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ABSTRACT

AVIAN INFLUENZA TAKES FLIGHT: HOST MOBILITY, VIRAL PREVALENCE, AND

TRANSMISSION AT LARGE SPATIAL SCALES.

Many pathogens have large geographic distributions, but we currently have little ability
to predict how they may change over time. Understanding what mechanisms drive the large-scale
distributions and movements of pathogens is critical to designing effective surveillance
programs, disease interventions, and predictive models of disease spread. Additionally, we lack
information on what spatial scale these mechanisms are most important. In this dissertation we
address one of the fundamental problems in ecology, the “problem of pattern and scale”, in the
context of disease prevalence and spatial transmission. Are the large-scale patterns we see
emergent properties of many small-scale processes, or are they a product of large-scale processes
themselves? We focused on the spatial distribution, prevalence and spatial transmission of
influenza A virus in its endemic host, wild waterfowl. We used a zero-inflated Bayesian CAR
model to determine if local environmental persistence of the virus or regional host migration
were better predictors of large-scale patterns of prevalence. We found that an unweighted host
migration network better predicted high and low values of prevalence than did local drivers. To
understand how these factors impacted where IAV moves in the United States (US) we
investigated how local-scale transmission and regional-scale host movements influence large-
scale spatial transmission and our ability to detect these transmissions. We developed a Bayesian
zero-inflated binomial network model to estimate the probability of spatial transmission between

watersheds pairs. We found that regional host movement was the best predictor of spatial



transmission and that Mallard ducks likely play a special role in moving the virus throughout the
US. Viral movement patterns were closely associated with important waterfowl breeding and
wintering habitats rather than flyways, as has been previously shown. In order to extend these
analyses to other geographic areas and host species we need to construct continental scale host
movement networks from movement data with differing spatial and temporal resolutions. We
developed a method to simulate host movements from very few observations allowing us to
match mark-recovery data to highly detailed satellite telemetry data. We used the biological
information in the detailed movement data to estimate population posterior distributions of travel
speed, turning angle, and direction. These quantities and an approximately Bayesian rejection
scheme were used to simulate missing locations in the mark-recovery data with estimates of
uncertainty. The method was validated with a telemetry dataset tracking the movement of
Northern Pintail ducks, an important host of IAV. Movement networks constructed from
simulated locations captured known population scale migration patterns of Pintail and exhibited
similar higher order community structure. More broadly, this research contributes to our
understanding of how host mobility impacts the prevalence and movement patterns of pathogens,
and the spatial scale at which this mechanism is important. Our findings suggest that predicting
the spread and spillover risk of IAV requires an understanding of where hosts move at the
regional scale. In the future, as climate and land-use change alter the migration patterns of wild

waterfowl, we can expect the distribution and movement patterns of IAV to shift as well.
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Chapter 1: Introduction

The field of disease ecology has historically focused on the local scale, modeling
transmission and outbreak dynamics in homogeneous populations. This is partly a consequence
of the field’s origins, applying models of population dynamics to parasites and pathogens. From
a practical standpoint, it is also easier to collect data at the local scale and disease interventions
are often focused on controlling localized outbreaks. However, the COVID-19 global pandemic
and influenza A epizootics have highlighted the urgent need to investigate how we may predict
and intervene in outbreaks at the continental scale. Advances in statistical inference, disease
surveillance, and remote sensing technology have made data at the large scale more available
than ever and has stimulated a growing sub-field of disease ecology at the landscape scale.
Central to this field is understanding what drives the global pathogen distributions we see today
and how we can expect them to change over time (Ostfeld et al. 2005, Meetenmeyer et al. 2012).

Many pathogens have nearly global distributions including, but not limited to,
SARSCov2, HIV, influenza A virus, Batrachochytrium dendrobatids (Bd), rabies virus, and West
Nile virus. Large-scale phenomena like climate change, land-use change, and globalization are
predicted to intensify outbreaks of these, and other infectious diseases in humans, wildlife, and
domesticated plants and animals. Several studies have already documented these changes
occurring through a variety of mechanisms. Increasing temperatures have expanded the range of
the Asian tiger mosquito, a known vector of Chikungunya virus, dengue, and yellow fever (Ruiz-
Moreno et al. 2012). Warming temperatures have also made historically cool climates livable
year-round causing some animals to abandon their annual migrations. Monarch butterflies that

stopped migrating were found to have higher rates of protozoan infection than their migratory



counterparts (Altizer et al. 2013). Fragmentation of habitat and vital food resources for fruit bats
in Australia has increased contact between bats, domestic animals, and humans and resulted in
the spillover of Hendra virus from bats to domestic horses (Plowright et al. 2011). Human air and
boat travel has been directly linked to the introductions of West Nile virus to North America,
avian malaria to Hawaii, and varroasis to honeybees causing severe declines in their new host
populations (Daszak et al. 2001). These, and future changes in the spatial distributions of
pathogens, pose a significant risk to human health, food security, and the persistence of sensitive
wildlife populations. Studying pathogens at the large scale provides critical knowledge needed to
conduct disease surveillance, design interventions, and to help move towards a future of disease
prediction and prevention.

Beyond these practical motivations, expanding our focus to study pathogens at large
spatial scales provides us with an opportunity to address one of the fundamental problems in
ecology, the ‘problem of scale’ (Weins 1989). The patterns we observe at one scale are often
mechanistically produced at other scales of organization (Levin 1992). Are the large-scale
patterns we see emergent properties of many small-scale processes (eg. competition,
transmission) or are they a product of large-scale processes themselves (eg. climate, host
migration)? This question is one of the primary themes of this dissertation where I examine the
impact of mechanisms at both the local and regional spatial scales on the large-scale prevalence,
spatial distribution, and spatial transmission of influenza A virus (IAV) in an endemic host
population.

The IAV system is well suited for comparing the relative contribution of regional and
local-scale factors to overall patterns on the landscape. IAV has a nearly global distribution and

is endemic to many species of wild waterfowl. These hosts undergo long-distance seasonal



migrations that are hypothesized to be important drivers of viral movement and may be
responsible for introducing the virus to new locations (Lam et al. 2012, Trovao et al. 2015, Yang
et al. 2024). On the local scale, transmission among waterfowl is primarily environmentally
mediated (van Dijik et al 2018, Ramey et al 2020). Lab studies have shown that water
temperature, pH and salinity all impact the environmental persistence of the virus (Brown et al.
2007). The longer IAV is able to survive in the environment, the more opportunities there are to
infect new hosts, potentially increasing local transmission and viral prevalence. Historically,
most large-scale studies have not considered factors that may impact local transmission and their
subsequent impact on large-scale patterns of IAV. In Chapter 2, I focus on the relative
importance of local-scale environmental transmission and regional-scale host movement in
predicting the large-scale spatial distribution and prevalence of the virus. In Chapter 3, I model
the large-scale spatial transmission of IAV to determine whether local factors like temperature
and viral prevalence, or regional-scale host movements better predict the movement of the virus
throughout the United States (US).

Other studies have looked at the role of host migration in the large-scale spatial spread of
IAV (Lam et al. 2012, Tian et al. 2014, Trovao et al. 2015, Yang et al. 2024). However, these
studies primarily focus on characterizing how waterfowl migratory flyways have shaped viral
phylogenies and the chronology of outbreaks. Flyways characterize the seasonal migration
patterns of dozens of species of waterfowl and encompass millions of square kilometers. Such a
large scale is less helpful for understanding where, and what species managers should sample to
detect new subtypes of the virus. This focus on flyways is largely due to the scarcity of detailed
data on waterfowl movement at the continental scale. Additionally, methods of data collection

often differ between regions resulting in datasets with different spatio-temporal resolutions. For



example, much of the host movement data in Asia comes from highly detailed satellite telemetry
and GPS tags. In North America most of these data come from long term bird banding datasets at
a much coarser spatio-temporal scale. In the absence of robust frameworks to combine different
data types, flyways offer one of the few ways to connect host movement to IAV introductions
and epizootics across multiple countries. This mismatch in data resolution limits not just
inference in AV spread, but studies on a wide range of ecological questions including foraging
and territorial behavior, habitat connectivity, and how animal migration is responding to habitat
loss and climate change.

In Chapter 4 of this dissertation, I addressed this problem by developing a method to
simulate host movements from very few observations. While detailed movement trackers are
becoming cheaper and more accurate, they have still not reached the point where they can be
deployed on a global scale. We used these scarce, but detailed data to estimate key parameters
that describe waterfowl movements and use these to simulate missing locations in less expensive
and more abundant mark-recovery datasets. This has the additional bonus of providing a robust
framework for integrating movement datasets at two very different spatial and temporal scales
and improving the resolution of the relationship between the spatial transmission of IAV and
host movements. This approach is customizable and could be used for a variety of taxa to answer
questions about migratory responses to climate changes, large-scale habitat connectivity, and the
global spread of infectious disease. In the context of IAV the resulting simulations can be used to
construct host migration networks that can elucidate the relationship between intercontinental
host movements and the probability of introducing new viruses via migratory birds.

Results from all of these chapters can be used to refine viral surveillance efforts in the

US. TAV frequently spills over into domestic poultry populations causing widespread mortality



and economic losses (Caron et al. 2014, Klaassen and Wille 2023). Recent epizootics have also
caused deaths in a wide range of wildlife including, but not limited to, mustelids, felids, ursids,
raptors, and candids (Plaza et al. 2024). The spread of IAV from birds to dairy cattle in 2024, and
the presence of virions in milk, has led to significant concerns about spillover into human
populations as well (Airey and Short 2024). Early detection of new subtypes of the virus and
predictions of where it may spread are important for managing spillover risk to sensitive host

populations in the future.



Chapter 2: Waterfowl migration drives spatio-temporal distribution
of highly pathogenic avian influenza prevalence at large spatio-
temporal scales.

2.1 INTRODUCTION

One of the primary goals of ecology is to understand what mechanisms generate spatio-
temporal patterns at different scales, and how these scales interact (Levin 1992). In the field of
disease ecology, much of the focus historically has been on drivers of local transmission and
outbreaks in small-scale populations. Data are easier to collect at this scale, modeling is more
straightforward when space is homogeneous, and disease interventions are often focused on
halting local spread (Ostfeld et al. 2005, Meentemeyer et al. 2012). However, there has been
growing interest in how transmission processes in spatially structured populations scale up to
explain large-scale distributions of pathogens (Grenfell et al. 2001, Farnsworth et al. 2006, Cross
et al. 2013, Nalar et al. 2014, Gorsich et al. 2022). Are these distributions the consequence of
factors that influence local transmission or are they better explained by large-scale spatial
phenomena like the movement of infected hosts?

Many widely distributed human and zoonotic pathogens such as SARS-CoV-2, influenza
A virus, and West Nile virus infect hosts that can quickly move long distances. Incorporating
migration into models of outbreak dynamics can dramatically impact predictions of pathogen
spread (Altizer et al. 2011, Dougherty et al. 2018). Understanding whether local or regional-scale
processes like migration better predict large-scale pathogen distributions helps us to understand
how global environmental and anthropogenic changes will shift these distributions over time

(Stephens et al. 2016). Forecasting changes in pathogen distributions is essential for designing



pathogen surveillance programs and disease interventions, allowing managers to prioritize
sample locations and resources (Becker et al. 2019).

The avian influenza system is well suited to compare the contribution of local and
regional processes to the large-scale distribution of a pathogen. Influenza A virus (IAV) has been
found in wild waterfowl on nearly every continent and is hypothesized to move quickly into new
locations during host migrations. It is also a pathogen of management concern because it
frequently spills over into new host populations. Avian influenza viruses originally hosted by
waterfowl] are now endemic in a wide range of taxa including harbor seals, pigs, dogs, and
horses, and are a viable source of virus that could evolve to cause the next human flu pandemic
(Webster et al. 1992, Short et al. 2015). Certain subtypes of the virus (H5 and H7) regularly
spillover into domestic poultry and wildlife where they can evolve into highly pathogenic strains
that cause widespread mortality (Caron et al. 2014, Klaassen and Wille 2023). In 2024 the virus
moved from poultry to dairy cattle and caused several human cases in farm workers (Venkatesan
2024). Spillover events have had an extremely high economic cost as well. In the last decade
alone, outbreaks of waterfowl origin IAV in the United States have cost over a billion dollars to
poultry producers and government agencies (Seeger et al. 2021).

To predict where these spillover events are most likely to occur in the future, we need to
know how prevalent infections are on the landscape and whether local or regional phenomena
drive the spatial distribution of prevalence. To address this need, we characterized the large-scale
spatio-temporal patterns of IAV prevalence in US waterfowl and tested two hypotheses about the
mechanisms that drive the patterns we observed. To test the local environmental hypothesis, we
looked for patterns of prevalence at the local scale where features of the environment (e.g. water

temperature, pH, salinity) likely mediate the persistence and subsequent transmission of the virus



(Garamszegi and Moller 2007, Gaidet et al. 2012, van Dijk et al. 2014). In wild waterfowl IAV
transmission is primarily environmental. The virus is shed into aquatic habitats in feces and
taken up by hosts while feeding. Locations with high prevalence of IAV in waterfowl may have
a larger environmental reservoir of virus resulting in higher rates of local transmission, higher
prevalence, and a greater risk of spillover to other species.

To test our second hypothesis, the regional migratory hypothesis, we looked for regional
patterns of prevalence associated with host migration. IAV strains have more genetic similarities
within migratory flyways suggesting the influence of large-scale host movements on the spatial
distribution of some viral subtypes (Lam et al. 2012, Bahl 2013). Additionally, IAV prevalence
follows seasonal patterns that appear to correspond with the life history and movement patterns
of hosts. In waterfowl, prevalence of the virus increases rapidly on the summer breeding grounds
prior to the southward fall migration when the numbers of young birds, which are more
susceptible to infection by IAV, reach high densities (Garamszegi and Moller 2007, Farnsworth
etal. 2012, Hill et al. 2012). Prevalence then decreases on the wintering grounds and generally
remains low as hosts migrate north in the spring. If movement of infected birds is the main driver
of spatio-temporal patterns, we expect to see prevalence spatially correlated based on where host
movements occur.

