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ABSTRACT
Animal movements contribute to the spread of infectious diseases and are driven in part by environmental conditions. We inves-
tigated the links among the environment, animal movement, and infectious disease dynamics in waterfowl, which are among the 
primary wildlife hosts of avian influenza viruses. By combining telemetry data on 4606 individuals from 26 waterfowl species 
with data on land cover, weather, and vegetation, we found that waterfowl moved less in areas of higher land cover heterogeneity 
and higher human population density. Moreover, predicted waterfowl movement distances were weakly but positively correlated 
with distances between detections of H5N1 highly pathogenic avian influenza in wild waterfowl, suggesting that environmental 
conditions might contribute to the spread of this disease via their effects on bird movements. By considering wildlife movements 
alongside other drivers of infectious disease dynamics, such as livestock production and human mobility, we move closer to pre-
dicting outbreaks and informing interventions.

1   |   Introduction

Animal movement patterns play important roles in the spatial 
spread of infectious diseases, including those that threaten the 

health of wildlife populations. For instance, the initial spread of 
white-nose syndrome, a fungal disease that has been responsible 
for large-scale declines in North American bat populations, was 
consistent with short-distance dispersal events of bats (Maher 
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et  al.  2012). However, relationships between movement and 
infection are complex; although movement contributes to the 
spatial spread of pathogens, it can also reduce pathogen trans-
mission by allowing animals to escape from contaminated envi-
ronments (Altizer et al. 2011). Understanding animal movement 
patterns and their relationships to disease is key to our ability to 
understand and manage diverse infectious diseases.

Many animal movements, from long-distance seasonal migra-
tion to local foraging patterns, are closely linked to environ-
mental conditions. For example, terrestrial mammals migrate 
farther in less productive landscapes (Teitelbaum et  al.  2015), 
non-migratory bird movements are longer in homogeneous envi-
ronments (Tucker et al. 2019), butterflies fly farthest at interme-
diate air temperatures (Evans et al. 2019), and desert ungulate 
movement patterns depend on the spatial distribution of water 
(Nandintsetseg et al. 2019). Seasonal and spatial variation in en-
vironmental conditions and landscape structure can therefore 
contribute to disease dynamics by driving when and where ani-
mals move most. For example, spatial spread of rabies is slowed 
by the presence of rivers on the landscape (Smith et al. 2002), 
while increased congregation in high-rainfall years drives an-
thrax outbreaks in zebra populations (Huang et al. 2021). These 
relationships are especially important in the context of anthro-
pogenic climate change and land-use change, which are alter-
ing environments, animal movements, and potentially disease 
dynamics globally (Gottdenker et al. 2014; Prosser et al. 2023).

Alongside livestock production, movements of waterfowl are a 
key driver of the dynamics of avian influenza viruses (AIVs). 
Wild waterfowl (ducks, geese, and swans: order Anseriformes) 
are among the natural hosts of low pathogenic (LP) AIVs. Non-
migratory waterfowl populations can maintain LPAIV trans-
mission year-round (Brown et  al.  2013), while long-distance 
seasonal migrations contribute to viral dispersal and reas-
sortment (Endo and Nishiura 2018; Hill et al. 2016). Although 
highly pathogenic (HP) AIVs first evolved in poultry (Dhingra 
et  al.  2018), waterfowl abundance and migration have since 
been linked to HPAIV outbreaks in poultry (McDuie et al. 2024; 
Velkers et al. 2021). These links are especially important given 
that recent outbreaks of the currently-circulating H5N1 HPAIV 
(clade 2.3.4.4b) have been longer-lasting and have caused in-
creased mortality in wild birds and severe economic impacts 
in the poultry sector (Harvey et  al.  2023). Further, waterfowl 
are wetland- and cropland-associated species; wetland degrada-
tion has left many species increasingly dependent on croplands, 
remnant wetlands in protected areas, and other anthropogenic 
habitats (Donnelly et al. 2022; Xu et al. 2021), which brings them 
closer to humans and livestock (McDuie et al. 2022; Muzaffar 
et  al.  2010). Studies of individual populations show that wa-
terfowl move more when habitat or food are limited (Highway 
et  al.  2024; Kleyheeg et  al.  2017; Legagneux et  al.  2009; Xu 
et al. 2021), when mortality risk from hunting is low (Highway 
et  al.  2024; McDuie et  al.  2021), and in response to extreme 
weather events (Masto et al. 2022; McEvoy et al. 2015). If these 
patterns persist across species, populations, and seasons, then 
spatial and temporal patterns in environmental conditions could 
drive global patterns of AIV transmission and dispersal.

