish et al., 2005). Despite

this contradictory picture about intra-specific competition, poor juvenile survival

continues to reduce population growth rates (Gilmartin et al., 1993; Craig and Ragen,

1999). It follows that understanding how monk seals of different age and sex classes

view and move through their environment is a key research priority. These differences

might be in response to a biased sex ratio (Johnson and Gaines, 1990), or simple

competition for resources (Werner and Gilliam, 1984). These colonies are arrayed

along a productivity gradient, so we might expect from first principles that animals

who are residents of the colonies in less productive waters might have to disperse

father from their home colony (Boersma et al., 2009).

Monk seals remain critically endangered, and despite the considerable research
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effort to date, some fundamental questions concerning their movements and foraging

behavior remain largely unknown. We also lack a broad-scale quantitative under-

standing of how individuals of different age and sex classes perceive their environ-

ment, i.e., what environments do they find suitable? Quantifying these uncertainties

will contribute to ongoing recovery efforts - especially those geared towards translo-

cation and recolonization (Craig and Ragen, 1999; Baker and Johanos, 2004). In this

chapter I apply a behaviorally based movement model to understand the specifics of

the organism-environment interaction for monk seals in five of the six main colonies.

I explore three predictions: 1) because monk seal colonies in the NWHI are arrayed

along a NW→SE productivity gradient, I expect that animals in the more productive

northwestern colonies should move less than those in the less productive southeastern

colonies; 2) if previously observed ontogenetic shifts in diet (Goodman-Lowe, 1998)

are real, I expect to find significant differences in habitat suitability as perceived by

different age and sex classes; and 3) in colonies with biased sex ratios, I expect to

see significant differences in dispersal distance between males and females.

5.2 Methods

5.2.1 The Movement Model

The movement model is discussed in detail in (Chapter 3 and Schick et al. 2008).

The basic structure assumes that as an animal moves through space it senses nearby

patches (or spatial locations) and chooses the most suitable patch. Inference is

gained by comparing where the animal went as it moves from t − 1 to t to where

it could have gone. Inference comes in the form of a suitability parameter h that is

a logistic function of spatially and temporally explicit covariates. By applying the

model to data we learn about h by estimating the regression parameters that govern

the covariates. This is a key difference from simply uncovering habitat use, e.g.,

what could be gained from applying a resource selection function with no movement
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component to these data. Instead I use information gleaned from the choices animals

make about their environment to yield estimates of habitat suitability - an entirely

hidden process.

Formally the model is as follows. I define the event that an individual i at time

t− 1 moves from location j to k at time t as:

zijk,t−1 = I(si,t−1 = j, si,t = k). (5.1)

(The model described in Schick et al. (2008) includes states, which I ignore here

because the way in which the tags were programmed meant that locations in the

resting state were not reported. Tags of this type have a salt water switch that

enables the tag to start transmitting once the tag is above water. Monk seals can

spend a great deal of time on land in one place, therefore to preserve battery life the

tags were programmed to cease transmission after one “dry” hour.) The indicator

function I() is 1 when true, 0 otherwise. si,t = k is the time specific location k of

individual i on the map, and is a two dimensional vector of cartesian coordinates.

The movement event from j to k has this probability:

Pr[zijk,t−1] = Multinom(zijk,t−1|1, θijk,t−1), (5.2)

that is, the animal chooses one location from a choice set of nearby locations. The

probability θ describes h:

θijk,t−1 =
hjk,t−1

N∑
k=1

hjk,t−1

. (5.3)

The relative suitability h of location k is conditioned upon individual i being in

location j at time t − 1, and is a function of covariates, logit(hjk,t−1) = Xjk,t−1β.

Xjk,t−1 describes the landscape covariates of choice k relative to an individual who
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is located at j at time t− 1, and β describes the state-specific movement parameters

for individual covariates, i.e.,

Xjk,t−1β = x1,jk,t−1β1 + x2jk,t−1β2 + x3jk,t−1β3 + . . . . (5.4)

The full model summary is as follows:

p(β | z) ∝
n∏
i=1

T∏
t=1

Multinom(zijk,t−1|1, θijk,t−1) · Nt(0, σ2), (5.5)

where z are the observed data, and m is the vector of behavioral states. For the priors

I use non-informative truncated multivariate normals for β centered on zero with

large variance, σ2. (Though see Section § 5.2.4 for description of how I implement

an empirical covariance matrix.)

5.2.2 Data Collection & Preparation & SSM Processing

Movement and Environmental Data

Movement data were collected on Hawaiian monk seals in the Northwestern Hawaiian

Islands (Figure 5.1, Table 5.1). Six separate tagging expeditions were undertaken

over 5 years in the main colonies (Kure, Midway, Pearl & Hermes, Laysan, Lisianski,

and French Frigate Shoals); here I report on the tagging data from all atolls save for

French Frigate Shoals (tagging data were unavailable). Seventy nine animals were

tagged; 46 males and 33 females (Table 5.1). Adults (35 tagged) were defined as

those seals over 5 years of age; juveniles (28 tagged) are greater than 1 and less than

5 years of age, while weaned pups (16 tagged) are under 1 year old (most of the

weaned pups reported on here have not survived - Charles Littnan, personal commu-

nication). Detailed summaries for each individual track can be found in (Stewart,

2004a; Stewart and Yochem, 2004a,b,c).
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Movement patterns differ greatly from colony to colony; notably some individ-

uals in certain colonies stay very close to the main colony (e.g. Pearl & Hermes -

Figure 5.2), while individuals in other colonies range to nearby seamounts to forage

(e.g. Laysan - Figure 5.2). Also, note how mean distance to colony changes over

time in Laysan (Figure 5.3). In addition there are age and sex differences in certain

colonies, especially in the rich dataset from Laysan. In Laysan, adult females ranged

over significant distances, while males stayed mostly close to the colony (Figure 5.5).

Monk seals are benthic foragers, and for one colony (French Frigate Shoals) a

detailed picture of foraging behavior has emerged from fine scale tagging with the

CritterCam (Parrish et al., 2000, 2005). At this atoll, adult and juvenile monk seals

were seen to forage on outlying terraces that ringed the colony. These terraces rep-

resent an ecotone (Parrish et al., 2005) between steep coral and flatter sand bottom.

The reefs themselves support abundant prey, but prey items here are harder for

monk seals to access and capture (Parrish et al., 2005). In these transition areas,

monk seals tagged with the CritterCam were seen foraging extensively, with larger,

mature adults seen in areas with higher rubble and boulder density (Parrish et al.,

2000, 2005). Monk seals seek individual prey items, but data describing the density

of prey items are impossible to obtain at the scale of these movement observations;

hence here I use depth and slope layers to examine how individual monk seals in

these colonies select areas of high suitability.

Data Preparation & State-space Model Processing

The model from (Chapter 3 and Schick et al. 2008) requires that movement data

are evenly spaced. The data from the monk seals were not evenly spaced, with 0-12

locations per day (Stewart, 2004b; Stewart and Yochem, 2004a,b,c). In addition

to the uneven sampling of data, the tags were duty cycled to cease transmitting

after an animal had been on land for an hour (Stewart, 2004b; Stewart and Yochem,
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2004a,b,c). In certain cases (varying by age group and colony) some animals spent

so much time on land that the tracks were not useful for movement analysis. (Future

applications to these excluded tracks might apply the model at the level of the

foraging bout, as opposed to the whole movement track – see Discussion.)

While providing a long term record of animal movement, data collected via the

Argos system are recorded with observation error (Vincent et al., 2002; Jonsen et al.,

2003). To address this limitation as well as the unevenly spaced data, I processed

the data as follows. First I removed recorded locations with low quality location

codes (LC=Z) from the data, and tag-testing locations (i.e., at the manufacturer in

Washington State) (see Curtice et al., in prep). I then fit the model from Jonsen

et al. (2005) to these processed tracks. The output from this model provided an

evenly spaced track with daily estimates of the animal’s true position. Processing

was completed using WinBUGS (Lunn et al., 2000) and R (Ihaka and Gentleman,

1996), and relied on code modified from Jonsen et al. (2005). Model output was

further processed in R to create a unique temporal index within each track, and a

master temporal index across the within-colony tagging effort. Shapefiles were made

from the posterior estimates of position, and the attribute table was populated with

these temporal indices.

The shapefiles were mapped in a GIS system (ArcGIS Version 9.3, ESRI, Red-

lands, CA), where they were projected into a UTM Zone 1N (WGS 1984) projection.

Additional attribute information was added at this stage including: a track identifier,

the age, and sex of the tagged seal. Next I conducted a proximity analysis to create

a spatially and temporally explicit index of locations within a certain vicinity of the

tagged animal.
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5.2.3 GIS Extraction & Preparation

For the proximity analysis I set up a hierarchical data structure by first iterating over

each track within a colony, and then, within each track over each daily point. At

each point, an intermediate temporary buffer with a 50 km radius was constructed.

