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Long-distance migration reflects animal responses to large-
scale spatial and temporal changes in environmental fac-
tors1. Tracking the seasonal availability of optimal food

resources is generally considered as a widespread phenomenon2

and the main proximate driver of migration, as exemplified by the
green wave hypothesis3,4 and the closely related forage matura-
tion hypothesis5. Both hypothesise that spatial and temporal
changes in foliage quality drive the progress of migration of
herbivores and predict that the timing of migration links to
foliage phenology. Field studies6–9 support these hypotheses.
More extensively, empirical relationships between migration and
vegetation indices derived from remote-sensing techniques, using
migration data derived from remote telemetry devices10–12,
citizen-science data13 or weather surveillance radar data14, as well
as experimental approaches15, also support such hypotheses.
These studies used various vegetation greening metrics, such as
the normalised difference vegetation index (NDVI)16,17, green
wave index (GWI, the scaled NDVI) and instantaneous rate of
green-up (IRG, the acceleration of time-NDVI curve) calculated
by fitting annual time-NDVI curves10,11,18.

The application of migration–vegetation correlational studies
to various species has prompted the widespread acceptance
of the green wave as the proximate mechanism underpinning
herbivore migration patterns11,12,19. Nevertheless, two major
sources of doubt remain. First, because almost all studies draw
conclusions based on correlations, it is impossible to determine
whether the green wave is indeed the major determinant of
migration patterns, or if such significant correlations arise coin-
cidentally. Although the northward spring migration of northern
hemisphere herbivores coincides with food availability (i.e.,
the green wave), avian spring migration could be associated
with other environmental factors, such as day length and air
temperature20, which correlate with latitude. Such multiple
associations cannot be disentangled using correlations alone.
Testing whether the green wave determines spring migration
requires going beyond correlations, to estimate the probability of
detecting a match against the corresponding random (null)
expectations of directional northward movement irrespective of
the progress of the green wave. Here, we derive such null models
(sensu Gotelli and Graves21) using stochastic simulations
(see Methods).

Second, the generality of herbivores tracking the green wave, and
evidence to support it, requires confirmation across multiple
populations, species and geographical regions22. Previous studies
focused on single species within restricted geographical ranges10–12,
while comparative analyses across populations, species and regions
are lacking. We therefore ask: does the green wave hypothesis
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stochastic north-migrating ones. Furthermore, this support is
inconsistent even among the grazing species and populations,
exhibiting marked geographical variation, which leads us to
suggest that ecological barriers and human disturbance likely
constrain the capacity of herbivorous waterfowl to track the green
wave in some regions more than in others.

Results
Dataset. The dataset comprised 222 telemetry-tracked spring
migrations from 193 individuals belonging to 14 populations (five
grazers, seven facultative herbivores and two omnivores) of
10 species from Europe, East Asia and North America, from 1995
to 2016 (for details, see Supplementary Table 3 and Fig. 1). It
contained 125 bird-years (108 birds, some containing multiple-
year migrations) of grazing populations, including Greenland,
Svalbard and Barents Sea barnacle goose Branta leucopsis, Barents
Sea and East Asian greater white-fronted goose Anser albifrons,
82 bird-years (70 birds) of facultative herbivores including
whooper swan Cygnus cygnus, tundra swan Cygnus columbianus,
swan goose Anser cygnoides, Scandinavian taiga bean goose Anser
fabalis, East Asian tundra bean goose Anser serrirostris, Svalbard
pink-footed goose Anser brachyrhynchus, and Greenland greater
white-fronted goose Anser albifrons flavirostris, and 15 bird-years
(15 birds) from omnivores including East Asian mallard Anas
platyrhynchos and North American northern pintail Anas acuta
(see Supplementary Fig. 1, for example, stochastic migrations).
All populations migrated north during spring in a fairly smooth
manner in Europe and Siberia, and more he.89egeneously in East
Asia (Supplementary Fig. 2).

Method evaluation. The Simple Conventional Correlation
method yielded weak migration–green wave associations classi-
fied as weak surfers for three out of five grazers, for one out of
seven facultative herbivores, and for one out of two omnivores.
One facultative herbivore showed strong migration–green wave
associations hence classified as surfer. The other populations were
classified as non-surfers (Table 1, Fig. 2, Supplementary Fig. 2).
Surfers, weak surfers and non-surfers were defined as cases of

strong, weak or no significant migration–green wave regression, a
.89minology used only regarding the Simple Conventional Cor-
relation method (for details, see the section on i5e0.898w.iairly smooth
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Correlation method showed no significant migration–green wave
associations according to the MSSM method. The upper mandible
depth-length ratio was found to play significant role in
determining migration–green wave associations evaluated by
MSSM (ΔAICc

www.nature.com/naturecommunications


hypothesis, and revealed that only a few of the grazer populations
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population of that species (and all other populations of all other
species) with smaller ratio showed no migration–green wave
associations.

