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ABSTRACT
The ongoing global HPAI outbreak in commercial poultry, first reported in the USA in
February 2022 has emphasized the need for improved food biosecurity and novel
approaches pertaining to nationwide wild bird surveillance. The Mid-Atlantic (MA) and
Central Valley of California (CVC) are critical sites for waterfowl species in the winter,
which promotes the interface between wild and domestic birds and increases the risk of
an HPAI outbreak. Improving the understanding between predictors of wintering
waterfowl distributions on both the fine and broad scale will allow facility managers to
make more informed biosecurity decisions. Using the network of US NEXRAD’s and
fine scale GPS-tracking of known HPAI reservoirs; Greater Snow Geese (Anser
caerulescens atlanticus) (N = 59) and Canada Geese (Branta canadensis) (N = 9), my
objectives were to 1) model winter waterfowl distributions at the broad scale in the MA
and CVC as a function of weather, temporal, and environmental characteristics using
boosted regression tree modelling and 9 years of NEXRAD data (2014-2023); 2) use
high frequency GPS-tracking of geese for four winters (2019-2023) to demonstrate how
a percentile risk ranking system can be used to gauge exposure to wintering waterfowl
prior to an HPAI outbreak and discuss a risk management analysis framework for facility
managers; and 3) use high frequency GPS-tracking of geese for four winters (2019-2023)
to model waterfowl exposure in goose points per hour at individual poultry facilities as a
function of temporal, geographic, and landcover predictors.
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| was able to capture the variability in effect size of 28 different covariates across
space and time within two geographic regions which are critical to nationwide poultry
and egg production. In general, environmental and geographic predictors had the
strongest relative effect on predicting wintering waterfowl distributions in both regions,
while land cover composition had regional and temporal specific effects. Daily mean
temperature was a major predictor of increasing waterfowl distributions in both regions
throughout the winter, while precipitation had differing effects, increasing waterfowl
densities in the MA, while decreasing in general within the CVC. Increasing waterfowl
densities in California are strongly tied to the flooding of the landscape and rice
availability, whereas waterfowl in the MA, where water is less limiting, are generally
governed by waste grain availability and emergent wetland on the landscape. Waterfowl
distributions in the MA generally increased when distances to the Atlantic coast and lakes
decreased, while increasing waterfow! distributions in the CVC were more strongly tied
to decreasing distances to lakes.

| demonstrated how a percentile ranking system based on goose points per hour at
individual poultry facilities may be successfully used as a metric to predict Al outbreaks
at poultry facilities within the Delmarva Peninsula in the Mid-Atlantic region of the US.
Seven facilities that had an H5SN1 outbreak during a 34-day window were within the 78"
— 99" percentile of risk based on this system, with one facility even being ranked within
the ‘top-25” of 6,021 facilities. I was also able to document the first ever fine scale
movement of wintering waterfowl in proximity to poultry facilities, with the minimum
distance for Canada Geese (CANG) and Greater Snow Geese (GSGO) being documented

at 3.9 m and 1.7 m respectively to poultry facilities. Exactly one-third of all Delmarva

Xii



Peninsula poultry facilities had waterfowl present across winters, which is an alarming
rate given our small sample size relative to the entire populations of both species.

| was able to capture the spatial and temporal variability in mean exposure rate of
geese in proximity to poultry facilities within a region of high poultry farm production
across four winters. Time of the winter was the best predictor of goose exposure for both
species, with GSGO generally greater during mid-late winter and CANG fairly consistent
across the entire winter. Colder winter temperatures (particularly below 0°C)
exponentially increases the rate of GSGO exposure at farms as they feed on waste grain
to offset energy deficits. Goose exposure was similarly high for both species across the
winter during both the day and night and emphasizes the need for 24 hr surveillance.
Facilities that were closer to sewage treatment facilities, national wildlife refuges,
waterbodies, or the coast had higher relative goose exposure, highlighting the importance
of these sites at various times through the winter for geese. Many inland sites also have
relatively high rates of goose exposure and geographic features such reservoirs, lakes,
quarries, and gravel/sand pits may play a disproportionate role in supporting large

numbers of geese.
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Chapter 1

MODELLING WINTERING WATERFOWL DISTRIBUTIONS IN
THE PACIFIC AND ATLANTIC FLYWAYS USING WEATHER
SURVEILLANCE RADAR AS A BIOSECURITY TOOL FOR AVIAN
INFLUENZA VIRUS

1.1 Introduction
Avian Influenza Virus (AlV) is a zoonotic disease that has important ramifications for

animal, human, and economic health (Swayne 2008, Madsen et al. 2013, Bevins et al.
2014, Youk et al. 2020, Franklin et al. 2021). Both highly pathogenic and low-pathogenic
AIV (HPAI and LPALI) subtypes exist in wild reservoirs, primarily bird species in the
Anseriformes and Charadriiformes families (Olsen et al. 2006, Farnsworth et al. 2012,
Hall et al. 2014, EImberg et al. 2017, Prosser et al. 2022). Wild reservoir LPAI can
switch to HPAI during movement from wild to domestic birds (Alexander 2000, Olsen et
al. 2006, Ladman et al. 2010, EImberg et al. 2017). Domestic poultry and gallinaceous
bird losses are substantial during an AIV outbreak, potentially leading to losses of
millions of domestic birds through high virulence and the culling management protocols.
In some cases, HPAI can cause 100% mortality in domestic birds (Ladman et al. 2010,
Bevins et al. 2014). Within a One Health framework (i.e., a transdisciplinary approach to
achieve optimal health outcomes recognizing the interconnection between people,
animals, plants, and their shared environment), AlV poses a serious threat to wildlife,

human, and economic health.



In the United States, the 2021-2023 outbreak of the H5N1 strain of AIV led to
the loss of ~59 million domestic birds out of a total ~346 billion birds across ~233,770
poultry farms (United States Department of Agriculture 2020, USDA APHIS May 2023).
Two regions of high importance to USA poultry production are the Mid-Atlantic
(specifically the Delmarva Peninsula [Delaware, Maryland, Virginia] and North
Carolina), and the Central Valley of California (hereafter CVC). Within the Delmarva
Peninsula and North Carolina, commercial poultry farms represent ~$9 billion (6.25% of
national figure), consisting of more than 2 billion birds (Ladman et al. 2010, Prosser et al.
2017, U.S. Poultry & Egg Association 2018, Delmarva Chicken Association 2022, North
Carolina Poultry Federation 2022). The poultry industry in California represents ~$2.5
billion (5.2%) of U.S. sales annually (California Poultry Federation 2022).

AIlV persists in the environment via the naturally occurring exchange of viral
loads between infected reservoirs. In many cases, AlV in wild birds is asymptomatic,
with little effect on normal function (Hansen 2001). AlV shed from an infected host can
persist in the water column, settle into the sediment, or be ingested by other birds.
Transmission via interaction with contaminated water and sediment is thought to be an
important mechanism of infection among multiple species (Cappelle et al. 2011,
Numberger et al. 2019, Mateus-Anzola et al. 2021). AlV persists longest in cold
temperatures, within fresh and slightly basic water, and can persist throughout the entire
year in the environment under optimum conditions (Olsen et al. 2006, Zhang et al. 2006,
Lang et al. 2008, Brown et al. 2009, Densmore et al. 2019). Waterfowl directly and
indirectly contribute to AIV transmission over broad spatial scales (Humphreys et al.

2021, Bevins et al. 2022, Gass et al. 2023) and inland waters and other habitats near
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poultry facilities are significant risk factors concerning waterfowl-domestic bird virus
spread (Ahmad et al. 2022). Infected waterfowl species may asymptomatically shed
H5N1 for 1-8 days prior to any clinical signs during movements as far as 3,000 km
(Cappelle et al. 2009). Waterfowl flights create the risk of AIV water/sediment
contamination via viral transfer from one location to another, while also increasing the
likelihood of exchange from infected to uninfected individuals simply through proximity
and same-site use (Swayne et al. 2008, Fouchier and Munster 2009, Wikramaratna et al.
2014). Additionally, any flight track provides an opportunity for inter-flight AIV
shedding (Boyce et al. 2009, EImberg et al. 2017).

Many Anseriformes and Charadriiformes that breed in Arctic and sub-Arctic
zones overwinter in temperate latitudes within the U.S. (Dusek et al. 2014, Hall et al.
2014, Gass et al. 2023). Arctic breeding grounds and staging sites used by high
aggregations of waterfowl that overwinter in the U.S. may overlap with species from
Europe or Asia (Olsen et al. 2006, Causey and Edwards 2008, Gass et al. 2023) which
can lead to genetic reassortment and introductions of novel viral subtypes (Koehler et al.
2008, Dusek et al. 2014, Franklin et al. 2021, Takekawa et al. 2023). Transatlantic spread
of HPAI through routes such as Iceland, Greenland, and portions of Alaska and Russia
facilitate the viral dissemination between North American and Eurasian species (Prosser
et al. 2022, Gass et al. 2023), particularly at the interface between Anatidae and Laridae
(Hall et al. 2014, Ineson et al. 2021, Postnikova et al. 2021).

Wintering waterfowl typically engage in daily flights back and forth between
roosting and feeding areas to secure the daily caloric requirements (Clausen et al. 2013,

Johnson et al. 2014, Jankowiak et al. 2015, Gates et al. 2020). Waterfowl feeding flights
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can vary from a matter of a few hundred meters to several kilometers, and the potential
for direct or indirect AlV shedding can occur anywhere along that track or heading.
Sightings of wild waterfowl and shorebirds in fields adjacent to poultry facilities have
been shown to increase H5N1 introduction risk by 7.6 times on average (Green et al.
2023, Patyk et al. 2023). Daily and seasonal movement and distributional patterns of
waterfowl can be quantified remotely by animal tracking technologies or the use of
weather surveillance radar (e.g., WSR-88D, a.k.a. NEXRAD) that can differentiate birds
from non-target scatter in the airspace (Larkin 1991, Gauthreaux and Belser 1998, Diehl
and Larkin 2005, Buler and Diehl 2009, Chilson et al. 2017, Gauthreaux and Diehl 2020).
Instantaneous radar samples at the onset of evening waterfowl feeding flights are strongly
correlated with waterfowl distributions at the ground (Buler et al. 2012). Nearly all birds
aloft detected by radar at this time are waterfowl (O’Neal et al. 2010), particularly
dabbling ducks (Randall et al. 2011).

My objective was to predict the impacts of weather, temporal, and environmental
characteristics that could affect wintering waterfowl distributions in two regions of high
poultry production importance (i.e., Mid-Atlantic or California Central Valley), using
nine years (2014-2023) of historical NEXRAD data. | used both static (distance to
features and habitat proportions) and dynamic (climatic and vegetative) covariates to
predict waterfow! distributions in both regions. Modelling waterfowl distributions using
dynamic covariates such as weather conditions and habitat quality/availability (i.e.,
flooded vs. not-flooded fields) captures the spatial and temporal variability within the
system and subsequently allows for improved predictions when compared to using static

covariates alone. Although both critically important areas for wintering waterfowl, the
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CVC and the MA are fundamentally different ecological systems. Modelling both regions
not only allowed me to address these fundamental differences pertaining to wintering
waterfowl ecology, but to also to gain a better insight into the region-specific drivers of
Al risk to the poultry industry. Waterfowl respond quickly to changes in environmental
conditions, particularly in the CVC, where wintering waterfowl migration is closely tied
to rice (Oryza sativa) production (Elphick 2000, Elphick 2008, Buler et al. 2012, Fleskes
et al. 2018), and the subsequent artificial flooding of the landscape that not only provides
habitat, but also nutritional value (Elphick and Oring 1998, Elphick 2000). For this
reason, | hypothesized waterfowl distributions in the CVC will be influenced by rice
production, particularly early in the season during early flooding (Acosta et al. 2021) and
then after during variable drawdown timing (Sesser et al. 2018). | hypothesized
waterfowl distributions within the Mid-Atlantic region to be less governed by water
availability and flooding, and more so by the proximity to the coastline (Prosser et al.
2017, Audubon 2023), the access to waste grain (Zea spp. and Glycine spp., Hill and
Frederick 1997, Jefferies et al. 2003, Johnson et al. 2014), and roosting locations (Sieges
et al. 2014, Jankowiak et al. 2015). Additionally, my results and predictive maps will
allow for the creation of a near-real time web-app based application that will allow for
both a broad-scale regional view or fine-scale view (i.e., local farm address) to promote
improved biosecurity practices (i.e., taking precautions to minimize transmission risks of
infectious disease) to flocks, from potential AlIV outbreaks attributed to waterfowl

densities across the landscape.



1.2 Study Area

| analyzed both current and historical data from 6 NEXRAD sites (Figure 1-1); 3 in the
Central Valley of California (KBBX [39.49553, -121.63162], KDAX [38.50117, -
121.67787] and KHNX [36.31420, -119.63207]), and in the 3 Mid-Atlantic (KDOX
[38.82572, -75.44027], KMHX [34.77588, -76.87625], and KLTX [33.98909, -
78.42908]). The 3 CVC radars; KBBX and KDAX in Sacramento and KHNX is the San
Joaquin Valley, provide coverage for a substantial portion of the CVC, which is an
important stopover and wintering site location along the Pacific Flyway. This area is
dominated by agricultural land (Oryza sativa), human development, and a mosaic of
wetland complexes (Buler et al. 2012). The MA radar sites are KDOX, located in Dover,
Delaware, KMHX in Newport, North Carolina and KLTX in Shallotte, North Carolina.
The KDOX radar has its 100 km radius boundary contained by its extremities at
Philadelphia, Pennsylvania to the north, Cape May, New Jersey and the Atlantic Ocean to
the East, the northern tip of the Virginia portion of the Delmarva Peninsula to the south
and finally by the far reaches of the western Chesapeake Bay shoreline in Maryland.
KDOX is located within a landscape of high agricultural density (Zea spp., Glycine spp.,
and small grains) intertwined with poultry farms, wetland complexes, patchy woodland,
estuarine bays, and wildlife refuges/management areas. KDOX will provide coverage for
Prime Hook National Wildlife Refuge (NWR), DE, Bombay Hook NWR, Delaware,
Eastern Neck NWR, Maryland and Blackwater NWR, Maryland. KMHX and KLTX
share some proximal similarities in which both have their southern radar coverage limited
by the Atlantic Ocean (KMHX also in the east). The radars both share respective east-

west limits with one another in the area around Wilmington, Burgaw, and Wallace, North
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Carolina. KMHX extends as far north as the Pamlico river. KLTX is west limited by the
Great Pee Dee River Heritage Preserve WMA and in the north by Bladen Lakes State
Forest. The south and east portion of the KLTX and KMHX radars are dominated by
ocean, bays, rivers, estuarine inlets, and forested wildlife management areas. North and
western dominated radar domain consists of forested management areas, agricultural
land, dispersed, yet common human development and a few large water bodies including

Lake Waccamaw, the Croatan National Forest lakes, and Bay Tree Lake.



Figure 1-1 Map showing 6 NEXRAD sites used for modelling wintering waterfowl
distributions 2014-2023. Green area indicates the 100 km radius of NEXRAD range, the
gray area on the bottom left image indicates areas outside of the CVC modelling

boundary.




