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Abstract

Habitat availability determines the distribution of migratory waterfowl along their flyway,
which further influences the transmission and spatial spread of avian influenza viruses
(AIVs). The extensive habitat loss in the East Asian-Australasian Flyway (EAAF) may have
potentially altered the virus spread and transmission, but those consequences are rarely
studied. We constructed 6 fall migration networks that differed in their level of habitat loss,
wherein an increase in habitat loss resulted in smaller networks with fewer sites and links.
We integrated an agent-based model and a susceptible-infected-recovered model to simu-
late waterfowl migration and AlV transmission. We found that extensive habitat loss in the
EAAF can 1) relocate the outbreaks northwards, responding to the distribution changes of
wintering waterfowl geese, 2) increase the outbreak risk in remaining sites due to larger
goose congregations, and 3) facilitate AlV transmission in the migratory population. In addi-
tion, our modeling output was in line with the predictions from the concept of “migratory
escape’, i.e., the migration allows the geese to “escape” from the location where infection
risk is high, affecting the pattern of infection prevalence in the waterfowl population. Our
modeling shed light on the potential consequences of habitat loss in spreading and transmit-
ting AV at the flyway scale and suggested the driving mechanisms behind these effects,
indicating the importance of conservation in changing spatial and temporal patterns of AlV
outbreaks.

Author summary

What are the possible consequences of extensive habitat loss on the spread and transmis-
sion of avian influenza viruses (AIVs)? We used a logistic regression model to select the
suitable habitats of Greater white-fronted goose Anser albifrons in the East Asian-
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Australasian Flyway, which has extensive habitat loss and seasonal passing waterfowl pop-
ulation. We treated these habitats as sites to construct 6 fall migration networks by remov-
ing sites in order of habitat loss (i.e., site removal). We then simulated geese migration in
these networks and explored the impacts of habitat loss on AIV spread and transmission.
We found that extensive habitat loss can cause relocation of the geese and outbreaks and
promote the AIV spread and transmission. Our modeling outputs also suggested a
“migratory escape” pattern for changing the spatial and temporal pattern of infection
prevalence in the population. Overall, our study showed that habitat loss can affect ATV
spread and transmission, suggesting the importance of habitat conservation in changing
the spatial and temporal pattern of disease prevalence.

Introduction

Migration is a common animal behavior in nature, accompanied by large ecological effects
[1,2]. As migrants, especially birds, are hosts of pathogens, their seasonal migration contributes
to pathogen spread and associates with the spatio-temporal patterns of the infection dynamics
[3,4]. Well-known examples include the interactions between birds migration and the emer-
gence of the West Nile virus [5], nematodes [6], malaria [7], Lyme borreliosis [8], and avian
influenza viruses (AIVs) [9]. For example, the West Nile virus was spread throughout the
North America within 4 years after its first detection in the US, mainly driven by seasonal bird
migration [5]. Better understanding the effect of host migration on pathogen spread and trans-
mission is of great importance for the prediction and prevention of disease emergence and
spread.

Changes in habitat availability can fundamentally alter bird migration, which subsequently
affects the interactions between pathogens and hosts [3]. For example, changes in habitat avail-
ability (and quality) may alter migration distance, duration or even establish sedentary popula-
tions [10-12]. Bird migration is flexible in responding to changes in habitat availability by
changing migration timing, routes, or by occupying new habitats [13,14]. These responses can
affect disease spread and transmission by changing birds’ distribution and congregation (i.e.,
local numbers and densities), but the specific relationships between pathogen distribution and
changes in migration patterns of hosts remain unclear.

Avian influenza viruses (AIVs) are well-known for their rapid global spreading and fre-
quent outbreaks over the past decades [15-17]. The transmission in the wild waterfowl popula-
tions is mainly attributed to the seasonal migration and congregation of the waterfowl [16].
First, some migratory waterfowl can migrate over long-distance while infected with AIVs
[18,19]. Second, the seasonally formed waterfowl congregations can facilitate AIVs transmis-
sion by increasing direct and indirect contacts between birds [20-22].

The East Asian-Australasian Flyway (EAAF) has been identified as a high-risk area for
AlVs outbreak [20,23,24] due to the considerable amounts of passing waterfowl and dense
congregation along the flyway [25,26]. For instance, on the migratory route of Swan goose
Anser cygnoides, there were more than 20 outbreaks of highly pathogenic AIVs between 2004
and 2017 [24]. Especially, the Yangtze River floodplain, the wintering region for many water-
fowl species, has become a well-known region for AIVs outbreaks [9,27].

Anthropogenic disturbances such as urban development and land reclamation have caused
rapid habitat loss and degradation in the EAAF, especially in the Yangtze River floodplain
[28,29]. Consequently, migratory waterfowl changed their distribution by using alternative
habitats for refueling and wintering [30,31]. For example, previous field surveys suggested that
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at least 27 waterbird species have changed the distribution [32] and concentrated in fewer
remaining habitats [33,34].

Greater white-fronted goose Anser albifrons is one of the main waterfowl hosts of AIVs,
and an important vector for the AIVs spread and transmission in the EAAF [17]. Since their
migration has been well documented by previous GPS telemetry tracking studies [35,36], The
Greater white-fronted goose is an ideal model species to examine the potential consequences
of habitat loss on AIVs spread and transmission in the EAAF. They breed as north as the Lena
Delta in Siberia and seasonally migrate to their wintering grounds in the Yangtze River flood-
plain, south Japan and South Korea [13,37]. Their suitable habitats form a relatively narrow-
long migration corridor, making the geese distribution sensitive to habitat loss [13]. Extensive
habitat loss in the wintering region may cause the Greater white-fronted goose to relocate and
concentrate, i.e., increase in numbers in remaining habitats [34], thereby affect AIVs spread
and transmission. Thus, we expect that the outbreak risks change spatially and temporally
under the influence of habitat loss [38], with the remaining habitats having a greater risk of
AIV outbreak.

In this study, we applied 6 different scenarios of habitat loss to fall migration networks of
the Greater white-fronted goose in the EAAF, integrated with an agent-based model (ABM) to
simulate the migration of waterfowl and with a susceptible-infected-recovered model (SIR) to
simulate the virus spread among habitats and the transmission in the population. We explored
the possible consequences of habitat loss on the spread and transmission of AIV. More specifi-
cally, we aimed to answer three questions: (1) How does habitat loss change the spatial distri-
bution of AIV outbreaks under influence of changes in the distribution of the Greater white-
fronted goose? (2) Does habitat loss facilitate AIV spread in remaining habitats? (3) Can habi-
tat loss increase virus transmission in a migrating population?

Results and discussion
Geese and outbreaks relocation

We removed sites in order of the descending area of habitat loss to generate network scenarios
(see Method). Generally, site removal causes the relocations of wintering geese and AIV out-
breaks (i.e., sites with Ro>1). As the habitat loss was mainly concentrated at the Yangtze River
floodplain (Fig B in S1 Appendix), the wintering region drastically shrunk in the scenarios of
more than 20% of sites removal (Fig 1C-1F). Thus, the migratory geese and AIV outbreaks
were confined to smaller geographic areas. Particularly in the extreme scenario where 50% of
sites were removed (Fig 1F), the wintering geese and outbreaks were restricted in the area
above 35.9° N where the last wintering site was located (site ID = 86; also see Fig C in S1
Appendix for geese distribution at each site in each time step). In reality, the severity of habitat
degradation and loss in the Yangtze River floodplain has been called for attention since the
1990s, these processes are still ongoing [29,30]. Although we are here theoretically simulating
such an extreme level of site removal to explore the potential consequences, the northwards
relocation of wintering geese can happen before extensive sites disappear, especially for species
that are sensitive to changes in habitat availability. For example, a field survey suggested Bean
goose Anser fabalis, Ruddy shelduck Tadorna ferruginea, and Red-breasted merganser Mergus
serrator had started to shift their wintering habitats northwards already a decade ago in the
Yangtze River floodplain [32].