While the local environment and regional migration may both play a role, we are
interested in understanding their relative importance in predicting the large-scale patterns we
observe. To accomplish this, we used a spatially explicit conditional autoregressive (CAR)
model and model selection approach to compare the local environmental hypothesis and regional
migratory hypothesis, as well as a null model in which we assumed that prevalence is not

spatially structured. Within disease ecology, CAR models are most commonly used for spatial



smoothing in disease mapping, treating spatial autocorrelation as a nuisance parameter that must
be accounted for to ensure realistic predictions. However, we leverage the ability of this
approach to explicitly define the spatial structure we expect for each of our spatial hypotheses
and determine which model best fits the observed data. This application of CAR models is an
often-overlooked advantage to the approach that is rarely leveraged but highly recommended
(Farnsworth et al. 2012, Ver Hoef et al. 2017). Understanding whether local environmental
factors or regional host movements most impact IAV prevalence will help us predict how large-
scale influenza disease risk will change in the future and allow more targeted sampling and
interventions. Our results are also a step towards quantifying how processes at different scales

contribute to the spread of pathogens into new hosts and territories.

22 METHODS

We compared a null model that does not include any spatial structure to three different
zero-inflated spatial conditional auto-regressive (CAR) models, each representing one of our
biological hypothesis about how prevalence values were correlated in space. The local model
tested the local environmental hypothesis where prevalence values that are close in geographic
space are expected to have more similar values of prevalence than those that are geographically
distant. If local persistence is the main driver of spatial distribution, we expect that IAV
prevalence will be positively spatially autocorrelated since factors like vegetation type, latitude,
abundance of water and host habitat, and climate all tend to be more similar in areas that are
closer in geographic space.

We used two models, the unweighted regional model and the weighted regional model, to
test the regional migratory hypothesis. The unweighted model represents the idea that it is the

migratory connections between watersheds that matter the most, not the volume of hosts that



move between them. The weighted version represents the idea that watersheds that are highly
connected by high levels of host migration have more similar prevalence values than those that
are weakly connected.

The null model and three spatial CAR models shared the same zero-inflated model
structure (Figure 2.1). We used viral surveillance data to make inference on two key parameters;
the probability that IAV occupied a given location (p), and the true prevalence at that location
(1). We incorporated imperfect detection and spatial structure into the prevalence portion of the
model (Figure 2.1). This format allowed us to estimate prevalence at only those times and
locations where viral habitat is suitable enough for the virus to be present and allowed us to
determine the impact of temperature and host abundance on the probability an area was occupied
by the virus (Figure 2.1, Viral Occupancy). Viral occupancy requires that hosts be present and
the temperature of the environment be cool enough for environmental transmission to occur.
Salinity and pH of water have also been shown to be important for persistence of IAV in water
but were not included because available data show these values are generally within published
tolerances. The detection part of the model allowed us to incorporate information about
imperfect detection of the virus so that we could estimate the true prevalence from apparent
prevalence (p). Apparent prevalence is the number of positive tests divided by the overall sample
size (Figure 2.1, Detection).

We incorporated our hypotheses about the impact of spatial structure on true prevalence
via a spatially structured random effect (¢) (Figure 2.1, Spatial Structure). In a CAR model,
spatial information is included in an adjacency matrix that encodes the spatial structure we
expect to find under each of the alternate hypotheses. This adjacency matrix is incorporated into

the precision matrix (Q 1) of the prior distribution of the spatially structured random effect ¢.
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Figure 2.1: Directed acyclic graphs modified to show the basic model structure and the
biological interpretation of the model components. Data and parameters directly estimated by the
models are shown in black. Latent variables are shown in grey. Non-italic letters and dashed
lines indicate known quantities and data.

2.2.1 Viral Data

We used viral surveillance data of potentially highly pathogenic subtypes of IAV in
Mallard ducks (Anas platyrhynchos) within the continental United States collected by the US
Department of Agriculture Animal and Health Inspection Services (USDA APHIS). Mallards
were chosen as the target testing group because they have high prevalence of many subtypes of
IAV, and for their abundance and widespread geographical distribution in the continental United
States (Bevins et al., 2014). Samples were collected from live waterfowl and hunter harvested
birds from 2007 - 2016. From 2007 — 2013 specific areas of interest for sampling priority were
identified on a state level based on historic prevalence of IAV and the high numbers of
waterfowl band recoveries (Farnsworth et al. 2011). From 2014 — 2016 sampling locations were

prioritized with a relative ranking approach based on the presence of significant historical AV
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clusters, locations with high rates of between-flyway mixing, and temperature in accordance with
the Surveillance Plan for Highly Pathogenic Avian Influenza in Wild Migratory Birds in the
United States (2015). Though 43% of samples were taken in fall, this sample design still resulted

in good spatio-temporal coverage of the US.

Each individual sample included an oropharyngeal and a cloacal swab that were tested
for the presence of IAV and subtyped using rRT-PCR at the National Animal Health Laboratory
Network. Samples that were HS5 or H7 positive were sent to the National Veterinary Services
Laboratories to determine pathogenicity. A detailed account of sampling and laboratory methods
can be found in Bevins et al. (2014). The dataset used for model fitting was composed of 74,448
samples from across the US (15,027 positive; 59,421 negative). Data collected in 2016 was

withheld for out of sample validation of the top model (4147 positive; 22,477 negative).

2.2.2 Temporal and Spatial Scale

True seasonal prevalence was estimated across five years, from 2007-2010 and 2015.
Very few samples were collected in 2011-2014 resulting in poor seasonal and spatial coverage so
these years were not included in model fitting. We defined biological seasons based on the life
history of Mallard ducks. We chose to use these biological seasons because they align with
previously observed annual shifts in viral prevalence and partially account for the effects of host
age on susceptibility to IAV. Biological seasons were classified as spring migration (March -
May), breeding season (Jun - Aug), fall migration (Sep — Nov), and overwintering season (Dec —
Feb). Because the overwintering season spans two calendar years, we used biological years that
run from March — Feb. For example, the biological year of 2012 spans March 2012 — February

2013.
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Seasonal prevalences were estimated for 202 individual sub-regional watersheds in the
continental US. Subregional watersheds, also referred to by their hydrologic unit code HUC4, are
delineated by the USGS based on surface hydrologic features. We chose the watershed scale
because it represents a discrete biological unit that is pertinent to IAV hosts and habitat as
opposed to political boundaries. It is also sufficiently large to include enough samples for

inference, but not so large as to ignore important spatial heterogeneity.

2.2.3 Migratory Networks

A migratory host network was constructed using publicly available bird band-recovery
data for Mallards collected by the Bird Banding Lab and the Patuxent Wildlife Research Center,
US Geological Survey (USGS 2017, retrieved Feb 2018). Live birds were banded and then the
bands were recovered later through hunter recovery. We removed the few occurrences that were
due to visual observation or live capture to improve the consistency of the dataset. We defined
the migratory path of the individual as the difference in location from where the bird was banded
to where the band or bird was recovered. Because individual birds did not always follow the
same migratory paths every year, we only used observations that were recovered within one year
or less of banding to ensure that watersheds without true migratory connections were not

connected in the network. The network included all such observations from 2006-2016.

2.2.4 Viral Occupancy Covariates

Mean land surface temperature for each watershed, in each season, was calculated from
monthly means of 2-meter gridded land surface temperature downloaded from NOAA Physical
Sciences Laboratory from their website at https://psl/noaa.gov (Fan and van den Dool, 2008,

retrieved Nov 2018). This aggregate value characterizes the general suitability of the climate that
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may impact the environmental reservoir of the virus through time (Cassie 2006). In the lab, IAV
can remain infective for months in waters below 17 C (Brown et al. 2009).

The total number of Mallards present in each watershed, in each season, was calculated
from the sum of all observations made during the sample period in the ebird Basic Dataset
(Cornell Lab of Ornithology, retrieved Jul 2022). Only observations that included a date and
latitude and longitudinal coordinates were used so counts could be aligned with the surveillance
data in time and space. To account for broad seasonal distributional shifts of birds as they

migrate north or south, we also used the latitude of the centroid of each watershed as a covariate.

2.2.5 Model Structure and Hypotheses

We modeled counts of positive tests (y;jx) for each season (i), each year (j), and in each
watershed (k). We used a zero-inflated Bayesian model where counts were zero when habitat
was not suitable (z;x = 0) and binomially distributed with sample size n;x and apparent
prevalence p;jx when habitat was suitable (z;x = 1) (Line 1, Null and Alternate Models). Habitat
suitability was a Bernoulli random variable with probability of viral occupancy, p;jx, and was
influenced by latitude of the watershed, the abundance of the host, and the mean land surface
temperature of the watershed. We estimated the impact of these covariates on viral occupancy in
each watershed for each season, except for latitude, which was estimated for each season only.
Latitude was included to determine if IAV occupancy shows broad latitudinal shifts throughout
the yearly cycle.

Observed apparent prevalence, pjj, arises from the true prevalence of a watershed (4;jy).
True prevalence is impacted by diagnostic test sensitivity and specificity as well as errors in
sampling that result in false positives and negatives. We set sensitivity (Se) equal to 0.863 and

specificity (Sp) equal to 0.984 based on values reported in the literature for domestic poultry and
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expert opinion (USDA APHIS, 2017; Janice Pedersen, personal communication; Mia Torchetti,
personal communication). We tried a version of the model that estimated Se and Sp but checking
the model with simulated data revealed that the true values of these parameters could not be

recovered. Instead, we chose to fix these values as constants.

2.2.6 Null Model
The null model had no spatial structure to which we compared the alternative models

with our various spatially structured hypotheses. True prevalence (4;j;) was influenced by a non-
spatial random effect (y;;), which was the average prevalence for each year and season across

the entire US, and a spatially varying random effect that did not include any spatial correlation

between watersheds (&).

Null Model: No Spatial Structure

! 0 whenz =0
) Vijk ~ {Binomial(nijk,pijk) whenz =1

2) pijk =Se X Ajjx + (1 —=Sp)(1 — Ayjr)
3) lOglt(/ll]k) = ‘Lllj + &k
4) Zijk~Bern0ulli(pijk)

5) logit(pi]-k) = B; X Latitudey + 1 X Host Abunance;j, + B2 X Temp;ji + Boik

2.2.7 Alternative Models

We used three different spatially structured CAR models to estimate the true prevalence
(Aijk) of the virus under each of our alternative hypotheses. These models had the same general
form as the null except that they incorporated explicit spatial dependency between watersheds

with the addition of the spatially structured random variable ¢, . Besag (1974) showed that the
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joint prior distribution of ¢, is a multivariate normal with mean = 0 and precision matrix Q

(Alternative Models, Line 6).

Alternative Models: Spatial CAR Model

. whenz =0
) Vijie ~ {Binomial(nijk,pijk) whenz =1

2) pijk =Se X Ajjx + (1 —=Sp)(1 — Ayjr)

3) logit(Aijx) = wij + @

4) Zijk~Bernoulli(pl-jk)

5) logit(pijk) = B; X Latitudey + B, X Host Abunance;j, + B2 X Temp;ji + Bo,ik
Spatial Prior:

6) @~MVN(0,Q 1), where Q = [(D X T)(I — aB)]

Q was constructed from the adjacency matrix, W, which was populated with values that
reflected the correlation structure that is expected under each of the hypotheses. W was an m x m
adjacency matrix where, m was the number of watersheds, {i,i} entries were zero and the off-
diagonals were the hypothesized weights. For the local model, watersheds i and j were assigned a
one if they shared any portion of their boundary, and a zero otherwise.

For the regional models, we defined W in two different ways. We constructed migratory
spatial networks from the banding data where nodes were watersheds and edges were defined in
different ways to represent two variations on the regional migratory hypothesis. The first
adjacency matrix was unweighted where one indicated that birds moved between each watershed
pair and zero indicated no movement. The second adjacency matrix was weighted by the number
of birds that moved between watersheds and were rescaled to ensure that they were bound by

zero and one. Both migratory networks omitted loops, connections where the origin and
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destination watershed were the same since we were only interested in between watershed
movements. Both networks were undirected because the migratory network did not vary by
season or year. Hosts generally fly south in fall and north in spring. A single directed network
that included movement in both directions would obscure the signal of host movement when not
aligned with the corresponding season. Additionally, the CAR model prior specification required
that the adjacency matrix be symmetrical.

W was converted into the scaled adjacency matrix, B, by multiplying it by the inverse of D,
an m x m diagonal matrix where {i,i} were the number of neighbors of watershed i and the off
diagonals were zero. B was multiplied by an autocorrelation parameter, «, that controlled the
strength of spatial correlation by weighting its influence in the prior of the precision of ¢. To
approximate an intrinsic conditional autoregressive (iICAR) model, which assumes complete
spatial correlation, we set & = 0.999. This made it possible to use a joint prior distribution in the
model instead of the full conditional. Approximating the iCAR allowed us to estimate one fewer
parameters, reduced computation time, and ensured that the precision matrix of the joint
distribution of ¢} was positive definite.

We tried a version of the CAR models that also included a non-structured spatial random
effect but found this resulted in model overfitting and the parameter was omitted. Uninformative
priors were used for the remainder of model parameters following the recommendations of
Gelman (1996). Prior distributions are described in the Chapter 2 Supplemental Material. We
performed several checks to ensure that information about host migration was not also contained
in the local model adjacency matrix and found that the local and regional W matrices encoded

different spatial phenomena (Chapter 2 Supplemental Material).
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2.2.8 Model Fitting and Validation

All analyses were conducted in R (R Core Team, 2021) and Bayesian model fitting was
done using package rjags (Plummer, 2003). We used a Monte Carlo Markov Chain (MCMC)
procedure of three chains for 100,000 iterations after a burn in of 100,000 iterations.
Convergence was confirmed using the Gelman and Rubin’s convergence diagnostic from the
coda package to ensure that at least 97% of the scale reduction factors for each parameter and
their confidence intervals were below 1.1 (Brooks and Gelman 1998). The deviance information
criterion (DIC) was used for model selection where the model with the lowest DIC indicates the
best fit (Spiegelhalter et al. 2002). Posterior distributions of prevalence and viral occupancy from
the top model were each combined across years. This resulted in a posterior distribution for each
season and watershed for prevalence and occupancy respectively.

Out of sample validation was used to determine how well the top model predicted the
2016 apparent prevalence data withheld from model fitting. Leave one out cross validation was
not performed because CAR models have long computation times, making fitting the model to
multiple subsets of the data intractable. However, this is not problematic as out of sample
validation is the preferred method. Predicted apparent prevalences were calculated from the
posterior distributions of true prevalence. To compare the model predictions to observed
apparent prevalences in 2016 we calculated the absolute value of the residuals between model
predictions and observed data. Because we are mostly interested in our model’s ability to
correctly predict high or low values of prevalence, we also performed a categorical validation
where an apparent prevalence of 6% was selected as a threshold value based on the median value
of observed apparent prevalence in the withheld dataset and values reported in the literature
(Olsen et al., 2006). Watersheds with an apparent prevalence of 6% or greater were classified as

having high apparent prevalence of IAV and watersheds with less than 6% as having low
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apparent prevalence. We also calculated the area under the receiver operating characteristic
curve (AUC) which quantifies the ability of the model to correctly estimate high or low
prevalence. AUC ranges in value from O to 1. An AUC of 0 indicates that the model predicted
high prevalence as low and low prevalence as high. An AUC of 0.5 indicates that the model
could not distinguish between high and low prevalence, and a value of 1 indicates that the model
correctly classified prevalence as high or low for every observation. Because only two samples
were taken in the spring migration season of 2016, this season was omitted from model

validation.