Here, we studied movements of 26 waterfowl species in 
the Northern Hemisphere to understand the large-scale 

environmental drivers of their non-migratory movement dis-
tances across geographies, taxa, and seasons. We studied non-
migratory movements because continental-scale relationships 
between migratory movements and AIV dispersal are better un-
derstood than those for non-migratory movements (Gunnarsson 
et al. 2012; Lisovski et al. 2018; Yang et al. 2024), despite the po-
tential importance of local and regional scales for AIV dynamics 
(Brown et al. 2013; Stallknecht et al. 1990). For each bird, we 
calculated non-migratory movement distances at 12-h to weekly 
time scales, then related these movement distances to a suite of 
environmental variables designed to measure landscape com-
position (proportional cover of croplands, protected areas, and 
surface water), land cover diversity, vegetation (productivity and 
heterogeneity), human population density, and weather (tem-
perature, wind, and precipitation). We then used these results 
to estimate expected waterfowl movement distances at locations 
of HPAIV detections in waterfowl to understand the potential 
contribution of movement to viral spread during the ongoing 
panzootic.

2   |   Methods

2.1   |   Data Compilation and Processing

Data were downloaded from Movebank using the move2 pack-
age in R (Kranstauber et al. 2023; R Core Team 2023) for any 
dates prior to January 2024 and cleaned to remove spurious 
locations (Supporting Information: Methods). Data were sub-
sampled to an hourly fix rate if they included more frequent lo-
cations. In addition to data collected by the authors, we used 
open-access data available on Movebank (USGS Alaska Science 
Center 2024). Tags used GPS and/or Argos systems to estimate 
locations. We filtered data to winter and breeding seasons only 
(i.e., excluding migratory movements) for subsequent analysis 
(Supporting Information: Methods).

2.2   |   Calculation of Movement Metrics

We calculated movement distances within three fixed time 
windows: 12 h, which measured commuting distances between 
roosting and foraging sites; 24 h, which measured local disper-
sal or use of new roosting or foraging sites; and 7 days, which 
measured local or regional dispersal to new areas. The 7-day 
window also matches a common estimate for AIV shedding du-
ration in waterfowl (Hénaux and Samuel 2011).

For all combinations of individuals and time windows (here-
after ‘bird-windows’), we calculated maximum pairwise dis-
placement, defined as the maximum distance between any pair 
of observed locations within the time window. This metric rep-
resents the farthest potential dispersal of a virion by an infected 
bird. We also calculated net displacement (i.e., distance between 
the first and last observed location) for comparison with prior 
work on animal movements (Tucker et  al.  2019). Because fix 
rates (i.e., time between locational fixes) can affect movement 
metrics (McDuie, Casazza, Keiter, et al. 2019), we filtered data 
by fix rate. Based on exploratory analyses, for maximum pair-
wise displacement we retained bird-windows with at least 3, 4 or 
28 fixes for 12 h, 24 h, and 7 day windows, respectively. For net 
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displacement, we included windows with fixes covering ≥ 80% 
of the window (Figure S1).

2.3   |   Environmental Annotation

We annotated each location with data on environmental con-
ditions (Table  1, Figures  S2 and S3). We used data as close 
to contemporaneous as possible; layers ranged from hourly to 
static. Data were extracted within a 2500 m square buffer of 
each point. This distance corresponds to an achievable (but 
uncommon) hourly movement distance and therefore the po-
tential environmental conditions experienced by a bird be-
tween hourly fixes.

Most data were extracted using Google Earth Engine via the 
rgee package in R (Aybar  2023; Gorelick et  al.  2017). Static 
data (WDPA) were extracted using the terra package in R 
(Hijmans 2022). Where layers are produced with some latency, 
we extracted the most recent available data (e.g., 2022 land cover 
and human population data were used for 2023 locations). For 
each bird-window, we calculated the mean value of each envi-
ronmental variable across all fixes within the window.