This buffer was then intersected with an identity raster with a 4 km resolution to

extract a set of unique spatial indices for each location within that 50 km buffer. In

addition to these spatial indices, the distance and angle to each spatial location from

the iterated point was recorded in a temporary shape file. Within the loop the same

buffer and intersect was performed on the next point on the following day until the

end of the track. These temporary buffers were then merged so that each individual

track was a 100 km diameter buffered tube, comprised of spatial locations. Each

of these tubes was then merged into one large shapefile that was used to sample

and extract values from two static covariates: depth and slope. The results of this

sample returned covariate values in the “window” of available patches around each

point within each track within each colony. As I assembled the tube, I also sampled

the covariates along the individual movement tracks in the same manner as the tube.

At the end of sampling, the shapefiles were merged, and exported to R for further

processing and descriptive summary.

The resulting data structures were quite large, and fitting the model to them

within a reasonable amount of time was not feasible. To address this, I reduced

the size of the tube by removing locations. The algorithm sequentially removed an

increasing number of sites the farther they were away from the animal. For example

within a 10 km radius buffer, all points were retained; for 10-20 km buffer, every other

point was retained. For the next 10 km (20-30 km) every fourth point was retained,

etc. This reduced the amount of potential locations around each recorded location

from roughly 320 to roughly 80. In addition to facilitating processing it makes
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ecological sense that the moving animal pays more attention to, and more closely

evaluates locations that are closer. At this point the processed data structures were

assembled and I could proceed to model fitting.

5.2.4 The Movement Model

I constructed a Gibbs sampler to estimate the parameters in the movement model.

To optimize the computation of the Gibbs sampler, I pre-processed the movement

data (tracks and tube) to avoid looping over individual tracks. In this pre-processing

I wanted to accomplish 4 things: 1) to establish global time and space indices that

could consistently be used to access different elements of the data matrices (e.g., I

assembled a matrix of covariates from which time and animal specific elements could

be extracted using these indices); 2) assembling lists of current locations and available

patches one timestep in the future and distance to those patches; 3) structuring

the covariate matrix to facilitate calculation of Xβ within the Gibbs loop; and 4)

creating two helper functions that a) calculate θ, and b) update the βs; this second

function calls the first function. Because of this pre-processing, the Gibbs loop itself

is extremely short. (See Appendix C for the R code to read and process the data

and then to estimate the posterior parameters for the β’s.)

Within the β update function I propose new values for the β’s with a truncated

multivariate normal distribution, whose mean is centered on the current values of β,

with the following covariance matrix
∑

= σ2In, where n is the number of covariates,

and where σ2 = 0.02. Initial runs through the Gibbs sampler indicated that the

chains were not moving, that is, in the Metropolis step, proposed values were not

being accepted. To improve acceptance rates, and this reach convergence on true

estimates, I calculated and used empirical covariance matrix for β after ng = 1, 000

and ng = 100, 000 iterations, i.e.,
∑

= cov[βn]. This improved mixing, and the

chains converged to stable estimates. After the first 100,000 iterations through the
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Gibbs sampler, I continued to run the Gibbs sampler for another 250,000 iterations,

discarding the first 50,000 of these, and thinning the chains to avoid autocorrelation.

5.2.5 Calculating Habitat Suitability

After the model was fit to the data, I used the posterior estimates of β to calculate

h. I then wanted to examine how h changes across the range of values for different

covariates. To do this I fixed all covariates at their median value, save for the

covariate of interest, and I calculated X′β. This allowed me to examine h across

the ordered range of depth, for example. The procedure for this calculation was as

follows. First I calculated the median and 95% CI values for β. I then populated an

empty data frame with dimensions X with the median value for each of the covariates.

Each row in this data frame was identical. This data frame was temporary, and from

it I iteratively pulled the column(s) for each of the covariates to re-assemble and X′

matrix. If I was interested in how distance to future patch affected h, then X′ had

the actual values for Xdistancetopatch, and the median values for all other covariates.

This process is similar to a sensitivity analysis where we hold parameters fixed, and

change one to note its affect on the model results. For example, by holding depth

and slope constant, we can readily observe how suitability changes over the range of

distance to patch values.

I then calculated suitability by taking the inverse logit of X′β and stored the

results in a list of matrices. I repeated this whole process for each of the covariates,

and built up the list to contain suitability for each of the covariates in each of the five

colonies. With this list constructed, it was a simple plotting exercise to examine how

h ranges over each of the three covariates: distance to future patch, depth (linear

and quadratic), and slope (linear and quadratic).

90



5.2.6 Model Refinements – Age & Sex

I initially considered inter-colony comparisons to gain an understanding of why seals

in some colonies moved differently from other colonies. When visually examining

the data it appeared that not all individuals perceive and move through their envi-

ronment similarly. Accordingly, the next improvement to the model (at this point

the second major improvement – the first was building it for multiple individuals)

was to accommodate multiple individuals of different age and sex classes. I accom-

plished this by placing new columns in X for the age and sex class. I populated the

two columns (age and sex) with 0’s and 1’s corresponding to females/males, juve-

niles/adults (here I lump juveniles and weaned pups together). This format is similar

to a dummy variable in a linear regression, and expands the earlier form of Xβ of

Equation 5.2.1 to, for example, this:

Xjk,t−1β = x1,jk,t−1(β1 + β1M) + x2jk,t−1(β2 + β2M) + x3jk,t−1(β3 + β3M) + . . . , (5.6)

whereby the β’s now are a function of sex (or age), where βfemale = β1, and where

βmale = β1 + β1M . This allows me to harness the existing structure of the R code

and refine our inference on the regression parameters that govern suitability. Fitting

the model to data proceeded in the same way as before. I fit this model variation to

all five colonies to detect age and sex effects (a β value significantly different from

zero). I proposed values for the βs as before, with a truncated multivariate normal

prior.

5.3 Results

5.3.1 Descriptive Summary of Resource Use

The summary of the two covariates in the model - depth and slope - is as follows.

Monk seals spend most of their time in relatively shallow water (> -500 m) with
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relatively flat bottom topography (< 7% rise) (Figure 5.6). Seals in Pearl & Hermes

and Laysan spend most of their time in water shallower than 500 m, with Laysan

individuals in slightly deeper waters (Figure 5.6). In contrast, Kure seals are seen in

the deepest waters of the 5 colonies (Figure 5.6). Individuals in Kure and Midway

have similar depth profiles (Figure 5.6). The slope profiles for individuals in Kure

and Midway are very similar; most individuals inhabiting areas with relatively flat

slope, but a distinct peak around 5% rise (Figure 5.6). Seals in Pearl & Hermes are

seen in very flat topography (Figure 5.6). In contrast to the westernmost colonies

(Kure and Midway), Lisianski and Laysan individuals show highest density in the

flattest areas with a decaying shape, that is most slope values are low with few higher

values (Figure 5.6). The decay is stronger in Lisianski. Both decay patterns are in

stark contrast to the westernmost colonies, which have a peak in their distribution

of slope values away from 0 (Figure 5.6).

In addition, certain colonies are distinguished by how far individuals move. For

example, both Kure and Midway have similar movement patterns to each other, as do

Lisianski and Laysan (Figure 5.7). In contrast individuals in Pearl & Hermes barely

move away from the colony centroid (Figure 5.7). While both Kure and Midway

individuals stay relatively close to the colony (i.e., within 200 km of its centroid),

individuals in Lisianski and Laysan range considerably farther (Figure 5.7). For

the “far” distances are centered around 200 km away from the colony; for Laysan

there appear to be two “far” groups - one around 100 km away, and one closer to

250 km away (Figure 5.7). The “far” groups correspond to nearby smaller atolls or

seamounts that individuals are journeying to.

At the within-colony group level, finer resource partitioning was apparent. Here

I highlight the most relevant comparisons of the many possible contrasts. The depth

and slope profiles for adult males versus adult females were quite similar within each

colony (results not shown), with two exceptions. Males in Kure were typically seen
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in deeper waters with steeper topography; in Pearl & Hermes, most females were

seen in lower slope areas (results not shown). The partitions were stronger for age.

Adults in Kure and Midway were seen in deeper waters with higher slope values

(Figures 5.8, 5.9). In Laysan and Pearl & Hermes no clear distinction existed but in

Lisianski, juveniles were seen in deeper waters with higher slope (Figure 5.10).

At the age and sex level, there were additional differences. Most adult females

exhibited patterns very similar to juvenile females at each colony (results not shown),

so I focus on the adult male vs. juvenile male interaction. Adult males were consis-

tently seen in deeper waters with higher slope values in Kure, Midway, and Laysan

(results not shown). Depth and slope patterns were similar across age class in Pearl

& Hermes. In contrast, juvenile males in Lisianski were seen in deeper waters with

higher slope (results not shown, but pattern was similar to Figure 5.10).