2.3  RESULTS
2.3.1 Model Selection and Validation

The unweighted regional model had the lowest DIC indicating that it best fit the data
(Table 2.1). Thus, all parameter estimate results discussed here were from this top model. Both
the unweighted and weighted regional models outperformed the local model, and all three of
these spatial models were a better fit to the data than the non-spatially structured null. The
unweighted regional model correctly predicted high (= 6%) and low (< 6%) apparent prevalence
for 81% and 58% of all observations from the withheld 2016 data respectively (Figure 2.2, AUC
= (.71). Quantitatively, the model underpredicts apparent prevalence with individual watershed-
level predictions not exceeding 40% prevalence compared to the maximum observed value of
90% in 2016. Particularly high observed apparent prevalences generally occurred in watersheds

where fewer samples were taken.
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Table 2.1: Deviance information criterion (DIC) for each model of IAV true prevalence and

viral occupancy, as well as the hypothesis that each model represents. The model with the best fit
has the lowest DIC.

Model Hypothesis DIC
Unweighted Regional Model Regional Migration 13983
Weighted Regional Model Regional Migration 14003
Local Model Local Environmental 14010
Null Model No Spatial Structure 14206

Apparent Prevalence: 2016
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Figure 2.2: Estimated apparent prevalence of IAV from all seasons in 2016 compared to
observed apparent prevalence calculated from the top model estimates of true prevalence. The
black lines intersecting the x and y axis indicate the demarcation between high and low
prevalence; 6%. Red circles indicate values correctly classified as high prevalence by the model
and blue circles indicate values correctly classified as low prevalence by the model.

2.3.2 Spatio-temporal Patterns of True Prevalence
Most watersheds had low estimates of true prevalence in the spring migration season. The

highest prevalence watersheds in this season were located in the southeastern US with a
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maximum prevalence of 30% (Figure 2.3A). Uncertainty in our estimates was greatest in spring
when the fewest number of samples were taken. In the breeding season, the maximum
prevalence was almost double what was seen in spring and shifted to watersheds in the north
(Figure 2.3B). True prevalence remained high in the northern latitudes in the fall migration
season, but with notable shifts southward along the Mississippi Valley and the Intermountain
West, a region bounded by the Rocky Mountains in the east and the Cascade and Sierra
Mountain ranges in the west (Figure 2.3C). Maximum prevalence was lowest in the
overwintering season at 25%, and the number of moderate and high prevalence watersheds
diminished noticeably from the fall migration season (Figure 2.3D). The desert southwest
consistently had the lowest prevalence in every season, but also the greatest uncertainty due to

the lack of sampling in this region.
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Figure 2.3: Maps showing estimated seasonal true prevalence of IAV, expressed as a
percentage, and standard deviation for each watershed in the contiguous US. Prevalence
estimates are the medians of posterior distributions from the top model combined across years.
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Arrows show the ordering of seasons in a biological year and highlight the cyclical nature of
IAV prevalence in wild waterfowl in North America.

2.3.3 Viral Occupancy

Viral occupancy probability had similar spatio-temporal patterns as true prevalence but
greater uncertainty in the model estimates. Latitude had a strong positive relationship with viral
occupancy during the summer breeding season (f = 2.06) and fall migration season (f = 2.15),
when more virus was detected in northern latitudes, and a negative relationship in the
overwintering season (f = -1.20) and spring migration season (f = -2.08) when birds migrated
south to lower latitudes. The relationships of Mallard host abundance and mean land surface
temperature with viral occupancy were less clear. Viral occupancy did not show a strong
relationship with host abundance for almost all watersheds, with 94% of 95% equal-tailed
credible intervals (CI) for the regression coefficient overlapping zero. For those few watersheds
where the CI did not overlap zero, there was a positive effect of host abundance on viral
occupancy. This positive effect was only observed in the fall migration and overwintering
seasons on the west coast of the US and the Mississippi River Valley (Figure 2.4A). The fall
migration season was the only time in which there was a clear effect of temperature on viral
occupancy, though the uncertainty of these estimates was high (Figure 2.4B). There was a clear
spatial pattern to how temperature impacted viral occupancy with a positive effect of temperature

in the southeastern US that transitioned to an increasingly negative effect to the northwest.
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Figure 2.4: Maps showing the influence of Mallard host abundance (A) and mean land surface
temperature (B) on IAV occupancy probability in each watershed in the contiguous US. Only the
fall migration season is shown because this is the only season where a strong effect was
observed. Beta is the fitted regression coefficient of each covariate in the top model on the log
likelihood scale, categorized to show if there was a negative (—2 < Brqyx < -0.05), positive
(0.05 < Brauk < 2.7), or no influence (—0.05 < Brqx < 0.05) of the covariate on

occupancy. Standard deviation of these quantities was classified as low (1.4 < SD < 1.7),
medium (1.8 < SD < 2.1), or high (2.2 < SD < 2.5). Dark grey polygons were not sampled
during the entire study period.

24  DISCUSSION

Incorporating seasonal host migration into our model allowed us to accurately predict
spatial and seasonal patterns of high IAV prevalence. Model estimates of high prevalence
watersheds closely matched predictions of regions suitable for the virus and areas where IAV
outbreaks occurred during the study period (Belkhiria et al. 2016). Observed apparent
prevalences in sparsely sampled watersheds were greater than model predictions for the
validation dataset. This is a common issue with raw estimates of prevalence that are very
sensitive to low sample sizes. When sample effort is not adequate to capture negative cases,
apparent prevalence can be biased to larger values (Jovani and Tella 2006). Our qualitative
model assessment allowed us to evaluate model performance despite the resulting inflation of the

residuals for poorly sampled watersheds.
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Our maps of estimated true prevalence were consistent with previously observed seasonal
distributional shifts of IAV, and closely followed the distributional shifts of migratory hosts (Hill
et al. 2012). The highest prevalences occurred in the breeding season in areas known to be
important breeding habitat for migratory waterfowl, including the Pacific Northwest and the
Prairie Pothole Region in North and South Dakota. During the fall migration season an
additional cluster appeared in the northern latitudes of the Mississippi River Valley and shifted
southward in winter (Figure 2.3C, 2.3D). Similar spatial patterns were observed in genetic
relatedness among [AV strains (Lam et al. 2011, Fourment et al. 2017). IAV genetic lineages are
generally constrained within migratory flyways, regions that characterize large-scale seasonal
movements of waterfowl. Watersheds connected by host movement likely share the same
subtypes and strains of [AV with similar levels of infectivity and transmissibility that in turn
generate similar levels of prevalence.

Movements of wild birds are often overlooked in studies characterizing the spatio-
temporal patterns of HPAI outbreaks (Gilbert and Pfeiffer 2012). In the only other study that
considered the role of host movement, as well as other local factors thought to influence IAV
prevalence, Gorsich et al. (2022) analyzed the same IAV surveillance dataset using statistics
derived from a migration network as model covariates. They found that individual demographic
and local-scale processes, not host movement, most influenced the spatial distribution of IAV.
Their analysis, however, took place on a smaller spatial and temporal scale than our own,
modeling monthly individual cases. Our contrasting results highlight the importance of matching
the spatial and temporal scale of an analysis to the desired scale of inference. Conclusions can
change dramatically with the scale considered, though each can be valid (Wiens 1989). Ours is

the largest scale yet considered and the only study to use host movement data to explicitly define
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spatial structure, making our conclusions appropriate for inference at the scale of the contiguous

United States. Ours is also the first study to directly demonstrate a link between host movements
and TAV prevalence indicating that regional-scale phenomena can shape large-scale distributions
of pathogens.

Studies of other pathogens have shown that large-scale abiotic factors like climate,
altitude and latitude are better predictors of the large-scale distribution and prevalence of than
local biotic factors like host richness (Cohen et al. 2016). Abiotic and biotic are often used as
shorthand for large and small spatial scales respectively. Host migration, however, blurs the line
between these two designations. Migration is caused by large-scale seasonal climatic changes
and spans distant latitudes, but ultimately results in local changes in community composition and
host density. While our results are consistent with the idea that large-scale processes are most
predictive of large-scale patterns, the assertion that these are due to biotic or abiotic factors is
less certain.

The scale of our analysis also influences how we interpreted the impact of temperature on
viral occupancy probability. While we expected that watersheds with high average temperatures
would be unsuitable for the virus, spatial and seasonal patterns of occupancy were often different
from what was predicted based on lab experiments of viral persistence in water. For example,
despite high summer and autumn temperatures in Florida, the virus was still found in this region
suggesting that within large-scale watersheds there are still suitable habitats that allow
environmental transmission of the virus. At large scales, mean seasonal temperature likely does a
better job predicting where hosts are, rather than the suitability of aquatic habitats for the virus.
Temperature is a powerful predictor of migratory host movements because it impacts the

availability of food resources and the energetic costs of thermoregulation (Si et al. 2015).
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Waterfowl prefer the warmer temperatures of southern latitudes in winter and the cooler
temperatures of northern latitudes in the summer. Our model estimates of viral occupancy
reflected this shift in host habitat preference and is consistent with previous results showing that
seasonal changes in host distributions are likely important for explaining the large-scale
distribution of IAV.

Despite the clear importance of host movement in predicting viral prevalence, we saw no
impact of host abundance on viral occupancy in most watersheds. However, in watersheds that
hosted particularly large numbers of Mallards in the fall and winter, we did observe a positive
influence. Mallards are widespread and abundant in the contiguous United States, so it may have
taken particularly large numbers of these hosts to impact occupancy probability. It is also
possible that the presence of other host species, acting as either a source or sink for [AV
infection, may complicate the observed relationship, decreasing the impact we observed from
Mallards alone.

Though regional host migratory movements were the most important driver of large-scale
spatial prevalence, local viral persistence likely still plays a role. Local spatial variation in water
temperature and habitat can allow the virus to transmit in areas where we predict it should not be
at the regional scale. Aggregating covariates over space reduces variation and can result in
underestimating the importance of spatial covariates like temperature (Cross et al. 2013).
Collecting these data at sites where the virus is actually sampled may reveal a stronger impact of
the environment, even when aggregated by watershed.

Unevenness in sampling effort in time and space can also limit our ability to accurately
predict prevalence for all watersheds in the US, especially during the spring migration season

when IAV sampling was the lowest. Low sample size is not an uncommon problem. It is
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intractable to sample all regions, at all time periods, when making inference on such a large area.
One benefit of a CAR model over a more traditional regression is that incorporating spatial
structure allows us make prevalence predictions for regions that have never been sampled.
Watersheds with estimates of high prevalence and high uncertainty could be good future targets
for sampling, when combined with expert knowledge of the area. It will also be important to
sample other subtypes of the virus. Existing surveillance has typically focused on potentially
pathogenic subtypes of IAV but spatial patterns of prevalence can vary greatly between host
species and viral strains (Hill et al. 2012). Expanding our analysis framework to other viral
subtypes and additional host species will help us understand how generalizable our results are to
IAV as a whole.

In the future, effective management of globally distributed pathogens will necessitate
surveillance efforts and interventions that explicitly consider the spatial scale of inference. We
must also understand what mechanisms drive the large-scale movement and distributions of these
pathogens. We have shown that predicting high IAV prevalence across the US, and consequently
identifying regions with higher spillover risk, requires an understanding of where hosts move. In
the future, as hosts of pathogens with large geographic ranges change their movement patterns in
response to habitat loss and climate change, we can expect regional spatio-temporal patterns of

disease prevalence and risk to shift with them.
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Chapter 3: Large-scale wild waterfowl movements drive spatial
transmission of HS and H7 influenza A virus in the United States.

3.1 INTRODUCTION

Though we have more data on the incidence of infectious disease than at any other time
in history, large-scale spatial transmission of pathogens remains largely unpredictable.
Determining what mechanisms drive the movements of pathogens across the globe is
complicated by processes operating at different ecological scales including, but not limited to,
environmental reservoirs of pathogen, host density and demography, and host mobility
(Hesterbeek et al. 2015). Understanding the relative contribution of theses mechanisms to
observed patterns of spatial transmission, and the scales at which they are important, is a crucial
first step toward predicting the spread of disease and the risk of pathogen spillover into new host
populations (Becker et al. 2019). Despite this, models of large-scale spatial transmission rarely
include predictors at multiple spatial scales.

Recent epizootics of avian flu in domestic poultry have highlighted an urgent need to
understand the spatial transmission of influenza A virus (IAV) among wild waterfowl (Russel
2016). These reservoir hosts of IAV are thought to drive much of its genetic diversification
leading to spill over into other host species (Trovao et al. 2015, Yang et al. 2024). Outbreaks of
HS5N8, HSNS, H5N6 and H5N1 subtypes of IAV in poultry have all been linked to genetic
reassortment events in wild waterfowl (Beerens et al. 2016, Hill et al. 2019, Lycett et al. 2020).
Recent spillover from birds to mammals that frequently interact with humans such as racoons,
dogs, cats, and dairy cattle has led to significant concern that wild birds could be the source of
the next outbreak of pandemic flu in humans (Airey and Short 2024). This concern, as well as

the severe economic cost of outbreaks in poultry have led to over a decade of IAV surveillance
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in wild birds in the United States (US). Improving our understanding of what mechanisms drive
spatial transmission among reservoir hosts, and at what spatial scale they are important, will help
managers prioritize sampling locations for early detection of new potentially pathogenic
subtypes of the virus.

To contribute to the broader spatial questions within disease ecology and address
practical concerns of IAV surveillance, we investigated how local-scale transmission and
regional-scale host movements influence the large-scale movement of wild waterfowl IAV.
Locations with only a few cases of IAV have fewer opportunities for infection of hosts that
subsequently move the virus to new locations. Thus, conditions that mediate local transmission
may also mediate large-scale spatial transmission. Among wild waterfowl, IAV host-to-host
transmission is impacted by many factors including conditions of the environment (Breban et al.
2009), host demography (van Dijk et al. 2013), and host abundance and density (Kent et al.
2022). However, local-scale predictive covariates have not yet been considered in analyses of
spatial transmission. To address this gap, we evaluated how two factors related to local
transmission impacted large-scale spatial transmission.