2.4   |   Statistical Analysis

We analysed relationships between movement distances and 
environmental covariates using generalised additive mixed-
effects models (GAMMs), implemented using the mgcv package 
in R (Wood  2006, 2011). GAMMs are conceptually similar to 
generalised linear mixed-effects models, but can fit nonlinear 
relationships between predictor and response variables. We ex-
pected that many of the relationships we studied would be non-
linear (e.g., nutritional value peaks at intermediate vegetation 
greenness (Hogrefe et al. 2017)). We fit a separate model for each 
combination of species, window size (12 h, 24 h, and 7 days), 
season (winter or breeding) and movement metric (maximum 
pairwise displacement or net displacement). Each full model 
included smoothing splines for protected area cover, Shannon 
index of land cover diversity, crop cover, EVI, standard devia-
tion of EVI, surface water cover, human population density, pre-
cipitation, wind speed, and air temperature. Smoothing splines 
for environmental variables were fit with a maximum of three 
knots (i.e., constrained to a quadratic or linear function). We 
also included parametric fixed effects for sensor type (to account 
for differences in location error between GPS and Argos data) 
and average fix rate (to account for bias in observed movement 
distances), and a cyclic cubic regression spline for day of year 
(such that December 31 and January 1 were consecutive days). 
We also modelled spatial effects on movement distances using a 
Gaussian process with a first-order exponential correlation func-
tion. We included random intercepts for population and individ-
ual to account for repeated measures. Models were simplified to 
remove concurve variables and to reduce overfitting (Wood and 
Augustin 2002). To evaluate the models' ability to make accu-
rate predictions outside the range of the data, we stratified each 
data set by population, sorted it by time, and fit models using 
only the first 85% of the data. The last 15% of the data were used 
for model validation, for which we compared relative root mean 

squared error (rRMSE) on the training and validation data. For 
full details of model fitting, refer to Supporting Information: 
Methods.

From each GAMM, we extracted and plotted relationships be-
tween each covariate and the dependent variable of interest. 
We evaluated each species-level model at a series of 100 points 
across the range of each environmental variable, then calculated 
the mean and standard error of these predictions across species 
to obtain an average fitted relationship of movement distance 
with each environmental variable (Supporting Information: 
Methods). We also used environmental conditions on January 1 
and July 1, 2022 to make spatial predictions of expected move-
ment distances.

To analyse means and variation in movement-environment 
relationships, we calculated two measurements of effect size 
for each variable: (1) net change in expected movement be-
tween the minimum and maximum values of each explan-
atory (i.e., environmental) variable, and (2) gross change in 
expected movement over the range of each explanatory vari-
able. Predictions were made only within the range of envi-
ronmental conditions observed for the focal species. The net 
effect provides a signed metric of a variable's effect but does 
not account for nonlinearity, while the gross effect provides 
an unsigned total effect size. For each environmental variable, 
we used a linear mixed-effects model to model this effect size 
as a function of the species group (goose, swan, dabbling duck, 
diving duck, shelduck), window size, season, and movement 
metric. Models also included a random intercept for dataset 
(i.e., species-season combination) to account for use of the 
same data for models across response variables and window 
sizes. We excluded any variables that were removed prior to 
model fitting (i.e., due to concurvity); these would have had an 
effect size of zero, but only because they were correlated with 
other variables. We tested for phylogenetic signal in the resid-
uals of these models by calculating Pagel's λ using a phylog-
eny from birdt​ree.​org (Jetz et al. 2012) and the R packages ape 
and phytools (Paradis and Schliep  2019; Revell  2010, 2012). 
Finally, we calculated marginal mean effect sizes and pair-
wise differences between seasonal effect sizes in each model 
using the emmeans package (Lenth 2024).

2.5   |   Analysis of HPAIV Detections

To investigate relationships between expected movement dis-
tances and HPAIV detections in waterfowl, we gathered data 
on locations of HPAIV detections from the United Nations 
Food and Agriculture Organization's Emergency Prevention 
System (EMPRES) database (Pinto et  al.  2010) and the U.S. 
Department of Agriculture's (USDA) Animal and Plant Health 
Inspection Service (USDA Animal and Plant Health Inspection 
Service 2024). We filtered the datasets to include data for wild 
waterfowl from January 2021 (the beginning of the USDA data) 
to June 2024. Because the location precision of the EMPRES 
data varies (Farnsworth et al. 2010) and the USDA data is iden-
tified at the second-level administrative unit (ADM-2) level (i.e., 
U.S. county), we used ADM-2 unit centroids as the geographic 
location for each detection.