The relocation of wintering Greater white-fronted geese caused the northwards shift of ATV
outbreaks. Other waterfowl species that have similar narrow-long migration corridors such as
Bean goose, Lesser white-fronted goose Anser erythropus, Tundra swan Cygnus columbianus,
Common teal Anas crecca, and Northern pintail Anas acuta may lead to similar outbreak
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Fig 1. The visited migration networks generated by the simulated geese movement according to the agent-based model. A) the complete network, and
B-F) the network scenarios of 10%, 20%, 30%, 40% and 50% site removal. Dots are sites visited by geese, colors represent the maximum R, that occurred at sites
during the simulation, and numbers are site IDs. Yellow and blue shadows depict breeding and wintering regions. The base layer maps were generated in R
environment using the “maps” package (Original S code by Richard A. Becker, Allan R. Wilks. R version by Ray Brownrigg. Enhancements by Thomas P
Minka and Alex Deckmyn. (2016). maps: Draw Geographical Maps. R package version 3.1.1. http://CRAN.R-project.org/package=maps).

https://doi.org/10.1371/journal.pchi.1009577.9001

relocation in the EAAF [13]. However, waterfowl species such as Greylag goose Anser anser
and Swan goose may have different effects on the AIV spread because their migration corri-
dors are shaped differently (i.e., wide-short shaped corridor) [13]. Thus, future studies could
consider multiple migratory species to explore the effects of their interactions on AIV spread.

AIV spread in sites

Site removal caused migratory geese to visit fewer sites in the migration networks, accompa-
nied by fewer sites with AIV outbreak (Fig 2A and 2B), however, it also caused a higher out-
break risk in remaining sites (Figs 2C and 3A). Although the geese can use alternative sites for
migration (e.g., sites ID = 13, 14, 34, 58, 59, etc., Fig 1, and also see Table A in S1 Appendix for
changes in visiting geese and Ry at each site), they also formed larger congregations in the
remaining sites (e.g., sites ID = 12, 39, 67, 86 and 97, etc., Table A and Fig C in S1 Appendix).
Thus, the geese relocation and larger congregations in remaining sites promoted AIV spread
and transmission, increasing outbreak risk, and even converted low-risk sites to high-risk sites
(e.g., sites ID = 13, 14, 34, 57, etc., Fig 1 and Table A in S1 Appendix). In fact, waterfowl can
occupy alternative habitats when their prime habitat is no longer available [10], increasing
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Fig 2. The basic metrics (mean + SD) of the visited networks under increasing site removal. On the x axis, from left to right, the scenario of the complete
network, and the network scenarios of 10%, 20%, 30%, 40% and 50% site removal. The lowercase annotations indicate the statistic difference according to

Kruskal-Wallis tests (p < 0.05).

https://doi.org/10.1371/journal.pcbi.1009577.9002

congregations at these alternative habitats between scenarios [34]. For example, about 95% of
the Swan goose population is nowadays confined to only three of their major habitats [33],
other species such as the Greylag goose, Tundra bean goose Anser serrirostris, Lesser white-
fronted goose, and Greater white-fronted goose are showing similar trends, with larger congre-
gations in fewer remaining prime habitats [34].

The basic reproduction number R, increased with weighted in-degree (Fig 3B; also see Fig
D in S1 Appendix for the regressions for wintering sites and non-wintering sites separately),
indicating that highly connected sites with more arriving geese have a larger AIV outbreak
risk, because they are more likely to receive infected geese. In reality, the well-connected habi-
tats with better connections and more visiting waterbirds are commonly recognized as crucial
habitats for foraging and resting of migratory waterbirds [39,40]. Well-known examples
include Delaware Bay and Poyang Lake [20,41], which are also hotspots for AIV outbreaks
[20]. Field surveillance at crucial habitats is important for understanding the epidemiological
dynamic in wild waterbirds [15]. However, many habitats, especially those located in remote
areas, received little attention [15,42], largely because their importance is not sufficiently evalu-
ated. Recent studies used network analysis, integrated with GPS telemetry, to study the impor-
tance of remote habitats in terms of their connectivity to other sites and waterbirds use
[40,43]. Future studies can implement these approaches to evaluate the importance of these
remote habitats and identify potential AIVs hotspots.

Furthermore, our simulations also suggested that, although the geese migrated within
smaller networks due to increasing level of site removal (Fig 2A and 2D and Fig B in S1
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Appendix), the resulting migration generated networks with higher link densities (Fig 2E),
indicating that connections among the remaining sites is enhanced, which can contribute to
more rapid AIV spread and transmission [3,44-46]. Our simulation outputs suggested that
local habitat loss can trigger changes in geese distribution and AIV spread at flyway scale, so
planning habitat conservation at flyway scale is required when formulating efficient control
actions.

Virus transmission in population

Site removal changed the temporal infection patterns and the prevalence estimates in the
migratory population (Fig 4). Specifically, site removal caused the AIV to transmit faster
between geese due to larger congregations, increasing virus accumulation in the environment
(Fig E in S1 Appendix for the virus accumulation) so that the indirect transmission increased,
which contributed more to AIV prevalence (Fig 4C and 4D). Particularly in the extreme sce-
nario, the removal of wintering sites in the Yangtze River floodplain caused the geese to
migrate 426.3 km less (Figs 1 A, 1F and 2F) and terminate their migration 11 days earlier com-
pared to the complete network (see Fig F in S1 Appendix for arrival geese at wintering sites),
shifting the second infection peaks drastically, as they started earlier and grew larger.
Moreover, the infection prevalence showed one striking infection peak followed by another
gentle peak in different scenarios (Fig 4A-4D), indicating that migration can temporally
decrease infection prevalence. Additional simulations confirmed that migration behavior
reduced the infection peak by 35% (see Fig G in S1 Appendix for infection comparison
between migratory and sedentary populations), because the migration lowered direct and indi-
rect environmental transmission while migrating, by allowing susceptible geese to escape from
infection [47]. It was in line with the concept of “migratory escape” [3], i.e., the migration
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allows the host to “escape” from the location where pathogen infection risk is high [48].
Although these “escaped geese” were eventually infected, longer migration distance can lead to
a later congregation and more recoveries, postponing the outbreaks and lowering the maxi-
mum prevalence at wintering sites. However, larger congregations and significantly shorter
migration distances caused by the extreme habitat loss largely neutralize the effect of migration
escape.

The migratory escape has been found in various host-pathogen relationships, such as war-
ble fly in reindeer [3] or protozoan parasites in butterflies [49]. Although only a few studies
mentioned the migratory escape for the interactions between waterfowl migration and AIVs
spread and transmission [47,50,51], its effects are worth examining. For example, previous
studies found that some waterfowl populations have no AIV infection during their migration,
suggesting their role spreading AIV over long distances was overestimated [18,52,53]. So, what
role does migratory escape play in determining the spatial and temporal patterns of AIV
spread and transmission, especially in well-preserved migration network? To answer this
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question, we call for a more extensive sampling effort, i.e., with a larger sampling period and
size [54,55] and with a broader spatial and species coverage to better capture the spatial and
temporal dynamics of AIV infection at a flyway scale.