1.3 Material & Methods

1.3.1 Radar Analysis & Processing

| analyzed NEXRAD data between 1 November - 15 March 2014-2023, which
minimizes biological contamination from the onset of landbird migration on the radar
(Buler and Diehl 2009, Buler and Dawson 2014). NEXRAD makes 5-14 horizontal 360°
sweeps at vertical tilt angles ranging between 0.5°-19.5°, which comprise a volume scan.
Volume scans are made every 5-10 min, depending on the radar’s mode of operation
(“precipitation” or “clean air” mode) (Ryzhkov and Zrni¢ 2019). Radar measures are
gathered through the sending and receiving of horizontally polarized S-band radio waves
which have a wavelength of ~10 cm at a peak power of 700KW (Diehl and Larkin 2005).
NEXRAD radars have used horizontally and vertically polarized radio waves to obtain
additional “dual polarization” measures since 2012 (Gauthreaux and Diehl 2020). | used
instantaneous sampling to model waterfowl distributions on the landscape.

1.3.2 Sampling Bird Density

| used instantaneous samples of waterfowl density aloft from a subset of daily radar scans
that coincided with the initiation feeding flights at the end of evening civil twilight to
quantify the ground sources from where waterfowl were departing. | used scans from the
lowest elevation sweep (0.5°) and volume dimensions of 250 m (Buler and Dawson
2014) to quantify waterfowl “on the ground” at the instant after initial ascent of feeding
flights within the range of above-ground-level detection. | selected usable radar scans
contingent upon an initial manual pre-screening method. | viewed the targeted data via
NOAA'’s National Centers for Environmental Information (National Centers for

Environmental Information (NCEI) 2019) and NOAA’s Weather and Climate Toolkit
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(WCT). I downloaded NEXRAD Level-11 data via Amazon Web Services and screened
using the WCT. The screening process enabled me to isolate and reject days for
analyzing based on suitability and an initial rejection criterion, i.e., heavy precipitation,
low cloud cover, ground clutter, and anomalous propagation due to highly refractive
atmospheric conditions (Buler et al. 2012). The remaining days were flagged as
biological and processed for further analysis. | visually screened 7,167 days of radar data
from 6 radars, 46.41% (3,336) of which were classified as biological (Appendix A).
Radar scanning heights were between 0-2000 m above-ground-level. Radar beam
propagation varies depending on the atmospheric conditions such as pressure,
temperature, and partial pressure of water vapor (Ryzhkov and Zrnic 2019) and, along
with ground elevation, determines the maximum range from the radar where the radar
beam remains low enough to detect waterfowl. Furthermore, the radar beam samples
higher and broader heights with increasing range from the radar, creating a range bias in
raw radar measures (Diehl and Larkin 2005). Range bias can be corrected via an
adjustment algorithm developed by Buler and Diehl (2009). For each sampling day, |
sampled radar data at the sun angle at the instant of maximum rate of increase of mean
reflectivity following McLaren et al. (2018). Reflectivity factor is measured in dBZ,
which is converted into radar equivalent factor (Ze) [mm®m?®]. Ze is then converted to
total bird reflectivity (n) [em?/km?] as a volumetric density (Chilson et al. 2017). Total
bird reflectivity is then quantified within 10 m interval altitudinal bins to produce a
Vertical Profile of Reflectivity (VPR; Buler and Diehl 2009, Buler et al. 2012). The VPR
reflects the vertical distribution of birds in the airspace and is constructed from the

operationally-determined five lowest 360° horizontal tilts (0.5°-5.5°) close (5-20 km) to
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the radar. The VPR is used to adjust raw reflectivity measures for range bias to produce
Vertically Integrated Reflectivity (VIR; Buler and Diehl 2009; Buler and Dawson 2014).
The VIR represents the mean cross-sectional area of birds across the entire column of air
above the ground up to the height of the vertical profile as in units of cm?/ha. | excluded
areas of partial to total beam blockage and with persistent clutter within each individual
sampling volume from further analyses (sensu Buler and Dawson 2014).
1.3.3 Model Analysis
I modeled mean daily VIR using Boosted Regression Trees and 28 predictor variables. |
aggregated daily VIR data into a 250 x 250 m resolution grid and half month time periods
(i.e., bimonthly). Predictor variables consisted of 1) ground elevation, 2) distance to
features (e.g., radar, Atlantic coast, river, and lake), 3) land cover proportion at local (250
m) and landscape (2 km) scales among ten land cover types, and 4) weather variables
(daily mean temperature, precipitation, vegetative greenness, and soil wetness index; and
proportion of days with snow cover during each bimonthly period). I also included
bimonthly period (early or late) for each month as a variable.

| calculated mean temperature, using PRISM (Parameter-elevation Relationships
on Independent Slopes Model) Climate Group data (Oregon State University
2017). PRISM datasets are modeled from over 10,000 surface stations across the United
States using climatologically aided interpolation. I used the United States Department of
Agriculture National Agricultural Statistics Service (USDA NASS) dataset to compute
proportion of 10 land cover types (grain, rice [CVC specific], sod [MA specific],
emergent wetland, forested wetland, open water, grassland, forest, developed, and

shrub/scrub) at the local and landscape scale. Types of agriculture were classified into
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either grain crops (corn, soybeans, rice, sweet corn, barley [Hordeum vulgare], wheat
[Triticum aestivum], double crop winter wheat/soybean, alfalfa [Medicago sativa], and
other hay/non-alfalfa) or sod (Poaceae spp). | calculated NDVI, using the Vegetation
Indexes_16Days_250m (M*D13Q1) MODIS product. Soil wetness index was computed
from the MODIS (MODerate-resolution Imaging Spectroradiometer) reflectance data
product MCD43A4 V005 (Nadir BRDF-Adjusted Reflectance), obtained from the USGS
LPDAAC (United States Geological Survey Land Processes Distributed Active Archive
Center). MCD43A4 V005 is produced every 16-days at 500 m resolution and contains
seven reflectance bands. | used the Tasseled cap transformation for MODIS data (Lobser
and Cohen 2007) to calculate a mean wetness index for each month via the tasseledCap
function from the MODIS R package. | used the BRDF_Adj_Refl_Daily _500m
(MCD43A4) as my final soil wetness product. | calculated distance to closest features
(coast, river, and lake) and used the USGS Digital Elevation model to calculate elevation,
which | defined as the height of the radar minus the ground height in meters. Region
specific covariates for the MA included: distance to Atlantic coast, sod proportion (local
and landscape scale), and snow/ice data was processed using the Interactive Multisensor
Snow and Ice Mapping System (IMS) Daily Northern Hemisphere Snow and Ice
Analysis at 1 km resolution. Distance to the coast in the CVC exceeds the NEXRAD
detection range given that the study area is much further inland than the MA. The
proportion of sod was used in the MA, whereas proportion of rice was used in CVC given
the agricultural differences in regions. Lastly, ground height was used in the CVC to
reduce the effect of false reflectivity from the mountain ranges surrounding the valley. |

modelled each month (November-March) using a separate BRT model, which included the same
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modelling grid, study area, and 28 covariates. To reduce spatial autocorrelation, I partitioned grid
cells into 25 groups in which sampled grid cells were 5 km apart to run modeling iterations and
combined covariate and radar data across years. | ran 25 (i.e., grid partitions) BRT models with
the gbm.step function in R package ‘dismo’ to model the relationship of log mean VIR with
environmental and landscape variables. Using fitted models, | computed predicted values for
waterfowl densities for each grid cell and | created continuous surface layer maps of relative
waterfowl roosting density throughout the study areas.

1.4 Results

Mean deviance explained of observed wintering waterfowl densities among models
ranged from 39.3-68.7% in the MA (Table 1-1) and 54.5-72.2% in the CVC (Table 1-2).
The top three biologically relevant (excluding distance from radar) predictors of
waterfowl density were mean temperature, precipitation, and proportion of emergent
wetland in the MA and proportion rice at the landscape scale, ground height, and mean
temperature in the CVC. The relative variable importance varied by month and region. In
general, environmental factors were ranked highest, followed by geographic position,
landscape-scale land cover, and local-scale land cover. Local scale land cover is not

discussed in the results given its relatively low importance.
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Table 1-1 Relative importance of BRT modelled predictors of wintering waterfowl

density within the Mid-Atlantic, 1 November - 15 March 2014-2023.

Relative Importance By Month — Mid-Atlantic

Predictor
November December January February  March Mean Importance Rank
Mean Temperature (°C) 29.72 12.24 10.36 16.28 21.23 17.97 1
Precipitation (mm) 12.55 7.89 7.32 17.48 14.69 11.99 2
Distance from Radar (km) 14.11 8.00 8.73 7.90 11.84 10.12 3
Emergent Wetland Proportion at 2 km Scale 3.01 5.43 7.76 6.45 4.63 5.46 4
Distance from Coast (km) 2.87 5.99 5.24 448 546 4.81 5
Shrub/Scrub Proportion at 2 ki Scale 6.71 4.21 422 275 312 4.20 6
NDVI 2.36 4.37 447 3.61 3.54 3.67 7
Wetness Index 2.34 4.25 447 3.59 3.18 3.57 8
Grassland Proportion at 2 km Scale 2.56 4.06 428 2.85 312 337 9
Grain Proportion at 2 km Scale 1.91 4.22 4.37 3.00 2.87 3.27 10
Open Water Proportion at 2 km Scale 2.20 4.45 3.68 2.60 2.64 311 11
Developed Proportion at 2 km Scale 2.00 3.97 4.11 3.10 2.39 311 12
Forest Proportion at 2 km Scale 2.54 391 3.67 241 2.59 3.02 13
Forested Wetland at 2 km Scale 1.91 3.94 3.85 274 2.50 2.99 14
Distance from Lake (km) 2.02 3.37 351 2.80 2.77 2.90 15
Distance from River (ki) 1.59 3.15 3.78 2.73 3.17 2.88 16
Sod Proportion at 2 km Scale 242 3.42 3.10 2.55 2.63 2.83 17
Forested Wetland Proportion 250 m Scale 0.96 257 227 1.72 1.59 1.82 18
Forested Proportion 250 m Scale 0.84 231 1.92 1.36 1.20 1.53 19
Period 2.20 0.87 1.09 3.07 0.00 1.45 20
Grain Proportion 250 m Scale 0.87 1.67 1.85 1.23 1.27 1.38 21
Developed Proportion 250 m Scale 0.75 1.45 1.59 1.17 1.06 1.20 22
Emergent Wetland Proportion 250 m Scale 0.52 0.94 1.05 0.84 0.83 0.84 23
Grassland Proportion 250 m Scale 0.35 0.97 1.03 0.75 0.62 0.74 24
Shrub/Scrub Proportion 250 m Scale 0.23 1.16 0.91 0.70 0.39 0.68 25
Open Water Proportion 250 m Scale 0.31 0.65 0.71 0.53 0.45 0.53 26
Snow and Ice 0.00 0.17 033 1.06 0.00 0.31 27
Sod Proportion 250 m Scale 0.14 0.39 0.36 0.24 0.20 0.27 28

. . 68.68%  56.80% 39.29% 51.65%  44.21%
Deviance Explained
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Table 1-2 Relative importance of BRT modelled predictors of wintering waterfowl

density within the Central Valley of California, 1 November - 15 March 2014-2023.

Relative Importance By Month — Central Valley of California
Predictor

November December January February March  Mean Importance Rank
Rice Proportion at 2 km Scale 27.67 22.97 8.45 3.13 2.59 12.96 1
Ground Height (m) 8.00 6.57 19.53 17.62 11.23 12.59 2
Mean Temperature (°C) 5.96 5.85 528 797 16.20 8.25 3
Distance from Radar (k) 6.01 6.16 6.20 717 8.01 6.71 4
Wetness Index 4.06 5.67 8.08 6.29 4.82 5.78 5
Precipitation (mm) 3.86 4.66 5.90 492 6.33 5.14 6
Distance from River (km) 5.35 4.63 4.61 5.03 5.57 5.04 7
Distance to Lake (km) 4.09 3.93 451 551 6.85 498 8
Grassland Proportion at 2 km Scale 347 4.10 4.67 5.71 4.65 4.52 9
Developed Proportion at 2 km Scale 413 423 453 4.97 451 447 10
Grain Proportion 2 km Scale 4.16 433 430 5.01 436 443 11
Emergent Wetland Proportion at 2 ki Scale 4.55 5.29 3.29 3.46 3.61 4.04 12
NDVI 3.38 3.65 4.29 4.67 4.11 4.02 13
Open Water Proportion at 2 km Scale 2.65 310 310 338 2.96 3.04 14
Shrub/Scrub Proportion at 2 ki Scale 221 3.61 2.57 2.63 372 2.95 15
Forested Wetland Proportion at 2 km Scale 229 237 2.04 228 2.20 224 16
Grassland Proportion 250 m scale 1.65 2.13 2.13 244 221 2.11 17
Forest Proportion at 2 ki Scale 221 1.52 1.69 2.87 222 2.10 18
Developed Proportion 250 m Scale 1.35 1.44 1.53 1.72 1.64 1.54 19
Grain Proportion 250 m Scale 1.01 1.31 1.34 1.41 1.35 1.28 20
Shrub/Scrub Proportion 250 m Scale 0.64 1.61 0.67 037 0.19 0.70 21
period 0.65 0.12 0.66 0.72 0.00 0.43 22
Open Water Proportion 250 m Scale 0.20 0.21 0.18 0.26 0.18 0.21 23
Emergent Wetland Proportion 250 m Scale 0.18 0.20 0.12 0.15 0.16 0.16 24
Rice Proportion 250 m Scale 0.10 0.09 0.11 0.17 0.22 0.14 25
Forested Wetland Proportion 250 m Scale 0.11 0.15 0.13 0.10 0.09 0.12 26
Forest Proportion 250 m 0.05 0.10 0.08 0.04 0.03 0.06 27
period.1 0.00 0.00 0.00 0.00 0.00 0.00 28
68.99% 72.19% 60.40% 57.23% 54.45%

Deviance Explained
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1.4.1 Environmental Variables

In the MA, there was a positive relationship between temperature and waterfowl density
in all months. The strongest response between temperature and waterfowl density was in
November and February (Figure 1-2A). Increasing precipitation increased waterfowl
densities in November, February, and March (Figure 1-2B). Precipitation had the greatest
relative importance during February. For months with snow present, waterfowl densities
increased with greater frequency of snow cover.

In the CVC, Waterfowl densities increased as a function of increasing
temperatures (Figure 1-2C), particularly in March and November. Waterfow! densities
decreased in the CVC with increasing precipitation for all months except November;
however, there was variation in the response by waterfowl to precipitation across months.
Waterfowl densities decreased as a function of increasing precipitation in December-
February; however, waterfowl densities increased in March with levels of precipitation at

about 2 mm (Figure 1-2D).
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Figure 1-2 Mean relative waterfowl density by month (proportion of the monthly
maximum of partial waterfowl density) as a function of temperature and precipitation
across 25 BRT models in the MA (top: A, B) and CVC (bottom: C, D), 1 November - 15

March 2014-2023. Shading represents SE of mean response among 25 BRT models.