http://birdtree.org
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To measure HPAIV spread, we calculated the ‘spread distance’ 
to reach each new location, defined as the distance of a detection 
from the nearest detection within the last 6 months. This 6-month 
period avoids counting new detections at the same location as 
‘spread’ when virus could have been present in between detections; 
6 months is within the range of viral environmental persistence du-
ration in temperate climates (Ramey et al. 2020) and assumes that 
HPAIV would persist through a single breeding or winter season, 
but not from one to the next. Because environmental persistence 
varies depending on environmental conditions, we also performed 
sensitivity analysis using 3-month, 1-month, and 1-week estimates 
of persistence. We calculated the mean value of each environmen-
tal variable within each ADM-2 unit with an HPAIV detection, 
then calculated the mean expected 7-day movement distance in 
that unit (Lebarbenchon et al. 2009). We used the mean across all 
species to represent an ‘average’ waterfowl species, rather than 
limiting averages to species tracked at or near an HPAIV detec-
tion, to avoid propagating regional biases in tracking intensity to 
our estimates of movement distance. We also repeated this anal-
ysis using the maximum expected 7-day movement distance to 
evaluate the sensitivity of our results to the movement metric. We 
used the seasonal model that corresponded to the month of detec-
tion (winter models for October–March, breeding models for May–
August). Environmental variables were based on the mean value 
within 2500 m of 50 equally spaced points within an ADM-2 unit. 
We also gathered data on other variables that could impact HPAIV 
spread: mean chicken density (from the Gridded Livestock of the 
World dataset (Gilbert et  al.  2018)) and mean waterfowl abun-
dance (from all waterfowl species modelled in the eBird Status & 
Trends dataset (Fink et al. 2022)). eBird data were accessed using 
the ebirdst package in R (Strimas-Mackey et al. 2023). We also cal-
culated ADM-2 unit area because our metric of spread distance 
should be larger for larger administrative units.

Next, we used a generalised additive model (GAM) to investigate 
relationships between predicted movement distances and spread 
distance; we expected that, if waterfowl movements contributed 
to the spread of HPAIV, spread distance would be positively 

related to waterfowl movement distances. Because we study 
non-migratory movements, we did not analyse data from HPAIV 
detections in primarily migratory months (April, September, 
and October). We included detections from the areas of highest 
sampling density: the contiguous United States, Europe, and 
Japan. The response variable was log10-transformed spread dis-
tance. Predictor variables were parametric (i.e., linear) terms for 
expected mean waterfowl movement distance (log10), ADM-2 
unit area (log10), season, chicken density (log10), and waterfowl 
abundance (log10). We also included a term for continent, to ac-
count for differences in detection, reporting, and spatial patterns 
among regions. Finally, we included a separate smooth term for 
date per continent, to account for changes in distance as the 
epidemic progressed. We evaluated model assumptions using 
quantile-quantile plots of residuals and by calculating a global 
Moran's I to test for spatial autocorrelation in model residuals. 
We calculated partial R2 values for each term in the model by re-
fitting the model with each variable removed, then calculating 
the difference in R2 between the full and reduced model.

3   |   Results

We analysed GPS and Argos tracking data of 4606 individuals from 
26 waterfowl species (10 dabbling duck, 3 diving duck, 1 shelduck, 
9 goose and 3 swan species; Tables S1 and S2) during the breeding 
and winter seasons (i.e., excluding migrations) from 2003 to 2023. 
These data covered much of the Northern Hemisphere (18 species 
in the Americas, 14 in Asia, 13 in Europe, and four in Africa). 
Focal tracking locations were central North America, western 
North America, and northern Europe (Figure 1, Figure S4).

3.1   |   Data Description: Movement Metrics 
and Habitat

Across all species and both seasons, the median observed max-
imum pairwise displacement was 1.9 km within 12 h, 2.8 km 

FIGURE 1    |    Locations and sampling intensity of tracked waterfowl during the breeding and winter seasons. Each 70-km grid cell shows the num-
ber of bird-days included in analyses at the 24-h observation scale. Map in Mollweide equal-area projection. Basemap of continental and national 
boundaries from Natural Earth.
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within 24 h, and 7.6 km within 7 days (Table  S3). Median ob-
served net displacement distances were 1.3, 0.45, and 2.5 km, 
respectively. Observed movements were 2.5 times longer during 
winter compared to the breeding season, on average.