What emerges from the descriptive analysis is that while data values for depth

and slope at the colony level were similar, some exceptions existed. Notably in

contrast to the other 4 colonies, individuals in Pearl & Hermes did not venture far

from the colony. At the group level more distinctions emerged. Adults in all colonies

were seen in deeper waters than juveniles; most of this distinction comes from the

adult male to juvenile male comparison. Adult males were typically seen in deeper

waters than junvenile males, with the exception of Lisianksi where juvenile males

were seen in deeper waters with higher bottom slope values.

5.3.2 Habitat Suitability By Colony

The values of posterior estimates of the β parameters highlight the inter-colony dif-

ferences for habitat suitability (Table 5.2), thereby quantifying the differences in how

monk seals in different colonies perceive and make choices about suitable locations.

The results for the colonies are ordered geographically from farthest northwest to

farthest southeast (Table 5.2). Individuals in all colonies were more inclined to se-
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lect favorable patches that are closer to them; this effect is strongest in Pearl &

Hermes, β1 = −0.0463, (Table 5.2). Suitability for individuals in Kure and Laysan

was less affected by distance to the patch, β1 = −0.0113, β1 = −0.0133, respectively

(Table 5.2). Individuals in Midway and Lisianski showed an intermediate response

β1 = −0.0246, β1 = −0.025, respectively (Table 5.2).

Depth affected suitability differently in each colony, with both seals in Midway

and Lisianski having very similar responses to depth (Table 5.2). The response

to depth decayed linearly for these two colonies; note the weak quadratic term for

depth in each β2 = −0.0061, β3 = −0.0069, respectively (Table 5.2). In contrast the

quadratic term was strong in Kure and Laysan; both parameters were larger in Kure

- suggesting suitability was more constrained in shallower depths than in Laysan

(Table 5.2). Suitability for individuals in Pearl & Hermes was relatively unaffected

by depth β2 = 0.0068, β3 = −0.0024, respectively (Table 5.2).

The patch choice response to slope was very different across colonies (Table 5.2)

with seals in Midway among those that were relatively unaffected by slope β4 =

0.0654, β5 = −0.027, respectively (Table 5.2). Of all the colonies, suitability in

Laysan was most strongly affected by slope β4 = 0.6365, β5 = −0.2456, respectively

(Table 5.2). Kure and Pearl & Hermes exhibited similar responses to slope, with a

slightly narrower range of suitability in Pearl & Hermes (Table 5.2). Lisianski had a

weak linear term, but large quadratic term, suggesting that suitability as a function

of slope decreases more quickly (Table 5.2).

These parameter estimates were used to visualize how suitability varies across

the range of these parameters. Graphical results showed the effect of one covariate

at a time; i.e., fixing values for distance and slope, I explored how suitability as a

function of depth changes. In Pearl & Hermes the strong negative response to remote

patches can be seen quite clearly (Figure 5.11). The response to patch distance was

similar between Midway and Lisianski, and between Kure and Laysan (Figure 5.11).
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For depth the most distinct response was again in Pearl & Hermes, with suitability

changing little and remaining high across depth ranges (Figure 5.11). The similar

linear response to depth for Midway and Lisianski can be easily, as compared to

the stronger quadratic response in Kure and Laysan (Figure 5.11). Pearl & Hermes

and Laysan had the narrowest response range to slope (Figure 5.11). Slope did not

exhibit a strong effect on individuals in Midway (Figure 5.11). The interplay between

the covariates is especially striking for Pearl and Hermes, allowing us to see that seals

in this colony strongly respond to distance and thus make decisions based solely on

how far patches lie from the animal instead of responding to specific intermediate

values of slope or depth (Figure 5.11).

5.3.3 Habitat Suitability By Colony, Age, and Sex

By quantifying the suitability of similar environments as perceived by different groups

within colonies, we can now discern how suitability changes for members of these

groups. Suitability at the group level for sex was different for three colonies: Mid-

way, Lisianski, and Laysan; suitability at the group level for age and sex was different

only for Midway (Table 5.3). Recall from Section § 5.2.6 that the βs for each of these

now change in light of the group effect. For example in Laysan, the distance to patch

covariate, β1, is -0.0174 for females, and -0.265 for males (-0.0174 + [-0.2476]) (Ta-

ble 5.3). In environmental terms, this means patches that are farther away are more

suitable for females than males in Laysan. For the remaining covariates suitability

for Laysan females ranged over a broader range of depth values, and the peak in

slope suitability was higher than males (Figure 5.12). Laysan Males preferred closer,

shallower patches (Figure 5.12). The trend between males and females in Lisanski

was the same, but the specific patterns differ (Table 5.3, Figure 5.12). Notably suit-

ability for far patches decayed strongly for Lisianski males (Figure 5.12). Females in

Lisianski preferred closer patches than females in Laysan (Figure 5.12). Suitability
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as a function of depth for Lisianski males and females decayed similarly to Laysan

males and females, but an inter-colony comparison indicates Lisianski seals preferred

shallower waters (Figure 5.12). While a clear peak in suitability as a function of

slope exists for Laysan individuals, the decays were gradual for Lisianski individuals

(Figure 5.12).

For Midway adults, patches were suitable across a broader range of values for all

three covariates (Table 5.3, Figure 5.13). Juveniles on Midway were much less likely

to move far distances, were likely to be found in shallower water, and in areas of

less relief (Figure 5.13). Within the juveniles, patches were suitable across a broader

range for males (blue) than for females (red) (Figure 5.13). The quadratic response

for depth indicates that juvenile females were much more likely to find good habitat

in the shallowest waters (Figure 5.13). Patches chosen by adults on Midway did not

differ widely in suitability as a function of slope, though juvenile males and especially

juvenile females preferred areas of lower relief (Figure 5.13). (There were only three

adult tracks in Midway (two females, and one male), so I show only the effects of sex

for the Juveniles.) The inflection point in the suitability curve for juvenile females

was located at slope values between 10-15◦. Such distinctions allow inference on

how different groups perceive the same environment, as well as how that perception

changes with age.

5.4 Discussion

At the colony level I found significant differences in how the animals perceive and

move throughout their landscape. Individuals in Kure and Laysan were the most

likely to perceive suitable habitat at further distances, while individuals in Pearl and

Hermes were least likely to perceive suitable habitat at far distances (Figure 5.11).

Individuals in Kure prefer shallower water, while depth does not seem to be an im-

portant covariate for individuals in Pearl and Hermes (Figure 5.11). Three colonies
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(Kure, Pearl and Hermes, and Laysan) have higher suitability at intermediate values

of slope; the highest suitability is between 10-15◦ slope (Figure 5.11). Differences in

suitability as a function of sex were strong in the two southernmost colonies, Laysan

and Lisianski, where females range farther, are seen in deeper water, and in areas

of higher relief values (Figure 5.12). In Midway adults prefer deeper and steeper

patches, while juvenile males and juvenile females prefer progressively closer, shal-

lower, and flatter patches, respectively (Figure 5.13). Typically with movement data,

we visually analyze the density of movement points or quantify how the parameters

of movement phenomena (turn angle, step length) differ within different habitats.

Here, for the first time, I quantify the specifics of two behavioral processes, per-

ceptual range and organism-environment interaction, for monk seals in five different

colonies. As a result, instead of recording the types of environments that animals use,

now I can quantify how animals perceive the suitability of different environments,

an ecological feature heretofore hidden from observation.

I tested three predictions regarding movement of monk seals: 1) animals in more

productive environments should move less; 2) in colonies with ontogenetic shifts

in diet, individuals in different age and sex classes should perceive their habitat

differently; and 3) in colonies with biased sex ratios, males and females should differ

in dispersal distance. My results support these three predictions to varying degrees.

First, though individual colonies are arrayed along a productivity gradient, we do

not see a consistent trend of animals moving farther and farther from colonies as one

progresses towards the southwestern colonies. In fact, individuals in Kure were the

most likely to perceive distant patches as suitable (Figure 5.11). There is a general

tendency for animals in increasingly southwestern colonies to perceive distant patches

as suitable, with the exception of Pearl and Hermes, which remains a distinct outlier

as compared to the other colonies (Figure 5.11). Individuals in Pearl and Hermes

were least likely to move to distant patches (Figure 5.11). The productivity gradient
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alone cannot predict this difference, because monk seals are benthic foragers and

need suitable patches in which to forage. That is, while the relative North/South

position of, and hence distance of the colony to, the TZCF appear to be important

(Antonelis et al., 2003; Baker, 2006), so to is the spatial arrangement of habitat near

the colonies, because larvae must have suitable areas to settle on (Parrish et al.,

2005). Clearly these processes happen at different scales, and it is possible that

the diversity and abundance of such patches near colonies is a contributing factor

to monk seals willingness to travel away from the colony. The TZCF was in fact

further north from most the colonies during the tagging effort (Baker, 2006), and

this prediction might be better tested during a year when the TZCF is positioned

more southward. However one interesting finding is that the TZCF was furthest

south during the year individuals were tagged in Pearl and Hermes (Baker, 2006),

and this colony moved the least suggesting a possible link between the position of the

TZCF and movement. In summary, while I would expect individuals in productive

waters to move less far from the colony (sensu Boersma et al. 2009), this may be

affected by the annual position of the TZCF, the spatial arrangement of suitable

patches, and predation risk, which the model does not currently explain.