First, we considered the local temperature. In wild birds, IAV is primarily
environmentally transmitted (van Dijik et al 2018, Ramey et al 2020). The virus is shed into
aquatic habitats in host feces and transmitted to other hosts when they feed in contaminated
water. Environmental conditions such as temperature must be suitable enough for the virus to
survive and transmit to other hosts (Brown et al. 2009). Because laboratory experiments have
shown that IAV persists longer in water below 17 C (Brown et al. 2009) we predicted that
locations with lower temperatures would have more viral movement between them. Second, we

considered the prevalence of the virus. High densities of young, immunonaive birds are
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associated with higher local prevalence of IAV (van Dijk et al. 2013). Among all age groups,
large aggregations of infected hosts shed more virus into the environment increasing the
probability of secondary infections. This suggests that local prevalence is an indirect, but
reasonable proxy reflecting the host demographic and density impacts on local transmission. We
predicted that locations with higher prevalences would have more viral movement between them.

Large-scale host migration is also hypothesized to be an important driver of IAV
movement patterns. Previous research on host movements has largely focused on the impact of
migratory flyways on the phylogenic structure of IAV. Lam et al. (2012) found that IAV gene
flow was greater within North American flyways than between them. In Asia, Tian et al. (2014)
showed that within flyways, the timing of IAV outbreaks and host migrations were highly
correlated. Trovao et al. (2015) linked the spatial diffusion of an HSN1 outbreak to avian
flyways in Asia. Most recently, Yang et al. (2024) found that seasonal migrations were
associated with highly pathogenic IAV dispersal in the northern hemisphere. All of these studies
use viral genomic data, phylogeographic and phylodynamic approaches to link host migration at
the flyway scale to large-scale viral movement.

These studies necessarily focus on flyways because the analyses incorporate large
geographic areas and a variety of host taxa, often in regions where more detailed data on host
movement is scarce. While taking a flyway-based approach can tell us a great deal about overall
viral movement patterns, it lacks a detailed understanding of host movement and hence is less
useful for prioritizing where viral surveillance should occur. Migratory flyways are very large-
scale generalizations of seasonal waterfowl movement for dozens of bird species. Regions where
flyways overlap, such as Alaska, are frequently cited as locations where new viral introductions

are more likely to occur but represent enormous areas containing millions of potential hosts. To
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predict viral movements at an actionable scale for intervention, such as prioritization of
surveillance locations within large areas, we need to know where hosts are specifically moving
and quantify how this influences viral movement. To address this need, we shifted away from the
phylogeographic/flyway paradigm to see if host movement data could be used to directly predict
the IAV spatial transmission network. We expected that locations connected by more host
movement would have more spatial transmission between them.

Many terms have been used to describe the spatial movement of pathogens including
pathogen dispersal, pathogen diffusion, regional spread, geographic spread, pathogen migration,
large-scale transmission, and spatial transmission. We use the term spatial transmission because
it clarifies that viral spatial movement occurs via at least one, but likely many, host-to-host
transmission events. We investigate whether these local transmissions dictate where the virus can
move, or if regional movements via an infected host most influence spatial transmission. We
developed a zero-inflated Bayesian network model to quantify the role of local-scale
environmental temperature, prevalence, and regional-scale host movement in shaping viral
movement patterns. This model estimates the probability of spatial transmission between
locations in the contiguous US and estimates the probability that we detect spatial transmissions
when they occur. Understanding how these mechanisms impact spatial transmission is an
important first step in producing predictive models of IAV spread. Our results also contribute to
the broader understanding of how phenomena at different spatial scales impact the global spread

of infectious disease.

3.2 METHODS
We constructed a spatial IAV transmission network for the contiguous United States

using viral genomic data. We used this network to fit a Bayesian zero-inflated network model to
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estimate the probability of spatial transmission between watershed pairs. The model estimated
the effect of the number of hosts moving between locations, as well as the effect of temperature
and prevalence within watersheds, on spatial transmission of the virus. The zero-inflated
framework also allowed us to estimate the probability that spatial transmission was detected
given that a transmission occurred. We evaluated the role of sample effort and the time between

sampling events on our ability to detect spatial transmission.

3.2.1 Spatial Scale

We used sub-regional watersheds as the spatial unit for analysis. These are delineated by
the US Geological Survey and are also referred to by their hydrological unit code HUC4. We
chose the watershed scale because it represents a discrete biological unit that is pertinent to IAV
hosts and habitat. They are sufficiently large to include enough samples for inference at large

spatial scales but not so large as to ignore important spatial heterogeneity.

3.2.2 Viral Genomic Data

We used whole and partial genome sequences of potentially pathogenic (HS and H7)
influenza A viruses to make the spatial transmission network. Whole sequences contained
genetic data for all eight gene segments for a given viral isolate while partial sequences
contained sequences for one or more gene segments. We focused on these subtypes because they
have been responsible for most IAV outbreaks in domestic animals. Samples were collected as
part of a large-scale IAV surveillance effort implemented by the US Department of Agriculture
Animal and Health Inspection Services (USDA APHIS). Sampling locations for surveillance
were chosen based on historical incidence of IAV, wetland habitat, past presence of waterfowl,
and expert opinion. A total of 58 watersheds were sampled between September 2015 and

November 2017. Oropharyngeal and cloacal swabs were collected from live and hunter
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harvested waterfowl of 12 different species: Blue Winged Teal, Cinnamon Teal, American Green
Winged Teal, American Black Duck, Ring Necked Duck, Mallard, Northern Shoveler, Northern
Pintail, Lesser Snow Goose, American Wigeon, Gadwall, and Lesser Scaup. All positive samples
were subtyped using rRT-PCR at the National Animal Health Laboratory Network. All H7 and
HS viruses were then sequenced at the National Veterinary Services Laboratory. A detailed
account of sampling and laboratory methods can be found in Bevins et al. (2014).

Sequence data for each gene segment were aligned using the MUSCLE algorithm with
the R package ‘msa’ (Bodenhofer et al. 2015). The subtype of the HA and NA gene segments
was known so alignment for these gene segments was performed only within subtype. For
example, the genetic sequence for an HA gene segment of an HS viral isolate was not aligned
with HA gene segments from H7 viral isolates. The genetic distance between each sequence was
calculated as the proportion of nucleotide substitutions between two sequences using the ape R
package and an evolutionary model developed by Tamura and Nei (1993) (Paradis and Schliep

2019).

3.2.3 Spatial Transmission Network

A total of 169 viral isolates were used to construct a spatial transmission network for
each gene segment. Because [AV can reassort, spatial transmission of entire viral genomes
cannot be tracked over time. Instead, we used the seqTrack algorithm to construct viral
genealogies for each gene segment separately. SeqTrack differs from traditional phylogenetic
approaches by allowing ancestors and descendants to be present in the sample at the same time,
rather than inferring hypothetical common ancestors between isolates. This approach is
appropriate for quick mutating viruses like IAV and is straightforward to implement using the

adegenet package in R (Jombart et al. 2011). The algorithm linked gene segment isolates by
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minimizing the genetic distance between them and inferred which was ancestral based on
sampling dates. We excluded any linked isolates that were sampled less than 30 days apart to
ensure that descendants were not mistaken for ancestors.

All influenza A viruses share some genetic similarities. It is possible that SeqTrack linked
some isolates in the sample with genetic similarities due to the fact that they are both functioning
gene segments of AV, rather than recent common ancestry. There are no published thresholds of
genetic distance that can be used to distinguish between these two scenarios and any such
threshold would differ by gene segment and viral subtype. Instead, we used a data driven
approach to determine genetic distance thresholds for each gene segment. We calculated the
number of connections in the viral genealogy for each value of genetic distance between zero
and the maximum value observed. A disproportionate increase in the number of connections with
only a small increase in genetic distance would indicate a natural threshold value. No such
thresholds were detected so we used the value of genetic distance that allowed us to keep 99% of
the connections. This eliminated all connections with unusually large genetic distances between
them, relative to other connections in the genealogy.

To construct a spatial transmission network for each gene segment, isolates were
assigned to watersheds based on their sample location (Figure 3.1). In these networks, the origin
watershed was the location where the ancestor isolate was detected, and the destination
watershed was the location where the descendant isolate was detected. Because we were
interested in only large-scale spatial transmission, all connections where ancestors and
descendants were detected in the same watershed were removed. We assumed that each gene
segment transmitted separately. All eight spatial transmission networks, one for each gene

segment, were added together into a single, directed spatial transmission network where edges
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were weighted by the number of spatial transmissions that occurred. All watershed pairs without

genetic links between them had a weight of zero indicating no spatial transmission.

1. SeqTrack Algorithm
HA,  —e— HA,; NA,, =—— NA,,

HAUE — HAIHI- Mlqug —- MAU4

2. Spatial Transmission by Gene Segment

)~
c ‘/ \ D Cc /
(1) ()

3. Weighted Spatial Transmission Network

A B
Yap = 1
Yac = 0
Ypc = 2
Yap = 1

- X5
ypg =0
Ypc =0

Figure 3.1: A conceptual diagram showing the process of constructing a weighted spatial
transmission network for IAV from genealogies reconstructed by the SeqTrack algorithm. For
simplicity, this example uses only three of the eight viral gene segments. HA denotes the
hemagglutinin gene segment, NA the neuraminidase gene segment, and MA the matrix gene
segment. The sub-index v/, v2, v3, and v4 indicate which viral isolate the gene segments came
from. In step one, the SeqTrack algorithm linked gene segments with the smallest genetic
distance between them and inferred which was ancestral based on the sampling order. The
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sampling order of watersheds was A, D, B, C. Ancestors are at the base of the arrows. In step 2,
each ancestor and descendant were assigned to a watershed based on their sampling location.
Viral isolate 1 was sampled in watershed A, isolate 2 in watershed D, isolate 3 in watershed B
and isolate 4 in watershed C. This resulted in three spatial transmission networks, one for each
sampled gene segment. Arrows now indicate the direction of spatial transmission. In step three,
all three networks were added together to get a single weighted spatial transmission network. y
denotes the number of spatial transmissions between each watershed pair. Edges yp4, Yga, and
ygp are not included in the network because spatial transmissions cannot occur backward in
time. Watershed B was sampled after both D and A, and watershed D was sampled after A.

3.2.4 Host Movement Network

We constructed a weighted, directed host movement network from bird banding data on
Mallard ducks (Anas platyrhynchos). We chose to focus on Mallards because they are
widespread and thought to have a disproportionate impact on the spatio-temporal transmission
dynamics of IAV in the United States (Hinshaw et al. 1986, Alfonzo et al. 1995, Ip et al. 2008).
These data, collected by the USGS Bird Banding Laboratory, are the best available information
on continental scale bird movement in the western hemisphere. We used 73,695 banding and
recovery records for Mallards collected between 2006 and 2017 to approximate overall
movement patterns in the continental US, rather than directly matching movement data to the
years genetic samples were taken since the samples were from multiple species. We only used
individuals that were marked and recovered within a six-month period to eliminate round trip
movement that would skew movement patterns. The edges of the host movement network were
weighted by the number of Mallards moving between watersheds. Only between watershed
movements were included in the network. We expected that watersheds connected by more

Mallard movement would have a greater number of spatial transmissions between them.

3.2.5 Local-Scale Covariates
Temperature in each watershed was approximated using monthly means of 2-meter

gridded land surface temperature downloaded from NOAA Physical Sciences Laboratory from
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their website at https://psl/noaa.gov (Fan and van den Dool, 2008, retrieved 5 April 2019).
Monthly data were averaged for each watershed in the period between September 2015 and
November 2017. In lab experiments, the persistence of the virus in water was best in
temperatures below 17 C (Brown et al. 2009). We predicted that cooler watersheds would have
more spatial transmission between them.

Viral prevalence was calculated as the proportion of positive H7 and H5 subtype samples
in each watershed over the study period. These data are also from the IAV surveillance dataset
described in the viral genomic data section. Because not every positive H5 and H7 sample was
sequenced, a greater number of samples were used to calculate prevalence than were used to
construct the spatial transmission network. We expected that watersheds with higher prevalence

would have more spatial transmission between them.

3.2.6 Detection Covariates

Sample effort was the total number of samples taken in each watershed over the entire
study period. We expected that watersheds with more sample effort would have a greater
probability of detecting a spatial transmission. Sample delay was the number of days between
when an origin and destination watershed were sampled. In cases where watersheds were
sampled more than once the earliest sample date at the origin watershed and the latest sampling
date at the destination watershed were used. We expected that the greater the amount of time
between sampling events, the less likely a spatial transmission would be detected. We predicted
that the amount of time between sampling events would also impact the probability of a
transmission occurring. The longer the sample delay, the more opportunities for spatial
transmission to occur. For this reason, sample delay was also included as a spatial transmission

covariate.
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3.2.7 Network Model and Fitting

The number of observed spatial transmissions (y;;) between each origin watershed (i) and

destination watershed (j) was determined by whether spatial transmission could occur and our
ability to detect it (Figure 3.2). We used a zero-inflated Bayesian model where no spatial

transmissions were observed when spatial transmission was not probable (z;; = 0). When spatial
transmission did occur (z;; = 1), the number of spatial transmissions was binomially distributed
with sample size at the origin watershed (n;) and detection probability (¢;;) (Line 1, Spatial

Transmission Model). Detection probability was a function of the sample effort at the origin

(Ef fort;) and destination (Ef fort;) watersheds as well as the amount of time between
sampling the two watersheds (Delay;;) (Line 2, Spatial Transmission Model). Because a given

watershed can act as an origin in multiple watershed pairings, as well as a destination, we also

included a random effect for origin watershed («; ,,) and destination watershed (a; ). The
probability that a spatial transmission occurred between two watersheds (p;;) was a function of
viral prevalence at the origin (Prev;) and destination (Prev;) watershed, the number of birds
moving between the watersheds (Move;;), the temperature at the origin (Temp;) and destination
watershed (Temp;), and the sample delay (Delay;;). A random effect for the origin («; ) and
destination (a; ;) watersheds was also included. Specification of the prior distributions of the

parameters can be found in Chapter 3 Supplemental Material.
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Figure 3.2: A directed acyclic graph modified to show the zero-inflated network model structure
and the biological interpretation of the model components. Dashed lines indicate observed data
and solid lines indicate parameters.
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All analyses were conducted in R (R Core Team, 2021) and Bayesian model fitting was
done using package rjags (Plummer, 2003). We used a Markov Chain Monte Carlo (MCMC)

procedure of three chains for 10,000 iterations after a burn in of 10,000 iterations. Chain
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convergence was confirmed when the R-hat convergence diagnostic was equal to one for every
estimated parameter and by visual inspection of trace plots. To ensure that the model could
recover known parameters we tested the model with simulated data.