) ®)

\IU
Mean Temperature (°C)

15

17

1.00-

5.0 75
Precipitation (mm)

100

= 2
@ a
g month § 0 month
= Nov = Nov
-§ 06~ Dec £ Dec
2 2
<;n Jan ; o Jan
® Feb o Feb
2 2
= Mar 3 Mar
& o3 &
0.0- " . . "
5 10 15 0 5 10
Mean Temperature (°C) Precipitation (mm)
©) (D)
1.0-
09
= =
2 i
g month é 08 month
3 X Nov = Nov
2 Dec £ Dec
2 06+ 2
S / von s Jan
Feb x Feb
2 2
= Mar T Mar
o ]
« (4



1.4.2 Landscape/Vegetative Conditions

In general, the greatest densities of waterfowl within the MA for all months when NDVI
values were between 0-0.4; however, there was a bimodal relationship where higher
waterfowl densities were observed at higher NDVI values approaching 1 (Figure 1-3B).
Within the CVC, for all months except November, the greatest densities of waterfowl
occurred with NDV1 values between 0.5-0.7 (Figure 1-3D). Highest waterfowl densities
in November in the CVC occurred with NDVI values around 0.4. Waterfowl densities in
the MA were greater in drier (non-flooded) areas earlier in the season (November and
December) and in March. Waterfowl densities were greater within more flooded/open
water habitat during January and February in the MA (Figure 1-3A). The relationship
between waterfowl and wetness in January was more uncertain in the MA when
compared with other months. For all months in the CVC, the greatest densities of
waterfowl in flooded habitats, particularly at wetness index values between -0.05-0

(Figure 1-3C).
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Figure 1-3 Mean relative waterfowl density by month (proportion of the monthly
maximum of partial waterfowl density) as a function of wetness index and NDV1 across
25 BRT models in the MA (top: A, B) and CVC (bottom: C, D), 1 November - 15 March

2014-2023. Shading represents SE of mean response among 25 BRT models.
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1.4.3 Geographic Location

As a function of increasing radar beam height and distance, waterfowl densities increased
at further distances from the radar for all months and radar domains. As a function of
topography in the CVC, the greatest concentrations of waterfowl within the valley
between ground heights of 0-50 m. In all months in the MA, with the exception of
December, there was a bimodal relationship between distance from the coast and
waterfowl densities. In December, waterfowl densities increased with greater proximity
to the Atlantic coast. For all other months of the winter, waterfowl densities were greatest
at 0-10 km and again at 60—70 km from the coast (Figure 1-4A). In the MA, waterfowl
densities were greater with greater proximity to lakes during November, December, and
March, particularly at distances < 2 km. During January and February in the MA, higher
densities of waterfowl were observed with greater proximity to lakes, but also observed
an increase in waterfowl densities at an average distance of 15 km from lakes (Figure 1-
4B). In the CVC, the greatest waterfowl densities were observed when the distance from
a lake was between 0-5 km. In December, in the CVC, waterfow! densities increased at
20-25 km from lakes, in addition to higher densities at 0-5 km (Figure 1-4D). In the MA,
with the exception of February, waterfowl densities were greatest at distances further
away from rivers at a distance up to 35 km. February also showed higher waterfowl
counts in the MA at 35 km, but also had higher waterfowl densities at distances closer to
rivers than any other month during the winter (Figure 1-4C). In the CVC, there was a
positive relationship between waterfowl densities and increasing distances from a river.
In November, in the CVVC, highest waterfowl densities were observed at distances<2 km

from rivers (Figure 1-4E).
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1.4.4 Landscape Scale Land Cover

For all land cover predictors and radar domains, the strongest response to wintering
waterfowl exodus at the landscape (2 km) scale as opposed to the local scale (250 m). At
the landscape scale within the MA, the highest concentrations of waterfow! densities
were in November, December, and March when the proportion of emergent wetland was
~30-35% (Figure 1-5A). Waterfowl densities during January and February were greatest
when emergent wetland proportion was ~60-65%. For all months, the greatest waterfowl
densities when the proportion of shrub/scrub was between 0-5% (Figure 1-5B). There
was a weaker relationship between proportion of grassland and increasing waterfowl
densities in November and December, but found that waterfowl densities increased in
January, February, and March when proportions of grassland approached 20% (Figure 1-
5C). Waterfowl densities increased for all months of the winter when proportion of grain
increased (Figure 1-5D). The greatest waterfowl densities in all months of the winter
were observed when the proportion of open water was between 5-20%. Waterfowl
densities tended to decrease when proportion of open water within 2 km were >25%
(Figure 1-5E). There was a general increase in waterfowl density as proportion of
developed land increased; however, there was a bimodal relationship where higher
waterfowl densities were observed when proportion of development approached 0%
(Figure 1-5F). For all winter months, greater waterfowl densities with decreasing
proportions of forested land. The relationship between waterfowl densities and proportion
of forested varied by month. In November, waterfowl densities increased as a function of
increased proportion of forested wetlands, however, in December and January, waterfowl

densities were greatest when proportion of emergent wetland were between 0-20%
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(Figure 1-5G). The proportion of sod was negatively associated with waterfow! density,
with the highest waterfowl] density observed when proportions were < 1%.

In the CVC on the landscape scale, increasing waterfowl densities for all months
with increasing proportions of rice (Figure 1-6A). The strength in response to rice was
greatest during November and December and weakened as the winter progressed). The
strength of response to rice by waterfowl in the CVC was consistently 3 - 4 times greater
than any other land cover type. Waterfowl densities increased in the CVC with
increasing proportions of grassland, particularly at around 75% within 2 km (Figure 1-
6B). The greatest waterfowl densities within the CVC typically plateaued across all
months when the proportion of developed land on the landscape reached 25-40% (Figure
1-6C). Similar to rice, but at a smaller scale, waterfowl densities increased with an
increase in all other grain types on the landscape (Figure 1-6D). There was an increase in
waterfowl densities in November and December with increasing proportions of emergent
wetland on the landscape; however, between January - March, waterfowl densities varied
very little with proportions of wetland between 25-80% (Figure 1-6E). Waterfowl
densities consistently decreased within months in the CVC as a function of increasing
open water on the landscape scale and found that the greatest waterfowl densities
generally occurred when proportions of open water were ~20%, particularly in December
and January (Figure 1-6F). Waterfowl densities consistently decreased within months in

the CVC as a function of increasing shrub-scrub on the landscape scale (Figure 1-6G).
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Figure 1-5 Mean relative waterfowl density by month (proportion of the monthly
maximum of partial waterfowl density for covariance) as a function of top-9 highest
ranked land cover types in the MA, 1 November - 15 March 2014-2023. Shading

represents SE of mean response among 25 BRT models.
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Figure 1-6 Mean relative waterfowl density by month (proportion of the monthly

maximum of partial waterfowl density for covariance) as a function of top-9 highest

ranked land cover types in the CVC, 1 November - 15 March 2014-2023. Shading

represents SE of mean response among 25 BRT models.
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1.4.5 Predictive Modelling of Winter Waterfowl Distributions

Using top predictive parameters from historical NEXRAD data from 2014-2023 within
the MA and CVC, | generated NEXRAD derived waterfow! distributions for winters
2021-2023 (Figure 1-7). In the MA, intense densities of birds in early November across
the entire study area, which is characteristic of the remnants of neotropical landbird
migration. During late November, bird densities are still higher than average in inland
sites, and are intense along the coastal Carolinas, Delaware, and Chesapeake Bay where
many waterfowl are arriving to overwinter. In early December - early February, there
were comparatively lower densities of waterfowl at inland sites but consistently high
densities of waterfowl near the coast. Waterfowl densities increased during late February
and early March in the MA, as many waterfowl begin to leave the Carolinas and move
north toward breeding areas. Late March (not included) becomes contaminated by
landbird migration similar to early November and was not included in modelling.

In the CVC, the 2021-2022 predictive waterfow! distribution showed much
higher predicted waterfowl densities in the northern region of the CVC across all months,
particularly in November (Figure 1-8). In contrast to November in the MA, November in
the CVC is not as dominated by landbird migration. The CVC hosts high numbers of
migrating Passerines, particularly in the Fall (DeLuca et al. 2021); however, the majority
of the landbird migration in the CVC is often concluded by September-October. Highest
predicted waterfowl densities in November within the CVVC can be seen at sites such as
National Wildlife Refuges (Sacramento NWR, Delevan NWR, Colusa NWR, San Luis
NWR, and Merced NWR), Wildlife Management Areas (North Central Valley WMA,
Oroville WA, Upper Butte Basin WA, Gray Lodge WMA, Colusa Bypass WA, Steve

Thompson North Central WMA, Grizzly Island WA, Hill Slough WA, Lower Sherman
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Island WA, and Mendota WA), Thermalito Afterbay Reservoir, rivers (Sacramento,
American, Consumnes, San Joaquin, Middle, Stannslaus, and Tuolumne), lakes (Black
Butte and Kern), and private gun clubs/hunting preserves throughout the valley.
Agriculture, which is adjacent to NWR’s or WMA’s, host high densities of waterbirds
throughout November. Waterfowl distributions in the CVC during December are almost
exclusively found within, or just outside of NWR’s, WMAs, or private clubs. January has
higher densities of waterfowl than December in general. Much of the waterfowl density is
again concentrated around NWR’s, WMAs, and private clubs; however, there is more
activity in the central part of the CVC south of Sacramento. Activity within the southern
CVC is much lower across all months and years, with waterfowl mostly restricted to
agricultural lands outside of Kern Lake and the Cappello Reservoir. Waterfowl densities
spiked during January at sites within the Yolo Bypass WMA and along the Consumnes
and Old River. Higher densities of waterfowl were predicted at more brackish estuarine
sites such as Grizzly Island WA, Lower Sherman Island WA, and in and around
McDonald Island and the Middle River during January. Greater densities of waterfowl
were observed in February when compared with December and January at much of the
same sites as previously reported. In February, there was a new influx of activity moving
into the CVC from the North, which is primarily north of Sacramento. In early March
waterfowl distributions shifted further south, with higher densities observed at estuarine
sites in the west. In March, there was a spike in predicted waterfowl densities in the south
CVC within the San Luis NWR and sites in and around Kern Lake and Cappello

Reservoir.
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Figure 1-7 Model prediction of waterfowl density for winter 20222023 in the Mid-Atlantic region. More intense red indicates

greater predicted waterfowl density.
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Figure 1-8 Model prediction of waterfowl density for winter 20222023 in the Central Valley of California region. More

intense red indicates greater predicted waterfowl density.
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1.5 Discussion

By modelling waterfowl! density separately by each month of the winter, | was able to
capture the variability in effect size of 28 different covariates across space and time
within two geographic regions. A consistent and major predictor of waterfowl
distributions in both regions was mean daily temperature, which had a positive
relationship with waterfowl densities at exodus throughout winter. Mallards (Anas
platyrhynchos), like many wintering dabbling duck species, cease flight during extreme
cold and resume high levels of activity again as a function of rising air temperature when
the energy needed for thermoregulation is lower and fat reserves need to be replenished
(Jorde et al. 1983, 1984). There is variation by species and study site in response to
temperature by wintering waterfowl regarding nocturnal exodus flights. Along the Seine
estuary in France, Mallard, and Eurasian Teal (Anas crecca crecca) fly further and
consequently spend more time in the airspace with increasing temperatures (Legagneux
et al. 2009). Additionally, Northern Pintail (Anas acuta) respond to winter progression
rather than temperature in regard to duration and distance in flight, flying further as a
function of winter progression and less far in warmer temperatures. In the Central flyway,
interactive effects of seasonal progression and minimum temperature appear to be
predictors of evening flight duration in Northern Pintail, Green-winged Teal (Anas
crecca), American Wigeon (Mareca americana), and Mallard (Baldassarre and Bolen
1984), such that flight duration increased as a function of seasonal progression, and
colder temperatures increased evening flight duration. Opposite effects of temperature
and flight during the evening are generally observed outside of the winter (i.e., during
spring and fall migration), when cooler air in the airspace promotes more favorable flight

conditions and opportunity for celestial navigation (Miller at al. 2005).
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From an AlV standpoint, cold weather that causes dabbling ducks to cease flight
during exodus, often results in birds adopting more gregarious behaviors (Longcore and
Gibbs 1988). American Black Ducks (Anas rubripes) cease flight completely below 0°C
and show a tendency to congregate together at temperatures below the species’ lower
critical temperature range (Longcore and Gibbs 1988). Dabbling ducks must take
advantage of favorable weather conditions during the winter, particularly after a series of
consecutive cold days, to replenish food supplies. In addition to the partial or complete
cessation of flight and increase of gregarious behaviors, cold weather during the winter
also promotes AlV persistence in the environment (Brown et al. 2009). In general, North
American dabbling ducks spend more time in flight compared to their European
counterparts, with density dependent factors limiting food resources and increasing time
spent scouting for new resources (Legagneux et al. 2009).

My findings regarding effects of temperature on waterfowl density in the airspace
also align with findings on geese. Canada Geese (Branta canadensis) have been found to
increase flight when temperature > -9°C (Raveling et al. 1972). Time spent in the
airspace by Greater Snow Geese (Chen caerulescens atlanticus) was found to be
unrelated to temperature and precipitation in a previous study in the Delmarva (Hill and
Frederick 1997), although Greater Snow Geese flew slightly further on average in colder
conditions.

Increasing wintering waterfowl density in the airspace with temperature could
also be attributed to habitat availability, particularly in the MA, where frozen waterbodies
may prohibit access to resources (Longcore and Gibbs 1988). In the CVC, extreme-cold
induced cessation of flight by wintering waterfowl, even for smaller species is far less

likely and waterbodies are unlikely to freeze. Therefore, increased waterfowl densities
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observed at higher temperatures within the CVC could be explained by other additional
factors.

Precipitation was another major predictor of waterfowl distributions, however
with different effects by region. In the MA, precipitation was consistently positively
associated with waterfowl densities throughout winter. In the CVC, for all months except
at the start of winter (i.e., November), precipitation was negatively associated with
waterfowl densities. Increasing waterfowl in response to increased precipitation in
November could be closely tied to the artificial flooding of rice that often begins in
November (Elphick 2000, Fleskes et al. 2018). | also found differing effects in the
response to flooded habitats by waterfowl across the two regions, which | attribute to the
comparatively differing open water availability in both regions. Precipitation and
artificial flooding create functionally equivalent surrogate waterfowl habitats by
providing refuge and a potential food source in agricultural waste grains (Elphick 2000).
In the MA, | found a greater use of drier (non-flooded) sites earlier in the season
(November-December), and then saw a progressive shift to use of flooded/open water
habitat in January-March. Waterfowl density in the MA also increased during January-
March as a function of increasing precipitation likely tied closely to the relationship with
the soil wetness index and new influx of food provided by the flooding of the landscape
(Elphick 2000). Sieges et al. (2014) found an opposite response in the Mississippi
Alluvial Valley and West Gulf Coastal Plain, in which birds tend to favor flooded habitat
throughout the entire winter, progressively moving to less flooded areas over time.

Soil wetness was a more important predictor in the CVC, where waterfowl
density increased with greater soil wetness, and peaks in flooded habitats as previously

reported by Buler et al. (2012). The increased strength of response to flooded habitat in
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the CVVC compared to the MA is likely due to habitat composition, water scarcity, and the
practice of flooding rice after harvest (Elphick and Oring 1998, Fleskes et al. 2018),
including the artificial flooding of habitat by the many duck clubs that exist within the
region (Fleskes et al. 2018). In the MA, waterfowl densities decreased with increasing
NDVI values for all months except January. In the MA, greatest waterfowl densities
occurred at NDVI values between -0.1 — 0.25, which is indicative of water, barren land
(i.e., crops), or sparse grassland (Elshehaby and Taha 2009). | found greatest densities of
waterfowl within the CVC with NDVI values between 0.6-0.75 (i.e., grassland) in
December-March, and between 0.3-0.4 (bare land) in November (Elshehaby and Taha
2009). | emphasize the need for region specific modelling, given the variation in species
suite, habitat composition, and closely tied relationships with distinct agricultural systems
(i.e., rice vs. corn/soybeans).