For the second prediction, I observed significant differences in age and sex for

Midway (Figure 5.13). I documented how environmental perception changes for

juvenile females, juvenile males, and adults. Juvenile males perceive more section of

the environmental as suitable than juvenile females. Adults perceive an even broader

range of their environment as suitable, suggesting that ontogenetic shifts do occur.

While this many be the only colony with such ontogenetic differences in habitat

preference, I caution that some differences may reflect sampling inequalities. For

example, in Midway, only 3 adults were tagged and tracked (2 females/one male,

Table 5.1).

In addition to sampling inequalites, several factors could help explain these re-
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sults. First, individuals in Kure perceive distant patches as suitable, and hence the

group level differences in suitability are not apparent perhaps because there is less

competition in the immediate vicinity of the colony. Second, theoretically a contin-

uum in the ontogenetic niche can exist from total overlap to no overlap (Werner and

Gilliam, 1984), and as a result another factor governing this continuum may be the

environment surrounding each colony. By including distance to colony as a covari-

ate it may emerge that animals in different groups may be feeding in similar types

of habitat in terms of depth and slope as modeled here, but the location of these

patches and their distance to the colony may differ. Goodman-Lowe (1998) found

evidence of diet based partitioning in monk seals, and though some of those results

have been questioned (Parrish et al., 2005), adding further detail to the model with

a distance to colony covariate may uncover group level differences not apparent in

the three covariates used herein.

Lastly many of the animals analyzed here (especially weaned pups) have not

survived. Midway was the only colony with an age difference, and one avenue of

future research would be to compare the choices made by the surviving animals versus

those that did not survive to see if any inference can be gleaned about “successful”

choices versus “unsuccessful” choices. Were differences to emerge, this could help

bolster our understanding of the types of habitat needed to aid survival from the

vulnerable juvenile stage to the less vulnerable adult stage.

Of the three predictions, the third held most strongly. Both Laysan and Lisianski

have had biased sex ratios (Hiruki et al., 1993), and in both cases females were much

more likely to disperse away from the colony on presumed foraging trips (Figures 5.5,

Figure 5.12). Such a result is a key finding because it agrees with dispersal theory

(Johnson and Gaines, 1990), and because it may help inform conservation and man-

agement strategies. Theory predicts that dispersal should be favored in populations

with biased sex ratios (Johnson and Gaines, 1990). While the dispersal they (John-
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son and Gaines, 1990) review is different than the type of dispersal I address here

(permanent relocation to a new area/habitat as opposed to temporary movements),

one of the primary mechanisms explaining dispersal at all levels is resource com-

petition (Johnson and Gaines, 1990). The females, then, might be ranging farther

away from the colony to avoid intraspecific resource competition for food resources.

While ranging afield may relieve some of the competitive pressure on these females,

it clearly comes at an energetic cost.

Like all modeling efforts, none is perfect and some discussion of assumptions and

future developments is warranted. First the model used here assumes no observation

error. With the new GPS tags that have high levels of spatial accuracy, this is

not problematic; however with the Argos tags used in these tagging efforts, there

is significant observation error. We approached that issue by first filtering the data

using the model from Jonsen et al. (2005). This provided satisfactory results, but two

issues were uncovered. First, the model from Jonsen et al. (2005) returns positions at

a daily fix. Using this meant sacrificing some fine scale temporal detail. It is possible

this may have occluded some movement behaviors that gave rise to the ontogenetic

shifts in diet reported by Goodman-Lowe (1998), notably by including more locations

throughout a 24 hour period we may have seen finer distinctions in the nighttime

feeding behavior. Second, because this model returns a daily fix, this means that

day/night differences in movement are removed. In the movement patterns of some

juveniles, we observed the seal spending significant time hauled out; in fact the tags

were programmed to cease transmission after one hour on land. The model from

Jonsen et al. (2005) still returned a fix in these situations, and because Argos data

have different error structures in latitude and longitude (Jonsen et al., 2003) this

led to some tracks being removed from the analysis altogether. One possible way of

approaching this data issue is to fix these points on land somewhere in the colony,

though this would yield little of inferential value. Another more biologically realistic
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approach to inference would be ignore these sections altogether and instead focus

inference on the foraging bouts, that is instead of analyzing the whole track as one

segment, one could break it down into many smaller bouts away from the haul out

site. This would allow testing of specific hypotheses related to central place foraging,

for example if animals move shorter distances and with less direction after a longer

successful bout (Boersma et al., 2009). It would also be in keeping with hierarchies

in telemetry data for seals, i.e., a colony has individuals who make foraging bouts

that are comprised of telemetry locations (Aarts et al., 2008).

This application of the model from Schick et al. (2008) represents an important

step towards incorporating more behavior into the process component of movement

models. Including behavior has led to several ecological insights that would have been

unattainable with a more traditional random-walk based model. Even with a sophis-

ticated Bayesian approach (Morales et al., 2004; Jonsen et al., 2005), these models

still only reveal relationships between the phenomena of movement and the environ-

ment allowing for statements about how different movement types look in different

environments. That is, the inference gained is somewhat phenomenological, and does

not inform us how the animal actually makes choices about suitable locations. In

contrast, model results presented here have informed us not only about colonies level

perception of the environment, but also how different groups within those colonies

perceive their environment. This allows us insight into these movements in relation

to fundamental ecological themes like central place foraging, dispersal, and resource

competition. In addition to the ecological insights, there are several conservation

and management implications. First, armed with information about how individuals

in different colonies and different groups within those colonies perceive their environ-

ment, we are poised to make more informed decisions during translocation efforts.

For example, an individual from Pearl and Hermes should be translocated to an area

with suitable habitat nearby, as they are less likely to perceive distant patches as
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suitable. Similarly, translocated males from Lisianski are more likely to flourish in

new habitats that are closer, shallower and flatter than would males from Laysan.

Using a more nuanced behaviorally based model allows for more informed future

choices about conservation, and it provides fine scale baseline information to use as

priors in future Bayesian modeling efforts of movement in Hawaiian monk seals.
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Figure 5.1: Overview map of the study area depicting the 6 colonies where monk
seals tagging occurred (data from French Frigate Shoals were unavailable). Also de-
picted is the 2000 m depth contour, the outline for the Papahānaumokuākea National
Monument, and the main Hawaiian Islands.
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Table 5.2: Bayesian posterior estimates of the five β parameters for the application of
the movement model at the colony level. Environmental covariates include distance
to future patches, depth (linear and quadratic), and slope (linear and quadratic).

Bayesian Posterior Estimates
CI (2.5%) Median CI (97.5%)

Kure
Distance to Patch -0.0159 -0.0113 -0.0066
Depth 0.0033 0.0537 0.1774
Depth2 -0.0696 -0.0525 -0.0237
Slope 0.0363 0.2664 0.5755
Slope2 -0.2547 -0.1277 -0.0319

Midway
Distance to Patch -0.0328 -0.0246 -0.0162
Depth 0.0997 0.2188 0.2983
Depth2 -0.0306 -0.0061 -0.0002
Slope 0.0039 0.0654 0.2363
Slope2 -0.0866 -0.027 -0.002

Pearl & Hermes
Distance to Patch -0.0516 -0.0463 -0.0407
Depth 0.0003 0.0068 0.0278
Depth2 -0.0094 -0.0024 -0.0001
Slope 0.0744 0.3562 0.6727
Slope2 -0.3232 -0.1639 -0.0272

Lisianski
Distance to Patch -0.0314 -0.0250 -0.0187
Depth 0.0611 0.1747 0.2589
Depth2 -0.0299 -0.0069 -0.0003
Slope 0.0027 0.0574 0.2274
Slope2 -0.2135 -0.1124 -0.0382

Laysan
Distance to Patch -0.0174 -0.0133 -0.0093
Depth 0.0022 0.0385 0.1141
Depth2 -0.0306 -0.0148 -0.0011
Slope 0.3149 0.6365 0.9641
Slope2 -0.4122 -0.2456 -0.0873
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Table 5.3: Bayesian posterior estimates of the seven β parameters for the application
of the movement model at the colony, age and sex level. Environmental covariates
include distance to future patches, depth (linear and quadratic), slope (linear and
quadratic). In addition there is a covariate for age and sex.