Posterior predictive checks were used to validate model estimates. We simulated data
with the fitted model and calculated the Bayesian test statistic for the mean, standard deviation,
maximum number of spatial transmissions, and the number of no transmissions in the
distribution of the simulated dataset. Bayesian p-values should be within the range of 0.1 - 0.9
and values closer to 0.5 are ideal.

3.3 RESULTS
3.3.1 Model Validation

The distribution of data simulated from the fitted model was close to the observed data,
accurately capturing the true mean (p = 0.5) and number of no-transmission watershed pairs (p =
0.51). The maximum number of spatial transmissions (p = 0.15) in the simulated dataset was
lower than the observed data resulting in a smaller standard deviation (p = 0.13) than was seen in
the observed data. These values indicate that the model was a reasonable fit to the observed data.
A plot of the simulated data compared to the observed data (Figure S3.1) can be found in the

Chapter 3 Supplemental Material.

3.3.2 Spatial Transmission Network

A majority of the connections in the SeqTrack genealogies occurred between isolates that
came from hosts of different species (65%). After spatially aggregating the SeqTrack
connections to make the spatial network, 20% of spatial transmissions occurred within the same
watershed. After removing these connections and those with a sample delay of less than 30 days,

381 watershed pairs remained with at least one spatial transmission between them. There were
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another possible 1799 watershed pairings where no spatial transmission was observed. The
largest intersample time was two years and the most spatial transmissions that occurred between

any watershed pair in this time was 11.

3.3.3 Network Model

The local-scale covariates did not appear to influence the probability of spatial
transmission (Figure 3.3). There was no clear influence of temperature or prevalence at either the
origin or destination watersheds. Sample delay did have a positive impact, however. Spatial
transmission was more likely between watersheds that were sampled farther apart in time. The
host movement network had a strong positive influence on the probability of spatial transmission
of AIV. Watersheds with more Mallards moving between them had a higher probability of
spatial transmission than those with fewer hosts moving between them. A majority of viral
movements occurred between flyways (Figure 3.4). Spatial transmissions between the Central
and Mississippi Flyways were highly probable and the most probable spatial transmissions
within the Pacific Flyway were all tightly concentrated on the west coast. The Atlantic Flyway

had fewer spatial transmissions overall and showed very little within flyway viral movement.
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Figure 3.3: Model estimates of the influence of each covariate on the probability of spatial
transmission of IAV. The regression coefficient estimate is on the log-odds scale. The point is
the median of the posterior distribution, the thick line is the 50% Bayesian credible interval, and
the thin line is the 95% Bayesian credible interval.
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Figure 3.4: Map showing model estimates of the most probable (p = 0.5) spatial transmissions
of IAV. Arrows indicate the direction of spatial transmission. The gray polygons are subregional
watersheds, and the larger, black polygons show the four administrative flyways in the
contiguous United States. From left to right they are the Pacific Flyway, Central Flyway,
Mississippi Flyway, and Atlantic Flyway.

3.3.4 Detection Probability

Detecting a spatial transmission when it occurred was quite uncommon. The estimated
detection probability for a given watershed pair was 4% on average. Surprisingly, sample effort
at both the origin and destination watersheds had no clear impact on our ability to detect spatial
transmissions (Figure 3.5). Sample delay, however, did have a negative influence on detection
probability. We were more likely to detect spatial transmission when watersheds were sampled

closer together in time (Chapter 3 Supplemental Material, Figure S3.2).
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Figure 3.5: Model estimates of the influence of each covariate on the probability of detecting
spatial transmission of IAV. The regression coefficient estimate is on the log-odds scale. The
point is the median of the posterior distribution, the thick line is the 50% Bayesian credible
interval, and the thin line is the 95% Bayesian credible interval.

34  DISCUSSION

The network model was a good fit to the observed data though it underestimated the
maximum number of transmissions between watersheds. This is unsurprising given that a
majority of watershed pairs had no observed transmissions between them and likely pulled
model estimates lower. While the model did not capture the overall magnitude it did simulate
more transmission events for watersheds with the highest number of observed spatial
transmissions. This indicates that our estimated regression coefficients for the impact of local
temperature, prevalence, and regional host movements are useful in predicting where we see

more, or less spatial transmission occurring.
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Mallards may have a special role in moving potentially pathogenic subtypes of IAV.
Large-scale movement patterns of Mallards were predictive of spatial transmission of the virus
even though a majority of transmissions were between different host species. It is possible that
the Mallard movement network had good explanatory power because it was simply a good
approximation of overall waterfowl movement in the US. However, Mallards are abundant
throughout the US and often shed more virus in their feces than other host species (Costa et al.
2011). They may have a disproportionate impact on the spatial distribution of IAV by increasing
the environmental reservoir of the virus. Mallards are also widely distributed and may be good
spatial mixers, ensuring that the virus circulates throughout the country leading to more
infections in other species.

Even though long-distance Mallard movement was an important predictor of spatial
transmission, we saw little evidence of migratory flyways influencing where the virus was likely
to move. This finding contradicts much of what has been found with phylogeographic analyses
of IAV movement patterns. There are several possible factors that may explain why our results
show different spatial patterns of viral movement. First, we considered a large variety of viral
subtypes. A majority of phylogeographic studies restricted their analyses to HSN1 IAV because
this subtype has been the cause of several recent outbreaks (Tian et al. 2015, Trovao et al. 2015,
Yang et al. 2024). Restricting within subtype results in a pool of more closely related viruses and
geographic restriction within flyway may be more likely in this case. Second, we used all eight
viral gene segments to make our spatial transmission network rather than focusing on only the
HA and NA gene segments as is more common. Internal gene segments of the virus also have an
important role in spatial transmission patterns. The nonstructural protein (NS) and matrix protein

(MA) gene segments have been shown to greatly impact the transmissibility and virulence of
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IAV (Blaurock et al. 2021, Leyson et al. 2021). This can influence which hosts are infected and
thus where the virus can move. Both Hill et al. (2016) and Bahl et al. (2013) used genetic data
from all eight viral gene segments to reconstruct phylogenetic networks of IAV and found
significant evidence for between flyway viral movement. In the US, Hill et. al (2016) also found
increased geographically longitudinal movement of virus when there was more reassortant and
interspecies transmissions. This finding suggests that incorporating all viral gene segments may
improve detection of between-flyway spatial transmission because more reassortant transmission
events are included.

It is important to note that we may not have seen an impact of flyways on spatial
transmission because we did not explicitly look for it. This was a deliberate choice since using
flyways as spatial units to explain the movements of IAV predicates on north/south migratory
movements of hosts, ignoring other large-scale movements that may impact viral movement.
Additionally, flyways are not highly accurate representations of host movement in North
America. Current administrative flyways are based on bird banding data from the 1930s and are
only roughly consistent with modern migratory communities. A network analysis of modern
Mallard movement data found that administrative flyways in the US were significantly different
from actual migratory communities and that these communities differed greatly by species
(Buhnerkempe et al. 2016). These discrepancies between flyway designations and actual
movement patterns could obfuscate the more detailed viral spatial transmission we are interested
in.

Our results highlight that regional host movements between important breeding and
wintering habitats, regardless of flyway, likely play an important role in spatial transmission. The

most probable spatial transmissions were predicted to occur between important breeding and
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wintering habitats for migratory birds and along major river valleys (Figure 3.6). Wetlands in the
Prairie Pothole Region in the US and Canada host millions of breeding waterfowl each year and
serve as an important migration corridor (Smith 1995). Spatial transmission from this region to
the lower Mississippi Alluvial Valley was highly probable. This valley is one of the most
important overwintering habitats for Mallards and other waterfowl in the US (Reinecke et al.
1992). In the western US, spatial transmissions were closely associated with the Middle Rio
Grande Valley, the Sacramento River Valley, and the Columbia River all of which host

important wintering and migratory habitats for waterfowl.

Figure 3.6: Map showing the most probable (p > 0.9) spatial transmissions of IAV in the
contiguous US and their spatial proximity to important regions for waterfowl breeding, migration
and overwintering. Arrows indicate the direction of spatial transmission. Grey polygons are
watersheds.
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Phylogeographic studies of IAV gene flow have also called attention to locations where
there was strong evidence of between flyway movement, all corresponding to important
waterfowl breeding habitats. In North America, Lam et al. (2011) singled out the Prairie Pothole
Region as an important location for between flyway mixing of IAV. In Asia, Trovao et al. (2015)
highlighted several wetland breeding habitats that served as important links for between flyway
movement of the virus. This highlights the importance of sampling hosts at these locations to
ensure a clear picture of viral movement around the globe, and to help us understand how these
movements may change over time. Land use change and shifting climactic conditions in the US
have significantly altered waterfowl’s use of important habitats and have introduced greater
interannual variation in host migration patterns and densities (Beatty et al. 2016). Future
alteration of waterfowl habitats could have a dramatic impact on host movement patterns and
consequently spatial transmission of IAV (Rashford et al. 2015).

Local habitats are clearly an important factor driving spatial transmission of IAV.
However, in our model, local-scale temperature that influences environmental persistence within
these habitats showed no clear impact on spatial transmission. Nor did local-scale prevalence, an
indirect metric of local transmission. This highlights several technical challenges in connecting
local conditions to larger scale spatial transmission. First, water temperature at individual sites
within watersheds can vary greatly. In the future, sampling water temperature at sites where
hosts are actually sampled will be important to provide a more nuanced picture of the impacts of
the environment on viral persistence and perhaps show a stronger link to spatial transmission.
Second, the ability of a virus to locally persist, transmit between hosts, and then move to a
distant location depends on conditions in all the watersheds that are visited between when the

isolates were sampled, not just the origin and destination watersheds. Constructing spatial
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transmission networks within a shorter time period could help estimate more direct spatial
transmissions between locations, and may improve our ability to connect viral movement to
environmental conditions that impact viral persistence. However, truncating our dataset to only
include watersheds that were sampled within three months of each other would eliminate 84% of
observed transmissions events. Additional data would be needed to conduct this analysis at a
smaller temporal scale. Lastly, different viral subtypes likely differ in their ability to persist in
certain environmental conditions. Differing responses to local temperature or host density could
obfuscate any clear relationship in a pooled analyses like ours. Determining if there are
differences would require measuring water temperature, pH, salinity and host density at the
locations where hosts were sampled.

Despite these technical challenges, there also is evidence that the inability of local-scale
covariates to predict large-scale IAV spatial transmission is indicative of a larger trend in disease
ecology and beyond. In one of the few multi-scale studies of pathogen distributions, large-scale
phenomena like climate better explained the global spatial distributions of chytrid fungus, west
Nile virus, and Lyme disease than did local factors like host density and richness (Cohen et al.
2016). Large-scale studies of species richness have found that the spatial extent and grain of
analyses greatly impact what is predictive of spatial patterns of richness (Rahbek 2004). One
proposed explanation is that a given variable is most predictive at whatever spatial scale it most
differs (McGill. 2010, Cohen et al. 2016). This idea can be logically extended to predicting
large-scale spatial transmission of IAV. Local host density and water conditions can vary greatly
between local habitats. When these predictors are aggregated over larger areas like watersheds,
they appear more homogeneous, reducing their ability to predict large-scale spatial transmission.

In contrast, host movements are highly variable between watersheds allowing us to discern their
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impact on large-scale spatial transmission of IAV. This does not mean that local environmental
conditions and host-to-host transmission are unimportant at large scales, but rather that they are
less predictive than large-scale host movement patterns.

Models of spatial transmission that incorporate information about host movement help
epidemiologists and wildlife managers design spatially structured interventions like vaccination,
travel restrictions, or culling to halt the spread of disease (Riley 2007, Keeling et al. 2001).
While spatial models have linked human mobility data to the spread of SARS CoV-2 (Guan et al.
2021), measles outbreaks (Kraemer et al. 2019), and annual cases of human influenza (Lemay et
al. 2014) less work has been done linking wildlife movement data to spatial transmission. To our
knowledge, ours is the first study to directly link host movement data and spatial transmission of
IAV. Our results show that detailed knowledge of host movements, and of Mallards in particular,
is important for understanding where to prioritize surveillance for potentially highly pathogenic
subtypes of IAV at an actionable scale.

Our model estimates of detection probability also provide valuable information about
where to prioritize surveillance and the overall magnitude of spatial transmission. On average,
sampling over three years detected an estimated 4% of the most probable spatial transmission
events. This indicates that a watershed pair with ten observed connections actually had 250
spatial transmissions occur between them. Interestingly, there was no indication that increasing
sample effort within any of the watersheds would improve our ability to detect these spatial
transmissions. This suggests that where sampling occurs may matter more than the total number
of samples taken. Our model estimates of spatial transmission probability provide useful
information on where sampling will most likely detect spatial transmissions. Additionally, these

provide valuable hypotheses of where new subtypes of the virus may move after an introduction
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into North America. Moving forward, incorporating connections from Canada and Alaska will
provide a more complete picture of important spatial transmission routes to locations with high
risk of spillover into at-risk populations. Additionally, incorporating host movement data for
other waterfowl species could help us understand their relative contribution to spatial
transmission and help prioritize surveillance to particular taxa within the areas we have already

highlighted as important for surveillance.
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Chapter 4: A simulation method to estimate population-scale
movement from multi-sensor animal tracking datasets.

41 INTRODUCTION

The field of movement ecology seeks to understand the causes and mechanisms of
organismal movement as well as its consequences, from the scale of the individual all the way up
to entire ecosystems (Nathan et al. 2008). Animal movement data are collected using a diverse
array of techniques that often do not match one another in spatial or temporal resolution. These
data are often expensive and difficult to obtain, making it more difficult to characterize
movement patterns over large areas and long time periods. Addressing the spatio-temporal
mismatch between different datasets, and combining them in a rigorous way, will allow us to
expand our understanding of animal movement to larger spatio-temporal scales. Such
understanding is critical because animal movement data have been used to better understand a
diverse range of ecological questions including habitat preference (Aarts et al. 2008), foraging
and territorial behavior (Bennison et al. 2017, Giuggioli and Kenkre, 2014), migratory responses
to climate change (Davidson et al. 2020), habitat connectivity (Bastille-Rousseau and Wittemyer,
2020), and the spread of infectious disease (Dougherty et al. 2018).