In the MA, waterfowl were concentrated within 15 km of the coast, which
supports the fact that the Delaware Bay, Chesapeake Bay, and the sounds (Albemarle and
Pamlico) and bays (Onslow and Long) of North and South Carolinas support relatively
high waterfowl densities during the winter (Madsen et al. 2013, Reese and Weterings
2018, Prosser et al. 2022). During the latter half of winter, | saw higher densities of
waterfowl far (>60 km) from the coast, similar to the immediate coast. Inland detections
of higher waterfowl densities in the MA are likely due to waterfowl using inland
agricultural sites to feed and roost at inland lakes and impoundments, rather than coastal
refuges. | found greater relative waterfowl densities closer to lakes in both the MA and
CVC, which supports the hypothesis that inland water bodies support large numbers of

roosting (Jankowiak et al. 2015) and feeding waterfowl.
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Based on my predictions, MA sites near the coast (< 15 km) and in proximity to
lakes contain greater concentrations of waterfowl, with inland sites also supporting high
concentrations of waterfowl during the latter part of the winter. Large lakes or
impoundments close to agriculture provide crucial roosting sites and areas to rest and
recover before flying out to feed. Important roosting sites closer to poultry facilities
increase the risk factor of a potential HSN1 outbreak (Iglesias et al. 2010). Smaller
waterbodies, particularly in places where water availability is scarce (i.e., CVC), may
lead to lower viral dilution and may promote increased opportunity for AIV transmission
between individuals (Rohani et al. 2009, Pérez-Ramirez et al. 2012). In the MA | saw
many cases of GPS-fitted waterfow! directly and indirectly interfacing with poultry
facilities and adjacent farm ponds, as this has also been observed in the CVC (McDuie et
al. 2022).

In the CVC, | observed greater waterfowl densities with increasing distance from
rivers approaching 60 km, with the exception of November, in which I observed higher
waterfowl densities at sites both close to and far from rivers. The relationship between
waterfowl densities and distance to rivers varied by month in the MA and CVC and could
potentially be explained by the different suite of species present at different times during
the winter using different resources. Increased waterfowl observed in the MA at closer
proximity to rivers in January and February could also be attributed to secondary use as a
function of being frozen out of lakes. Inland waters near poultry farms are significant risk
factors regarding HPAIV outbreaks at facilities (Ahmad et al. 2022). Rivers, streams, and
regularly flooded land can support and facilitate the movement of H5N1 in and around a

poultry facility (Ward et al. 2009).
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Regarding land cover factors that may increase waterfowl exposure to poultry
facilities within the MA and the CVC, the proportion of grain agriculture at the landscape
scale was consistently positively related to waterfowl density. Waterfowl often require
and take advantage of the surplus of agricultural waste grain at wintering sites (Hughes et
al, 1994, Masse et al. 2001, Jefferies et al. 2003, Lefebvre et al. 2017, Gates et al. 2020),
which often draws birds closer to adjacent poultry facilities (EImberg et al. 2017). The
risk of waterfowl-poultry interface within the MA and CVVC will only increase, as
wetland is lost to agriculture and human development (Stubbs et al. 2020). Habitats in the
MA with ~50% of wetland, and proportion of open water not exceeding 20% at the
landscape scale supported the highest densities of waterfowl. Grassland proportions
<10% and scrub/scrub habitat <5% at the landscape scale also appeared important to
predicting waterfowl density.

In the CVC, increasing proportions of rice at the landscape scale was the most
important predictor of waterfowl densities in early winter when overall waterfowl
densities were at 8-9 times that of the rest of winter. The response strength of waterfowl
to rice was 2—3 times greater during November and December, indicating the early
season importance of rice to waterfowl in the CVC. On a much smaller scale, 1 found
greater waterfowl densities when proportion of grassland on the landscape in the CVC
was ~70-75%, which is much higher than values in the MA. Graminoids, in addition to
waste grains, are known to be a food source for wintering waterfowl, particularly for
geese (Gauthier et al. 2005, Fan et al. 2020, Mott 2022). The response of increasing
waterfowl densities to increasing proportions of emergent wetland at the landscape scale
within the CVC was stronger during the earlier months (November-December), when

waterfowl densities increased with proportion of emergent wetland approaching 65%. In
35



the MA, the strongest response to emergent wetlands was during January and February.
Many waterfowl and other waterbird species use emergent wetlands for roosting and
feeding sites, and studies have shown waterbird densities to increase with more emergent
wetlands on the landscape (Sieges et al. 2014). Agriculture and human development in
both the MA and CVC have led to losses in natural wetlands (Fleskes et al. 2018, Stubbs
et al. 2020, DelLuca et al. 2021), leading to declines in waterfowl populations (Fleskes et
al. 2018), and an increase in interactions at the human-waterfowl interface (Cappelle et
al. 2011, Elmberg et al. 2017, McDuie et al. 2022).

| observed a more dynamic response to the landscape within the CVC as
compared with the MA. Waterfowl densities in the CVC were much greater and more
concentrated compared to the MA, with rice production and water resource availability a
key driver of that particular ecosystem. Coastal sites, inland marshes, and the many
natural and artificial waterbodies within the MA make water a far less limiting resource
in the winter for waterfowl in the MA. In addition to habitat loss, water shortages force
birds into larger congregations of multiple species at sites, which is known to facilitate Al
transmission and emergence of highly pathogenic strains (Rohani et all. 2009,
Wikramaratna et al. 2014), given that increasing water body size was found to be
negatively associated with Al persistence in the environment (Ruiz et al. 2021). Research
pertaining to depth as a function of Al prevalence may be biased and limited by samples
taken the shore (<50 cm depth) given accessibility (Ahrens et al. 2023); however, deeper
water may dilute the virus (Pérez-Ramirez et al. 2012, Numberger et al. 2019, Ahrens et
al. 2023) and decelerate fecal-oral viral transmission in contrast to waterfowl
aggregations in more shallow bodies of water (Pérez-Ramirez et al. 2012). High densities

of birds in Late November within the MA may be a combination of other known
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reservoirs of AlV, such as: Laridae (Toennessen et al. 2011, Postnikova et al. 2021,
Prosser et al. 2022), Scolopacidae (Hall et al. 2014, Gass et al. 2023), Sternidae (Becker
1966, Rijks et al. 2022), Ardeidae (Soda et al. 2022), Pelecanidae (Lo et al. 2022, Beyit
et al. 2023), or perhaps even the last wave of neotropical landbird migration. Higher
reflectivity in November within the CVC and the comparatively large confidence
intervals within estimates of fall migration in landbirds within the CVC in September-
October (DeLuca et al. 2021) is likely caused by the influx of waterfowl and other
waterbirds (Scolopacidae, Laridae, Sternidae, Ardeidae, Pelecanidae, Threskiornithidae,
Gruidae, and Podicipedidae), all of which have varying degrees of Al facilitation within
the environment and between hosts. Waterfow! densities within the CVC in November
are closely tied to the annual flooding of rice (Elphick and Oring 1998, Elphick 2000,
Fleskes et al. 2018.), which can be seen in (Figure 1-6A).

Previous interagency research in California for detection of AIV in wild birds
since the 2014-2015 H5N1 outbreak has been conducted by the United States
Department of Agriculture, United States Geological Survey, United States Fish and
Wildlife Service, National Wildlife Refuge System, and the National Flyway Council.
This research has been successful in monitoring AlV in the environment through hunter-
killed bird sampling but did not address real-time AlV risk via remote sensing. Hunter
harvested birds only represent a small percentage of the overall waterfowl population and
are not reflective of broadscale waterfowl distributions on the landscape in near-real time.
AIV surveillance that lacks fine temporal resolution, or at a single spatial scale may fail
to capture dynamic waterfowl distributions that are sensitive to seasonal and climatic
change. Through collaboration between the state, academia and industry, steps were

taken to improve remote sensing surveillance of waterfowl, specifically in California.
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The ‘California Waterfowl Tracker’ (CWT) was introduced (Acosta et al. 2021),
incorporating deterministic bird density models and daily environmental (precipitation,
temperature, and subsequent wetness indices) variables to predict waterfowl location and
density and AlV threat throughout the wintering period. Additionally, GPS-tracking data
of waterfowl was incorporated into the waterfowl tracker, which provided validation and
further strengthened predictive models for the California region. Although the CWT
application showed promise for the biosecurity of the Californian poultry industry, the
underlying waterfowl distribution model is not representative of other regions or as a
broad-scale application and is thus geographically limited.

Our research improved the spatial and temporal resolution over the models from Acosta
et al. (2021). I was also able to demonstrate the differences in drivers of waterfowl
distributions in different regions, which has previously been a challenge when
implementing biosecurity strategies on a national level. Being able to incorporate
temporal variability into region specific models will allow future managers to better
inform biosecurity measures. In the Delmarva Peninsula, within the MA, there were
seven H5N1 outbreaks at poultry facilities between 22 February — 8 March 2022, leading
to a combined loss of ~3.2 million poultry. | was able to capture the temporal variability
in waterfowl distributions using our improved models (Figure 1-7 and Figure 1-8). There
was an increase in waterfowl activity in late February - early March in the region, which
coincided with the infection period at these facilities. Therefore, using this research, |
suggest that careful consideration be taken regarding the biosecurity practices of poultry
in areas with high densities of waterfowl. Predictive modeling of waterfowl distributions
will further allow for strategic decision-making by the poultry industry regarding

potential exposure to farms or pertaining to new farm placement.
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Chapter 2

USING HIGH FREQUENCY GPS DATA TO ASSESS WINTERING GOOSE
PROXIMITY TO COMMERCIAL POULTRY OPERATIONS ON THE
DELMARVA PENINSULA FOR AVIAN INFLUENZA SURVEILLANCE

2.1 Introduction

Avian Influenza Virus (AlV) is a zoonotic disease which is in the Orthomyxoviridae
segmented, negative-sense, RNA family of viruses that contains type A, B, and C
influenza. Both highly pathogenic and low-pathogenic avian influenza (HPAI and LPAI)
subtypes exist in wild animal reservoirs (primarily from Anseriformes and
Charadriiformes). The delineation of low or high refers to the ability of the virus to cause
disease in domestic gallinaceous poultry. LPAI’s from wild reservoirs can switch to
HPAT’s during movement from wild to domestic birds (Olsen et al. 2006, Elmberg et al.
2017). Domestic poultry and gallinaceous bird losses are typically in the millions during
an AlV outbreak due to its high virulence and the culling protocols used to manage
HPAIV outbreaks and H5 or H7 LPAIV outbreaks (Swayne 2008, Madsen et al. 2013,
Acosta et al. 2021). During the last large HPAI outbreak in 2014-2015, 50 million
domestic birds were estimated to be lost through flock culling efforts nationwide
(McDuie et al. 2022) and in the ongoing 2021-2023 outbreak ~58 million domestic birds
have been lost thus far (USDA-APHIS, May 2023).
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AlV persists in the environment via viral cycling; the naturally occurring cyclical
exchange of viral loads between two competent reservoirs with almost entirely
asymptomatic effects on overall fitness (Hansen 2001). AlV persists in wild waterfowl
over long periods and is excreted in the feces. AlIV can persist in the water column, settle
into the sediment, or be ingested by other birds (e.g., particularly by dabbling ducks who
use a filter feeding mechanism). Temperature (Zhang et al. 2006), salinity, and pH
(Swayne 2008 and Krauss and Webster 2010) influence AlV viability in water, sediment,
and ambient air (Zhang et al. 2022); however, persistence can only occur when
competent hosts are present, or have been present  during part of the year (Olsen et al.
2006, Zhang et al. 2006, Lang et al. 2008, Brown et al. 2009, Spackman 2014, Densmore
et al. 2019).

Waterfowl directly and indirectly facilitate the preservation and movement of
AIV over large spatial scales (Humphreys et al. 2021). For example, the Atlantic Flyway
is a 4,800 km route spanning from the Arctic tundra to the Caribbean and contains critical
stopover locations for many species of waterfowl and shorebirds thus creating the
potential for trans-continental exchange of AlV from Asian, Eurasian, and Australasian
waterfowl species to North American wintering waterfowl (Krauss and Webster 2010,
Girard et al. 2012). Infected waterfowl species may asymptomatically shed the H5N1
strain of AlIV for 1-8 days prior to any clinical signs during movements as far as 3,000
km (Cappelle et al. 2009). Waterfowl facilitate viral transfer from one location to another,
while also increasing the likelihood of exchange from infected to uninfected individuals
simply through proximity, same-site usage (Hansen 2001, Swayne et al. 2008, Fouchier
and Munster 2009, Humphreys et al. 2020), and viral shedding from high rates of

defecation (Buij et al. 2017).
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From a biosecurity perspective, AIV seroprevalence at both backyard and
commercial poultry facilities is positively associated with wild waterfowl presence
(Madsen et al. 2013). High frequency GPS tracking data of wild waterfowl show a 3-8
times higher chance of an AlV outbreak at poultry facilities within waterfow! habitat
(e.g., inland waters and other suitable waterfow! habitats used for feeding and loafing)
than outside of known habitats (Lee et al. 2020, Ahmad et al. 2022). Sightings of
waterfowl in adjacent fields to poultry facilities increase the risk of HSN1 introduction by
7.6 times (Green et al. 2023, Patyk et al. 2023). First, many commercial poultry
operations on the Delmarva Peninsula grow feed crops in adjacent agriculture to provide
for their flock, which in-turn, generates waste grain that supports foraging geese
throughout the winter (Hill and Frederick 1997, Jefferies et al. 2003, Dorak et al. 2017,
Elmberg et al. 2017, Gates et al. 2020). Wild waterfowl access to feed or waste grain,
even sporadically increases the risk of HSN1 introduction by 2.7 times (Green et al.
2023). While geese stay close to refuge sites early in the season, they will increasingly
disperse to find additional food resources as depletion occurs in core home ranges
(Hamilton and Watt 1970). Second, some farms in the Delmarva also have adjacent run-
off or retention ponds as part of their stormwater management plans to remove pollutants
(Maryland Department of Environmental Resources, 2018). These ponds vary in size and
depth (~1 m deep on average) and are impacted by rainfall and drought. These sites may
also provide surrogate habitat for waterfowl. The presence of a wastewater lagoon or
drainage ditch visible <320 m from a poultry facility increases H5SN1 introduction by 3.3
times (Green et al. 2023). Waterfowl excrement leaching and run-off can contaminate
nearby waterbodies, particularly public swimming areas (Lu et al. 2009, Buij et al. 2017,

Elmberg et al. 2017). Further, barnyard poultry that use open waters can become infected
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by wild waterfowl that have previously congregated in the area (Cappelle et al. 2011),
particular with large flocks (>500,000) of waterfowl observed in proximity to poultry
facilities (Green et al. 2023).

Rapid advancements in GPS animal tracking technologies with simultaneous
biological information reporting (biologging) has allowed for many novel questions to be
addressed regarding waterfowl (Schreven et al. 2021, Askren et al. 2022, Trimbake 2023,
Kolzsch et al. 2023). Much of the current research focus goes into resource selection,
bioenergetics, and general ecological questions pertaining to waterfowl from a
management perspective. Less research attention has been paid to waterfowl ecology
from a disease standpoint. Although some studies have used high frequency tracking data
to investigate waterfowl activity in relation to poultry and AIV (Yamaguchi et al. 2008,
Takekawa et al. 2010, Cappelle et al. 2011, Lee et al. 2020, Humphreys et al. 2021,
McDuie et al. 2022), few have focused their efforts within the United States, and most are
lacking in the temporal and spatial resolution powered by current GPS tracking
capabilities. Little is known about the 24-hour activity of waterfowl within proximity to
poultry farms in a region of high poultry farm density such as the Delmarva Peninsula.