Adding age structure and varying initial population in the model slightly changed the ATV
transmission patterns but did not affect the general effect of habitat loss on AIV spread. Specif-
ically, immunological naive geese in the population slightly increased AIV transmission (Fig H
in S1 Appendix), and the smaller population size led to fewer infections (Fig I in S1 Appendix).
However, the immunological naive geese and smaller population size did not qualitatively
change our conclusions about the relationship between the ATV outbreak risk, site connectiv-
ity, and number of visiting geese, or about the effects of site removal on increasing AIV out-
break risk (Fig L, ], and K in S1 Appendix).

In summary, our study explored the potential consequences of habitat loss, i.e., site
removal, on spatial and temporal patterns of the AIV spread and transmission. Our simulation
showed that habitat loss affects AIV distribution and prevalence. Our study emphasizes the
effects of habitat loss on epidemiological dynamics in migratory waterbirds populations, and
thereby on the relationships between conservation and pathogen spread. This relationship can
be better understood if we combine animal tracking studies, field surveillance, and network
analyzes at flyway scale in future studies.

Methods

Our model and simulations were composed of four sections, including 1) the identification of
suitable habitats, 2) migration network construction, 3) simulation of goose migration and 4)
simulation of AIV transmission. First, we identified the suitable habitats for the Greater white-
fronted goose by performing logistic regression analysis between the goose observation record
in wetlands and environmental predictors. Second, we treated the suitable habitats as sites and
used goose migration step length as maximum connection distance to construct migration
network of all sites. We then removed sites from the network with intervals of 10% sites, and
thus generated 6 scenarios of migration networks. Third, we used agent-based model (ABM)
to simulate individual migration behavior of the Greater white-fronted goose in each network
scenario. Forth, we used susceptible-infected-recovered (SIR) model to simulate the AIV
transmission in the population.

Suitable habitats identification

The distribution range of the Greater white-fronted goose in the EAAF covers a large area
from 70° N in Russia to 29° N in China, which includes Mongolia, Japan, the Korean Penin-
sula, and the Yangtze River floodplain. We obtained the classification of breeding region, stop-
over region, and wintering region from the species distribution maps that generated by the
Birdlife International [56]. Since stopover region and wintering region partly overlap, we clas-
sified the wintering region as between 36°N and 29°N.

All potential wetland habitats were extracted from the Global Lakes and Wetlands Database
[57], and land cover maps for 1992 and 2012 were obtained from the European Space Agency
CCI 300-m annual global land cover products (http://www.esa-landcover-cci.org/). Moreover,
the suitability of each potential habitat was estimated by predicting the probability of water-
birds occurrence from a logistic regression model, based on the relationship between the
binary observation record (i.e., presence or absence of the Greater white-fronted goose) and
several environmental predictors, including water body area, elevation, longitude, and suitable
foraging areas (i.e., grassland and cropland). The habitat selection followed the procedure
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described in a previous study [13]. We considered habitats to be suitable when the predicted
probability of the goose presence exceeded 75%.

Migration network construction

All the suitable habitats were treated as sites in the network construction. We used the coordi-
nate of the geometric center of each site as the geographic location, and then calculated the
geographic distances between all coordinate pairs. The coordinates and distances were calcu-
lated with the azimuthal equidistant projection, while the area of each site was calculated with
a cylindrical equal area. Moreover, we assigned attributes, including geographic coordinates,
area size and type (i.e., breeding, stopover, or wintering), to each site, and calculated the per-
centage of wetland habitat loss between 1992 and 2012. The suitable sites with their attributes
are described in the Table B in S1 Appendix.

We only generated fall migration networks to test the effect of habitat loss, because the
waterfowl migration is more likely to spread the AIV southwards [17,18]. We constructed
directional links from sites with a higher latitude to sites with a lower latitude between centers
of each pair, if the geographical distance Dj; (i.e., geographic distance between site i and j) was
shorter than the migration step length Lg,, (i.e., the maximum migration distance without
rest). In 50 sites (out of 98 suitable sites) area loss occurred, we generated 6 theoretical migra-
tion networks in total, by removing sites in order of the descending area of habitat loss. These
theoretical networks are the complete network, and network scenarios with removal of 10%,
20%, 30%, 40%, and 50% of these sites. Each scenario had 10 sites less than the preceding sce-
nario (See Fig B in S1 Appendix, with their corresponding basic network metrics listed in
Table Cin S1 Appendix).

Simulation of goose migration

We applied a migratory flow network to simulate the geese movement over the sites [58]. Each
site was assigned a variable, site attractiveness A, to represent the suitability of the site i at
given time ¢. Each link was assigned two variables, migration resistance R;; to represent the dif-
ficulty for travelling from site i to j, and the migration probability MP;; to represent the likeli-
hood for travelling from site i to j. Moreover, we assumed the attractiveness A;* was negatively
influenced by goose density 4;', whereas the migration resistance R;; was positively influenced
by geographical distance D;; [58]. These variables at time step t were calculated as:

MPij = (Aj - Ai)/Rij (1)
A, = —ei (2)
Rij = ekZDij (3)

where k; and k; are scaling parameters. In general, the decision was determined by goose den-
sity and distance between the sites (see supplementary method in S1 Appendix for details),
and the goose prefers to select the link with greatest migration probability MP;;.

A total of 10,000 geese were simulated as agents in our model. Each goose was randomly
assigned body mass m, according to a gaussian distribution at the beginning of simulation. At
each time step ¢, the body mass dynamic was calculated as:

m' = o (4)

) m'™' + a, if resting
m~ — ¢ xs, if flying
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where a is the accumulation rate during resting at a site, ¢ is the body mass consumption rate
during flying, s is the flying speed. When a resting goose cumulated enough body mass (i.e.,
above a threshold ¢), the goose selected a site to migrate to in next time step.

GPS telemetry tracking revealed that Greater white-fronted goose migrates within a narrow
corridor (i.e., longitude range) and makes stops for rest and refueling during fall migration
[35,36]. Therefore, we setup two variables, the corridor width w, and the expected number of
rests 1, to constrain the sites selection. The corridor width w constrains the geese to migrate
within a range of longitudes, and the number of rests # regulates the number of stopover sites
before arriving at the wintering site. The detailed decision-making rules are explained in the
supplementary method (Fig A in the S1 Appendix). For simplification, we did not include any
goal-oriented behavior or mortality or reproduction in the model.

Simulation of AIV transmission

We applied an SIR model to simulate the AIV transmission in the migratory population. A
susceptible goose can become infected via either direct transmission, caused by direct contact
between susceptible and infected geese, or indirect environmental transmission, caused by
viruses in the environment. An infected goose recovered when it has been infected for a certain
period Tiyfection- Following previous studies [22,59], we assumed that the geese remained
immune after recovery from the infection, as the antibodies to AIV can last for months in
waterfowl [60].