Species inhabited a wide range of environmental conditions; 
for example, within 2.5 km of observed locations, weekly mean 
temperatures ranged from −27°C to 43°C. Human population 
density ranged from 0 to 17,154 persons/km2. Relative to the 
breeding season, wintering birds generally inhabited areas with 
more cropland (mean crop cover of 42% vs. 15%), higher pro-
tected area cover (34% vs. 27%), higher human population den-
sity (4.7 vs. 0.06 persons/km2), and higher land cover diversity 
(mean Shannon Index of 0.68 vs. 0.54).

3.2   |   Movement-Environment Relationships

In our GAMMs, land cover diversity had the largest average ef-
fect on movement distances across both seasons (breeding and 
winter), both movement metrics (maximum pairwise displace-
ment and net displacement), and all three observation window 
sizes (12 h, 24 h, and 7 days; Figures 2 and 3, Figures S5 and S6). 
Gross effect sizes measure the total change in predicted move-
ment over the range of a focal variable, while net effect sizes 
are signed and measure the change in predicted movement 
between the smallest and largest observed values of a variable 
(Figure  3C). Birds moved farther in areas of low land cover 
diversity; the mean net effect of land cover diversity across all 
models (i.e., seasons, metrics, and window sizes) was −0.796 
(95% CI [−0.944, −0.647]), meaning that movements were 6.25 

(i.e., 100.796) times longer in an entirely homogeneous landscape 
(one land cover class within 2.5 km) than in areas with the high-
est land cover diversity (e.g., 8 classes in approximately equal 
proportions). The gross and net effects of land cover diversity 
were stronger in the winter than during the breeding season 
(net effect of −0.984 in winter vs. −0.607 in the breeding season; 
Figure 3, Tables S4 and S5).

Croplands, protected areas, surface water, and human popula-
tion density also had significant associations with movement 
distances across species and seasons. Responses to croplands, 
protected areas, and surface water were hump-shaped, such that 
the shortest movement distances occurred at very high propor-
tion cover, but the longest movement distances occurred at low 
to intermediate values (35%–45% cover for all three variables). 
For example, average movement distances were 9.00 times far-
ther at ~35% crop cover compared to the highest values of crop 
cover (mean gross effect across all models: 0.955). Birds moved 
less in landscapes with higher human population density (mean 
net effect of −0.425, i.e., 2.66 times farther in an unpopulated 
landscape compared to a dense urban area). Responses to 
human population density were stronger in the breeding season 
than during the winter (gross effect of 0.903 vs. 0.465), while the 
net effect of protected areas was stronger in the winter (net effect 
of −0.485 vs. −0.160).

Vegetation heterogeneity, measured using the standard devia-
tion of EVI, had a similarly shaped, but much smaller effect than 
land cover diversity (mean net effect of −0.174). Vegetation pro-
ductivity (mean EVI), wind speed, air temperature, and precip-
itation had variable and/or weak relationships with movement 

FIGURE 2    |    Mean fitted relationships between environmental covariates and non-migratory movement distances across 26 waterfowl species. 
Results are from models of 12-h maximum pairwise displacement. Y-axes are scaled to account for species- and season-specific means in movement 
distances, so that responses could be averaged across models. ‘Relative movement distance’ is the proportional increase or decrease in maximum 
pairwise displacement relative to a species' observed mean movement distance (e.g., −0.5 corresponds to a 50% reduction in movement). Shaded ar-
eas represent 95% confidence intervals of the mean across models (i.e., species). X-axes span the range of conditions across all data sets for the focal 
season, so some model estimates are extrapolated beyond the extent of raw data for a species. EVI = Enhanced Vegetation Index.
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distances. Observed movement distances were greater for data 
sets with higher fix rates; for Argos (compared to GPS) devices; 
in mid-winter; and at the beginning or end of the breeding sea-
son (Figures S7 and S8).

These results were consistent across movement metrics and 
observation window sizes (Figures  S5 and S6). These models 
explained an average of 42% of the variation in movement dis-
tances (conditional R2; range: 0.08–0.88, Figure  S10). Models 
generally had moderate predictive ability on external vali-
dation data (mean rRMSEtrain = 0.18; mean rRMSEtest = 0.23; 
Figure S9). When partitioned into fixed and random effects (i.e., 
environment vs. spatio-temporal and individual-level effects), 
fixed effects explained an average of 15% of the variation in 
movement distances (range: 0.02–0.71). Average R2 values (both 
conditional and marginal) were higher for pairwise displace-
ment than for net displacement (mean conditional R2 of 0.49 vs. 