Using high frequency GPS data from wintering Greater Snow Geese (Anser
caerulescens atlanticus, hereafter GSGO) and Canada Geese (Branta canadensis,
hereafter CANG) between 2019-2023, my primary objective was to identify the factors
associated with greater densities of geese near poultry farms during the winter, and to
gain a better insight and understanding of the interface between wild and domestic birds
within a region of high economic importance. First, | hypothesized that wintering geese
in the Delmarva Peninsula would be closer to poultry facilities and subsequent waste

grain as a function of seasonal progression, getting closer to poultry facilities as food
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depletion occurs closer to coastal waterways later in the winter. Second, | hypothesized
that poultry facilities that were infected with HSN1 in the Delmarva Peninsula would be
classified as having higher risk exposure based on a percentile ranking system. Third, |
hypothesized poultry facilities with an adjacent farm pond would have more wintering
geese near them than facilities without a farm pond, on the basis that farm ponds would
be an attractive feature for geese, providing a potential safe resting location prior to
feeding on waste grain need facilities. Fourth, I hypothesized that geese would occur at
similar densities near farms during both the day and night, especially during the
crepuscular period, when geese are known to leave or return from feeding sites (Johnson
et al. 2014, Gates et al. 2020). Fifth, given that many NWR locations are within coastal
sites in the Mid-Atlantic, and the Delmarva Peninsula comprise a mosaic of agriculture
dispersed in historical wetland, | hypothesized that poultry facilities closer to the coast
and NWR would have higher rates of goose exposure. Sixth, | hypothesized that
surrogate roosting sites, (i.e., sewage treatment facilities) in proximity to poultry facilities
would be an attractive feature to wintering geese, providing usable habitat, food, and a
potential a source of thermoregulation. Last, | hypothesized farms with increasing
percentages of crops, woody and emergent wetland, open water, and grassland would
have greater relative goose exposure. | hypothesize that increasing proportions of these
landcover types will increase goose use because of increased usable feeding and roosting
habitat available to geese.

2.2 Study Area

The Delmarva Peninsula (Delaware, Maryland, and Virginia) (Figure 2-1) makes up part
of the Mid-Atlantic Region which contains eight states (New York, New Jersey,

Pennsylvania, Delaware, Maryland, Virginia, West Virginia, and North Carolina) as well
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as Washington D.C. It also comprises a portion of the Atlantic Coastal Plain, which
extends west along the coast and inland before meeting with the Gulf Coastal Plain
between Georgia and Alabama. The Delmarva Peninsula is ~274 km long by ~114 km
wide and has a land surface area of 15,540 km? (1.55 million ha) with 5,180 km? of
coastline. The Peninsula is contained by Chesapeake Bay to the west, Delaware Bay, and
Atlantic Ocean to the east and Pennsylvania to the north. This northern boundary also
demarcates the Piedmont physiographic area from the Coastal Plain region (Hamilton
1993).

The Delmarva Peninsula lies along, and makes up, an extremely important
component of the Atlantic Flyway. The Delmarva region contains ~526,000 ha of
important bird areas with ~243,000 ha of global importance (National Audubon Society
2020). The climate is heavily influenced by the moderating effect of the Atlantic Ocean
and Chesapeake Bay, in addition to the transitional zone location between cooler north
and warmer south. The temperature can be described as continental, with extremes in
both the summer and winter months. Average annual temperature is 13.5°C (Delaware's
Climate - Office of the Delaware State Climatologist 2020) with average lows in January-
February of 2°C and highs in July of 25°C. Precipitation varies with an annual average of
112 cm (National Oceanic and Atmospheric Administration 2020) and snowfall occurs
but is infrequent. Many areas of the Delmarva are dominated by agricultural land
including ~647,500 ha of farmland in which 6,500 farms exist, with ~4,700 being meat
poultry farms (Prosser et al. 2017). Major crop production is dominated by corn (Zea
mays), soybeans (Glycine max), and small grains. Agricultural land makes up ~43% of
the total land surface area of the Delmarva. Other dominant land types include wetlands

(~688,000 ha) in which ~50% have been lost to agricultural practices (United States
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Department of the Interior 1994, Stubbs et al. 2020) and forests (~182,000 ha). The area
is unique with its flat topography and sand dominated soil with elevation not exceeding

31 m throughout the entire region.
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Figure 2-1 Delmarva Peninsula study area within the larger Mid-Atlantic region (inset).
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2.3 Material & Methods

2.3.1 Trapping & Telemetry

| trapped CANG during November-March of 2020-2021, 20212022, and June 2021 and
GSGO were captured during staging between May-June 2020-2022. | also trapped
Mallard (Anas platyrhynchos) during the winter, and they were fitted with tracking
devices; however, due to low sample size, they provided little data and were excluded
from analysis. Both goose species were captured and fitted with Ornitela Ornitrack-N44
GPS/GSM neck collars (weight = ~45 g, outer dimensions = 53-68 mm, inner diameter =
44-49 mm). Trapping for both species occurred via swim-in, corral, and rocket netting
trapping methods. GSGO were captured during spring staging at Tle aux Oies, Quebec
(47.115917, -70.500580), in collaboration with researchers at University of Laval in
Quebec, Canada. U.S. capture locations included both federal (e.g., Bombay Hook
National Wildlife Refuge [NWR, 39.258305, -75.455235), State (Woodland Beach
Wildlife Management Area [39.326456, -75.508743], and Ted Harvey Conservation Area
[39.088722, -75.416481]), and private lands in both Delaware and Maryland. Swim-in
traps (modified diving duck traps) were used to capture CANG during November-March
of 2020-2021. The swim-in traps consist of two compartments (a larger wire entrance
chamber ~1.5 x 1.5 x 1.2 m above water line height with a narrow adjustable triangular
entrance way, and a second collection chamber ~1.2 x 1 x 1 m in which the roof had an
opening to enable birds to be extracted from the trap [Evrard and Bacon 1998]). Traps
were baited with whole corn and checked twice daily. A floating platform constructed
from plywood and polystyrene was used if the water depth exceeded 46 cm. CANG were
captured in July during molt using corral traps, with kayaks used to drive birds to shore.

GSGO were captured using baited rocket nets during staging at “Ile-aux-Oies (47°08 N,
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70°29 W), following methods by Morez et al. (2000). All birds were weighed, sexed,
aged, banded, and swabbed for AIV. All trapping, handling, and transmitting protocols
were approved by the University of Delaware Animal Use and Care Committee (#1369)
and Federal Bird Banding Permit (#06961). GSGO captures were conducted in
accordance with the relevant national and institutional regulations on animal welfare and
was approved by the Comité de Protection des Animaux de 1’Université Laval (CPAUL #
2019-304, VRR-19-010) and the Canadian Bird Banding Office (permit #10648). More
information regarding capture locations and trapping techniques can be found within
Appendix B.

2.3.2 GPS Settings, Configuration, and Data Processing

The solar-powered GPS devices were programmed to record a location every 5 min with
<5 m location error assuming strong enough solar charge. Collected data products for the
winter period include UTC timestamps, latitude-longitude coordinates, altitude, speed,
directional degrees (GPS measured movement direction), triaxial accelerometry values
(heave, surge, and sway), and external air temperature. Data was stored in a private
online Ornitela repository and the public online Movebank repository (Wikelski et al.
2023). Fully charged solar batteries can supply 1,000 GPS points without recharge and
can store up to 2 million points during poor light conditions. Movement data was
retrieved from GPS-marked birds from Movebank and analyzed using the R ‘move’
package (Kranstauber et al. 2018, R Development Core Team 2023) to download and
combine multiple GPS movement coordinates for an individual into a compiled dynamic
movement library object. All GPS points and poultry facility shapefiles were transformed
into the correct projected coordinate system for my study area (WGS 84 / UTM zone

18N) in preparation of further analysis.
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2.3.3 Poultry Facility Locations Within the Delmarva Peninsula
| obtained poultry farm locations within the Delmarva Peninsula from the USGS
ScienceBase-Catalog: Poultry Feeding Operations on the Delaware, Maryland, and
Virginia Peninsula from 2016-2017 (Soroka and Duren 2020). | identified individual
poultry facilities (N = 6,021) in the dataset by aerial imagery. Farm locations are
documented; however, farm ownership, AlV status, and other personal information was
kept confidential. I converted each poultry facility polygon into a line shapefile type to
calculate accurate distance from the facility perimeter, rather than the centroid.
2.3.4 Waterfowl - Poultry Farm Proximity and Exposure Analysis
My entire dataset (7,621,765 GPS locations) was filtered to include only GPS points that
fell within the winter period, which I defined as 1 November - 15 March 2020-2022.
Secondly, any point which was outside of the terrestrial bounds of the Delmarva
Peninsula was also excluded from analysis. Last, | excluded GPS points from geese in
flight because | was only interested in ground points, which are more representative of
terrestrial habitat selection and use than transient flight points aloft. | converted all goose
GPS points into tracks using the ‘amt’ (Signer 2019) and ‘moveHMM’ package
(Michelot et al. 2016) in R. I classified flight points as any GPS point that had a step
speed to the next point greater than 5 km/h, and ground points as any point with step
speed below that threshold (McDuie et al. 2019). | performed all spatial manipulation and
analysis after clipping points by the study area, winter period, and ground status, using R
and QGIS (QGIS Development Team 2023).

For calculating poultry facility proximity, | first calculated the distance of every
goose GPS ground point in meters to the closest perimeter of a Delmarva Peninsula

poultry facility. For each poultry facility within the Delmarva Peninsula, | then counted
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how many individual goose GPS ground points were located within 2 km from the
facility centroid which is the average goose flight distance from transmitted birds in this
study. Since GPS points were recorded at 5 min intervals, | calculated the cumulative
observed bird exposure time around facilities in units of ‘goose exposure days’ for
percentile risk ranking by multiplying the total number of points within the 2 km buffer
by 5 min. I then divided the total number by 60 to convert into hours, before dividing
again by 24 to obtain goose exposure days. For modelling poultry farm proximity, I used
‘goose points per hour’ (gp/h) as my measurement unit, in which I calculated the hourly
exposure rate at each facility using the same method described above.

2.3.5 Assessing GPS Data at Delmarva Facilities with HPAIV Detections Since
Outbreak

There were 7 HPAI outbreaks at Delmarva Peninsula commercial poultry facilities (DE
=3, MD = 4) between 22 February - 18 March 2022, totaling ~3.2 million mortalities
(USDA-APHIS, 2023). | compared mean goose exposure within a 2 km buffer between
poultry facilities with HPAI outbreaks and poultry facilities that did not have reported
outbreaks. | buffered the first day of reported detection within the Delmarva Peninsula
(22 February 2022) by 10 days to reflect the duration of waterfowl exposure that precedes
HPAI outbreak (McDuie et al. 2023, in press). | therefore made my sampling period a 34-
day window from 12 February - 18 March 2022. To determine if HPAI infected farms
experience greater than average goose exposure, | examined the percentile rankings of
goose exposure days for infected farms within the distribution of goose exposure days of
all farms within the Delmarva Peninsula for both the 34-day outbreak window, and since

the first North American detection in a wild bird (12 January 2021).
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2.3.6 Modelling Waterfowl — Poultry Proximity

I modeled farm exposure using the gp/h of GSGO and CANG within 2 km buffers around
poultry facilities using boosted regression trees with 19 predictor variables. Predictor
variables consisted of 1) distances from features (e.g., Atlantic coast, sewage treatment
plant, National Wildlife Refuge, and waterbodies), 2) land cover proportions at the
landscape (2 km) scale among ten land cover types, 3) daily mean temperatures among
day and night, 4) period of the day (day or night), and 5) facility characteristics (adjacent
poultry facilities within 2 km and whether or not facility had a farm pond within 500 m).

| used a complete pairwise test to check for collinearity between predictors.

Distance to Atlantic coastline was determined using the U.S. Census Bureau
TIGER/Line shapefile. Farm pond data was obtained from the USGS ScienceBase-
Catalog: water bodies within 500 m of poultry feeding operations on the Delmarva
Peninsula in 2016 and 2017 (Soroka and Duren, 2020). Distance to waterbody and coast
was determined using the USGS National Hydrography detailed USA waterbodies
dataset. Distance to sewage treatment facility locations were obtained from the
HydroSHEDS; HydroWASTE dataset (Ehalt Macedo et al. 2022). Distance to National
Wildlife Refuges (hereby “NWR’s”) were obtained from the USGS Protected Area
Database — United States. | summed adjacent farm centroids within a 2km buffer and
used that as a covariate to assess any potential effects of farm clustering. | calculated
hourly mean temperature across weeks, and among day and night by leveraging ECMWF
ERADS Reanalysis data from Amazon Web Services. | used the 2019 National Land Cover
Data dataset (United States Geological Survey 2021) to compute proportion of 10 land
cover types (open water, developed [all types consolidated], barren, grassland, forest [all

types consolidated], scrub/scrub, hay/pasture, crops, emergent wetland, and woody
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wetland) at the landscape scale (2 km radius around farms). Time of the day was
delineated using the ‘suncalc’ package (Thieurmel 2023) in R. Timestamps were
converted to Eastern Standard Time and time periods were defined based on angles to the
geometric center of the sun. I defined ‘day’ as the sun center being > 0° above the
horizon and defined night as the sun angle < 0° below horizon.

I modelled gp/h separately for CANG and GSGO. To reduce spatial
autocorrelation, | partitioned grid cells into 25 groups (grid cells in each group were
separated by 5 km spacing) on which to run modeling iterations and combined covariate
data across years. | ran 25 (i.e., grid partitions) models with the gbm.step function in R
package ‘dismo’. Averaging predictions across models, | computed the mean predicted
goose detections per hour for individual poultry facilities within the Delmarva Peninsula.
2.4 Results
2.4.1 Distributions of Wintering Geese in the Delmarva Peninsula and Poultry
Operations
GSGO (590,295 locations among 59 individuals) were found within the greatest
concentrations at coastal sites in Delaware; however, high concentrations of birds were
also found inland within agricultural sites on the border of Maryland and Delaware
(Appendix C-B). Overlap between wintering geese and poultry facilities was most
apparent at inland sites throughout the winter (Appendix C). CANG (542,978 locations
among 9 individuals) were found both within coastal and inland sites within the
Delmarva Peninsula (Appendix C-C). In addition to refuges and rivers, inland sites for
CANG consisted of urban ponds, creeks, medium-large lakes, sewage treatment facilities,

and sand/gravel pits mostly adjacent to agriculture. | found that the average distances to a
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poultry house for GSGO and CANG were 3.61 km + 0.003 km and 4.57 km £ 0.004 km,
respectively, and the minimum distances were 1.7 m and 3.9 m, respectively (Figure 2-2).
One third (2,012) of all Delmarva Peninsula poultry facilities had GSGO within a
2 km buffer during all winters (2019-2023). Throughout all winters combined, 50 out of
59 (84.8%) GSGO were present within a Delmarva Peninsula 2 km farm buffer. Across
all winters, January had the greatest number of GSGO detections (48.3%). GSGO were
3.33% =+ 0.01% more likely to be within Delmarva Peninsula farm buffers during the day
than the night (y =445.71, df =1, p <0.001). The bimonthly period which had the most
GSGO detections within farm buffers was 16-31 January. | found that 38.6% (2,330) of
farms in the Delmarva Peninsula had at least one GPS-tagged waterfow! detection on the
ground within a 2 km buffer of the facility. | found that 7.1% (429) of all Delmarva
Peninsula poultry facilities had CANG detected within a 2 km buffer during all winters
(2021-2023). Throughout all winters combined, | found that 7 out of 9 (77.8%) GPS-
fitted CANG were present within at least one Delmarva Peninsula farm buffer. Across all
winters, | found that November had the greatest number of CANG detections (25.6%);
however, this was not significant from December or February. CANG were 0.43% +
0.01% more likely to be near farms during the day than the night (y =5.913, df=1,p =
0.015), however this was not deemed biologically significant. | found that for all winters,
the bimonthly period (i.e., half month) which had the most CANG detections within farm
buffers was 1-15 March. There was a total of 13,577 bird hours of CANG exposure (647
hours/individual/winter) at Delmarva Peninsula poultry facilities across all winters
(2021-2023). | found that 1.8% (108) of all Delmarva Peninsula poultry facilities had
both GPS-fitted CANG and GSGO within the same 2 km buffer during all winters. There

was a total of 16,745 bird hours of GSGO exposure (67 goose exposure hours
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/individual/winter) at Delmarva Peninsula poultry facilities across all winters (2019-
2023).