Moreover, previous studies found that integrating frequency-dependent transmission and
environmental transmission in the model best fitted the observed infection dynamics [59,61].
We therefore followed a previous framework [47], assuming that the direct transmission
among geese is frequency-dependent, and the infection probability p for each susceptible
goose at site i and time step ¢ was calculated as:

p=LI*E) 5
N
where f3 is the transmission rate parameter, I the number of infected geese, N the number of
geese, E the amount of environmental virus at the goose scale (see below).
The amount of virus V* in the environment at site i is calculated as:

Vt — thl _ nvtfl +81t71 _ n81t71 (6)

where 7 is the virus decaying rate in the environment, and ¢ is the virus shedding rate. We
divided the equation by shedding rate £ to obtain:

LV VT
E_;_(l—n)<T+I ) (7)

Therefore, we can use the variable E to represent the amount of viruses at the scale of goose,
for reducing the number of variables [62]. In addition, we only modelled a single AIV strain
and one goose population, to avoid the complex infection dynamics caused by cross-immune
responses to multiple strains. We further assumed that the infection did not change the migra-
tion behaviors of infected geese. The simulations ended after all geese stopped migrating and
no infected geese existed in the population, which allowed us to capture the full migration and
complete prevalence dynamics.
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Model parameterization

A GPS telemetry tracking study suggested that Greater white-fronted goose in the EAAF
acquire necessary body mass stores before starting fall migration [36], and we assume that the
resting replenish the energy cost of migration. Therefore, the body mass consumption rate ¢
was generally calculated as:

axT,
resting
c=—r— 8
D (®)

ns

where Teging is the number of days that Greater white-fronted goose rest on stopover sites, D,
is the geographic distance between the northernmost and southernmost sites. As the transmis-
sion rate parameter 3 of AIV in populations of wild goose is largely unknown [63], we used the
value 0.15 (Table 1), which translates to a basic reproduction number R, = 1.03 at the begin-
ning of simulation when no virus existed in the environment, and increasing maximally to
5.97 due to the geese congregation and virus accumulation in the environment. In addition,
we also conducted a sensitivity analysis for the parameter 3 by varying the value by 20% (Fig L
in S1 Appendix). Other parameters were extracted from published studies (Table 1).

In addition, we simulated AIV transmission within a sedentary population for illustrating
the effects of migration. We analyzed the influence of a difference in age structure (i.e., juve-
nile/adult ratio) by dividing the population into juvenile and adult groups and setting the juve-
nile group had higher infection probability (Table 1). According to previous studies, the
proportion of juvenile geese was set as 35% in the migratory population [64-66], and the juve-
nile geese have a 22% greater risk to be infected, compared to the adult geese [67]. We also ana-
lyzed the influence of a declining population size with habitat loss, by estimating the
population size in each scenario. We estimated the population sizes by implementing a modi-
fied regression relationship between ratio of population change and ratio of functional connec-
tivity change to estimate the population sizes, in line with a previous study [30]. The

Table 1. Parameters in the agent-based model, with their abbreviation, definition, value, unit, and reference.

Parameter
N
My

mU

Cc
N
Tresting
n
Dy
Luep
¢
B
n
Tinfection
k
k,
o

£

https://doi.org/10.1371/journal.pcbi.1009577 t001

Definition Value Unit Reference
population size 10,0000 goose [22]
average body mass 2075 (2075-3000) g [68]
standard deviation of body mass 215 g [68]
migration threshold of body mass 15% (12%-17.5%) - [69]
body mass accumulation rate 24.6 (24.6-30) g day’l [69]
body mass consumption rate 0.09 ghm! -

flying speed 526 (+155) km day™ [36]
resting period 17 (17-29) dayl [36]
expected number of rests 2.1 (+0.8) - [36]
geographic distance between the northernmost and the southernmost site in the complete network | 4509 km

step length 1710 (+£476) km [36]
ratio of the initial infection 0.01 -

transmission rate parameter 0.15 day

virus decaying rate in environment 0.03 (0.02-0.2) - [22,59]
max infection period 7 day [70]
scale parameter for attractiveness 0.00001 -

scale parameter for resistance 0.01 -

proportion of juvenile geese 0.35 - [64-66]
Excess infection probability for juvenile geese 0.22 - [67]
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description of the regression relationship and the estimated functional connectivity and corre-
sponded population sizes are summarized in Table D in S1 Appendix.

Model analysis

In each network scenario, we initiated the model with all geese at the northernmost site, with
an initial infection prevalence 1%. No virus pre-existed in environment at any site at the begin-
ning of the simulations. In the simulation, one time step was equivalent to one day.

To investigate the infection dynamics during migration, we counted the number of infected
geese via direct transmission and indirect environmental transmission. We also calculated the
effective reproduction number R, (i.e., the sum of the average number of new infections) for
each site at each time step as below, Ry>1 indicates an outbreak [22]:

N

R, = T~
V= BT+

18
p aN (9)
For each network, the simulation iterated 1,000 times and all outputs were averaged. For each
iteration, we exported the selected link of each goose at each time step, which were used to gen-
erate the visited migration network for performing further analysis. Moreover, we used the
average link repetitions (i.e., over 1000 iterations) as weight score for calculating the weighted
in-degree of each site to represent both the connection with other sites and the number of
geese arriving on the focal site for resting. We also calculated the average travelling distance of
the population and the number of sites, the number of links, and the link densities as network-
level metrics to study the effects of site removal on network connectivity [71].

Statistical analysis

We performed a generalized linear model (GLM) to examine whether the habitat loss can
increase the outbreak risk in remaining sites. We selected the maximum R, across time steps at
each site to represent the outbreak risk. The independent predictors were the weighed in-
degree and network scenario. Data generated from all six network scenarios were integrated to
perform the GLM analysis. We used the Kruskal-Wallis test to examine the difference in basic
metrics of the visited network in different scenarios, and the t-test to examine the difference in
the basic reproduction number R at each site in the different scenarios. In this study, the envi-
ronmental factors were extracted in ArcMap 10.2.1, the agent-based model was constructed in
Netlogo 6.1.1 (S2 Appendix), the background map of the East Asian was extracted from pack-
age “maps” in R environment [72], the numerical data used in figures are included in S3 Data.
All the data processing and statistical analysis were performed in R 4.0.5.

Supporting information

S1 Appendix. Supplementary method, figures and tables (PDF).
(PDF)

S$2 Appendix. The agent-based model for simulating geese migration and AIV transmis-
sion (Netlogo).
(Z1P)

S1 Data. The numerical data used in figures (Rdata).
(ZIP)

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1009577  August 18, 2022 12/17


http://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1009577.s001
http://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1009577.s002
http://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1009577.s003
https://doi.org/10.1371/journal.pcbi.1009577

PLOS COMPUTATIONAL BIOLOGY Habitat loss exacerbates pathogen spread

Acknowledgments

We thank Steve Railsback, Robert Schlicht and Uta Berger for their help in NetLogo program-
ming. We thank Yibin Zheng for checking the code robustness.

Author Contributions

Conceptualization: Shenglai Yin, Herbert H. T. Prins, Zheng Y. X. Huang, Willem F. de Boer.
Formal analysis: Shenglai Yin, Yanjie Xu, Mingshuai Xu.

Funding acquisition: Shenglai Yin, Zheng Y. X. Huang.

Investigation: Shenglai Yin.

Methodology: Shenglai Yin, Yanjie Xu, Mart C. M. de Jong, Mees R. S. Huisman, Andrea
Contina, Zheng Y. X. Huang, Willem F. de Boer.

Project administration: Zheng Y. X. Huang, Willem F. de Boer.
Resources: Willem F. de Boer.

Supervision: Zheng Y. X. Huang, Willem F. de Boer.

Validation: Shenglai Yin, Mart C. M. de Jong, Mees R. S. Huisman.
Visualization: Shenglai Yin.

Writing - original draft: Shenglai Yin.