0.34). Notably, models of 24-h net displacement, associated with 
small net displacement distances and high site fidelity to roost-
ing and/or foraging sites, had the lowest explanatory power and 
highest error (mean R2 = 0.08; mean rRMSEtrain = 0.32; mean 
rRMSEtest = 0.38; Figures S9 and S10). Models of winter move-
ments generally performed better on validation data and had 
higher marginal R2 values than did models of breeding-season 
movements.

When we used our models to make predictions of movement 
distances across the Northern Hemisphere, we found that av-
erage expected movement distances varied about 10-fold de-
pending on local environmental conditions (Figure S11). The 
shortest predicted movement distances occurred in areas with 
high human population density and crop cover (India, parts 
of East Asia, eastern North America, and western Europe), 
or with high landcover diversity and large protected areas 

FIGURE 3    |    Variables measuring landscape composition and human populations have the strongest relationships with non-migratory movement 
distances across 26 waterfowl species. (a) The gross effect is the maximum change in modelled movement distances across the range of an environ-
mental variable. Large black points and error bars show the mean and 95% confidence interval of the mean for each season. Coloured points show 
effect sizes from individual models. Effect sizes are proportional changes (e.g., 0.5 corresponds to a 50% change in movement). Variables with sig-
nificant seasonal differences in effect sizes (p < 0.05) are indicated with an asterisk. Results are shown for 12-h maximum pairwise displacement; 
effect sizes for models using alternative time windows and movement metrics are shown in Figures S5 and S6, Tables S4 and S5. (b) Net effect size is 
signed and measures the proportional change in movement between the smallest and largest observed values of an environmental variable. Values 
< 1 represent a decrease in movement. (c) To calculate effect sizes, only values observed for a given species-season combination (black) are included, 
even though other species-season combinations may have values of the environmental variable outside this range (grey). EVI = Enhanced Vegetation 
Index.
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(western North America). The longest predicted movement 
distances occurred in areas with low landcover diversity and 
few protected areas (central North America and central Asia) 
(Figures S2 and S3).

3.3   |   HPAIV Detections in Wild Waterfowl

When we used our models to predict waterfowl movement 
distances at known HPAIV detections based on local environ-
mental conditions, we found that HPAIV detections in water-
fowl were farther apart where predicted movement distances 
were longer (Figure 4, Table S6). Our model indicated that the 
distance between detections would be 1.76 times farther (95% 
CI [1.24, 2.49]) for every 10-fold increase in weekly movement 
distances. The model also showed that distances between de-
tections were greater earlier in the epidemic. Detections were 
closest together in Europe and farthest apart in Japan. Poultry 
locations could influence infection spread if waterfowl become 
infected via contact with farms and waterfowl abundance could 
amplify local transmission dynamics; accordingly, we found 
that detections were closer together where waterfowl abun-
dance and chicken densities were higher. However, these effect 
sizes were very small (e.g., detections 0.93 times as far apart for 
every 10-fold increase in waterfowl abundance). The full model 
explained 46.0% of the variance in distance between detections; 
most of this explanatory power was from variables for adminis-
trative unit area and date (partial R2 of 12% and 8%, respectively), 
whereas movement distance, waterfowl abundance, and chicken 
density had little explanatory power (partial R2 of < 1%). These 
results were qualitatively insensitive to the assumed duration of 

HPAIV persistence (1 week to 6 months) or the movement metric 
(maximum or mean movement distance; Figure S12).

4   |   Discussion

Understanding the environmental drivers of animal movements 
can contribute to conservation and management of wildlife, in-
cluding the management of wildlife diseases. Our analysis of 26 
waterfowl species indicated that human- and land cover-related 
landscape characteristics, rather than vegetation productivity 
and heterogeneity or weather, had the strongest associations with 
waterfowl movement distances during both winter and breeding 
seasons. Specifically, higher land cover diversity, protected area 
cover and human population density within 2.5 km were associ-
ated with shorter-distance movements across almost all species 
and seasons, and at 12-h to weekly time scales. Further, the spread 
distance of HPAIV in wild waterfowl was weakly related to wa-
terfowl movement distances predicted from environmental condi-
tions. Together, these results point to a potential role of land cover 
in driving landscape-scale patterns of infection by influencing an-
imal movements.