During the 34-day sampling window of the 2022 H5N1 outbreak (12 February
2022 - 18 March 2022), 11.5% (692) of farms in the Delmarva Peninsula were exposed to
GPS-tagged waterfowl (N = 20) within a 2 km buffer of the facility. GSGO (within a 2
km buffer) occurred in 10.1% (606) of all Delmarva Peninsula poultry facilities during
the Delmarva Peninsula outbreak window. Fifteen out of 59 (25.4%) GPS-fitted GSGO
were present within a Delmarva Peninsula farm buffer during the Delmarva Peninsula
outbreak window which represented 1,203 combined bird hours, or 80 goose exposure
hours per individual for the 34-day window. CANG (within a 2 km buffer) occurred in
1.4% (86) of all Delmarva Peninsula poultry facilities during the outbreak. Five out of
nine (55.6%) GPS-fitted CANG were present within a Delmarva Peninsula farm buffer
during the Delmarva Peninsula outbreak window which represented a combined 1,605
bird hours, or 321 goose exposure hours per individual for the 34-day window. None of
the Delmarva Peninsula poultry farms during the 34-day window had both GPS-fitted
waterfowl species present within the same 2 km buffer during the 34-day window. The
average cumulative exposure across all Delmarva Peninsula poultry facilities with at least
one instance of exposure within a 2 km buffer (N= 692) during the HPAIV outbreak
window was 1.52 bird days (36.5 bird hours). Maximum cumulative exposure at any
facility was 19.8 bird days (475 bird hours). In the 34-day window, GPS-fitted waterfowl
were detected at one of seven confirmed H5N1 infected Delmarva Peninsula poultry
facilities (Table 2-1). At this facility, there were 19.7 bird hours (2.4% of infection period
window) of exposure by two GSGO in a period that spanned 14 - 18 February 2022. This

infected facility was also within the 99™" percentile of risk for total goose exposure days
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since the first HS5N1 wild bird detection in the US. | detected no GPS-fitted CANG at any
of the seven infected sites during the Delmarva Peninsula outbreak window, or since the
first wild bird detection. All seven H5N1 infected facilities were exposed to GSGO since
the date of the first HSN1 wild bird detection in the US. The central region of the
Delmarva Peninsula had the greatest relative exposure of poultry farms to GPS-tagged

waterfowl (Figure 2-3 and Appendix C).
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Table 2-1 Poultry facility exposure to GPS-fitted Greater Snow Geese and Canada Geese

within 2 km during the 34-day period (12 February — 18 March 2022) of H5N1 cases at

Delmarva Peninsula facilities, and percentile ranking based on GPS-fitted geese

detections within 2 km of a poultry facility since the first US wild bird detection of H5N1

on 12 January 2021.

Exposure during 34-Day window
(12 February 18 March 2022)

Exposure since 12 January 2021

GSGO CANG GSGO CANG Percentile

Farm ID hours hours Exposure hours hours rank

1 0 0 Not-Exposed 54.5 0 goth

2 0 0 Not-Exposed 36.7 0 g5t

3 0 0 Not-Exposed 18.2 0 8ot

4 0 0 Not-Exposed 34.8 0 85t

5 0 0 Not-Exposed 86.4 0 91t

6 0 0 Not-Exposed 13.9 0 78t

7 19.7 0 Exposed 1421.3 0 ogth
TOTAL 19.7 0 1665.8 0
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Figure 2-2 Showing four cases of farm pond (A-B) (blue outline) and adjacent property
use by wintering Canada Geese and Greater Snow Geese in the Delmarva Peninsula
during the winter of 2022-2023. Colored points represents 5 mins of exposure time for a

distinct individual.
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Figure 2-3 Map of A) poultry facility exposure within 2 km to GPS-fitted geese during
the 34-day period of H5N1 cases at Delmarva Peninsula facilities, and B) percentile

rankings of goose exposure days within 2 km of poultry facilities since the first US wild

bird detection of H5N1 on 12 January 2021.
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2.4.2 Modelling Waterfowl — Poultry Exposure

| modelled variability in the cumulative bird hours of the 50 GSGO (200,951 locations)
and 7 CANG (162,919 locations) that existed within 2 km farm buffers for four winters
(2019-2023). Spatial dependence of goose exposure time at poultry farms was
determined by fitting an exponential curve through the semivariance of goose exposure
time with a maximum lag distance of 12 km, with a range parameter of 4384 m. |
subsampled poultry farm locations by 4.5 km based on this.

The average deviance explained by models of observed gp/h at Delmarva
Peninsula poultry farms was 16.94% for GSGO and 23.79% for CANG. The top three
biologically relevant predictors for both species were week of the year, average
temperature, and distance from sewage treatment facility (Table 2-2 and Table 2-3). The
effect size of top predictors varied by species; however, in general, temporal period
(week) had the greatest mean relative importance, followed by average temperature. In
general, geographical covariates (distance to features) and landscape scale land cover
composition ranked comparatively lower at predicting gp/h at poultry farms. All predictor
response plots with mean relative response values <1.0 are not reported in the results but

can be found within Appendix D, ordered by mean response for each species.
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Table 2-2 Relative importance of boosted regression tree modelled predictors of Greater
Snow Goose points/hour at Delmarva poultry farms for four winters (1 November - 15

March 2019-2023). Mean deviance explained by the models was 16.94%.

Predictor Mean importance Rank
Week of the year 40.38 1
Average temperature (°C) 31.43 2
Distance from sewage treatment facility (km) 9.29 3
Time of day (day or night) 3.67 4
Distance from National Wildlife Refuge (km) 2.73 5
Distance from coast (km) 2.45 6
Forest proportion at 2 km 2.15 7
Adjacent farms within 2 km 1.22 8
Developed proportion at 2 km 1.21 9
Distance from waterbody (km) 1.15 10
Crop proportion at 2 km 1.10 11
Open water proportion at 2 km 0.76 12
Barren proportion at 2 km 0.61 13
Shrub/scrub proportion at 2 km 0.45 14
Woody wetland proportion at 2 km 0.44 15
Pasture/hay proportion at 2 km 0.41 16
Emergent wetland proportion at 2 km 0.30 17
Farm pond within 500 m 0.12 18
Grassland proportion at 2 km 0.12 19
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Table 2-3 Relative importance of boosted regression tree modelled predictors of Canada
Goose points/hour at Delmarva poultry farms for four winters (1 November - 15 March

2019-2023). Mean deviance explained by the models was 23.79%.

Predictor Mean importance Rank
Week of the year 37.59 1
Average temperature (°C) 16.78 2
Distance from sewage treatment facility (km) 14.97 3
Distance from National Wildlife Refuge (km) 6.14 4
Distance from waterbody (km) 5.88 5
Time of day (day or night) 4.73 6
Distance from coast (km) 3.14 7
Barren proportion at 2 km 2.82 8
Open water proportion at 2 km 2.21 9
Woody wetland proportion at 2 km 171 10
Pasture/hay proportion at 2 km 1.69 11
Grassland proportion at 2 km 0.78 12
Forest proportion at 2 km 0.48 13
Emergent wetland proportion at 2 km 0.26 14
Farm pond within 500 m 0.22 15
Developed proportion at 2 km 0.19 16
Crop proportion at 2 km 0.19 17
Shrub/scrub proportion at 2 km 0.12 18
Adjacent farms within 2 km 0.10 19
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2.4.3 Environmental and Temporal Variables

For GSGO, the average exposure across all weeks was 3.13 + 0.29 gp/h. GSGO exposure
was greater on average during weeks 52 (26 December - 31 January), 2 (10 January - 16
January), and 6 (7 February - 13 February). GSGO exposure was lowest on average
during weeks 44-49 (31 October - 11 December), and 10-11 (7 March - 20 March) with
detections generally lower than average (Figure 2-4A). Goose exposure was markedly
higher with average temperatures <0°C. GSGO exposure was greatest at -1.86°C, eight
times the average exposure rate across all temperatures. GSGO exposure generally
plateaued when temperatures approached 2.5°C (Figure 2-4B). GSGO gp/h was
marginally higher during the daytime (2.46 gp/h) than during the night (2.36 gp/h, Figure
2-4D).

For CANG, the average exposure across all weeks was 2.35 + 0.14 gp/h. CANG
exposure was greater on average during weeks 48-49 (28 November - 11 December),
albeit with high variation. Weeks 9-10 (28 February - 13 March) also had slightly higher
average relative rates of CANG exposure. CANG exposure was lowest during week 44
(31 October - 6 November), 53-1 (31 December - 9 Jan), and 11 (14 March - 20 March,
Figure 2-5A). CANG exposure bimodally increased when average temperatures fell
below ~2.5°C and when above 8°C (Figure 2-5B). CANG exposure was slightly higher

during the daytime (2.34 gp/h) than during the night (2.18 gp/h, Figure 2-5D).
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2.4.4 Geographic Location
GSGO exposure slightly increased at distances <I km from sewage treatment facilities
but strongly increased between 15-25 km (Figure 2-4C). Colder temperatures (<2.5°C)
increased the effect of sewage treatment on GSGO exposure at this range (Figure 2-7A).
GSGO exposure was generally greatest when distance to the coast ranged between 0—
17.5 km and declined when distances >20 km, with the greatest GSGO exposure being
observed at distances ~16 km from the coast (Figure 2-4F). GSGO exposure as a function
of decreasing distance to the coast was greater in temperatures <0°C (Figure 2-7C). There
was a bimodal relationship between distance from a NWR and GSGO exposure, such that
rates of exposure ~5-6 times greater were observed when distances from a NWR ranged
between 0.3-1.5 km and 39-40 km (Figure 2-4E). Decreasing temperatures increased the
effect of GSGO exposure at distances <2.5 km from a NWR (Figure 2-7B). There was a
strong effect of decreasing distances from a waterbody (especially <2 km) on increasing
GSGO exposure (Figure 2-4J). Maximum GSGO exposure was observed when a facility
had a waterbody <0.5 km, at ~ eight times the average strength in response rate.
Decreasing temperatures increased the effect of GSGO exposure at distances <5 km from
a waterbody (Figure 2-7D). GSGO spent the greatest proportion of time near
swamp/marsh (63 + 5%), stream/rivers (35 £ 5%), and lake/ponds (13 + 2%; note
percentages do not add up to 100% given standard errors). The rate of exposure for
GSGO increased as a function of an increasing number of adjacent farms within a 2 km
farm buffer, particularly with >40 adjacent farms (Figure 2-4H).

There was a considerable effect of decreasing distance to a sewage treatment

facility on CANG exposure. When the distance from a sewage treatment facility was <2
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km, average CANG exposure increased by 6-8 times (Figure 2-5C). CANG exposure fell
considerably when distance from a sewage treatment facility was >2 km. The effect of
sewage treatment facilities on CANG exposure was greatest in temperatures >15°C
(Figure 2-8A). The greatest rates of CANG exposure were observed as a function of
decreasing distance to a NWR, especially when distances were <3 km. Rates of CANG
exposure were comparatively lower when distances from NWR >10 km (Figure 2-5D).
The effect of NWR on CANG exposure was greatest in warmer temperatures closer to
NWR sites (Figure 2-8B). The greatest rates of CANG exposure occurred with increasing
distance from the coast, with maximum CANG exposure observed when distances from
the coast were between 40-45 km (Figure 2-5G). CANG exposure generally increased as
a function of increasing distance from a waterbody, particularly with distances >15 km.
Maximum values of CANG exposure were observed at distances approaching 40 km
from a waterbody (Figure 2-5E). CANG spent the greatest proportion of time near

streams and rivers (69 + 16%), lakes/ponds (44 £ 15%), and swamp/marsh (14 £ 9%).
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2.4.5 Landscape Composition

The greatest effect on GSGO exposure within 2 km occurred when the proportion of
forest was <5%, sharply declining when exceeding this value (Figure 2-4G). GSGO
exposure generally increased when the proportion of developed land >25% (Figure 2-41).
GSGO exposure increased as a function of increasing crops. GSGO exposure increased
exponentially when proportion of crops exceed 60% in temperatures <0°C (Figure 2-4K).
GSGO exposure was greatest with developed landcover in temperatures <0°C (Figure 2-
6B). The effect size of GSGO exposure with open water with 2 km was always greater in
temperatures <0°C (Figure 2-6C).

Relative CANG exposure increased substantially when barren land within 2 km
was <0.5% (Figure 2-5H). Effect of barren land cover on CANG exposure was most
apparent in temperatures <0°C (Figure 2-6D). CANG exposure increased as a function of
increasing proportions of open water (Figure 2-51). Maximum values of CANG exposure
were observed when proportions of open water reached 14%. Proportions of open water
>15% appeared to have no effect on CANG exposure; however, the rate of increase when
open water was 0% as compared with 14% was ~ nine times greater. CANG exposure in
relation to open water proportions was about twice the rate when temperatures were <0°C
(Figure 2-6E). CANG exposure was greatest when proportions of woody wetland at 2 km
was between 60-75%, ~4 times the average response rate of lesser proportions (Figure 2-
5J). There was a considerable effect on CANG exposure when proportion of hay/pasture
within 2 km >1.25%; however, they generally plateaued at proportions 2.5-10% (Figure

2-5K). The most notable interactive effect between temperature and land cover use by
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CANG was with grassland, such that CANG exposure increased with increasing

proportions of grassland as a function of increasing winter temperatures (Figure 2-6F).
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Figure 2-4. Mean relative Greater Snow Goose points per hour at Delmarva Peninsula poultry facilities as a function of week of the year
(A), average temperature (B), distance to geographic features (C, E-F, and J), time of day (D), number of adjacent farms (H), and land
cover (G, I, and K) across 25 boosted regression tree models across 4 winters (1 November - 15 March 2019-2023). Shading represents

SE of mean response among 25 models.
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Figure 2-5. Mean relative Canada Goose points per hour at Delmarva Peninsula poultry facilities as a function of week of the year (A), average
temperature (B), distance to geographic features (C-E and G), time of day (F), and land cover (H-K) across 25 boosted regression tree models across

4 winters (1 November - 15 March 2019-2023). Shading represents SE of mean response among 25 models.
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Figure 2- 6. Interactive effects of average temperature and landcover types for Greater Snow Goose (A-C) and Canada Goose (D-F) across 25 Boosted

regression tree models across 4 winters (1 November - 15 March 2019-2023).
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Figure 2-7. Interactive effects of average winter temperature and geographical features for Greater Snow Goose (A-D) across 25 boosted

regression tree models across 4 winters (1 November - 15 March 2019-2023).
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Figure 2-8. Interactive effects of average winter temperature and geographical features for Canada Goose (A-D) across 25 boosted
regression tree models across 4 winters (1 November - 15 March 2019-2023).
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2.5 Discussion

As of 30 August 2023, there were 7,176 and 1,709 wild bird detections of HPAI in the
United States and Canada respectively (USDA — APHIS, 2023 and Canadian Wildlife
Health Cooperative, 2023). CANG and GSGO are considered species of moderate Al
concern comprising 8.7% (621) and 7.3% (526) of all wild bird detections in the US and
16.0% (274) and 24.1% (412) of detections in Canada (USDA — APHIS, 2023). The first
documented confirmed case of HPAI (HPAI clade 2.3.4.4 H5/H5N1 subtype) in CANG
in the Delmarva Peninsula was submitted from a deceased wild bird found from this
study. Our candidate species matrix of CANG and GSGO was justified, given that the
species ranked 2" and 4™ respectively in total number of wild bird detections (USDA —
APHIS, 2023). Mallards ranked 1% and were also chosen as a candidate species for the
risk matrix, but low comparative sample size excluded them from analysis.