Writing - review & editing: Shenglai Yin, Yanjie Xu, Mart C. M. de Jong, Mees R. S. Huis-
man, Andrea Contina, Herbert H. T. Prins, Zheng Y. X. Huang, Willem F. de Boer.

References
1. Dingle H, Drake VA. What is migration? Bioscience. 2007; 57: 113—121. https://doi.org/10.1641/
B570206.
2. Dingle H. Migration: the biology of life on the move. 2nd ed. Oxford, UK: Oxford University Press;
2014.

3. Altizer S, Bartel R, Han BA. Animal migration and infectious disease risk. Science. 2011; 331: 296-302.
https://doi.org/10.1126/science.1194694 PMID: 21252339

4. Becker DJ, Streicker DG, Altizer S. Linking anthropogenic resources to wildlife-pathogen dynamics: A
review and meta-analysis. Ecol Lett. 2015; 18: 483—495. https://doi.org/10.1111/ele.12428 PMID:
25808224

5. Kramer LD, Ciota AT, Kilpatrick AM. Introduction, spread, and establishment of West Nile virus in the
Americas. J Med Entomol. 2019; 56: 1448—-1455. https://doi.org/10.1093/jme/tjz151 PMID: 31549719

6. Koprivnikar J, Leung TLF. Flying with diverse passengers: Greater richness of parasitic nematodes in
migratory birds. Oikos. 2015; 124: 399-405. https://doi.org/10.1111/0ik.01799

7. Ishtiaq F, Renner SC. Bird migration and vector-borne parasite transmission. 1st ed. In: Santiago-Alar-
con D, Marzal A, editors. Avian malaria and related parasites in the tropics. 1sted. Springer, Cham;
2020. pp. 513-526. https://doi.org/10.1007/978-3-030-51633-8_16.

8. Comstedt P, Bergstrom S, Olsen B, Garpmo U, Marjavaara L, Mejlon H, et al. Migratory passerine birds
as reservoirs of Lyme borreliosis in Europe. Emerg Infect Dis. 2006; 12: 1087. https://doi.org/10.3201/
eid1207.060127

9. TianH, Zhou S, Dong L, Van Boeckel TP, Cui Y, Newman SH, et al. Avian influenza H5N1 viral and bird
migration networks in Asia. Proc Natl Acad Sci. 2015; 112: 172-177. https://doi.org/10.1073/pnas.
1405216112 PMID: 25535385

10. LiC,ZhangY, ZhaD, Yang S, Huang ZYX, de Boer WF. Assembly processes of waterbird communities
across subsidence wetlands in China: A functional and phylogenetic approach. Divers Distrib. 2019;
1118-1129. https://doi.org/10.1111/ddi. 12919

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1009577  August 18, 2022 13/17


https://doi.org/10.1641/B570206
https://doi.org/10.1641/B570206
https://doi.org/10.1126/science.1194694
http://www.ncbi.nlm.nih.gov/pubmed/21252339
https://doi.org/10.1111/ele.12428
http://www.ncbi.nlm.nih.gov/pubmed/25808224
https://doi.org/10.1093/jme/tjz151
http://www.ncbi.nlm.nih.gov/pubmed/31549719
https://doi.org/10.1111/oik.01799
https://doi.org/10.1007/978-3-030-51633-8_16
https://doi.org/10.3201/eid1207.060127
https://doi.org/10.3201/eid1207.060127
https://doi.org/10.1073/pnas.1405216112
https://doi.org/10.1073/pnas.1405216112
http://www.ncbi.nlm.nih.gov/pubmed/25535385
https://doi.org/10.1111/ddi.12919
https://doi.org/10.1371/journal.pcbi.1009577

PLOS COMPUTATIONAL BIOLOGY Habitat loss exacerbates pathogen spread

11. Hadjikyriakou TG, Nwankwo EC, Virani MZ, Kirschel ANG. Habitat availability influences migration
speed, refueling patterns and seasonal flyways of a fly-and-forage migrant. Mov Ecol. 2020; 8: 1—14.
https://doi.org/10.1186/s40462-020-0190-4

12. Shimazaki H, Tamura M, Darman Y, Andronov V, Parilov MP, Nagendran M, et al. Network analysis of
potential migration routes for Oriental White Storks (Ciconia boyciana). Ecol Res. 2004; 19: 683—-698.
https://doi.org/10.1111/j.1440-1703.2004.00684.x

13. XuY,SiV,YinS, Zhang W, Grishchenko M, Prins HHT, et al. Species-dependent effects of habitat deg-
radation in relation to seasonal distribution of migratory waterfowl in the East Asian—Australasian Fly-
way. Landsc Ecol. 2019; 34: 243-257. https://doi.org/10.1007/s10980-018-00767-7

14. Aharon-Rotman Y, Bauer S, Klaassen M. A chain is as strong as its weakest link: assessing the conse-
quences of habitat loss and degradation in a long-distance migratory shorebird. Emu. 2016; 116: 199—
207. https://doi.org/10.1071/MU15029.

15. Verhagen JH, Fouchier RAM, Lewis N. Highly pathogenic avian influenza viruses at the wild—domestic
bird interface in Europe: Future directions for research and surveillance. Viruses. 2021; 13: 212. https://
doi.org/10.3390/v13020212 PMID: 33573231

16. Verhagen JH, Herfst S, Fouchier RAM. How a virus travels the world. Science. 2015; 347: 616-617.
https://doi.org/10.1126/science.aaa6724 PMID: 25657235

17. XuY, Gong P, Wielstra B, Si Y. Southward autumn migration of waterfowl facilitates cross-continental
transmission of the highly pathogenic avian influenza H5N1 virus. Sci Rep. 2016; 6: 30262. https://doi.
org/10.1038/srep30262 PMID: 27507581

18. Kleijn D, Munster VJ, Ebbinge BS, Jonkers DA, Muskens GJDM, Van Randen Y, et al. Dynamics and
ecological consequences of avian influenza virus infection in greater white-fronted geese in their winter
staging areas. Proc R Soc B Biol Sci. 2010; 277: 2041-2048. https://doi.org/10.1098/rspb.2010.0026
PMID: 20200028

19. Dijk JGB Van, Hoye BJ, Verhagen JH, Nolet BA, Fouchier RAM, Klaassen M. Juveniles and migrants
as drivers for seasonal epizootics of avian influenza virus. J Anim Ecol. 2014; 83: 266—275. https://doi.
org/10.1111/1365-2656.12131 PMID: 24033258

20. ProsserDJ, Palm EC, Takekawa JY, Zhao D, Xiao X, Li P, et al. Movement analysis of free-grazing
domestic ducks in Poyang Lake, China: A disease connection. Int J Geogr Inf Sci. 2016; 30: 869-880.
https://doi.org/10.1080/13658816.2015.1065496 PMID: 27695384

21. van Dijk JG, Verhagen JH, Wille M, Waldenstrdm J. Host and virus ecology as determinants of influenza
A virus transmission in wild birds. Curr Opin Virol. 2018; 28: 26—-36. https://doi.org/10.1016/j.coviro.
2017.10.006 PMID: 29121508

22. Rohani P, Breban R, Stallknecht DE, Drake JM. Environmental transmission of low pathogenicity avian
influenza viruses and its implications for pathogen invasion. Proc Natl Acad Sci. 2009; 106: 10365—
10369. https://doi.org/10.1073/pnas.0809026106 PMID: 19497868