The importance of land cover diversity and human popula-
tion density implicates a combination of fragmentation, spa-
tial structure and disturbance in driving bird movement. In 
heterogeneous and fragmented landscapes, the presence of 
smaller, more isolated habitat patches can decrease distances 
between habitat types and therefore reduce animals' need to 
move to find complementary resources (Fahrig 2007; Tucker 
et al. 2019). This mechanism might be particularly important 

FIGURE 4    |    Locations of highly pathogenic avian influenza (HPAIV) detections in waterfowl, 2021–2024, are related to predicted 7-day maxi-
mum pairwise displacement. (a) Locations of HPAIV detections in Europe, Japan and the United States. Points are the centroids of second-level ad-
ministrative units with HPAIV detections in waterfowl. Colours show ‘spread distance’, for example, the distance to the closest detection ≤ 6 months 
prior. Note that the three maps are at different spatial scales. (b) Relationship between spread distance and mean waterfowl movement distances, 
predicted from environmental conditions at detections. Points show data from individual detections, coloured by continent; line and shaded area 
show the modelled relationship and 95% confidence interval of the mean for the Americas from a generalised additive model, which also accounted 
for temporal trends, bird abundance, chicken density and administrative unit area (Table S6). Basemap of national and continental boundaries from 
Natural Earth.
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for waterfowl, which fly diurnally between distinct roosting 
and foraging habitats (McDuie, Casazza, Overton, et al. 2019). 
Although higher human population densities might be ex-
pected to increase disturbance and therefore promote move-
ment (Xu et  al.  2021), movement can be constrained by 
human development and activity (Tucker et al. 2018). In ad-
dition, animals in areas of higher human activity are often 
more tolerant of disturbance (van der Kolk et al. 2024; Lowry 
et al. 2013). Human development can also reduce the need for 
local dispersal by reducing predation pressure (from natural 
predators and hunting) and stabilising or increasing resource 
availability (e.g., supplementary food, irrigation) (Eötvös 
et al. 2018; Teitelbaum et al. 2020; Varner et al. 2014). Many 
waterfowl species, including those in this study, readily tol-
erate less-disturbed areas of high human population density 
(Champagnon et al. 2023; McKinney et al. 2006). Especially 
since urban landscapes are highly heterogeneous (Pickett 
et al. 2017), these results together suggest that landscape het-
erogeneity, as well as direct human presence on the landscape, 
are primary drivers of non-migratory waterfowl movements at 
a global scale.

The net negative effects of surface water, croplands, and pro-
tected areas on movement reflect their value for waterfowl. 
Animals generally move less where habitat availability and/
or quality is high (Bjørneraas et al. 2012); this mechanism is 
consistent with the stronger effects of croplands and protected 
areas during winter, when hunting is more prevalent and 
waterfowl rely more on crop-derived foods (Fox et  al.  2017; 
Highway et al. 2024; McDuie et al. 2021). However, for all three 
variables, relationships in our study were nonlinear, such that 
movement distances were greatest at intermediate cover. This 
pattern is partly a consequence of the effect of movement on 
habitat use: individuals that move farther experience a wider 
variety of landscapes and therefore intermediate cover of any 
given land cover type. Alternatively, intermediate cover could 
represent small habitat patches, which could promote move-
ment if they provide only limited resources. Disturbance from 
hunting and recreation can also be highest at intermediate 
levels of human population density (Gutzwiller et  al.  2017). 
These hump-shaped patterns could also indicate functional 
responses to habitat availability, such that a habitat becomes 
more important as its availability increases (Overton and 
Casazza 2023). Finally, our data indicated that some birds in-
habited landscapes devoid of surface water; although water-
fowl, especially geese, do use upland habitats, it is unlikely that 
they would do so for entire days or weeks. Although the data 
we used are validated at the global scale (Pekel et  al.  2016), 
this pattern suggests that errors in remote measurements of 
surface water could have reduced the relative importance of 
surface water in our models (DeVries et al. 2017). Accordingly, 
other variables that could serve as proxies for surface water 
(e.g., flooded croplands, protected wetlands) might have had 
increased importance in our models. More precise, direct 
measurements of disturbance, surface water, and crop types 
could therefore refine our understanding of the mechanisms 
by which land cover affects bird movement.