Waterfowl presence in proximity to poultry facilities has been linked to Al
outbreaks (Olsen et al. 2006, Prosser et al. 2009, Gaidet et al. 2010, Acosta et al. 2021,
McDuie et al. 2022). | examined spatial and temporal variability in mean exposure rate of
waterfowl near poultry facilities within a region of high poultry farm production. My
study corroborates empirical evidence that geese occur in very close proximity with
poultry facilities (McDuie et al. 2022). Given that my GPS tracking of two species only
represents a fraction of these respective populations (~1.2 million CANG Atlantic,
Atlantic Flyway Resident, and North Atlantic populations and ~750,000 GSGO, USFWS
2023), the high percentage of farms that are likely visited by tagged individuals of these
species is alarming, particularly given that these species travel in large flocks (Smith and

Odum 1981, Reese and Weterings 2018, Gates et al. 2020).
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Exposure time of waterfowl near poultry facilities may be a useful metric for
predicting Al outbreaks at facilities. Goose exposure at HPAI-infected facilities was
much higher than at uninfected facilities (e.g., ranks of goose exposure ranged from the
78199 risk percentile). This result is consistent with exposure frequency being a major
driver of Al transmission and the potential for an outbreak (Ward et al. 2009, Cappelle et
al. 2011, Madsen et al. 2013, Acosta et al. 2021). GSGO were present at one of seven
H5N1 detected facilities during the 34-day outbreak window, and at all seven of the
facilities since 12 January 2021. CANG were never detected at any of the seven infected
Delmarva Peninsula sites in either infection period; however, their documented interface
with migratory GSGO (1.8% of all farms had both species present) may promote
conditions for interspecific viral exchange between a resident and migratory populations.
My final wintering goose sample size of CANG (N = 9) and GSGO (N = 59) represented
a tiny fraction of the entire population size within the study area; however, 7.1% and
33.3% of Delmarva Peninsula facilities were visited by tagged individuals of each species
respectively. Given the gregarious nature of both species, more birds can be expected to
have been present with GPS-fitted individuals; therefore, our findings likely
underestimate the absolute exposure of farms to wintering geese. Both goose species are
targets during AlV surveillance, and positive cases for GSGO and CANG were 12% and
4% respectively in a four-year study (2007-2010), although both species, and waterfowl
in general show seasonality (GSGO 0-22%, CANG 1-7%, Preskenis et al. 2017)
regarding infection rates (Cappelle et al. 2011, Humphreys et al. 2021). In several cases
throughout the study, visual observations of both CANG and GSGO have confirmed that

the birds are travelling in a flock with other individuals.
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In addition to cumulative exposure of waterfowl at facilities throughout the
winter, | was able to show the temporal variation in drivers of goose proximity at
facilities. | was also able to capture variation in poultry farm site fidelity by geese, with
some individuals spending short periods of time at many facilities/farm ponds, while
others showing high site fidelity spending time at only a few facilities/farm ponds. Site
fidelity may be important, given that presence of waterfowl is a strong indicator of AIV
introduction risk (Green et al. 2023, Patyk et al. 2023). CANG exhibited strong site
fidelity during the winter in a study in metropolitan Chicago, Illinois (Dorak et al. 2017),
in which sanctuary from hunting pressure was hypothesized to be more important than
high quality food resources in regard to site selection. CANG defecation rates are high, a
single bird may excrete up to 107 fecal coliforms in a single day (Buij et al. 2017).
Although Al isolation in fresh feces is relatively low (EImberg et al. 2017), CANG may
deposit ~ 4% of their total bodyweight in the form of excrement (Kear 1963).
Seroprevalence studies suggest that ~14% of CANG eventually become exposed to Al
via water contamination, with rates of exposure varying as a function of season and the
hydrodynamic properties of the specific waterbody (EImberg et al. 2017). Our study
lends support to Humphreys et al. (2021) that found that the presence of Blue-winged
Teal residency time at poultry houses during the 2014-2015 H5 and H7 outbreaks
positively associated with Al occurrence (although note dabbling ducks can have Al
infection rates 10x higher than geese, Olson et al 2006).

| was able to provide the first documented case of fine scale goose movement in
relation to proximity to poultry farms in the Mid-Atlantic, with the minimum distance for

CANG and GSGO being documented at 3.9 m and 1.7 m respectively to poultry
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facilities. Waterfowl, even in adjacent fields are known to be drivers of an AIV
introduction within a poultry facility (Green et al. 2023, Patyk et al. 2023). In a
comparative study by McDuie et al. (2022) in Central Valley of California and
Washington state, 11 individuals were tracked in relation to commercial livestock
facilities (poultry facilities and cattle feed lots) and examined within a 10 km buffer of
the facility, albeit with much coarser sampling frequency (1 GPS point/day). The closest
reported distance for any waterfowl species at a poultry farm in that study was 1.7 km. |
also examined the effect of farm clustering within 2 km on wintering goose exposure in
the Delmarva Peninsula. While increased farm clustering had no effect on CANG
exposure, it had a strong effect on GSGO exposure, particularly when the number of
other farms exceeded 40. This may be even more significant if the facility is within an
existing control zone, which has been shown to increase risk of introduction by 8 times
(Green et al. 2023) Large flocks of GSGO may be attracted to clustered farms to increase
finding a reliable source of waste grain. Large flocks (>500,000) observed near farms
was shown to increase introduction risk by 1.6 times (Green et al. 2023). Although
difficult to quantify, an interesting question exists pertaining to waterfowl memory,
particularly in long-lived species such as geese, which may return to the same sites for
many years.

In general, GSGO exposure is greatest during mid-late winter, when the majority
of the Delmarva Peninsula overwintering GSGO population has arrived within the study
area. Temperatures are historically cooler on average during January and February in the
study area (National Oceanic and Atmospheric Administration 2023), and colder winter

temperatures are an important predictor of not only proportion of time spent in flight, but
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also use of crops. A slight increase in GSGO exposure during mid-late February could
potentially be attributed to geese feeding near poultry facilities as they attempt to procure
energy resources prior to flying north towards staging and eventual breeding grounds
(Jefferies et al. 2003, Dorak et al. 2017, Fan et al. 2020, Fowler et al. 2020). CANG
exposure was fairly consistent across the entire winter, with the exception of a great deal
of variation in late-November to Early December. This period captures the beginning of
the Migratory Canada Goose hunting season within the study area and anthropogenic
disturbance such as hunting pressure is known to influence the behavior of geese
(Madsen and Fox 1995, Dalermoen 2022, Leblanc et al. 2023). CANG exposure appeared
less affected by temperature extremes as was the case for GSGO, although exposure was
generally greater in colder conditions for CANG.

Air temperature was strongly associated with goose exposure rates, with both
species’ exposure increasing with average temperatures approaching freezing; however,
CANG exposure also began to increase when winter temperatures increased. One
possible explanation for increasing CANG exposure as a function of increasing winter
temperatures may be that geese cease flight to agricultural fields, and instead use open
water or urban areas as a thermoregulatory mechanism when air temperatures are low
(Dorak et al. 2017). Interactive effects of average temperatures and developed landcover
(Figure 2-6B) showed that GSGO exposure was always greater in colder temperatures;
however, this effect appeared somewhat stronger with greater proportions of developed
land which provides some evidence of developed land being used as thermal refugia by
geese in winter. Increasing effects of developed land with decreasing temperatures could

also be a function of geese moving closer to poultry facilities as they search for waste
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grain rather than seeking out developed land per se. My findings support the hypothesis
that wintering geese use open water as a thermoregulatory mechanism when temperatures
fall below 0°C. Cold weather may make feeding sites inaccessible, but as long as waste
corn is available to wintering geese, they will persist in temperatures as low as -9.5—
23.3°C (Davis et al. 1989, Gates et al. 2020). The relative importance of crops within 2
km as a function of average temperature was significantly stronger for GSGO as
compared with CANG. | found that in cold winter conditions (i.e., below 0°C), increasing
proportions of crops exponentially increased GSGO exposure (Figure 2-6A) which
provides evidence that GSGO offset thermoregulatory costs by foraging on nutritionally
rich waste grain. The interactive effects of temperature and land cover was generally
more pronounced in CANG as a function of increasing hay/pasture within 2 km in colder
winter temperatures and increased proportions of grassland in warmer temperatures.
CANG are known to feed on grasses and forbes (Frederickson and Reid 1988, Dorak et
al. 2017, Gates et al. 2020, Askren et al. 2022), and warmer temperatures may promote
‘green up’ and provide a source of forage in the form of fresh shoots.

Increasing temperatures are associated with increased foraging flight distances of
wintering dabbling ducks in Europe (Legagneux et al. 2009), presumably due to lower
costs of thermoregulation, although this was focused on dabbling ducks. If waterfowl are
flying around more in warmer temperatures, the likelihood of encountering a poultry
farm may also increase. Counter to this, Hill and Frederick (1997), found that GSGO in
the Delmarva Peninsula flew 368 m further on average for every unit decrease in degrees
Celsius. Further, Hardy (unpublished data but summarized in Appendix E-A and

Appendix E-B) also found flight increased in both GSGO and CANG when temperatures
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fell below freezing, peaking at -20°C. Unlike dabbling ducks, that may have to
completely cease flight when temperatures fall below 0°C (Longcore and Gibbs 1988),
larger bodied wintering geese have the ability to still fly, with GSGO known to fly in
extremes as low as —25°C. The caloric intake required for thermoregulation may be a
large reason why wintering geese make feeding flights in colder temperatures, as they fly
out to adjacent crop fields from roosting sites. Agricultural waste grain provides high
caloric intake (Fredrickson and Reid 1988, Jefferies et al. 2003, Johnson et al. 2014,
Dorak et al. 2016, Gates et al. 2020), therefore geese can replenish vital calories in a
relatively short period of time (Gates et al. 2020). Wintering CANG in the Mississippi
Valley consume higher energy diets as a function of declining ambient temperatures
(Gates et al. 2020).

Geese usually roost at night in open water to thermoregulate and avoid predation
(Raveling et al. 1972, Dorak et al. 2020), but will take advantage of warmer nighttime
temperatures by leaving roosts and feeding during this period too. Favorable temperatures
at night allows for energy lost through disturbance to be replenished, without the added
pressures of hunting (Bélanger and Bédard 1990). Temperatures below freezing greatly
increased the rate of GSGO exposure, presumably, as geese must search for highly
nutritious food to replenish the costs of thermoregulation. Waste grain such as corn and
soybeans offer higher comparative energy and lipid deposition than many natural food
sources (Fredrickson and Reid 1988, Gates et al. 2020), and waterfow! have been shown
to make decisions regarding giving up a previously used field if it is no longer deemed
nutritionally sustainable to keep visiting (van Gils et al. 2007). Increasing temperatures

did not increase GSGO exposure; however, there was evidence that increasing average
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winter temperatures increased CANG exposure. Increasing temperatures on a large scale
throughout the entire annual range of both CANG and GSGO have altered the spatial and
temporal relationship between geese and human interactions. Climate change, and the
subsequent less severe winter conditions, have allowed geese to expand their wintering
ranges (Gauthier et al. 2005, Lefebvre et al. 2017), and the surplus of waste grain and
creation of wildlife refuges has increased survival and population expansion for both
species (Jefferies et al. 2003, Lefebvre et al. 2017).

Geographical features such as: sewage treatment facilities, refuges, waterbodies,
coastlines, and adjacent farms all had differing effects on goose exposure throughout the
winter. There was a positive response to GSGO exposure as a function of decreasing
distance to a waterbody. Waterbodies provide important roosting locations (Gates et al.
2020), thermoregulation (Askren et al. 2022), a food source, and can be utilized as refuge
sites. In addition to providing habitat, waterbodies play an important role in promoting
the risk factors that may lead to an Al outbreak within a poultry facility (Iglesias et al.
2010, Pérez-Ramirez et al. 2012, Ahmad et al. 2022). Unlike with GSGO, CANG
exposure appeared to have a negative relationship with decreasing distance to a
waterbody, with the greatest CANG exposure observed at distances further away from
waterbodies. It could be that CANG are using natural woody or emergent herbaceous
wetlands rather than larger central sites used by GSGO such as reservoirs quarries,
sand/gravel mines, or wildlife refuge impoundments, all of which are known to be
attractive roosting sites for GSGO (Hill and Frederick 1997, Jefferies et al. 2003,
Lefebvre et al. 2017). Waterbodies in close proximity to poultry farms may provide

temporary or permanent central refuges where geese can roost, before flying out to feed
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during the day in the adjacent farmland that surrounds many poultry facilities in the
region. | found that proximity of wintering geese was not only influenced by distance to
waterbody, but also by the type of waterbody. While present within 2 km poultry farm
buffers, CANG spent the majority of the time closest to rivers and streams, followed by
lakes and ponds. GSGO were present in proximity to swamp/marsh, followed by streams
and rivers. The effect of distance to waterbody on GSGO and CANG exposure was fairly
consistent across the entire winter period. Type and size of waterbody (including depth
and other limnological readings) should be examined further as it relates to promoting
wintering waterfowl presence. For example, the proportion of woody wetland was a
strong predictor of CANG exposure relative to other land cover types as it is generally
used as roosting habitat, however winter conditions may make shallow wetlands
inaccessible during certain periods of the winter, potentially explaining the strong effect
of temperature on goose exposure. It appeared that a landscape dominated by woody
wetland, with a small amount of open water (<15%) were ideal conditions for promoting
CANG exposure during the winter. Increasing proportions of woody wetland generally
decreased GSGO exposure, although the response strength of this land cover type was
comparatively low.