Bayesian Posterior Estimates
CI (2.5%) Median CI (97.5%)

Midway
Distance to Patch -0.0325 -0.0243 -0.0161
Depth 0.0978 0.2071 0.2876
Depth2 -0.0320 -0.0074 -0.0004
Slope 0.0035 0.0644 0.2314
Slope2 -0.0862 -0.0271 -0.0019
Age -0.7151 -0.2782 0.1565
Sex -0.1186 0.2166 0.5528

Lisianski
Distance to Patch -0.0313 -0.025 -0.0187
Depth 0.0645 0.1734 0.2573
Depth2 -0.0294 -0.0067 -0.0003
Slope 0.0027 0.056 0.2242
Slope2 -0.2111 -0.1127 -0.0387
Age -0.4416 -0.1596 -0.0114
Sex -0.4829 -0.2029 -0.0205

Laysan
Distance to Patch -0.0174 -0.0134 -0.0093
Depth 0.0023 0.0398 0.1155
Depth2 -0.0306 -0.0145 -0.001
Slope 0.3168 0.6389 0.9596
Slope2 -0.4104 -0.2462 -0.0866
Sex -0.2476 -0.0684 -0.0033
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Figure 5.2: Histogram showing cumulative distance to colony values (km) for indi-
viduals in Pearl & Hermes (top) and Laysan (bottom). Note the scale difference in
both the abcissa and ordinate axes. Individuals in Pearl & Hermes stay much closer
to the colony.
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Figure 5.3: Time series depicting how distance to colony changes over time for all
individuals in Laysan. Note the large changes for certain individuals. Females are in
different shades of red; males in blue.
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Figure 5.4: Time series depicting how distance to colony changes over time for
all individuals in Pearl & Hermes. Note the large changes for certain individuals.
Females are in different shades of red; males in blue.
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Figure 5.5: Four panel time series depicting how distance to colony changes over
time for each of the main groups (Adult Females, Adult Males, Juvenile Females, &
Juvenile Males) in Laysan. The females range especially far from the colony.
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Figure 5.6: Histograms showing the cumulative distribution of depth values (m)
and slope values (% rise) for individuals in all colonies. Note the scale difference
in the ordinate axis. Individuals in Pearl & Hermes stay much closer to the colony.
Kure and Midway are quite similar in the depth and slope profiles, as are Laysan
and Lisianski. Pearl & Hermes remains the notably different colony.
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that move over 200 km from the colony centroid.
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Figure 5.8: Four panel histograms depicting the range of depth (left column) and
slope (right column) that adults (top row) and juveniles were seen in throughout
Kure.
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Midway Adults: depth
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Figure 5.9: Four panel histograms depicting the range of depth (left column) and
slope (right column) that adults (top row) and juveniles were seen in throughout
Midway.
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Lisianski Adults: depth
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Figure 5.10: Four panel histograms depicting the range of depth (left column) and
slope (right column) that adults (top row) and juveniles were seen in throughout
Lisianski.
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Figure 5.11: Habitat suitability for three covariates in the model: distance to
future patch (left column), depth (center column), and slope (right column). Suit-
ability for each covariate is calculated while holding the other two covariates fixed at
median values (see methods text for details). Rows represent each of the 5 colonies,
arranged geographically from the farthest Northwest (Kure) to the farthest South-
east (Laysan). Strong effects of distance to patch can be seen for Pearl & Hermes.
Certain covariates seem to have a linear response, e.g. depth in Midway and Lisian-
ski, while others have a strong quadratic response, e.g. slope in Pearl & Hermes and
Laysan. See Table 5.2 for the posterior estimates of the indiviual β’s.
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Figure 5.12: Habitat suitability for three covariates in the model for seals on Laysan
and Lisianski: distance to future patch (left column), depth (center column), and
slope (right column). Suitability for each covariate is calculated while holding the
other two covariates fixed at median values (see methods text for details). Suitability
within the colony is denoted for each of two groups: females (red lines), males (blue
lines).
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Figure 5.13: Habitat suitability for three covariates in the model for seals on
Midway Island: distance to future patch (left column), depth (center column), and
slope (right column). Suitability for each covariate is calculated while holding the
other two covariates fixed at median values (see methods text for details). Suitability
within the colony is denoted for each of three groups: adults (black lines), juvenile
females (red lines), and juvenile males (blue lines).
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6

Dissertation Conclusion

I began this dissertation with the goal of taking on a small component of what I think

would comprise a theory of behavioral marine spatial ecology. While my goals were

ambitious, and slightly more varied than the ones I ended up completing, I do believe

what I have completed is an important first step towards developing this theory.

The bulk of my dissertation research has focused on animal movement, but there are

several themes in my dissertation that bear review in this conclusion. These include:

1) animal movement; 2) conservation and management; 3) modern inference and

analytical techniques; and 4) and community and individual partitioning of resources,

environment, and behavior. Here I review the highlights of this dissertation in light

of these themes in an effort to link together the chapters under the larger theme

of behavioral marine spatial ecology. I will focus on both unique and overlapping

results from each of the chapters, and finish with a section detailing how this work

lays a foundation for future research.
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6.1 Overlapping Themes and Results

6.1.1 Animal Movement

There are several direct connections between my dissertation chapters. Take right

whales, the subject of Chapter 4. Many right whales, mostly females and juveniles,

spend a significant portion of the year in the southeastern, or calving, part of their

habitat, i.e., the “SOH” section analyzed in Chapter 2. This portion of the year

is from November through April, and the migration between feeding grounds and

calving grounds provides a direct link between the NOH and SOH (Figures 2.4, 2.5).

The same patterns are true for other large whale species that migrate, e.g., hump-

back whales, and for smaller cetaceans that undergo smaller movements throughout

the year, e.g., bottlenose dolphins migrating north of Cape Hatteras during winter

(Torres et al., 2005). Movement, then, is the crucial link for understanding the be-

havior of community dynamics in these cetacean communities. The foundation for

the analysis of animal movement outlined (Chapter 3) and explored (Chapters 4, 5)

in this dissertation represents a new more sophisticated way to think about move-

ment data. I have synthesized what the current state of the art is with respect to

movement modeling (Chapter 3), and along with others have used modern inference

(Clark and Gelfand, 2006) to develop movement modeling further. The application

of this model has led to fundamental insights into how animals perceive their environ-

ment and make choices about how and where to move within that environment. Such

insight shows how monk seals in different age and sex groups in different colonies

envision habitat patches (Chapter 5). This insight is crucial to an ecologically sound

approach to their conservation (See discussion in Chapter 5). In addition, it has

led to a understanding of the management gaps in the protection of migrating right

whales (Chapter 4).
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6.1.2 Conservation and Management

In addition to movement overlaps between the four data chapters, there is a con-

sistent conservation and management theme throughout all the chapters. For the

ordination chapter, there are at least three management implications. The first ad-

dresses gaps in our knowledge of the community position of beaked whales. I show

how our ability to identify beaked whales to different taxonomic levels affects their

position in community space (Figure 2.8). A complete ecological understanding of

how these different species partition their environment depends on our ability to cor-

rectly identify them, which highlights the importance of enhanced observer training.

The second implication of Chapter 2 is that we now have a better understanding of

gaps in our data collection, and the third is an understanding of what survey planners

should expect to see while surveying in certain places, e.g., humpback whales near

harbor porpoise in the NOH region (Figure 2.4). The conservation applications of

the right whale analysis (Chapter 4) are clear. We can directly see how the animals

perceive their environment (ecology), and how the perception of what is suitable

overlaps with existing protection efforts. In the case of right whales, the results of

this modeling effort clearly show the gaps in their protection (Figure 4.2). Whether

or not the enacted regulation (Federal Register 73-60173) is revisited, this type of

insight would not have been possible with a more traditional analysis – even using

the sophisticated models from Morales et al. (2004) or Jonsen et al. (2005).

Despite the large tagging effort for monk seals (Stewart, 2004b), relatively little

ecological information was gleaned. Such information could be used to guide man-

agement and conservation of this endangered species. Translocations are a common

tool for monk seal managers. With inference that we have gained here (Chapter 5),

managers can now plausibly understand how a translocated animal could perceive

its environment. Translocation has occurred in the past in the colonies with biased
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sex ratios, i.e., Laysan and Lisianski. With these results (Figures 5.11, 5.12, 5.13), a

manager can imagine how a translocated a female from Laysan might perceive new

habitat in comparison to a translocated male. Alternately, with climate change some

additional introduction to the main Hawaiian Islands might have to take place as

a result in lost habitat in the northwest Hawaiian Islands (through sea level rise).

Now a manger could find the best spatial arrangement for animals that do not move

far distances (e.g., Pearl and Hermes – Figure 5.11), or for those who do (e.g., Kure

– Figure 5.11). Again, I reiterate that such an ecologically grounded insight to-

wards management problems would not be possible with a traditional approach to

inference.

6.1.3 Modern Inference

At the outset of my dissertation research, I proposed that learning more about the

behavior of mobile animals will tell us more about how these animals perceive, move

through, and remain connected to their landscapes. In particular I am interested

in marine mammals, and this interest complicates inference slightly because these

animals are hard to observe. When they are observed via the use of satellite-linked

telemetry, the relocations are typically observed with error (Jonsen et al., 2003).