Recent advances in this field have been driven by improvements in tracking technology
and computation power. Because many animals can travel long distances very quickly, it has
been exceedingly difficult until recently to obtain detailed tracking information on migratory
populations. The launch of the Argos satellites in the 1970s and the widespread use of GPS
technology starting in the 1990°s has made detailed movement data increasingly available for a

wide range of terrestrial and aquatic migratory taxa. GPS and satellite telemetry can track
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animals with a high degree of accuracy at a fine temporal and spatial resolution resulting in many
observations per individual. While costs have decreased over time, these methods are still
expensive and are generally only deployed on relatively few individuals. Other methods of
tracking like radio and acoustic tags allow researchers to mark more individuals using relatively
inexpensive equipment but require a large investment in hands-on monitoring to get many
observations through time. Mark-resight, mark-recapture, and mark-recovery methods that use
numeric tags are the most cost effective and allow researchers to mark substantially more
individuals. However, these methods usually result in only two locations per individual, the
location where they were tagged and the location they were recaptured or died. Ultimately, the
ideal method for tracking long distance migrations would be accurate, cost effective, require low
monitoring effort, and result in many observations per individual over a large geographic area.
Figure 4.1 summarizes some of the strengths and weaknesses of each of these methods relative to
this ‘ideal’. Additional factors to consider when deciding which tracking method is best are the

habitat of the animal being tracked, their anatomy, and their body size relative to the tag.

Cost Many Cover Large
DataType Accurate : Low Effort | Observations 8
Effective ‘o Area
/Individual
Banding and
Tagging
High
Radio/Active Agreement
Acoustic
Telematry Moderate
Passive Agreement
Acoustic
Telemetry e
Agreement
Argos Doppler
GPS

Figure 4.1: Important characteristics of each major animal tracking method. Color indicates the
degree to which each animal tracking method agrees with the characteristic of an ideal tracking
method that would be accurate, cost-effective, low effort and result in many
observations/individual while covering a large geographic area.
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While tracking technology continues to become smaller, cheaper, and more accurate,
there is currently no method that satisfies the ideal. Additionally, a newly developed tag cannot
help researchers deal with the spatio-temporal mismatch of data that has already been collected.
These data are exceedingly valuable and allow researchers to understand how animal movements
have changed over time. Animal tracking databases, such as Movebank, contain billions of
locations collected using a wide range of methods, and cite multi-sensor datasets as a particular
challenge to work with (https://www.movebank.org/cms/movebank-content/about-movebank).
Banding/tagging data, Argos, and GPS data all possess some attributes of the ideal tracking
method and have complementary strengths. Bird bands, for example, are inexpensive to use and
low effort to track since recoveries are primarily reported by the public. Argos and GPS tags are
accurate and crucially provide detailed information about how individuals move. A combination
of these two datasets would combine their strengths as well, getting us closer to the hypothetical
ideal. However, no framework currently exists that combines these highly detailed data sources
with data that have only two locations per individual.

Statistical methods have been developed to integrate different movement datasets.
However, their focus is on combining data that were collected at similar detailed temporal scales
but differed in the time intervals between location fixes as well as sources and size of
measurement error. Buderman et al. (2015) used B-splines to connect locations recorded at
irregular intervals from Argos satellite and radio telemetry. However, this method requires more
than two locations to infer movement paths and so cannot be applied to mark-recovery data.
Continuous-time correlated random walk models of animal movement have only been tested on
highly detailed and accurate GPS data and are also not designed for mark-recovery methods

(Johnson et al. 2008, Breed et al. 2012). Brownian bridge models could be used to infer spatial
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movement from just two locations but lack a straightforward way of incorporating knowledge of
host movement behavior into the model, resulting in greater simulation error (Horne et al. 2007).

We developed a statistical method that leverages the abundance and affordability of
mark-recovery data and the detail and accuracy of satellite telemetry and GPS data to simulate
population scale migratory movement. This method extracts biological information about animal
movement from detailed Argos/GPS data and uses an approximate Bayesian computation (ABC)
rejection scheme to simulate locations for banding data to fill in the gap between when an
individual was marked and when they were recovered. The resulting simulated locations match
the spatio-temporal resolution of the Argos/GPS data, allowing researchers to combine mark-
recovery data with the more detailed data types. ABC methods have been used to deal with
missing observations in movement data, and to address discrepancies between the scale of
movement processes and observations but have not been implemented to match the spatio-
temporal resolution of two different observation methods (McDermott et al. 2017, Ruiz-Suarez et
al. 2020). Our ABC method is customizable to the taxa and spatio-temporal resolution of interest
and provides estimates of simulation error. Additionally, this method does not require any
knowledge of an animal’s habitat, allowing us to glean useful information about movement even
when habitat data are unavailable.

We tested our ABC method on movement data of migrating Northern Pintail ducks (Anas
acuta). This species is widely distributed across the northern hemisphere and undergoes yearly
long-distance seasonal migrations from overwintering habitats in the south to breeding habitats
in the north. Pintails are a reservoir host of influenza A virus (IAV), and their seasonal
migrations may introduce new subtypes of the virus from Asia to North America (Ramey et al.

2010). Understanding Pintail migratory movement will help researchers understand where
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specifically the virus may be introduced and where it might move after an introduction. Pintails
have been marked with numeric bands for nearly 100 years in the United States (US), and band-
recoveries by hunters are fairly common due to the long history of hunting in the US. In contrast,
Pintail movement data in Asia come primarily from Argos satellite telemetry and GPS tracking,
providing detailed movement data, but for much fewer individuals. We use the detailed
information contained in the telemetry/GPS dataset to simulate movement between the marking
and recovery locations in the banding dataset. Simulated locations and satellite/GPS data can be
used to construct a population scale movement network for Pintails that can help predict the
movement and prevalence of this important virus of concern. While we used our ABC method to
address Pintails and IAV, this framework can be used to combine movement data of differing

resolutions for a wide range of species and ecological questions.

42 METHODS
4.2.1 Overall Framework

We used a functional movement model informed by detailed location data to calculate
three quantities, derived from movement trajectories that described an animal’s movement in
discrete-time and space. Speed described how quickly an individual moved between locations,
relative turning angle described how their trajectory changed at each location, and direction
described whether individuals made a left or right turn at each location. We used this biological
information to simulate locations between marking and recovery locations for individuals that
only had two location observations. We repeated these simulations many times for each
individual and used an approximate Bayesian computation (ABC) rejection algorithm to select
only the simulated paths that ended close to the known recovery location, resulting in a

distribution of locations at each time-step. We used the means of these distributions to estimate
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the missing movement path of an individual between when they were marked and when they
were recovered and used the variance of the distributions to approximate uncertainty (Figure

4.2).

V FuNcTiONAL MOVEMENT MODEL: ‘
GPS and Telemetry Data

Selectan individual.

¥v" Choose temporal resolution
of simulation.

Example: One location every 6 hours
for each individual.

Repeat until there are
many simulations that
end near known recovery.

Calculate number of
timesteps between
marking and recovery.

v" Estimate posterior distribution
of speed, turning angle, and
direction for each individual, at
eachtimestep.

Example: For 1 individual with 10
timesteps, estimate 10 posterior
distributions for speed, 10 for turning
angle, and 10 for direction. Repeat for

LOCATION SIMULATION

ABC REJECTION ALGORITHM
Mark-recovery Data

each individual.

Draw from speed, turning
angle, and direction If simulation does not
end near known recovery

location, it isrejected.

¥v" Combine posteriors from all
individuals into population
level posteriors for speed,
turning angle, and direction.

posteriors, to simulate
location ateach
timestep.

Figure 4.2: Conceptual diagram outlining the process of location simulation. The grey box
shows how biological quantities that describe animal movement are estimated from GPS and
Argos telemetry data. The blue boxes show the main steps in location simulation from mark-
recovery data. The grey arrow shows the step at which information from detailed movement data
1s incorporated into the simulation.

To test the accuracy of the method, we withheld known location data for some
individuals from the functional movement model, used the derived quantities to simulate
locations for these individuals, and applied the ABC rejection algorithm. We visually compared
individual movement paths to simulated paths. Because our method uses population scale
biological information to simulate population scale movement patterns, we also compared the

properties of population scale movement networks constructed from observed and simulated
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locations. We first describe our simulation validation methods in general terms and then provide

specific details on how it was applied to location data for migratory Pintail ducks.

4.2.2 Estimate Derived Quantities

We extracted biological information about how individuals moved from detailed
movement data with a previously developed functional movement model (FMM) (Buderman et
al. 2016). The model fits smooth continuous movement paths to these data to simulate spatial
locations forward in discrete time. For each individual, we used these simulated locations to
estimate posterior distributions of speed between each time-step, relative turning angle, and
direction at each time-step. The choice of time interval should balance capturing the movement
of interest while minimizing the total number of time-steps in order to decrease simulation time
for the mark-recovery data. We joined the individual, time-step level posteriors into population
scale posterior distributions for speed and relative turning angle. To estimate the population
posterior distribution of direction we calculated the proportion (probability) of left turns for all
individuals at every time-step. We drew from these three distributions to simulate missing
locations for individuals that only had two location observations in total. Locations were

simulated at the same time-step interval as speed and relative turning angle.

4.2.3 Simulation Approach

The simulation started at the known location where individual k£ was marked. Relative
turning angle was necessarily defined relative to the trajectory of the individual in the previous
time-step. Therefore, we could not draw from the relative turning angle posterior distribution for
the first simulation of location as there was no previous point to inform the relative nature of
turning angle at the marking location. Instead, we used the ‘angle’ function from the rearrr

package in R to calculate the angle (8,-,) between the marking location, which is centered at the
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origin of a Cartesian coordinate system, and the recovery location. We used the known end point
to initialize a simulation, rather than taking a random draw from the unit circle, to slow the rate
of error propagation. Speed was considered a distance because the intervals between each time-
step were the same and the denominator of distance/time could be ignored. Both speed (r) and
relative turning angle (¢) are polar coordinates that we converted to the Cartesian coordinates of
longitude and latitude at each time-step. To simulate the first location at time =1, we drew from
the distribution for speed and calculated a new longitude (long,) and latitude (lat;) using

equations 1 and 2 respectively.

Initializing A Simulation

1. longi—q = longi—g + 1¢—¢ X cos(O¢=g)

2. lattzl = lattzo + Tt:O X Sin(etzo)

For simulated locations ¢ > I, relative turning angle must be converted to the Cartesian scale,
and we must choose if the individual turns left or right. Hence, the turning angle, (¢;), was

modified by two variables: z; and 8;_4 as shown in equations 3 and 4.

All Other Time-steps

3. longiy1 =longe_1 + 1+ X Cos(q)tzlong,t + 9t—1)
4‘. latt+1 = latt_l + Tt X Sil’l(q)tzlat‘t + Ht—l)

z; dictated whether the individual turned left (z; = 1) or right (z; = -1) and was drawn at
each time-step with probability of left turn p;.f; and probability of right turn prign: = 1 — Prese-
A separate z; was drawn for latitude (z;4:¢) and longitude (Z;oy,4,). Relative turning angle was

drawn from the posterior distribution for ¢, and the angle between the location at ¢-2 and the
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location at -7 on the Cartesian scale (8;_4) adjusted ¢, to the Cartesian coordinate system. A
new speed, relative turning angle, z;4; ; and z;,y, 4, Were drawn for each time-step. Figure 4.3
summarizes the entire simulation process for one individual, over three simulated time-steps of a

single simulation iteration.
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Figure 4.3: A single, successful simulation of three time-steps that ended within a buffer
distance of the known endpoint. Black circles indicate known starting and ending locations. Grey
circles are simulated locations. The buffer distance is shown as a black dashed circle. Grey
dashed lines show the change in latitude and longitude calculated from adjacent equations.
Orange lines are the distance an individual traveled and were drawn from the posterior for speed,
1. At time ¢ = 0, the trajectory of travel was the angle from the starting location to the known
ending location (8;-q). For all other time-steps, travel trajectory was determined by a draw from
the posterior for relative turning angle (¢;), shown in purple. The purple x and y-axes at each
simulated time-step show the Cartesian scale rotated relative to the previous trajectory. The angle
between the locations at -2 and #-1 (6;_4), shown as a black arc, was added to ¢, to transform
relative turning angle to the Cartesian scale, shown as a horizontal black arrow. z;,¢; and zjpp g ¢

determine whether the individual turns left or right.
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4.2.4 ABC Rejection Algorithm

Once locations were simulated for all time-steps, we checked if the coordinates at time-
step t = n were within a set distance, or buffer distance, of the known ending location. If the final
location was within this zone, the simulation was saved; if not, the simulation was rejected. This
process was repeated for m number of simulations. Saved “successful” simulations approximated
posterior distributions of latitude and longitude at each time-step for each individual. We used
the mean of these distributions as the point estimate for location. We chose the mean, rather than
the median, to allow a greater influence of the tails of the distribution. This allowed the
simulated travel paths to curve more rather than forming a relatively straight trajectory between
the known start and end locations. Additional considerations for choosing how to project the
data, dealing with observation error, choosing the number of simulations, and choosing a buffer

distance are covered in detail in the Chapter 4 Supplemental Material.

4.2.5 Method Validation

We used a subset of the individuals with detailed tracking histories to validate the
simulation method. These individuals’ tracking data were not used to fit the FMM or to calculate
the population posterior distributions of speed, turning angle, or direction. Simulated locations
were visually compared to the true observed locations to determine how well individual
movement paths matched. We used spatial networks to quantify how well the simulation method
reconstructed population scale movement patterns in the observed data. Nodes in the networks
were defined as locations and edges were weighted by the number of individuals moving
between them. Movement data are often encoded as spatial networks and network science
provides a suite of analytical tools for comparing their structures (Jacoby et al. 2012, Jacoby and

Freeman 2016, Bastille-Rousseau et al. 2018). To characterize movement patterns, we looked at
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which locations were connected in the network (node and edge membership), the strength of
those connections (edge weight), and which locations were grouped into communities
(community membership). We used edge density, reciprocity, diameter, transitivity and the
number of strong components to evaluate the higher order structure of the spatial network. A
conceptual diagram showing how movement networks were made (Figure S4.1) can be found in
the Chapter 4 Supplemental Material.

To understand how simulation error impacted network structure we estimated 95%
Bayesian credible intervals for each of the network statistics. We randomly sampled one of a
hundred quantiles from the posteriors for latitude and longitude at each time-step, for each
individual. The resulting locations were converted to a spatial network, and the properties of this
network calculated. This process was repeated 1000 times to form a distribution for each of the
network properties mentioned above. We report the lower 0.025 quantile and the upper 0.975
quantile of these network property distributions to approximate the error of the point estimates of
the network properties. A conceptual diagram (Figure S4.2) and mathematical justification
explaining this process can be found in the Chapter 4 Supplemental Material.