23. Fearnley L. Wild goose chase: The displacement of influenza research in the fields of Poyang Lake,
China. Cult Anthropol. 2015; 30: 12—35. https://doi.org/10.14506/ca30.1.03

24. YinS, XuY, Batbayar N, Takekawa JY, Si Y, Prosser DJ, et al. Do contrasting patterns of migration
movements and disease outbreaks between congeneric waterfowl species reflect differing immunity?
Geospat Health. 2021;16. https://doi.org/10.4081/gh.2021.909 PMID: 34000793

25. Endo A, Nishiura H. The role of migration in maintaining the transmission of avian influenza in waterfowl:
A multisite multispecies transmission model along East Asian-Australian flyway. Can J Infect Dis Med
Microbiol. 2018;2018. https://doi.org/10.1155/2018/3420535 PMID: 29796138

26. Sullivan JD, Takekawa JY, Spragens KA, Newman SH, Xiao X, Leader PJ, et al. Waterfowl spring
migratory behavior and avian influenza transmission risk in the changing landscape of the East Asian-
Australasian Flyway. Front Ecol Evol. 2018; 6: 1-14. https://doi.org/10.3389/fevo.2018.00206

27. WangD, LiM, Xiong C, Yan Y, Hu J, Hao M, et al. Ecology of avian influenza viruses in migratory birds
wintering within the Yangtze River wetlands. Sci Bull. 2021; 66: 2014—-2024. https://doi.org/10.1016/j.
scib.2021.03.023

28. MaoD,WangZ, WuJ, WuB, Zeng Y, Song K, et al. China’s wetlands loss to urban expansion. L
Degrad Dev. 2018; 29: 2644—2657. https://doi.org/10.1002/Idr.2939.

29. XuW, Fan X, MaJ, Pimm SL, KongL, Zeng Y, et al. Hidden loss of wetlands in China. Curr Biol. 2019;
29: 3065-3071. hitps://doi.org/10.1016/j.cub.2019.07.053 PMID: 31474534

30. XuY,SiY,Wang, Zhang, Prins HHT, Cao L, et al. Loss of functional connectivity in migration net-
works induces population decline in migratory birds. Ecol Appl. 2019; 29: e01960. https://doi.org/10.
1002/eap.1960 PMID: 31237968

31. Telleria JL, Pérez-Tris J. Seasonal distribution of a migratory bird: effects of local and regional resource
tracking. J Biogeogr. 2003; 30: 1583—1591. https://doi.org/10.1046/j.1365-2699.2003.00960.x

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1009577  August 18, 2022 14/17


https://doi.org/10.1186/s40462-020-0190-4
https://doi.org/10.1111/j.1440-1703.2004.00684.x
https://doi.org/10.1007/s10980-018-00767-7
https://doi.org/10.1071/MU15029
https://doi.org/10.3390/v13020212
https://doi.org/10.3390/v13020212
http://www.ncbi.nlm.nih.gov/pubmed/33573231
https://doi.org/10.1126/science.aaa6724
http://www.ncbi.nlm.nih.gov/pubmed/25657235
https://doi.org/10.1038/srep30262
https://doi.org/10.1038/srep30262
http://www.ncbi.nlm.nih.gov/pubmed/27507581
https://doi.org/10.1098/rspb.2010.0026
http://www.ncbi.nlm.nih.gov/pubmed/20200028
https://doi.org/10.1111/1365-2656.12131
https://doi.org/10.1111/1365-2656.12131
http://www.ncbi.nlm.nih.gov/pubmed/24033258
https://doi.org/10.1080/13658816.2015.1065496
http://www.ncbi.nlm.nih.gov/pubmed/27695384
https://doi.org/10.1016/j.coviro.2017.10.006
https://doi.org/10.1016/j.coviro.2017.10.006
http://www.ncbi.nlm.nih.gov/pubmed/29121508
https://doi.org/10.1073/pnas.0809026106
http://www.ncbi.nlm.nih.gov/pubmed/19497868
https://doi.org/10.14506/ca30.1.03
https://doi.org/10.4081/gh.2021.909
http://www.ncbi.nlm.nih.gov/pubmed/34000793
https://doi.org/10.1155/2018/3420535
http://www.ncbi.nlm.nih.gov/pubmed/29796138
https://doi.org/10.3389/fevo.2018.00206
https://doi.org/10.1016/j.scib.2021.03.023
https://doi.org/10.1016/j.scib.2021.03.023
https://doi.org/10.1002/ldr.2939
https://doi.org/10.1016/j.cub.2019.07.053
http://www.ncbi.nlm.nih.gov/pubmed/31474534
https://doi.org/10.1002/eap.1960
https://doi.org/10.1002/eap.1960
http://www.ncbi.nlm.nih.gov/pubmed/31237968
https://doi.org/10.1046/j.1365-2699.2003.00960.x
https://doi.org/10.1371/journal.pcbi.1009577

PLOS COMPUTATIONAL BIOLOGY Habitat loss exacerbates pathogen spread

32. Caol,Zhang, Barter M, Lei G. Anatidae in eastern China during the non-breeding season: Geo-
graphical distributions and protection status. Biol Conserv. 2010; 143: 650—659. https://doi.org/10.
1016/j.biocon.2009.12.001

33. Zhang, Caol, Barter M, Fox AD, Zhao M, Meng F, et al. Changing distribution and abundance of
Swan Goose Anser cygnoides in the Yangtze River floodplain: The likely loss of a very important winter-
ing site. Bird Conserv Int. 2011; 21: 36—48. https://doi.org/10.1017/S0959270910000201

34. YuH,WangX, Caol, ZhangL, Jia Q, Lee H, et al. Are declining populations of wild geese in China
‘prisoners’ of their natural habitats? Curr Biol. 2017; 27: 376-377. https://doi.org/10.1016/j.cub.2017.
04.037 PMID: 28535385

35. Kolzsch A, Miiskens GJDM, Kruckenberg H, Glazov P, Weinzierl R, Nolet BA, et al. Towards a new
understanding of migration timing: slower spring than autumn migration in geese reflects different deci-
sion rules for stopover use and departure. Oikos. 2016; 125: 1496—1507. https://doi.org/10.1111/oik.
03121

36. Deng X, Zhao Q, FangL, Xu Z, Wang X, He H, et al. Spring migration duration exceeds that of autumn
migration in Far East Asian Greater White-fronted Geese (Anser albifrons). Avian Res. 2019; 10: 1-11.
https://doi.org/10.1186/s40657-019-0157-6.