Though promising, initial Bayesian modeling efforts for movement have used a pro-

cess or transition model that is based on a random walk, or correlated random walks

(Jonsen et al., 2003; Morales et al., 2004; Jonsen et al., 2005). I argued that to make

more progress in movement ecology, we need to imbue these process equations with

more biology (Chapter 3). The model I proposed in that chapter was developed and

applied for the first time to two notably different marine systems (Chapters 4, 5).

As I noted in the previous two sections of this conclusion, the results gleaned from

this analysis simply would not have been possible with a traditional correlated ran-

dom walk based approach. I also used modern techniques in Chapter 2 and applied
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them to marine mammal data sets at broad geographic scales. This analysis yielded

clear insight into how marine mammal communities are partitioned across these large

scales.

6.1.4 Resource Partitioning

Another overlapping theme in my dissertation is how individuals and communi-

ties partition their resources. Whether we look at moving animals (Chapter 5), or

static snapshots of communities (Chapter 2), a similar theme throughout is par-

titioning. This partitioning is graphically evident in the community results (Fig-

ure 2.4), where individuals are arrayed along diet based axes, and in the movement

results where partitioning is apparent at the population, colony, and group level

(Figures 5.11, 5.12, 5.13). A traditional approach to the monk seal data would have

yielded information about the differences in movement phenomena (i.e., parameters

of a random walk), but here we have a behavioral understanding of how choices

about movement differ in different segments of this population. Again, movement

and organism-environment interaction (Section § 3.3.3) form the backbone of this

partitioning.

6.2 Future Directions

In terms of future work, there are a few ways to develop the ordination analysis

for greater insight. In addition there are a handful of small but important ways to

develop the movement model. For the ordination, one way to develop the analysis

is to look at subsets of the data in different ways. For example, as I noted in the

ordination chapter (Chapter 2), I chose to sacrifice temporal coverage for the sake

of spatial coverage. The next logical extension is to sacrifice space for the sake of

temporal coverage. The North of Hatteras extent of the analysis was the richest

data-wise, and would be the obvious choice for such a temporal analysis. Another
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suggestion to explore (from Dean Urban) is to examine whether individuals in these

communities are tracking the environment as it moves through space, or tracking

specific spatial locations regardless of the environment. A second suggested avenue of

exploration (from Patrick Halpin) is to look at a small but spatially and temporally

rich subset of the data and examine the effect of lagged dynamic environmental

conditions on community partitioning. Both of these lines of inquiry would enhance

our understanding of these systems, and highlight and reinforce the gap analysis

previously mentioned in the chapter. Knowing how data rich environments change

through time would enable additional calls for more data collection in data poor

systems.

Movement Model

For the movement model, there are several important next steps to be taken. First,

developing the code to have multiple states is a logical next step. Scott Loarie has a

multi-state version of this model working for pronghorn antelope, but it is incomplete

in its current form. It is incomplete because the switching behavior modeled was

for migrating pronghorn and is a stochastic one way switch, i.e., once the animals

switch into one mode, they can’t switch back. What needs to be developed next is

a multiple state version that allows for switches of many directions, and where the

switch is environmentally based, i.e., distance to patch (Morales et al., 2004).

For example with the monk seal data and the right whale data, there are at least

three distinct behaviors in the movement tracks. The right whale tracks are short

enough that the switch from one state to another to a third does not reverse itself,

but for monk seals these many behaviors happen repeatedly, e.g., resting, foraging,

and traveling. As seen in Chapter 5, when we explore movement at finer partitions,

more unique behavior is observed, but I would like to learn even more about the

specifics of foraging-like behavior of monk seals. Multiple states would help this, as
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would additional covariates like distance to colony, distance to nearby seamounts,

and angle to either or both (sensu Lt in Figure 3.4). Understanding the drivers of

juvenile survival is paramount for monk seals, and knowing more about how and

where these individuals forage would enhance conservation and management efforts.

Another possible development of the state-switching could be a phenological based

trigger for patch departure and/or patch arrival. This could be simple, e.g., time

spent in patch, or more sophisticated, e.g., sea surface temperature as a trigger for

departing feeding or calving grounds.

A final possible development for the movement model is with multiple states,

but in a different way. Imagine the states for an individual animal being “with a

group” or “without a group,” that is in the first case the animal is part of a larger

group that is responding to the environment in a group specific way. Inference, then,

is based on group level responses, with, perhaps, random effects for individuals.

In the second case, the animal would be responding to just the environment. Jim

Clark and I explored this with a slightly different iteration of the model, i.e., with

a hyperparameter for variance of individual βs, but we decided we did not have

enough data to indicate whether this phenomena was in fact occurring. Regardless

of future developments, I feel the contributions herein (Chapters 3, 4, 5) have made

an important contribution to movement ecology.

6.2.1 The Intersection of Movement Ecology with Graph Theory

Throughout my time at Duke, I have kept the connectivity thread in my research

active (Schick and Lindley, 2007; Urban et al., 2009), and have an interest in bring-

ing the movement and connectivity threads together. Here is how I envision that

happening. In typical graph oriented studies of landscapes, the edges are difficult

to parameterize because the dispersal events are seldom witnessed. Edges then of-

ten take the form of least cost paths (Bunn et al., 2000), or are imbued with some
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putative biological realism (Schick and Lindley, 2007; Treml et al., 2008). In cir-

cuit theory - an engineering specific relative of graph theory (McRae et al., 2008)

- multiple edges are often imputed based on probable “flows” through a landscape.

Now that we have a movement framework for detecting the specifics of inter-patch

suitability and choice, we can apply this to a landscape in order to bring even more

biological realism to the edges.

How would this happen? Starting with a typical graph structure for the nodes

(Urban and Keitt, 2001), we would then model inter-patch corridors using the pos-

terior estimates of βs from the traveling section of a movement data set. These βs

could be from different levels, for example all individuals or just females or just males,

etc.; in using these different levels we would deepen our inference on connectivity and

landscape perception by different members of the same species. Recall the habitat

suitability for monk seals from Laysan (Figure 5.12). We might assume available

nodes in the graph include in the main atoll in the colony and nearby seamounts.

We could then look at how the landscape connects, instead as a function of distance,

sensu Urban and Keitt (2001), but now as a function of group specific choices about

suitability between these nodes. Such an application of the behaviorally explicit

movement model developed in this dissertation would take us one step closer to a

behavioral based understanding of landscape connectivity (Bélisle, 2005).

Once we have developed a “behavioral” graph, we could again use the βs to

observe what might happen to connectivity as we simulated different landscape sce-

narios. Assuming that from fitting the movement model to data we have some

quantitative understanding how an animal responds to a feature like greenness, or

sea surface temperature, we could then simulate difference climatic scenarios with

greener landscapes or warmer temperatures to see how the animals would respond.

Such a scenario-based view of a system would enhance not only our ecological un-

derstanding, but would enhance our conservation planning as well.
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6.3 Conclusion

Though the shape of my dissertation is slightly different than the one I outlined in my

dissertation proposal, the themes of the analysis are the same. I remained focused on

movement behavior, organism-environment interaction, and conservation throughout

each of these chapters. I consider this dissertation a work of applied ecology, and I

believe it provides a firm foundation for new approaches to animal movement data,

one that is grounded in ecology and conservation principles. In addition to providing

answers to the types of questions movement ecologists are interested in (Chapter 3),

I have provided information that is directly applicable to on-the-ground conservation

measures. Lastly, I believe this foundation provides an important launching off point

for future research that brings together the threads of movement and connectivity

that will enable ecologists and managers to make informed decisions about habitat

protection in the face of a changing climate.
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Appendix A

Tabular Summary for Ordination Groups from
Chapter 2
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Table A.1: NOH Ordination - Ordered by Group Membership

sptsn Rank Common name rarity (%) Group ID
180417 Species Rough-toothed Dolphin 1 1
180426 Species Bottlenose Dolphin 23 2
180434 Species Striped Dolphin 27 2
180457 Species Risso’s dolphin 30 2
180464 Genus Pilot Whales 35 2
180489 Species Sperm Whale 37 2
180493 Family beaked whales 20 2
180429 Species Long-snouted Spinner Dolphin 1 3
180469 Species Killer Whale 1 3
180430 Species Pantropical Spotted Dolphin 1 4
180492 Species Dwarf Sperm Whale 0 4
180435 Species Clymene Dolphin 1 5
180466 Species Short-finned Pilot Whale 1 5
180438 Species Common Dolphin 34 6
180443 Species Atlantic White-sided Dolphin 29 6
180473 Species Harbor Porpoise 20 6
180524 Species Minke Whale 21 6
180527 Species Fin Whale 35 6
180530 Species Humpback Whale 25 6
180537 Species Northern Right Whale 8 6
180461 Species Pygmy Killer Whale 1 7
180463 Species False Killer Whale 2 8
180490 Genus Pygmy Sperm Whales 7 9
180491 Species Pygmy Sperm Whale 1 10
180508 Species True’s beaked whale 0 10
180498 Species Cuvier’s beaked whale 9 11
180506 Genus Beaked Whales 2 12
180515 Species North Atlantic beaked whale 7 13
180517 Species Blainville’s beaked whale 1 14
180526 Species Sei Whale 4 15
552460 Species Atlantic Spotted Dolphin 8 16
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Table A.2: NOH Ordination - Rare Species Removed, Ordered by Group Membership

sptsn Rank Common name Group ID
180426 Species Bottlenose Dolphin 1
180434 Species Striped Dolphin 1
180457 Species Risso’s dolphin 1
180464 Genus Pilot Whales 1
180489 Species Sperm Whale 1
180493 Family beaked whales 1
180438 Species Common Dolphin 2
180443 Species Atlantic White-sided Dolphin 2
180473 Species Harbor Porpoise 2
180524 Species Minke Whale 2
180527 Species Fin Whale 2
180530 Species Humpback Whale 2
180537 Species Northern Right Whale 2
180490 Genus Pygmy Sperm Whales 3
180498 Species Cuvier’s beaked whale 4
180515 Species North Atlantic beaked whale 5
552460 Species Atlantic Spotted Dolphin 6