GSGO exposure was greatest at distances <25 km from the coast, and in the
Delmarva Peninsula, many NWR’s and wildlife management areas are located along the
coast, which provide refuge for wintering waterfowl prior to making foraging flights. The
average distance for all Delmarva Peninsula poultry facilities (N = 6,021) from the coast
was 24.83 £+ 0.14 km and the average distance from all facilities and NWR’s was 19.96 +

0.12 km. GSGO have been documented flying 11-23 km from roost to feeding/alternate
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roost site in other studies (Hill and Frederick 1997, Johnson et al. 2014), and GSGO
winter flight distances ranging from 0.31-138.13 km were observed in this study,
therefore it is plausible that GSGO are roosting at these coastal sites before making
inland foraging flights. Highly nutritious waste grain may offset extra flight distances and
allow geese to travel further to reach feeding sites within this flight range. The greatest
rates of CANG exposure were observed as a function of increasing distances from the
coast, indicating that coastal sites were less important than inland sites at promoting
CANG exposure in this study. CANG average foraging flight distances do not usually
exceed 2.2 km (Johnson et all. 2014); however, CANG fly long distances as a response to
depleting resources in Wisconsin and Illinois (Gates et al. 2020). CANG flights ranged
from ~0-36 km during the winter in this study, but they flew comparatively far less on
average as compared with GSGO. CANG may make flights from coastal roosting sites to
feed; however, the strength of response between 41-44 km may indicate alternate inland
roosting sites which are supporting wintering CANG.

My findings support the idea that NWR’s provide an important function for
wintering CANG (Raveling et al. 1972) and GSGO (Hill and Frederick 1997) in the
Delmarva Peninsula. Additionally, the creation of NWR sanctuaries from hunting, and
the surplus of waste grain have led to population increases and survival of wintering
geese (Gauthier et al. 2005). CANG exposure was much greater at distances closer to
NWR’s which indicates that refuges play a vital role in supporting resident CANG during
the winter. For GSGO, the bimodal relationship in peaks of exposure may be explained
by some individual selection of refuges while others roost elsewhere. Large flocks of

GSGO are known to roost within NWR’s in the Delmarva (Hill and Frederick 1997,
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personal observations), prior to flying out to feed on adjacent agriculture, or historically
on Spartina saltmarsh grass. It is likely that GSGO use of NWR fluctuates throughout the
winter as a function of on-site resource availability (refuging; Hamilton and Watt 1976),
and available corn adjacent to refuges. More corn is usually available closer to refuges
earlier in the winter, prior to farmers disking fields in preparations for planting cover
crops (Hill and Frederick 1997). GSGO and CANG exposure increased significantly at
distances <2 km from a NWR, suggesting careful consideration be taken when placing or
managing a facility within this range.

Importantly, distance to sewage treatment facility had two to six times the mean
relative predictive importance as when compared with distance to other features such as
NWR, waterbody, and coast. The effect of sewage treatment on GSGO and CANG
exposure was consistent across the entire winter period. In study areas where water is a
limiting factor on the landscape, waterfowl and other waterbirds are known to be
attracted to artificial sewage treatment ponds (Dean et al. 2015). In California’s San
Jacinto Valley, waterfowl are known to use municipal waste ponds and interface with
large numbers of Red-winged Blackbirds (Agelaius phoeniceus), which may be
significant, given that both species interface frequently close to poultry facilities
(personal observations), are present during the winter, and both are susceptible to HPAI
(USDA — APHIS, 2023). Sewage treatment facilities, specifically the adjacent
waterbodies themselves, attract species from: Anseriformes (including ducks, geese, and
swans), Laridae, Charadriiformes, Pelecaniformes, Podicipediformes, Gruiformes, and
Suliformes for habitat and food resources (Elphick 2000, Andersen et al. 2003, Loyn et al.

2014), all of which are known Al reservoirs to a varying degree. Sewage treatment plants
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may also provide some level of thermoregulation given various
biochemical/biomechanical processes, although the relationship between this and
waterfowl has not been studied during winter. Sewage treatment facilities had a stronger
effect on increasing GSGO exposure in colder temperatures, supporting the hypothesis
that they may offer a source of thermoregulation or other attractive resources (Figure 2-
7A). For CANG, exposure increased at sewage treatment facilities as a function of
increasing temperatures (Figure 2-8A), which does not support the idea of thermal
refugia for this species. Studies in Australia have shown that the presence of dabbling
ducks at sewage treatment facilities are related to zooplankton availability (Hamilton et
al. 2005). These sites are known to also harbor both human and zoonotic diseases
(Benskin et al. 2009, Elberg et al. 2017). It has also been proposed that many pathogens
present in waterfowl excrement may have originated from human or domestic animal
slurry/sewage (Benskin et al. 2009, Lu et al. 2009).

My research has also provided empirical support that both CANG and GSGO use
adjacent farm ponds at poultry facilities; however, farm ponds were not deemed
significant at promoting the presence of either CANG or GSGO in this study, although,
wastewater lagoons and drainage ditches visible or within 320 m from a facility increased
introduction risk by 3.3 times on average in a comparative study (Green et al. 2023).
Careful biosecurity practices should still be considered in relation to placing or managing
farm ponds adjacent to poultry facilities, given that geese are known to still use these
sites, particularly when agriculture is also in close proximity to a facility which is often
the case in the Delmarva Peninsula as operations grow feed for their poultry and other

livestock. Water is a known Al infection mechanism, both between compatible hosts and

83



their environment (Zhang et al. 2006, Brown et al. 2009, Ramey 2020, Ahmad et al.
2022, Ahrens et al. 2023). Airborne Al entry pathways (Zhang et al. 2022, Elbers et al.
2022), particularly at distances less than 100 m should also be considered. Future studies
should investigate the size, depth, and multiple buffer sizes on the effects of promoting
wintering waterfowl exposure. Additionally, given the relatively low level of deviance
explained for both species, it will be important to examine a series of scales when
assessing land cover. There may also be other environmental factors not considered in
modelling such as: precipitation, wind, cloud cover, and snow for example.

In addition to the impact of different water bodies on goose use, upland habitats
also play an important role. GSGO exposure showed a stronger positive association with
crops within 2 km compared to any other land cover type. GSGO response to crops at 2
km likely fluctuates throughout the course of the winter, as a function of availability of
waste grain resources and temperature. Higher rates of GSGO exposure with proportions
of forest <1%, and proportions of developed land ~40% is likely a function of GSGO
simply not using any kind of forest habitat and instead use more open agricultural fields
which are characteristically dominated by crops, developed land, and patchy forest
stands. The unexpected effect of a small proportion of barren land cover of the landscape
had a relatively strong effect on CANG exposure. The relative effect size of barren
landcover for GSGO was not as strong for GSGO, although they did show a similar trend
in regard to increasing exposure as a function of small proportions of barren land cover
on the landscape. Small patches of barren land on the landscape can be characterized as
quarries or gravel pits, which are known to be used by CANG (personal account/capture

location). CANG exposure increased with increasing hay/pasture present, and also
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showed a relatively strong response to increasing proportions of grassland within 2 km.
Grasses; both wild and cultivated are a food source for geese (Bedard and Lapointe 1991,
Hill and Frederick 1997, Buij et al. 2017). GSGO exposure increased on the landscape as
a function of increasing hay/pasture, albeit with a much weaker response strength to
CANG, but still indicated that this may be an important attractant to wintering GSGO
during certain periods of the winter as an additional food source in certain areas.

My results also show that rates of GSGO and CANG exposure were similar
between the day and night, therefore biosecurity approaches that only use visual daytime
surveillance of waterfowl may not be sufficient to fully measure waterfowl exposure to
poultry facilities. Nighttime exposure of geese at poultry facilities may simply be
attributed to roosting habitat in close proximity to farms; however, evidence shows that
geese will adapt daytime feeding strategies to that of a more nocturnal nature in response
to increased energetic demands from thermoregulatory costs or anthropogenic
disturbance (Bélanger and Bédard 1990, Madsen and Fox 1995, Nolet et al. 2016, Askren
et al. 2022), thus bringing geese into closer proximity to farms during the night as they
feed on adjacent waste grain to offset energy deficits. The response of wintering goose
exposure differed significantly between GSGO and CANG in relation to the proportion of
crops within 2 km of a poultry facility. For GSGO, when proportion of crops within 2 km
of farms exceeded 70%, the rate of GSGO exposure increased by ~ four to six times.
Increasing GSGO exposure as a function of increased crops within 2 km supports the idea
that adjacent waste grain in proximity to farms is a major attractant to wintering GSGO. |
observed little effect of the proportion of crops within 2 km of poultry facilities on

CANG exposure, and it was not considered an important predictor. Other factors such as
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the aforementioned week of the year and distance to features (specifically sewage
treatment facility, NWR, and waterbody) are more important at predicting CANG
exposure.

Areas of high waterfowl use in close proximity to poultry facilities create the
environment for other infection pathways such as the accumulation of excrement and
subsequent run-off, which may enter facilities or nearby waterbodies. Poultry that use
open waters are known to become infected by wild waterfowl that have previously
congregated in the area (Cappelle et al. 2011). The accumulation of excrement from large
aggregations of waterfowl at farms also creates human (foot and vehicle traffic) entry
pathways of Al into poultry facilities, especially if workers are moving between facilities
or proper biosecurity is not being practiced (Green et al. 2023). Waterfowl in proximity
to poultry facilities also have the capacity to interface with other potential Al reservoirs
that are commonly associated with human habituation such as Passer domesticus, Sternus
vulgaris, Columba livia, Laridae spp., and Corvidae spp. (Shriner and Root 2020, Ineson
et al. 2021, Islam et al. 2023).

To demonstrate the effectiveness of the percentile risk ranking system for
predicting Al outbreaks at facilities | retrospectively assessed whether these farms could
have been flagged prior to the HSN1 outbreak based on cumulative exposure since the
first wild bird detection in the US. All seven facilities infected with H5N1 in the
Delmarva Peninsula were ranked within the top 25% priority farms, with one infected
facility being one of the top-25 farms flagged based on risk (i.e., top 0.4%).

From a risk management perspective, and assuming proper biosecurity are

otherwise being taken (i.e., careful washing of equipment and clothing, proper
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ventilation, facility maintenance, and proper carcass and manure disposal methods for
example), then the following should be of the greatest concern to poultry facility
managers: Even though mid-late winter appeared to have the greatest exposure for both
species, a robust 24 hr biosecurity mechanism should manage for disease risk at all times
throughout the winter (and year) given that geese were present in proximity to poultry
facilities during all weeks of the winter and during the day and night. Extreme cold
weather exponentially increases the exposure of wintering geese, especially for GSGO.
Facility managers should keep extra vigilant during below freezing temperatures, when
the probability of geese taking flight and encountering a facility as they search for waste
grain increases dramatically. Although the effects of geographic distance predictors vary
by species, poultry facilities that are <5 km from sewage treatment facilities, national
wildlife refuges, and waterbodies are generally more greatly exposed to wintering geese.
Facilities that are <20 km from the Atlantic coast should pay special attention to GSGO
presence, given that this range from the coast is known to increase exposure rates. Special
attention should also be paid at poultry facilities within inland sites where large bodies of
water such as sewage treatment facilities, reservoirs, lakes/ponds, quarries, gravel/sand
pits, and streams/rivers are present within 5 km, given that my findings show that these
areas are important for supporting roosting geese prior to making foraging flights to crops
or pasture. Farms that are clustered on the landscape have higher rates of exposure as
these areas offer a more reliable source of food. Landscape composition at 2 km is
comparatively less important than time of the year, temperature, and distance to

geographic features at predicting exposure.
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APPENDIX

Appendix A. Biological sampling days and contamination for each radar used for modelling winter waterfowl

distributions across 4 winters (1 November - 15 March 2014-2023).

Winter Sampling Year

Radar TOTAL
2014-15 2015-16 2016-17 2017-18 2018-19 2019-20 2020-21 2021-22 2022-23
30 45 57 61 58 49 63 51 57 471
KDOX (222%) (33.1%) (42.2%) (45.2%) (43.0%) (36.0%) (46.7%) (37.8%) (42.2%)| (38.7%)
— 45 62 64 59 61 62 67 57 45 522
(33.3%) (45.6%) (47.4%) (43.7%) (45.2%) (45.6%) (49.6%) (42.2%) (33.3%)| (42.9%)
KLTX 59 58 67 66 65 65 58 59 41 538
(43.7%) (42.7%) (49.6%) (48.9%) (48.2%) (47.8%) (43.0%) (43.7%) (30.4%)| (44.2%)
KBEX 70 68 70 81 65 73 87 88 59 661
(51.9%) (50.0%) (51.9%) (60.0%) (48.2%) (53.7%) (64.4%) (65.2%) (43.7%)| (54.3%)
KDAX 75 69 62 65 67 95 85 82 54 654
(55.6%) (50.7%) (45.9%) (48.2%) (49.6%) (69.9%) (63.0%) (60.7%) (40.0%) | (53.7%)
63 70 54 64 48 60 47 74 480
KHRX (46.7%) (51.5%) (40.0%) (47.4%) (35.6%) (44.1%) (34.8%) (54.8%) (44.4%)
Days in Winter 135 136 135 135 135 136 135 135 135 1217
For Each Radar
Total Days 810 816 810 810 810 816 810 810 675 7167
Winter Sampling Days 342 372 374 396 364 404 407 411 256 3326
TOTAL PERCENT (42.2%) (45.6%) (46.2%) (48.9%) (44.9%) (49.5%) (50.3%) (50.7%) (37.9%) | (46.4%)




Appendix B. Capture locations and year for 2 species of geese fitted with GPS transmitters during 2019-2021.

¥0T

Winter Waterfowl Capture Location and Transmitter Type Summary

Species Marking State Marking Location Marker Model Dimensions Weight # Birds Year
Canada Goose Delaware 39.265247, -75.473814 OrniTrack-N44 Ormitela  53x68x44mm 45¢ 2 2020
Canada Goose Delaware 39.265247, -75.473814 OmiTrack-N44  Ormitela  53x68x44mm 45¢g 2 2021
Canada Goose Maryland 38.696520, -75.763843 OmiTrack-N44 Omitela  53x68x44mm 45g 2 2021
Canada Goose Maryland 38.575854, -75.797912 OrniTrack-N44  Omitela  53x68x44mm 45¢ 1 2021
Canada Goose Maryland 38.600836, -75.945525 OrmiTrack-N44  Omitela  53x68x44mm 45g 2 2021
Canada Goose Maryland 38.510095, -75.916937 OrmiTrack-N44  Ormitela  53x68x44mm 45¢g 1 2021

Greater Snow Goose Quebec 47.116100, -70.499891 OmiTrack-N44  Omitela  53x68x44mm 45¢g 7 2019

Greater Snow Goose Quebec 47.116100, -70.499891 OrniTrack-N44  Omnitela  53x68x44mm 45¢g 7 2020

Greater Snow Goose Quebec 47.116100, -70.499891 OmiTrack-N44  Omitela  53x68x44mm 45¢ 45 2021
TOTAL 69
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Appendix C. Map of A) number of poultry farms within 2 km resolution grid cells within the Delmarva Peninsula, with HSN1

infected counties (N =4) highlighted with yellow, B) total telemetry locations for individual Greater Snow Goose (N = 59)

during winters 2019-2023, and C) total telemetry locations for individual Canada Goose (N = 9) during winters 2021-2023.
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Appendix D. Mean relative GSGO (top) and CANG (bottom) points per hour at Delmarva Peninsula poultry facilities as a function of predictors with
mean relative response values <1.0 across 25 BRT models across 4 winters (1 November - 15 March 2019-2023). Shading represents SE of mean

response among 25 BRT models.
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Proportion of Time in Flight

Appendix E. Interactive effects of average temperature and proportion of time spent in flight across 4 winters (1 November - 15 March 2019—

2023 for GSGO and CANG in the Delmarva Peninsula.
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