37. SiY,XuY, XuF, Li X, Zhang W, Wielstra B, et al. Spring migration patterns, habitat use, and stopover
site protection status for two declining waterfowl species wintering in China as revealed by satellite
tracking. Ecol Evol. 2018; 1-10. https://doi.org/10.1002/ece3.4174 PMID: 29988414

38. Gilbert M, Xiao X, Pfeiffer DU, Epprecht M, Boles S, Czarnecki C, et al. Mapping H5N1 highly patho-
genic avian influenza risk in Southeast Asia. Proc Natl Acad Sci U S A. 2008; 105: 4769-4774. https:/
doi.org/10.1073/pnas.0710581105 PMID: 18362346

39. Saura S, Bodin O, Fortin M. Stepping stones are crucial for species’ long-distance dispersal and range
expansion through habitat networks. J Appl Ecol. 2014; 51: 171-182. https://doi.org/10.1111/1365-
2664.12179

40. XuY,SiY, Takekawa J, Liu Q, Prins HHT, Yin S, et al. A network approach to prioritize conservation
efforts for migratory birds. Conserv Biol. 2020; 34: 416—426. https://doi.org/10.1111/cobi.13383 PMID:
31268188

41. Maxted AM, Sitters HP, Luttrell MP, Dey AD, Kalasz KS, Niles LJ, et al. Spring migration stopover ecol-
ogy of avian influenza virus shorebird hosts at Delaware bay. Avian Diseases. 2016. https://doi.org/10.
1637/11079-040515-Reg PMID: 27309084

42, ShiW, Gao GF. Emerging H5N8 avian influenza viruses. Science. 2021; 372: 784—786. https://doi.org/
10.1126/science.abg6302 PMID: 34016764

43. SiY,XuF,Weid, ZhangL, Murray N, Yang R, et al. A systematic network-based migratory bird monitor-
ing and protection system is needed in China. Sci Bull. 2021; 66: 955-957. https://doi.org/10.1016/].
scib.2021.01.033

44, Ilwamura T, Possingham HP, Chadés |, Minton C, Murray NJ, Rogers DI, et al. Migratory connectivity
magnifies the consequences of habitat loss from sea-level rise for shorebird populations. Tohoku J Exp
Med. 2013;230. https://doi.org/10.1098/rspb.2013.0325 PMID: 23760637

45. Evans JC, Silk MJ, Boogert NJ, Hodgson DJ. Infected or informed? Social structure and the simulta-
neous transmission of information and infectious disease. Oikos. 2020; 129: 1271-1288. https://doi.org/
10.1111/0ik.07148

46. Ortiz-Pelaez A, Pfeiffer DU, Soares-Magalhades RJ, Guitian FJ. Use of social network analysis to char-
acterize the pattern of animal movements in the initial phases of the 2001 foot and mouth disease
(FMD) epidemic in the UK. Prev Vet Med. 2006; 76: 40-55. https://doi.org/10.1016/j.prevetmed.2006.
04.007 PMID: 16769142

47. Yin S, de Knegt HJ, de Jong MCM, SiY, Prins HHT, Huang ZYX, et al. Effects of migration network con-
figuration and migration synchrony on infection prevalence in geese. J Theor Biol. 2020; 502: 110315.
https://doi.org/10.1016/j.jtbi.2020.110315 PMID: 32387368

48. Hall RJ, Altizer S, Bartel RA. Greater migratory propensity in hosts lowers pathogen transmission and
impacts. J Anim Ecol. 2014; 83: 1068—1077. https://doi.org/10.1111/1365-2656.12204 PMID:
24460702

49. Satterfield DA, Maerz JC, Altizer S. Loss of migratory behaviour increases infection risk for a butterfly
host. Proc R Soc B Biol Sci. 2015; 282: 20141734—-20141734. https://doi.org/10.1098/rspb.2014.1734
PMID: 25589600

50. Arriero E, Muller |, Juvaste R, Martinez FJ, Bertolero A. Variation in immune parameters and disease
prevalence among Lesser Black-backed Gulls (Larus fuscus sp.) with different migratory strategies.
PLoS One. 2015; 10: e0118279. https://doi.org/10.1371/journal.pone.0118279 PMID: 25679797

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1009577  August 18, 2022 15/17


https://doi.org/10.1016/j.biocon.2009.12.001
https://doi.org/10.1016/j.biocon.2009.12.001
https://doi.org/10.1017/S0959270910000201
https://doi.org/10.1016/j.cub.2017.04.037
https://doi.org/10.1016/j.cub.2017.04.037
http://www.ncbi.nlm.nih.gov/pubmed/28535385
https://doi.org/10.1111/oik.03121
https://doi.org/10.1111/oik.03121
https://doi.org/10.1186/s40657-019-0157-6
https://doi.org/10.1002/ece3.4174
http://www.ncbi.nlm.nih.gov/pubmed/29988414
https://doi.org/10.1073/pnas.0710581105
https://doi.org/10.1073/pnas.0710581105
http://www.ncbi.nlm.nih.gov/pubmed/18362346
https://doi.org/10.1111/1365-2664.12179
https://doi.org/10.1111/1365-2664.12179
https://doi.org/10.1111/cobi.13383
http://www.ncbi.nlm.nih.gov/pubmed/31268188
https://doi.org/10.1637/11079-040515-Reg
https://doi.org/10.1637/11079-040515-Reg
http://www.ncbi.nlm.nih.gov/pubmed/27309084
https://doi.org/10.1126/science.abg6302
https://doi.org/10.1126/science.abg6302
http://www.ncbi.nlm.nih.gov/pubmed/34016764
https://doi.org/10.1016/j.scib.2021.01.033
https://doi.org/10.1016/j.scib.2021.01.033
https://doi.org/10.1098/rspb.2013.0325
http://www.ncbi.nlm.nih.gov/pubmed/23760637
https://doi.org/10.1111/oik.07148
https://doi.org/10.1111/oik.07148
https://doi.org/10.1016/j.prevetmed.2006.04.007
https://doi.org/10.1016/j.prevetmed.2006.04.007
http://www.ncbi.nlm.nih.gov/pubmed/16769142
https://doi.org/10.1016/j.jtbi.2020.110315
http://www.ncbi.nlm.nih.gov/pubmed/32387368
https://doi.org/10.1111/1365-2656.12204
http://www.ncbi.nlm.nih.gov/pubmed/24460702
https://doi.org/10.1098/rspb.2014.1734
http://www.ncbi.nlm.nih.gov/pubmed/25589600
https://doi.org/10.1371/journal.pone.0118279
http://www.ncbi.nlm.nih.gov/pubmed/25679797
https://doi.org/10.1371/journal.pcbi.1009577

PLOS COMPUTATIONAL BIOLOGY Habitat loss exacerbates pathogen spread

51. Hoye BJ, Munster VJ, Huig N, De Vries P, Oosterbeek K, Tijsen W, et al. Hampered performance of
migratory swans: Intra- and inter-seasonal effects of avian influenza virus. Integr. Comp. Biol. 2016; 56
(2): 317-329. https://doi.org/10.1093/ich/icw038 PMID: 27252210

52. Yin S, Kleijn D, Miskens GJDM, Fouchier RAM, Verhagen JH, Glazov PM, et al. No evidence that
migratory geese disperse avian influenza viruses from breeding to wintering ground. PLoS One. 2017;
12: e0177790. https://doi.org/10.1371/journal.pone.0177790 PMID: 28542340

53. Verhagen JH, Van Dijk JGB, Vuong O, Bestebroer T, Lexmond P, Klaassen M, et al. Migratory birds
reinforce local circulation of avian influenza viruses. PLoS One. 2014;9. https://doi.org/10.1371/journal.
pone.0112366 PMID: 25391154

54. Munster VJ, Baas C, Lexmond P, Waldenstrom J, Wallensten A, Fransson T, et al. Spatial, temporal,
and species variation in prevalence of influenza A viruses in wild migratory birds. PLoS Pathog. 2007; 3:
0630-0638. https://doi.org/10.1371/journal.ppat.0030061 PMID: 17500589

55. Wallensten A, Munster VJ, Latorre-Margalef N, Brytting M, Elmberg J, Fouchier RAM, et al. Surveil-
lance of influenza A virus in migratory waterfowl in northern Europe. Emerg Infect Dis. 2007; 13: 404—
411. https://doi.org/10.3201/eid13083.061130 PMID: 17552093

56. Birdlife International and NatureServe. Bird species distribution maps of the world Version 5.0. 2015
[cited 2 Nov 2021]. Available from: http://datazone.birdlife.org/species/requestdis.