We used one-step forward simulation and out-of-sample validation to check the
performance of our method. One-step forward simulation was used to determine if simulations
could recover observed locations without error propagation. Simulating without error
propagation tells us if the method fundamentally works or not. To eliminate error propagation,
we used the known location at each time-step to simulate a location one step forward in time.
This allowed us to see how much error was introduced in a single time-step. These simulated
locations were visually compared to the observed locations to determine how well the simulation

performed.
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The one-step-forward simulations were also used to quantify the importance of using the
detailed movement data to estimate biologically informed quantities for speed, turning angle, and
direction with the FMM. The simulated locations were made into a directed spatial movement
network called the biological network. We compared the biological network to a uniform
network that represented an appropriate, comparative null hypothesis and was constructed from
locations that were simulated using derived quantities drawn from uniform distributions. This
ensured that every value for speed, relative turning angle, and direction was equally probable.
These distributions had the same minimum and maximum value as the biological distributions
but otherwise contained no biological information about how individuals actually move. We
compared the properties of these two networks to the observed network to evaluate how well
they replicated the true population scale network structure. The observed network was
constructed from the actual observed locations of the individuals withheld for validation.

Out-of-sample validation was used to determine how well the simulation method
approximated the real locations with error propagation. To simulate locations with error
propagation we used only the start and end locations of the detailed tracking data for the
individual withheld for validation. This ensures the locations for each individual resemble mark-
recovery data. We called the resulting network the mark-recovery network. We compared
network statistics between the mark-recovery network and the observed network to determine
how well the simulation reproduced the known population scale movement patterns in the
observed data.

We also wanted to understand if our simulation method resulted in more realistic
movement networks than simply connecting the marking and recovery locations with a straight

line. To do this we compared the mark-recovery network to a straight-line network, which a null
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hypothesis for this comparison. The straight-line network was constructed by connecting the
observed start and ending locations of each validation individual with a straight line and
including all nodes that intersected these lines. Connections for each individual were added
together to form a single weighted directed network. Network statistics for the mark-recovery
and straight-line networks were compared to determine which showed more realistic population

scale movement patterns.

3.2.6 Case Study: Northern Pintail Ducks

Dataset

We used detailed movement data of Northern Pintail ducks marked with GPS and Argos
tags to develop and test the full method. These data provided high resolution spatial and temporal
information about long distance migratory movements. GPS and Argos satellite telemetry
locations were gathered for 390 birds between January 2000 and December 2009 and covered up
to one year of tracking for some individuals. The time intervals between fixes were different for
most birds due to differing equipment and censorship of poor-quality locations in the Argos
dataset. Birds were tagged in Hong Kong, Japan, and the United States (Table 4.1). We randomly
chose 90% of individuals (n = 351) to fit the functional movement model and withheld 10% of
individuals (n = 39) for out-of-sample validation of the overall method. Of the 36 birds withheld
for model checking 18 were marked in Japan, two were marked in Hong Kong, one was marked
in Texas, and 15 were marked in California.

GPS locations were assumed to have zero error as is standard and none of these data
points were censored. Argos data accuracy was classified into location classes, each with its own
estimated error radius (See Douglas et al. 2012). All Z class observations, which indicate invalid

locations, were removed from the dataset. Additional low accuracy locations were removed
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using the Douglas Argos-filter (Douglas et al. 2012). Because we wished to simulate large-scale
migratory movement, we removed all individuals that were tracked for fewer than five days
since these observations generally reflected short distance local movement. Most individuals
were tracked for fewer than six months. Because all bird locations were recorded in the northern
hemisphere on either side of the Pacific Ocean, we used an Albers equal area conic projection

with a central meridian at -162 degrees longitude to center our projection on the Pacific Ocean.

Table 4.1: Summary of detailed movement data used to fit the functional movement model and
validate the overall method.

Marking Location # Individuals Tag Type Citation
Butte County, California, 160 Argos Miller et al. 2005
USA

Miyagi, Hokkaido and

Yamagata Prefectures, 139 Argos Hupp et al. 2019
Japan

Hong Kong, China 31 GPS (6), Argos (23) Sullivan et al. 2018
Ees)is and New Mexico, 60 Argos Haukos et al. 2006

Estimate Derived Quantities

We used the R package ctmcmove to fit the continuous time functional movement model
to the location data for a given individual at 24-hour intervals (Hanks 2018). This time increment
ensures that we captured important long-distance movements while minimizing the number of
time-steps that were simulated to reduce computation time. The estimated movement paths were
used to calculate posterior distributions for speed (km/24 hrs) and relative turning angle (radians)
at each time-step for each individual following Buderman et al. (2015). Posterior distributions
for all time-steps and all individuals were joined into a single population scale posterior

distribution for each quantity. The population posterior distribution of direction was determined
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using the trajr package to calculate the proportion of left turns in the posterior of all locations

estimated by the FMM (McLean and Skowron Volponi, 2018).

Simulations

We ran 100,000 simulations for each withheld individual, which balanced computation
time with achieving a reasonable number of successful simulations per bird. We saved all
simulations that ended within 128 km of the known recovery locations of each individual. This is
the average size of watersheds later used to construct the movement networks used for
validation. We chose watersheds because they are biologically relevant to waterfowl, can be
defined uniformly across many countries with different political boundaries, and provide

sufficient movement detail while being at a larger scale than potential observation error.

ABC Rejection Algorithm and Method Validation

To check how the overall method performed on these data, we estimated locations for the
36 withheld birds using the population posteriors of speed, turning angle, and direction from the
324 individuals used to fit the FMM. The simulated movement trajectories were then filtered
using the ABC rejection algorithm. We visually compared movement paths and compared
network statistics for all movement networks. We used the mean latitude and longitude of the
resulting location posterior distributions to construct the biological network. Nodes of the
network were watersheds and the edges connecting them were the number of birds that move
between them. We also used the withheld birds to construct the uniform, straight-line and
observed networks and calculated network statistics as well as their 95% credible intervals. We
used a community detection algorithm developed by Buhnerkempe et al. (2016) to compare

migratory community structure.
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43 RESULTS
4.3.1 One-step Forward Simulation without Error Propagation

The method was able to recover the true locations when simulated without error
propagation. One-step ahead simulated locations and true observed locations were a close visual
match when using speed, turning angle and direction from the functional movement model.
Figure 4.4 compares the one-step ahead simulations to the observed movement locations for four
Pintail ducks. Two individuals were randomly chosen from each continent to demonstrate the
difference in simulating locations with biologically derived quantities (Figure 4.4A) and the
uniform derived quantities (Figure 4.4B). The simulated biological network closely resembled
the observed network, and 95% credible intervals for each statistic contained the true network
statistic in all cases except the number of edges and reciprocity, which were overestimated
(Table 4.2). The biological network captured 96% of the true nodes in the observed network.
Metrics of community structure, including transitivity and the number of strong components,
closely matched the structure of the observed network.

Drawing speed, turning angle and direction from uniform distributions resulted in
significantly more error in the simulated locations (Figure 4.4B). Only 54% of the watersheds in
the uniform network were also in the observed network. Credible intervals for network statistics
were much wider than the biological network and did not contain the true network values for
reciprocity, transitivity, or number of strong components (Table 4.2). With the exception of

diameter, the medians of the biological network statistics were all closer to the real values.
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Figure 4.4: Simulations without error propagation for four Northern Pintail ducks, each shown
in a different color. Dots show the simulated locations and x’s show the observed locations.
Panel A shows mean locations simulated from biologically derived quantities from the functional
movement model. Panel B shows locations simulated from a uniform distribution with the same
lower and upper bounds as the biologically derived distribution.
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Table 4.2: Network statistics highlighting the difference in network structure when locations are
simulated with biologically informed derived quantities. The biological and uniform networks
were simulated without error propagation. Statistics for these networks are the median of the
posterior distributions. 95% credible intervals are in parentheses and are bolded if they contain
the observed network statistic. The observed network was constructed from the true locations of
all 36 validation birds.

# # Edge # Strong
Network  Watersheds Edges Density Reciprocity Diameter Transitivity Components
Observed 139 257 0.0134 0.4 42 0.23 39
Biolosical 148 291 0.0134 0.53 113 0.24 43
lofogical  (138-238)  (260-837) (0.013-0.016) (0.45-0.66)  (40-108)  (0.20 - 0.37) (21 - 46)
Uniform 240 (19;59 ) 0.0165 0.7 105 0.46 18
(64 - 353) 1645) (0.012-0.045) (0.57-0.75) (30-314) (0.34-0.48) (13 -26)

4.3.2 Out of Sample Validation with Error Propagation

Each individual bird had a different number of successful simulations, and we were able
to obtain posterior distributions for 36 of the 39 individuals withheld for simulation validation.
Half of these individuals were marked in Japan and the other half were marked in California,
USA. Those individuals with no successful simulations had the most time-steps to simulate due
to their long tracking histories. There was a strong negative relationship between the number of
time-steps and the number of successful simulations (Rho = - 0.73, p < 0.005).

The simulation method with error propagation produced more realistic population scale
migration paths than the straight-line network. The mark-recapture network included 69% of the
watersheds in the observed network and shared five out of their top ten most heavily weighted
connections. For all reported network statistics, except the number of watersheds and number of
edges, the mark-recapture network values were closer to the observed network. Notably, the
mark-recapture network had a similar number of reciprocated ties between watersheds as the

observed network while the straight-line network had none. However, the simulation
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overestimated the number of watersheds and the number of connections between them and
underestimated the median in-degree and out-degree of the observed network.

The community structure of the mark-recapture network was similar to the observed
network. Mark-recapture network transitivity and the number of strong components were closer
in value to the observed network than the straight-line network was, and the 95% credible
intervals for these statistics all included the observed network statistic (Table 4.3). The observed
and mark-recapture networks had the same number of migratory communities, except one
additional Asian community in the mark-recapture network. Mark-recapture network
communities were more contiguous than the observed network which showed unvisited locations

between some watersheds that were grouped into the same migratory communities.

Table 4.3: Network statistics showing whether the simulated mark-recapture network or the
straight-line network better reproduced the observed population scale movement patterns.
Statistics for the mark-recovery network are the median of the posterior distribution. 95%
credible intervals are in parentheses and are bolded if they contain the observed network statistic.
Credible intervals cannot be calculated for the straight-line network. The observed network was
made with locations from the 32 validation birds that had successful simulations.

# # Edge # Strong
Network  Watersheds Edges Density Reciprocity Diameter Transitivity Components
Observed 101 186 0.018 0.41 30 0.25 40
Mark- 153 282 0.012 0.48 37 0.22 45
recapture  (128-258) (252-619)  (0.008-0.015)  (0.46-0.65) (28-54) (0.21-0.29) (28-51)
Straight- 136 188 0.01 0 31 0.13 136
line

4.3.3 Northern Pintail Migration Patterns

In east Asia, the island of Sakhalin in Russia appears to be an important hub for Pintail
ducks dispersing northward (Figure 4.5). This hub structure was maintained in the mark-
recapture network but not in the straight-line network. In North America, a majority of the

validation birds migrated north to Alaska, though a few traveled to Hudson Bay instead. On their
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way north, most North American Pintail moved inland, away from the coast, before continuing

north to Alaska. Simulated locations stayed closer to the west coast than what was actually

observed in the validation dataset (Figure 4.5). However, costal migration paths were common in

the dataset used to estimate the derived quantity posterior distributions and represent realistic

migration paths for this species.
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Figure 4.5: Maps showing the observed network (A), the mark-recovery network (B) and the
straight-line network (C). The mark-recovery network was simulated with error propagation.
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Arrows indicate the direction of travel and line thickness indicates the number of Northern
Pintail ducks moving between the watersheds. Watersheds that are the same color were grouped
into a migratory community with a community detection algorithm. Community color is
consistent across all three maps.

44  DISCUSSION

Simulating locations without error propagation confirmed that the method fundamentally
works. The resulting network captured almost all the watersheds that were actually visited by
migrating individuals indicating a high degree of accuracy for a single time-step of simulation.
Incorporating biological information about three characteristics of Pintail movement patterns
greatly improved the accuracy and precision of the simulations. Statistics measuring the structure
of the biological network were closer to what was actually observed and had far less uncertainty
than the uniform network. When the uniform network was simulated with error propagation, the
significant error introduced by ignoring the biological information resulted in mostly unusable
simulations.

The biologically informed simulation and ABC rejection algorithm approach simulated
realistic movement paths, with error propagation, for individuals with only two known locations.
The method particularly excelled at recovering overall migratory community structure. However,
the simulated network included several watersheds that were not visited by Pintail in the
observed network resulting in more contiguous communities. This may be due to two, non-
mutually exclusive factors. First, all simulated locations are subject to error, and this error
increased the number of adjacent watersheds that were included in the network. Second, the
derived quantities of speed, relative turning angle and direction were all drawn from population
scale posterior distributions. The simulated networks may better represent the movement of the

Pintail duck population at large, rather than the movement of these 36 specific individuals.
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Indeed, the simulated movement networks are consistent with known migration patterns
of Pintail ducks at large. Pintails that winter in Japan generally migrate north to Sakhalin Island
in Russia, an important hub for northward migration to other regions of Russia. From there they
disperse to the Kamchatka Peninsula or the Kolyma region of northern Russia, with some
traveling far to the northeast to the Chukotka Peninsula (Hupp et al. 2011). With only the known
starting and ending locations of 18 individuals marked in Japan, we were able to reconstruct
these movement patterns including the hub structure of Sakhalin Island. In North America,
Pintails marked in California generally use three different migration paths (Miller et al. 2005 and
2010). Some individuals first travel to the Prairie Pothole Region (PPR) in southern Alberta and
then continue to Alaska or Hudson Bay. Others follow the western coastline, while others fly
over the ocean directly to Alaska. Again, with only 18 individuals we were able to accurately
simulate migratory paths to the PPR, Hudson Bay and Alaska that reflect these known migration
strategies.

There is strong interest in whether large-scale movements of Pintail ducks, and other
migratory waterfowl, are responsible for the spatial transmission of Influenza A virus (Lam et al.
2012, Russel et al. 2016). The lack of detailed movement data at the continental scale has been
cited as a roadblock to understanding the role of migratory host movement in the spatial spread
of the virus (Hupp et al. 2011, Trovao et al. 2015, Yang et al. 2024). Our simulation method can
be used to address this issue, providing detailed and accurate locations with estimates of error to
help predict large-scale movements and introductions of the virus.