Table A.3: SOH Ordination - Rare Species Removed, Ordered by Group Membership

sptsn Rank Common name % Sites Observed Group ID
180426 Species Bottlenose Dolphin 50 1
180438 Species Common Dolphin 15 1
180457 Species Risso’s dolphin 30 1
180464 Genus Pilot Whales 35 1
552460 Species Atlantic Spotted Dolphin 40 1
180430 Species Pantropical Spotted Dolphin 15 2
180490 Genus Pygmy Sperm Whales 10 2
180493 Family beaked whales 10 3
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Table A.4: GOM Ordination - Rare Species Removed, Ordered by Group Member-
ship

sptsn Rank Common name % Sites Observed Group ID
180417 Species Rough-toothed Dolphin 13 1
180459 Species Melon-headed Whale 15 1
180426 Species Bottlenose Dolphin 29 2
180429 Species Long-snouted Spinner Dolphin 15 2
180430 Species Pantropical Spotted Dolphin 54 2
180434 Species Striped Dolphin 13 2
180457 Species Risso’s dolphin 35 2
180489 Species Sperm Whale 27 2
180490 Genus Pygmy Sperm Whales 23 2
180435 Species Clymene Dolphin 12 3
180492 Species Dwarf Sperm Whale 12 3
180506 Genus Beaked Whales 10 3
180469 Species Killer Whale 6 4
180491 Species Pygmy Sperm Whale 6 4
180493 Family beaked whales 12 5
552460 Species Atlantic Spotted Dolphin 12 6
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Appendix B

Graphical CART Results from Chapter 2
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2

1 2

SST: 19.31

Figure B.1: Classification and regression tree for the two dominant groups present
in the North of Hatteras Ordination. Text surrounded by arrows indicates the en-
vironmental variable governing the split and its direction, e.g. nodes to the right
of an SST split with an up arrow are seen in warmer waters. Group 1 is found in
waters warmer than 19.31◦ C, while group 2 is found in waters cooler than 18.8◦ C.
Species in group 2 include all of the baleen whales, as well as white-sided dolphins
and harbor porpoise.
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Depth: 718.5 m

SST: 29.14

1

1

21

Figure B.2: Classification and regression tree for the two dominant groups present
in the South of Hatteras Ordination. Text surrounded by arrows indicates the en-
vironmental variable governing the split and its direction, e.g. nodes to the right
of an SST split with an up arrow are seen in warmer waters. Essentially all of the
species are seen in group 1, with two smaller groups having vastly fewer sightings.
The groups split along a depth and temperature gradient, with group 2 (Pantropi-
cal spotted dolphins and Pygmy sperm whales) being found farther offshore and in
warmer waters.
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Depth: 231.5 m

d2coast: 53.5 km

d2shelf: 46.2 km

Depth: 42 m Depth: 210 m

Depth: 57.5 m

d2shelf: 14.9 km

d2shelf: 108 km

d2shelf: 131 km

d2shelf: 138 km

Figure B.3: Classification and regression tree for the two dominant groups present
in the Gulf of Mexico Ordination. Symbology as in Figure B.1. Group 2 is typically
found offshore in waters deeper than 232 m, while group 6, comprised solely of
Atlantic Spotted Dolphins, is found in waters deeper than 38.5 m, and shallower
than 232 m.
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Appendix C

R Code for Fitting the Movement Model

The R code for running the movement model on multiple individuals. The code

reads in RData files with two elements: the tracks and the tube. Here’s the top of

both of those:

> head(tracks)

tindex mindex shp Age Sex depth slope x y pointid

1 2 DCRW_05414_4 J F -51 3.22377 372376.0 3139940 61157

2 3 DCRW_05414_4 J F -141 6.07308 370723.4 3139080 61157

3 4 DCRW_05414_4 J F -191 7.11134 363235.8 3145002 60429

4 5 DCRW_05414_4 J F -299 3.99852 371311.6 3143234 60431

5 6 DCRW_05414_4 J F -626 7.45927 359790.8 3146348 59702

6 7 DCRW_05414_4 J F -109 2.78246 365329.4 3143407 60429

> head(thintube)

pointid tindex mindex shp depth slope x y

60433 1 2 DCRW_05414_4 -873 19.99490 380478.3 3143299

60432 1 2 DCRW_05414_4 -183 4.51756 376173.4 3143343
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59706 1 2 DCRW_05414_4 -216 11.61450 376224.6 3148212

59705 1 2 DCRW_05414_4 -46 1.43684 371921.4 3148258

60431 1 2 DCRW_05414_4 -298 4.27620 371868.5 3143389

59704 1 2 DCRW_05414_4 -49 1.25564 367618.3 3148306

pointid and mindex are the key indices used throughout. pointid is the spatial

index of patches and mindex is the global timeindex (i.e. across the whole colony-

specific tagging effort).

# 10.06.08, coding by Jim Clark & Rob Schick

# Duke Unviersity

# Movement model that will do:

# Implement model from Schick et al., 2008, Ecology Letters

library(mvtnorm)

rm(list=ls())

wd <- "C:/WorkSpace/research/projects/monkseals/data"

setwd(wd)

load(file="MultIndKureInput.RData")

##############################################################

# Source Required Functions #

##############################################################

dist <- function(x1,x2,y1,y2){

sqrt( (x2 - x1)^2 + (y2 - y1)^2)

}

inverse.logit<-function(x) exp(x)/(1+exp(x))

tnorm <- function(n,lo,hi,mu,sig){ #normal truncated lo and hi

z <- runif(n,0,1)

qlo <- pnorm((lo - mu)/sig)
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qhi <- pnorm((hi - mu)/sig)

rr <- mu + sig*qnorm(qlo + z*(qhi - qlo))

rr[rr == -Inf] <- hi[rr == -Inf]

rr[rr == Inf] <- lo[rr == Inf]

return(rr)

}

tnorm.mvt <- function(amat,mumat,smat,lo,hi){

# truncated multvariate normal

# amat is the matrix of current values (e.g., Gibbs sampling)

# if there are no current values, pass any integer as the first argument

# muvec is the vector of means

# smat is the covariance matrix

muvec <- as.vector(mumat)

if(length(amat) == 1)amat <-

matrix(tnorm(length(mumat),lo,hi,muvec,sqrt(diag(smat))),

nrow(mumat),ncol(mumat))

avec <- as.vector(amat)

avec[avec < lo] <- lo[avec < lo]

avec[avec > hi] <- hi[avec > hi]

for(k in 1:length(muvec)){

piece1 <- smat[-k,k] %*% solve(smat[-k,-k])

muk <- muvec[k] + piece1 %*% (avec[-k] - muvec[-k])

sgk <- smat[k,k] - piece1 %*% smat[k,-k]

if(sgk < .000000001)sgk <- .000000001

avec[k] <- tnorm(1,lo[k],hi[k],muk,sqrt(sgk))

}

return( matrix(avec,nrow(mumat),ncol(mumat)) )

}

##############################################################

# End Required Functions #

##############################################################
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##############################################################

# Reading in the Data #

##############################################################

# set data from the ArcGIS inputs

bb <- thintube # data tube (multiple animals)

rm(thintube) # just get rid of it because it’s so big

bi <- tracks # movement tracks (multiple animals)

rm(tracks) # get rid of it

##############################################################

# End Reading in the Data #

##############################################################

#############################################################################

# Initial Variable Setup #

#############################################################################

# individuals

ind <- sort(unique(bi[,’shp’])) # just get the unique individuals

nind <- length(ind) # tally the number of individuals

# Time

times <- sort(unique(bi[,’mindex’])) # master time index

nt <- length(times) # tally the length of the time

# Spatial indices in the tube

msites <- sort(unique(bi[,’pointid’])) # individual spatial indices

sites <- sort(unique(bb[,’pointid’])) # all spatial indices

ns <- length(sites) # tally

si <- c(1:ns) # vector: 1 to nsites
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smatch <- match(bb[,’pointid’],sites) # an index of the sorted sites