57. Lehner B, Doll P. Development and validation of a global database of lakes, reservoirs and wetlands. J
Hydrol. 2004; 296: 1-22. https://doi.org/10.1016/j.jhydrol.2004.03.028.

58. Taylor CM, Laughlin AJ, Hall RJ. The response of migratory populations to phenological change: A
Migratory Flow Network modelling approach. J Anim Ecol. 2016; 85: 648—659. https://doi.org/10.1111/
1365-2656.12494 PMID: 26782029

59. Breban R, Drake JM, Stallknecht DE, Rohani P. The role of environmental transmission in recurrent
avian influenza epidemics. PLoS Comput Biol. 2009;5. https://doi.org/10.1371/journal.pcbi. 1000346
PMID: 19360126

60. Samuel MD, Hall JS, Brown JD, Goldberg DR, Ip H, Baranyuk V V. The dynamics of avian influenza in
Lesser Snow Geese: Implications for annual and migratory infection patterns. Ecol Appl. 2015; 25:
1851-1859. https://doi.org/10.1890/14-1820.1 PMID: 26591451

61. Roche B, Lebarbenchon C, Gauthier-Clerc M, Chang CM, Thomas F, Renaud F, et al. Water-borne
transmission drives avian influenza dynamics in wild birds: The case of the 2005-2006 epidemics in the
Camargue area. Infect Genet Evol. 2009; 9: 800-805. https://doi.org/10.1016/j.meegid.2009.04.009
PMID: 19379841

62. Bravo De Rueda C, De Jong MC, Eblé PL, Dekker A. Quantification of transmission of foot-and-mouth
disease virus caused by an environment contaminated with secretions and excretions from infected
calves. Vet Res. 2015;46. https://doi.org/10.1186/s13567-015-0156-5

63. Lisovski S, van Dijk JGB, Klinkenberg D, Nolet BA, Fouchier RAM, Klaassen M. The roles of migratory
and resident birds in local avian influenza infection dynamics. J Appl Ecol. 2018; 1-13. https://doi.org/
10.1111/1365-2664.13154 PMID: 30337766

64. Schock WG, Fischer JB, Ely CR, Stehn RA, Welker JM, Causey D. Variation in age ratio of midcontinent
greater white-fronted geese during fall migration. J Fish Wildl Manag. 2018; 9: 340—-347. https://doi.org/
10.3996/112015-JFWM-117

65. Cunningham SA, Zhao Q, Weegman MD. Increased rice flooding during winter explains the recent
increase in the Pacific Flyway White-fronted Goose Anser albifrons frontalis population in North Amer-
ica. Ibis (Lond 1859). 2021; 163: 231-246. https://doi.org/10.1111/ibi.12851

66. Impe J van. Long-term reproductive performance in White-fronted Geese Anser a. albifrons and Tundra
Bean Geese A. fabalis rossicus wintering in Zeeland (The Netherlands). Bird Study. 1996; 43: 280—-289.
https://doi.org/10.1080/00063659609461020

67. Hénaux V, Samuel MD, Bunck CM. Model-based evaluation of highly and low pathogenic avian influ-
enza dynamics in wild birds. PLoS One. 2010; 5: e10997. https://doi.org/10.1371/journal.pone.0010997
PMID: 20585637

68. Dunning JB Jr. CRC Handbook of Avian Body Masses. 2nd ed. Dunning JB Jr., editor. Florida: CRC
Press; 2008.

69. Fox AD. The Greenland white-fronted goose Anser albifrons flavirostris: The annual cycle of a migratory
herbivore on the European continental fringe. National Environmental Research Institute, Denmark.
2008. Available from: https://www2.dmu.dk/1_viden/2_Publikationer/3_Ovrige/rapporter/TFO_
Doctors_27art_web/TFO_Doctors_web.pdf.

70. Hénaux V, Samuel MD. Avian influenza shedding patterns in waterfowl: Implication for surveillance,
environmental transmission, and disease spread. J Wildl Dis. 2011; 47: 566—578. https://doi.org/10.
7589/0090-3558-47.3.566 PMID: 21719821

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1009577  August 18, 2022 16/17


https://doi.org/10.1093/icb/icw038
http://www.ncbi.nlm.nih.gov/pubmed/27252210
https://doi.org/10.1371/journal.pone.0177790
http://www.ncbi.nlm.nih.gov/pubmed/28542340
https://doi.org/10.1371/journal.pone.0112366
https://doi.org/10.1371/journal.pone.0112366
http://www.ncbi.nlm.nih.gov/pubmed/25391154
https://doi.org/10.1371/journal.ppat.0030061
http://www.ncbi.nlm.nih.gov/pubmed/17500589
https://doi.org/10.3201/eid1303.061130
http://www.ncbi.nlm.nih.gov/pubmed/17552093
http://datazone.birdlife.org/species/requestdis
https://doi.org/10.1016/j.jhydrol.2004.03.028
https://doi.org/10.1111/1365-2656.12494
https://doi.org/10.1111/1365-2656.12494
http://www.ncbi.nlm.nih.gov/pubmed/26782029
https://doi.org/10.1371/journal.pcbi.1000346
http://www.ncbi.nlm.nih.gov/pubmed/19360126
https://doi.org/10.1890/14-1820.1
http://www.ncbi.nlm.nih.gov/pubmed/26591451
https://doi.org/10.1016/j.meegid.2009.04.009
http://www.ncbi.nlm.nih.gov/pubmed/19379841
https://doi.org/10.1186/s13567-015-0156-5
https://doi.org/10.1111/1365-2664.13154
https://doi.org/10.1111/1365-2664.13154
http://www.ncbi.nlm.nih.gov/pubmed/30337766
https://doi.org/10.3996/112015-JFWM-117
https://doi.org/10.3996/112015-JFWM-117
https://doi.org/10.1111/ibi.12851
https://doi.org/10.1080/00063659609461020
https://doi.org/10.1371/journal.pone.0010997
http://www.ncbi.nlm.nih.gov/pubmed/20585637
https://www2.dmu.dk/1_viden/2_Publikationer/3_Ovrige/rapporter/TFO_Doctors_27art_web/TFO_Doctors_web.pdf
https://www2.dmu.dk/1_viden/2_Publikationer/3_Ovrige/rapporter/TFO_Doctors_27art_web/TFO_Doctors_web.pdf
https://doi.org/10.7589/0090-3558-47.3.566
https://doi.org/10.7589/0090-3558-47.3.566
http://www.ncbi.nlm.nih.gov/pubmed/21719821
https://doi.org/10.1371/journal.pcbi.1009577

PLOS COMPUTATIONAL BIOLOGY Habitat loss exacerbates pathogen spread

71. Banks NC, Paini DR, Bayliss KL, Hodda M. The role of global trade and transport network topology in
the human-mediated dispersal of alien species. Ecol Lett. 2015; 18: 188-99. hitps://doi.org/10.1111/
ele.12397 PMID: 25529499

72. R Development Core Team. R: A language and environment for statistical computing. R Found Stat
Comput Vienna Austria. 2016. https://doi.org/10.1038/sj.hdy.6800737

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1009577  August 18, 2022 17/17


https://doi.org/10.1111/ele.12397
https://doi.org/10.1111/ele.12397
http://www.ncbi.nlm.nih.gov/pubmed/25529499
https://doi.org/10.1038/sj.hdy.6800737
https://doi.org/10.1371/journal.pcbi.1009577