An additional benefit of our simulation method is that it performed well without
incorporating any information about the environment the animals move through. Migratory

waterfowl require a large number of calories during migration and flight paths are thought to be
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chosen based on weather and land use factors that impact foraging conditions (Si et al. 2015).
However, these types of data are not always available, particularly in the case of historical
movement datasets when land use and even climate could have been drastically different.
Additionally, the influence of the environment on animal movement is often scale dependent and
requires knowledge of which data are most predictive of movement at the desired scale of
inference (Avgar et al. 2012). While factors that influence large-scale waterfowl migration have
been fairly well studied, information on the influence of the environment on movement patterns
of other organisms is generally scarce. Our method provides a useful alternative to infer
movement patterns from mark-recapture data when environmental data are unavailable. For
those species for which we have a detailed understanding about how environmental conditions
influence movement, our method could be extended to incorporate this information to reduce
error propagation.

Overall, our method is well suited to highly directed, large-scale movement like that of
migratory birds. The method is not appropriate for simulating round-trip paths and may struggle
to reproduce highly curved or sinuous trajectories. Using the mean or median of the posterior
distributions of location tends to smooth and straighten trajectories, while more extreme changes
in locations are found in the tails of these distributions. This makes the scale of inference a
particularly important choice before implementing this method. Animal paths generally appear
random or highly sinuous when viewed at close scale, but zooming out to a larger spatial and
temporal scale often reveals directed movement patterns. The chosen spatial and temporal scale
of simulations should reflect this consideration for the animal of interest. Additionally, this
method is best for recovering population scale movement patterns rather than reconstructing

movement paths of particular individuals. Studies using movement data to learn about the
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foraging and territorial behavior of animals (Fuller and Harrison 2010), habitat preferences
(Maciel and Lutscher 2013), and disease outbreaks (Poletto et al. 2012, VanderWaal and Ezenwa
2016) are often interested in how individual heterogeneity impact these phenomena. Locations
simulated with our method are likely not appropriate for addressing these local-scale questions.
Additionally, our method is restricted to simulating movement in two dimensions limiting its use
for species that move in three dimensions like aquatic and arboreal animals.

Computation power and time are an important consideration for any simulation-based
method. We were able to complete 100,000 simulations for each of the 36 validation individuals
on a desktop computer in three days when running in parallel on 18 cores. Implementing our
method on a large number of individuals in a short amount of time is best done in parallel on a
high-performance computing cluster. For those that already have access to high performance
computing our method is more cost effective, and requires less effort, than marking additional
individuals with GPS tags with an average cost of $2000 USD each. It is important to note that
simulation time is greatly dependent on the number of time-steps that are being simulated.
Choosing larger increments of time will greatly speed up the simulation process, increase the
number of successful simulations, and improve estimates of location error. The estimation of
simulation error provided by ABC provides important context for how movement patterns may
vary and how this impacts analyses that use the simulated data.

Our method can be used to increase the spatio-temporal resolution of existing mark-
recapture data to match more detailed tracking data. This provides a robust framework to
integrate multi-sensor datasets. Implementing our method on lower cost mark-recovery data
allows researchers a cost-effective way to extract more value and information from both detailed

tracking data and mark-recapture data. Our method is easy to implement across large geographic
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areas and provides detailed and realistic location information. Until GPS tracking technology
becomes affordable enough to deploy on thousands of individuals at a time, our simulation
method represents a compelling alternative with many of the characteristics of the ‘ideal’

tracking method.
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Chapter 5: Conclusion

In this dissertation I have examined the relative contribution of local and regional drivers
of the spatial distribution, prevalence, and spatial transmission of Influenza A virus in endemic
hosts (IAV). In Chapter 2 I showed that regional host migration better predicted the large-scale
seasonal patterns of prevalence within the United States. While there was some indication that
temperature may play a role in shaping spatial patterns of prevalence it is likely that at the
watershed scale this factor better explains the spatial distribution of hosts rather than the
environmental persistence of the virus. In Chapter 3, I am the first to directly link host movement
data to spatial transmission of IAV and show that large-scale Mallard movement was an
important predictor of where the virus moves within the US. Interestingly, Mallard movement
was closely associated with spatial transmission between many species of waterfowl further
supporting the idea that Mallards likely have a special role in the spatial dissemination of
potentially highly pathogenic IAV in North America.

Results from both of these chapters show that understanding where hosts move will be an
important component for prioritizing surveillance efforts for IAV as well as predicting future
invasions of the virus. As waterfow]l migration patterns shift with changing temperatures and
altered agricultural land use, we can expect that both the prevalence of the virus, and where it
moves, to shift as well. To understand if these findings are generalizable to other host species,
and low pathogenic IAV strains, we need to expand both these analyses to other taxa and
locations. This highlights the importance of Chapter 4 where I developed a host movement
simulation method that addressed two pressing needs. First, the need for a rigorous framework to

integrate movement datasets collected at different spatio-temporal scales. Second, the need to
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extract as much information as possible from the movement data that are available. Movement
networks constructed from simulated locations will allow us to extend the analyses in Chapters 2
and 3 to larger geographic areas and other host species.

Linking local conditions to larger-scale IAV distribution and movement is also
complicated by the lack of environmental data from viral sampling locations. There are many
unanswered questions about how long the virus survives under natural and heterogeneous
conditions, how different subtypes of the virus response to these conditions, and how other
organisms in aquatic environments mediate transmission. In this dissertation I have had to rely
on remotely sensed temperature and omit other potentially important measures of environmental
suitability such as pH and salinity. Collecting data on water chemistry (e.g. temperature, salinity,
pH) at the locations where viral sampling occurs, as well as environmental sampling for the
virus, will help us to better understand its ability to persist in natural environments. These data
may also reveal a stronger influence on large-scale prevalence and spatial transmission.

The results in both Chapters 2 and 3 showed strong support for regional phenomena
driving large-scale spatial patterns, but little influence of local factors in predicting either
prevalence or spatial transmission of AV at the large scale. Multiscale analyses of disease
systems like ours are rare but are critically important when comparing mechanisms across scales
(Garira 2020). A study at the scale of sampling sites may find that water temperature is hugely
important for predicting local prevalence, while a study at a larger scale may show no effect at
all. Neither mechanism is unimportant but one is more predictive at the scale of interest. This
scale dependence is a well-known challenge in ecology (Levin 1992) but is particularly

important when studying ecological phenomena at large spatial scales. The larger the scale, the
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more possible mechanisms there are to shape the patterns we see, from individual host immunity
to global climate.

Collecting data at large spatial scales is logistically challenging, particularly in wildlife
populations (See Stallknecht 2007, Mysterud et al. 2023). However, these challenges should not
dissuade us from tackling important large-scale questions about how pathogen distributions are
changing. Landscape and macroecological scale studies of disease systems will provide crucial
information for designing wildlife surveillance programs to help us anticipate zoonotic spillover
events (Stephens 2016, Delgado et al. 2023). Characterizing large-scale host and vector
movement patterns, and understanding how they are changing, will help us model the global
spread of pathogens and disease. However, in a recent survey of disease ecology practitioners
both movement ecology and landscape ecology were among the least popular areas of research
today (Brandell et al. 2021). It is time for this to change. Movement ecology offers quantitative
tools to get the most out of existing animal movement data and exciting opportunities to quantify
the role of host mobility in both the local and global spread of disease. Looking forward, there
should be a greater emphasis on incorporating the skills, tools, and perspectives from these

disciplines into our study of infectious disease.
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Appendix

Chapter 2 Supplemental Material
Prior Distributions
pij ~ t(1)
T ~ gamma(0.1,0.1)
B; ~normal (0,02 = 6.25)
B 1k~ normal(0,0% = 6.25)
Ba,ir ~ normal(0,0% = 6.25)
Bo,ix ~ normal(0,0% = 6.25)
& ~normal(0,0% = 6.25)
Comparing Adjacency Matrices
It is possible that information about host migration could also be encoded in the local
environmental adjacency matrix. Adjacent watersheds may have more host migration between
them than watersheds that do not share borders. To ensure that the adjacency matrices were a
clear representation of our hypotheses, we compared the local W matrix and the unweighted
regional migratory host W matrix and evaluated their similarity using two different methods.
First, we used a Mantel test to check if the W matrices from each model were
significantly correlated with each other. The local matrix was not significantly correlated with
either the weighted or unweighted regional matrices (r = 0.2, p > 0.05; r = 0.21, p > 0.05). The

weighted and unweighted versions of the regional matrices were highly positively correlated (r =
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0.99, p=0.001). This was expected since the same elements of the matrices are populated with
non-zero values, differing only in how the matrices were weighted.

Second, each watershed pair in a local neighborhood was compared to the top ten
connections between a focal watershed and all other watersheds in the unweighted network to
see how many watershed connections overlapped between the two adjacency matrices (Figure
S2.1). We found that only 13% of the unweighted migration matrix connections were between
geographically adjacent watersheds. This shows that the local adjacency matrix and regional

migration matrices encode different spatial phenomena.

1 2 3 4 5 6 7 8
~ y . -~ 5 . % 3
What What What Total number Total number Percent Take the

watersheds is watersheds is watersheds of unique shared shared Repeat for all mean of all n

i connected j connected doiandj watersheds between i between i i w.atershed proportions
toin the . to in the . share? . connected to . and j . and j . pairs that . where n = the
network? network? either i or j 1/a+100= share a total number
= border. of watershed

KL FH,L L =4 = 25% pairs,

Repeat steps 1-8 for watershed
pairs that don't share a border.
Compare mean proportions.

B Paired
Watershed
i

A Focal

Watershed

Figure S2.1: Diagram showing the method used to compare the spatial information encoded in
the local and unweighted regional adjacency matrices. Blue rectangles represent watersheds
arranged in geographic space (local environmental model) and red lines represent migratory
connections in the unweighted regional model. The flowchart shows the stepwise process of
calculating the proportion of connections shared between the two matrices using an example of
two adjacent watersheds named A and B.

To ensure that the unweighted regional migration model and the weighted regional

migration model encoded different spatial information, despite the high correlation between the
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two matrices, we compared the community structure in each regional migration matrix with a
community detection algorithm that grouped watersheds into migratory communities using a
statistic called the consolidation factor (Buhnerkempe et al. 2016). The watersheds in the
unweighted regional adjacency matrix were grouped primarily into four large communities that
closely resemble currently recognized migratory flyways (Figure S2.2A). The weighed matrix
showed similar community structure in the eastern United States but split up the western most
community into three parts (Figure S2.2B). This shows that the weighted matrix encodes
sufficiently different community structure to justify the inclusion of a weighted and unweighted

model.

A. Unweighted B. Weighted

Figure S2.2: Community structure encoded in the unweighted regional migration adjacency
matrix (A) and the weighted regional migration adjacency matrix (B). Watersheds in the same
community are the same color, but community colors differ between maps.

100



Chapter 3 Supplemental Material

Prior Distributions

Bxp ~ normal(0, 6.25)
Bxgp, ~ normal(0,6.25)
a;, ~ Normal(0, 0;)

a.

i ~ Normal(0, g;)

a;p ~ Normal(0, g;)

a.

ip ~ Normal(0, g;)

o; ~ Half — Normal(0,2)
o; ~ Half — Normal(0,2)

Posterior Predictive Checks
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Figure S3.1: Histogram showing the distribution of data simulated from the fitted model (red)
plotted over a histogram of the observed data used to fit the model (grey).
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Detection Probability Results

Sample Delay
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Figure S3.2: The probability of detecting spatial transmission of IAV for different values of
sample delay in days. Dashed lines are the 95% Bayesian credible interval.
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Chapter 4 Supplemental Material
Sources of Error

Argos satellite telemetry data are subject to varying degrees of observation error. At a
minimum, it is important to remove all suspect observations and ensure that the spatial scale for
location simulation is larger than the size of the measurement error. Several methods exist for
dealing with observation error of Argos data. See Patterson et al. 2010, Douglas et al. 2012,
Boyd and Brightsmith 2013, Buderman et al. 2016 for a selection of approaches. Additional
simulation error can also be introduced through the choice of map projection. Because our
simulation method relies on travel speed, we recommend equidistant projections that preserve

distance.

Choosing Simulation Number and Buffer Size

There is no set optimal number of simulations to choose. The optimal number balances
tradeoffs among the desired accuracy, the number of individuals to simulate for, the number of
time-steps per individual, and computation time. The more time-steps and individuals, the
greater the accuracy, but the longer the computation time. A similar tradeoff exists for the choice
of “buffer zone”. Too small of a buffer and very few simulations will be successful; too large,
and posterior distributions of simulated locations will have variance larger than the desired scale
of inference. We recommend choosing a buffer distance that balances computation time and

accuracy.
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Making Weighted Networks
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Figure S4.1: Conceptual diagram showing how simulated locations of two birds were mapped to
a single weighted spatial network. For each bird, the mean latitude and mean longitude at each
time-step were assigned to a watershed (yellow polygons). Dashed arrows show the resulting
spatial networks for each bird. The two networks were added together resulting in a single

weighted movement network shown in purple. The thickness of the arrow indicates the number
of birds moving between the watersheds.

Calculating 95% Credible Intervals for Network Statistics

The equivariance property of Markov chain Monte Carlo (MCMC) states that any
quantity calculated from random variables are random variables themselves with their own
posterior distributions. We mapped the random variables of latitude and longitude to the larger
watershed scale to construct a spatial network (Figure S4.1). Each network and its properties are
thus also random variables described by posterior distributions. We took the upper and lower
quantiles of the distributions of network properties to get upper and lower bounds on our
uncertainty of the point estimate of network statistics. Figure S4.2 shows how credible intervals

were estimated from these distributions. We compared credible intervals calculated from 100,
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500, 1000, and 5000 samples and found that beyond 500 samples the credible intervals did not

shift appreciably. The 0.025 and 0.975 quantiles of each of these distributions is the 95% CI of

their respective network statistics.

Calculating Network

Statistics Credible Intervals
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and a quantile from
longitude.
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these quantile
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Add together networks
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weighted network.

Calculate network
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Repeat steps 1-4
1000 times to get a
distribution for each
network statistic.

Figure S4.2: Conceptual diagram showing the sampling process used to calculate 95% credible
intervals for network statistics of simulated movement networks. The process is shown for one
bird with three simulated time-steps. Blue dots show the simulated locations taken from the 0.39
quantile of latitude and the 0.67 quantile of longitude at each time-step. Dashed arrows show the
resulting directed network for a single bird. Repetition of steps 1-4 1000 times results in a
posterior distribution with 1000 samples for each network statistic. For a detailed explanation of

step 2, see figure S4.1.
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