In contrast to prior macroecological studies of animal 
movement (Teitelbaum et  al.  2015; Tucker et  al.  2019), we 
found relatively small effects of vegetation productivity and 

heterogeneity on waterfowl movement distances. Although 
vegetation indices are useful metrics of productivity (Pettorelli 
et  al.  2011), they do not fully capture the suite of resources 
needed by wildlife. For example, wintering waterfowl often 
move diurnally between croplands and natural or protected 
wetlands (Parejo et al. 2019); both of these habitats are likely 
to have productive vegetation, but provide different resource 
types. Relationships of movement with vegetation or land 
cover might also be scale-dependent if vegetation productivity 
and land cover vary at different spatial scales, or if birds re-
spond to vegetation at a different temporal scale than the one 
we measured here (e.g., lag effects) (van Moorter et al. 2013). 
Similarly, although extreme weather events can affect bird 
movement at the individual level (Overton et al. 2021), using 
weather variables averaged across space and time might ob-
scure some of these local and short-term extremes. It is there-
fore important to consider scale-specific resource needs when 
modelling or managing animal movement.

Reducing animals' need to move is often a goal of conser-
vation programs, since it can reduce energy expenditure 
(Tomlinson et  al.  2014), mortality risk (e.g., from hunting 
(Dufour and Ankney  1995)), and human-wildlife conflict 
(Buchholtz et al. 2020). Our analysis also identified a positive 
relationship between waterfowl movement distance and the 
spread distance of HPAIV, suggesting that shorter movement 
distances could also reduce the risk of long-distance patho-
gen spread by wildlife. This pattern is especially important 
because waterfowl movements are usually minimally affected 
by AIV infection (van Dijk et al. 2015; Teitelbaum, Casazza, 
et al. 2023; Teitelbaum, Masto, et al. 2023). At the same time, 
reduced movements can amplify disease transmission locally 
by increasing local densities and/or environmental contami-
nation (Altizer et al. 2011). We saw that movement distances 
were shortest in areas of high human population density, 
which is a concerning pattern for a potentially zoonotic dis-
ease such as HPAIV. Poultry production methods and biose-
curity practices are the most critical methods for managing 
this disease (Giacinti et al. 2024; Kuiken and Cromie 2022); al-
though we found no important relationship between chicken 
density and HPAIV spread distance in wild waterfowl, poul-
try facilities are key locations for HPAIV evolution and spill-
over (Giacinti et  al.  2024; Prosser et  al.  2024). These results 
are based on assumptions of spatio-temporally homogeneous 
viral persistence and omnidirectional waterfowl movements. 
Future work that mechanistically links waterfowl movements 
to HPAIV detections, for example by combining genetic data 
on viral relatedness (Prosser et al. 2022) with simulations of 
waterfowl movement (e.g., based on resource selection func-
tions (Merkle et  al.  2018)), could validate the correlation we 
identified here and provide more precise predictions to inform 
wildlife and livestock management.

Beyond the HPAIV-waterfowl system, these results show the 
value of linking host movement, environmental conditions and 
infectious disease. Although animal movements are clearly 
linked to disease spread (Maher et al. 2012; Smith et al. 2002), 
movement itself is difficult to control. Controversial measures 
like culling can become the only apparent options for infec-
tious disease management, especially during an epidemic 
phase (e.g., chronic wasting disease in reindeer (Mysterud 
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et  al.  2020)). By quantifying how environmental conditions 
drive movement, it could become possible to manage move-
ment broadly by manipulating habitat conditions, thus po-
tentially slowing the spread of disease without the need for 
controversial interventions. For waterfowl, our results indi-
cate that large protected areas that provide diverse habitat 
types and ample food could limit infection spread by reducing 
movement distances, thus adding to the established benefits 
of large protected areas for wildlife populations (i.e., increas-
ing survival (Casazza et  al.  2012; Guillemain et  al.  2002)). 
These actions are especially important as rapid changes 
in climate and land cover are affecting animal behaviour 
(Tucker et al. 2018) and consequently disease dynamics (Eby 
et  al.  2023). Linking disease to the environment via animal 
movement can improve our ability to protect both wildlife and 
humans from the risks of infectious diseases.
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