The exception of the East Asian greater white-fronted goose
from this otherwise general bill shape effect was notable. Fur-
thermore, our analyses showed no support for the green wave
hypothesis also for all other five populations of geese, swans and
ducks in this region. We suggest that human disturbance, which
plays an important role in determining the progress of bird
migration29,30, could explain the geographical deviations from the
green wave hypothesis, especially in East Asia. In this region,
hunting pressure, land use change, poisoning and other human
disturbance are intensive31,32. Five wintering goose species were
almost entirely confined to natural wetlands in the Yangtze River
Floodplain33, whereas geese elsewhere in the world commonly
use energetically profitable farmland habitats34,35. This could
explain our finding that for all East Asian species included in our
analyses, simulated spatially stochastic migrants obtained higher
green wave metric values than the observed tracks (Figs. 2–4 and
Supplementary Figs. 4–6), indicating remarkably poor (worse
than random) selection of stopover sites by the birds in relation to
the green wave. Furthermore, tracked birds arrived consistently
earlier than the green wave at stopover sites (Fig. 2, Supple-
mentary Fig. 2, Supplementary Table 5). To explain these results,
we propose the following scenario. Birds at initial (early spring)
stopover sites departing northwards skip subsequent stopover
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geographical range, obtaining a significantly higher IRG on
observed migration compared with stochastic timing (and site,
and timing and site) migration.

Migratory herbivorous waterfowl might not follow the green
wave for reasons other than human disturbance. First, birds may
be limited in their ability to predict the progress of the green
wave, especially when and where the next stopover lies beyond a
large ecological barrier (e.g., open sea, desert, mountain ranges
and ice sheets)39. This seems the case especially for north Eur-
opean geese migrating to breed in Greenland, as both the
Greenland populations of barnacle and greater white-fronted
geese, two species with high bill depth-length ratio, did not surf
the green wave in the Western European–Greenland flyways,
presumably due to the extended migration over stretches of ocean
imposed on these populations. Second, even if birds are capable of
perfectly predicting the green wave, unpredictable adverse
weather conditions40–42 can alter migration progress and induce
a mismatch with the green wave; migrating birds, for example,
might delay departure from a stopover site due to storms or wait
for sufficient tailwinds to assist with crossing migratory

barriers25
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commonly applied Simple Conventional Correlation method and
the more rarely used Correlation method evaluated by Stochastic
Migrations method, we introduced the MSSMs. Overall, the
MSSM approach was found to provide a much more conservative
test to the green wave hypothesis compared with the other
methods. Furthermore, the two other approaches tended to
overestimate migration–green wave associations, as three popu-
lations—the whooper swan, the pink-footed goose and the
northern pintail—were identified as green wave surfers or weak
surfers by at least one of these methods, but showed no significant
association according to the MSSM method. To our knowledge,
no studies on avian migration have yet used stochastic spatio-
temporal simulations to test the green wave hypothesis. Aikens
et al.18 generated stochastic (null) migration models of ungulates
using a coarse method (as they admitted), and tested their results
using the Correlation method evaluated by Stochastic Migrations,
which we found less suitable compared with MSSM in our study
(Table 1). Bridge et al.45 constructed random migrations, without
statistically comparing stochastic vs. observed metrics. Con-
sidering its reliable performance and ability to generate null
expectations while controlling for confounding effects of potential
driving factors common in animal movement studies, we advo-
cate the use of the MSSM approach for investigating questions
relating to environmental drivers of migration and other move-
ment types for animals.

Another important methodological comparison is among
NDVI-derived metrics of vegetation phenology. Although each
reflects certain features of vegetation, such as nutrition or
quantity, no single index alone can capture the fine details of
migrants’
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continuous-time correlated random walk (see below). We excluded migrations in
1994 because 16 out of 52 weekly NDVI images in this year were missing (due to
unavailable satellite data), and therefore we could not generate reliable green wave
values based on the double-logistic model (see below).

Stopover/migration information. We extracted stopover information from the
literature that recorded both timing (arrival and departure date) and stopover site
coordinates during a tracked individual’s spring migration. Where stopover site
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spatio-temporal scales, i.e., from wintering to breeding ground), and velocity—a
more variable movement type nested within drift (the variable movement patterns
at finer spatio-temporal scales, such as the daily flight and roosting movements).
For each single fused migration track, we fitted a CTCRW with the starting location
of the track, mean migration speed (total displacement between the first and last
points of the migration tracks divided by the time accounted for by the fused
migration track) and zero as the initial location, drift and velocity, respectively. To
obtain biologically meaningful models, we constrained model parameters to only
allow decreasing autocorrelation of velocity and drift with increasing time lag (the
time interval between any two considered locations), and less variability for drift
than velocity, dropping models that were unsuccessful in estimating parameter
con
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