# and all the unsorted site

st <- rep(0,nt) # vector for times

dmove <- matrix(NA,nt,nind) # matrix for distance moved

distp <- rep(NA,nrow(bb)) # vector for distance to patches

timex <- numeric(0) # a vector of times

antime <- numeric(0) # a vector of animal ids

# Time and patch indices

#timeindex - n cols, 1 for each animal

# - max(nt) rows, filler is NA

timeindex <- matrix(NA,nrow=max(times),ncol=nind)

for (j in 1:nind) {

for (i in 1:length(times)){

if(any(bi$shp==ind[j] & bi$mindex==i))

{timeindex[i,j] <- bi[bi$shp==ind[j] & bi$mindex==i ,’mindex’]}

}

}

#patchindex - same as time index, but patch number rather than time index

patchindex <- matrix(NA,nrow=max(times),ncol=nind)

for (j in 1:nind) {

for (i in 1:length(times)){

if(any(bi$shp==ind[j] & bi$mindex==i))

{patchindex[i,j] <- bi[bi$shp==ind[j] & bi$mindex==i ,’pointid’]}

}

}

#############################################################################

# End Initial Variable Setup #

#############################################################################
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#############################################################################

# Initial Covariate Assembly: Calculating & Adding Distance to Patches #

#############################################################################

maxp <- 0

for (j in 1:nind) {

if(min(timeindex[,j],na.rm=T)==1){mint=2} else {mint=min(timeindex[,j],

na.rm=T)+1}

for(t in mint:max(timeindex[,j],na.rm=T)){

plast <- which(bb[,’mindex’] ==(t-1) & bb[,’shp’]==ind[j] ,

arr.ind=T)

pnow <- which(bb[,’mindex’] == t & bb[,’shp’]==ind[j],

arr.ind=T)

dmove[t,j] <- dist(bi[bi$shp==ind[j] & bi$mindex==t ,’x’],

bi[bi$shp==ind[j] & bi$mindex==(t-1) ,’x’],

bi[bi$shp==ind[j] & bi$mindex==t ,’y’],

bi[bi$shp==ind[j] & bi$mindex==(t-1) ,’y’])

distp[pnow] <- dist(bb[pnow,’x’],

bi[bi$shp==ind[j] & bi$mindex==(t-1) ,’x’],

bb[pnow,’y’],bi[bi$shp==ind[j] & bi$mindex==(t-1) ,’y’] )

if(length(pnow) > maxp)maxp <- length(pnow)

timex <- c(timex,rep(t,length(pnow)))

antime <- c(antime,rep(j,length(pnow)))

}

}

# Get the t1 index made by looping over individuals

t1 <- numeric(0)

for (j in 1:nind) {

tnow <- which(bb[,’mindex’] == min(timeindex[,j],na.rm=T) &
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bb[,’shp’]==ind[j],arr.ind=T)

t1 <- append(t1,tnow)

}

#this is a matrix for the ’tube’

x <- cbind(distp,bb[,’depth’],bb[,’slope’])[-t1,] #

colnames(x) <- c(’distp’,’depth’,’slope’)

smatch <- smatch[-t1]

x <- cbind(x[,’distp’]/1000,x[,’depth’]/1000,

(x[,’depth’]/1000)^2,x[,’slope’]/10,

(x[,’slope’]/10)^2)

colnames(x) <- c(’distp’,’depth’,’depth2’,’slope’,’slope2’)

###########################################################################

# End Initial Covariate Assembly #

###########################################################################

###########################################################################

# Time Space Patch Indices for helper functions #

###########################################################################

# stindex is used to make the nowindex

stindex <- matrix(rep(NA,nt),nrow=nt,ncol=nind)

for (j in 1:nind) {

stindex[,j] <- match(patchindex[,j],sites)

}

# This little block is to get the current index of where the

# animal is at time

# t, but not in actual pointid values...in indices instead

newindex <- numeric(0)

nowindex <- numeric(0)

for (j in 1:nind) {
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nowindexint <- numeric(0)

if(min(timeindex[,j],na.rm=T)==1){mint=2} else

{mint=min(timeindex[,j],na.rm=T)+1}

for(t in mint:max(timeindex[,j],na.rm=T)){

wt <- which(timex[antime==j] == t,arr.ind=T)

newindex <- c(newindex,c(1:length(wt)))

nowindexint <- c(nowindexint,match(stindex[t,j],smatch[wt]))

}

nowindex <- append(nowindex,list(nowindexint))

}

length(timex);length(newindex)

#summary(nowindex)

###########################################################################

# End Time Space Patch Indices for helper functions #

###########################################################################

###########################################################################

# Assemble Covariate Matrix for Helper Functions #

###########################################################################

#create a time by p matrix for each covariate

siteantime <- numeric(0)

for (j in 1:nind) {

siteantime[j] <- max(table(timex[antime==j])) # this was a bug

}

sitetime <- max(siteantime)

p <- ncol(x)

xlist <- numeric(0)

#each matrix in xlist is time by site (all times all sites)
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for(k in 1:p){

xmatrix <- matrix(NA,nt,sitetime)

xmatrix[cbind(timex,newindex)] <- x[,colnames(x)[k]]

# above, covariate k goes in row timex, column newindex

xlist <- append(xlist,list(xmatrix))

}

###########################################################################

# End Assemble Covariate Matrix for Helper Functions #

###########################################################################

##############################################################

# Helper Functions for the Gibbs Loop #

##############################################################

theta_update <- function(b,iindex){

# currently there is a list for each covariate. The loop over

# covariates includes those to patches actually chosen (in ’nowindex’),

# which are accumulated in sumn, and the entire set of patches, in

# summat

# update this to have a separate index for each animal; nowindex is

# now a list, each vector including the locations for the time series

# of observations in individual.

# You can pull this from patchindex & timeindex

# cbind(c(1:nt)) might have to change to reflect values in patchindex

#

# 1.11.09

# changed the time indeixing from mint:nt to mint:max(timeindex[,iindex])

summat <- 0

sumn <- 0

for(k in 1:p){ # p = patches, k = current patch; aren’t these covariates?

if(min(timeindex[,iindex],na.rm=T)==1){mint=2}
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else {mint=min(timeindex[,iindex],na.rm=T)+1}

sumn <- sumn + b[k]*xlist[[k]][cbind(c(mint:max(timeindex[,iindex],

na.rm=T)),nowindex[[iindex]])] #a list for each animal

summat <- summat + b[k]*xlist[[k]][c(mint:max(timeindex[,iindex],

na.rm=T)),]

}

down <- apply(exp(summat),1,sum,na.rm=T)

up <- exp(sumn)

up/down

}

bpar <- c(-.2,.2,-.2,.2,-.2)

bprior <- rep(0,ncol(x))

bprior.V <- diag(10,ncol(x))

b_update <- function(){

bprop <- t(tnorm.mvt(as.matrix(bg),as.matrix(bg),bjump,

c(-20,0,-20,0,-20),c(0,20,0,20,0)))

tnow <- 0

tnew <- 0

for(j in 1:nind){

tnow <- tnow + sum(log(theta_update(bg,j)),na.rm=T)

tnew <- tnew + sum(log(theta_update(as.vector(bprop),j)),na.rm=T)

}

pnow <- tnow + dmvnorm(bg,bprior,bprior.V)

pnew <- tnew + dmvnorm(as.vector(bprop),bprior,bprior.V)

a <- exp(pnew - pnow)
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z <- runif(1,0,1)

if(z < a)bg <- as.vector(bprop)

as.vector(bg)

}

bg <- bpar

bjump <- diag(.02,5)

##############################################################

# End Prep for the Gibbs Loop #

##############################################################

##############################################################

# The Gibbs Loop #

##############################################################

# First iteration

ng <- 1000

bgibbs <- matrix(NA,ng,ncol(x))

for(g in 1:ng){

bg <- b_update()

bgibbs[g,] <- bg

# print(c(g,bg))

}

# second iteration

bg <- bgibbs[ng,]

bjump <- cov(bgibbs)

ng <- 100000

bgibbs <- matrix(NA,ng,ncol(x))

for(g in 1:ng){
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bg <- b_update()

bgibbs[g,] <- bg

# print(c(g,bg))

}

# third iteration

bg <- bgibbs[ng,]

bjump <- cov(bgibbs)

ng <- 250000

bgibbs <- matrix(NA,ng,ncol(x))

for(g in 1:ng){

bg <- b_update()

bgibbs[g,] <- bg

# print(c(g,bg))

}

##############################################################

# End the Gibbs Loop #

##############################################################

save(bgibbs,file="PearlHermesMultBgibbs.RData")

save.image(file="PearlHermesAllTheStuff.RData")
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