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Abstract

Climate change causes changes in the timing of life-cycle events across all trophic
groups. Spring phenology has mostly advanced, but large, unexplained, variations are
present between and within species. Each spring, migratory birds travel tens to tens of
thousands of kilometers from their wintering to their breeding grounds. For most
populations, large uncertainties remain on their exact locations outside the breeding
area, and the time spent there or during migration. Assessing climate (change) effects on
avian migration phenology has consequently been difficult due to spatial and temporal
uncertainties in the weather potentially affecting migration timing. Here, we show for
six trans-Saharan long-distance migrants that weather at the wintering and stopover
grounds almost entirely (=<80%) explains inter-annual variation in spring migration
phenology. Importantly, our spatiotemporal approach also allows for the systematic
exclusion of influences at other locations and times. While increased spring
temperatures did contribute strongly to the observed spring migration advancements
over the 55-year study period, improvements in wind conditions, especially in the
Maghreb and Mediterranean, have allowed even stronger advancements. Flexibility in
spring migration timing of long-distance migrants to exogenous factors has been
consistently underestimated due to mismatches in space, scale, time, and weather
variable type.

Significance Statement

Migratory birds show alarming declines across the globe, especially birds that migrate over
long-distances. A limited ability to adjust spring arrival to climate change at the breeding
grounds, especially compared to residents and shorter-distance migrants, is thought to be a
major cause. Our results show that breeding area arrival of cross-continental migrant birds is
nevertheless, similarly to short-distance migrants, largely driven by weather conditions at the
wintering and stopover grounds. Additionally, our study indicates that not only temperature
rise but also more favorable wind conditions have allowed birds to arrive earlier. A better
understanding of climate change influences on the timing of biological phenomena is vital to
understanding and ultimately battling the consequences of climate change on population
demographics.

Introduction

Ample evidence now exists that climate change is already impacting a broad range of
organisms across all taxa, from plants to mammals, and across the globe (1-3). Migratory
species are likely to be particularly vulnerable to climate change, as they presumably evolved
to profit from spatiotemporally distinct, yet largely predictable, seasonal patterns of natural
resource productivity (4, 5). Populations of long-distance, e.g. trans-Saharan, migratory bird
species are currently declining considerably faster than those of resident or short-distance
migrants (6, 7). Climate change has been repeatedly suggested to be one of the major causes
of these (differences in) population declines (4, 6, 8, 9), yet the specific mechanisms through
which this might be occurring are anything but clear (4, 6, 7, 10-12). A limited ability of
long-distance migrants to adjust spring arrival to climate change at the breeding grounds has
been suggested to be a major contributing factor (8, 13). If the distance between wintering and
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breeding grounds is rather limited, spatiotemporal (auto-)correlations in the weather between
the two areas render the conditions at the former to be a somewhat reliable cue to estimate
appropriate arrival at the latter (14). For larger distances, these connections no longer hold,
which, together with reduced seasonality in the tropics, has contributed to the hypothesis that
long-distance migrants must rely primarily on endogenous rhythms for spring migration
timing (15).

For a long time, it was indeed, and perhaps continues to be, thought that spring migration of
long-distance migrants, especially the onset, relies primarily, or at the very least much more
than for short-distance migrants, on endogenous rhythms (11, 15-18). Initially, this led to the
suggestion that neither conditions at the wintering nor stopover areas en route to the breeding
grounds have much influence on arrival at the breeding grounds (4, 13). Notwithstanding,
strong advancements in spring migration timing of long-distance migratory birds have been
repeatedly reported over the past two decades (11, 19-22). This has led to an ongoing debate
with two somewhat opposing, albeit not necessarily mutually exclusive hypotheses. Some
argue that given spring departure is under strong endogenous control and long-distance
migrants have a limited ability to phenotypically adjust their advancement along the migration
route, the advancement in arrival at the breeding ground is thus most likely to be caused by an
evolutionary response in spring departure timing at the wintering grounds (19, 20, 23).
Meanwhile, however, many studies have also been reporting on correlations between spring
arrival (or passage) advancement of long-distance migrants and climate (change) at
(approximate) wintering areas, but especially (potential) stopover areas along the migration
route (11, 20, 21, 24). As a result, some suggest that phenotypic responses to weather along
the migration route is the main mechanism of advancement for long-distance migrants, while
spring departure from the wintering grounds changes little because it is under strong
endogenous control (17, 18, 21). While mainly limited to a number of songbirds, the
experimental evidence on internal clocks and the relevance of photoperiod as a trigger of
migration are irrefutable (15, 25). Nonetheless, under laboratory conditions, endogenous
rhythms often stray away rather far from one-year lifecycles, sometimes up to several months
(15). Moreover, outside of experimental laboratory settings, environmental conditions
encountered by individuals at the departure and stopover areas at the same date are different
each year. Making the best decision, hence, inevitably entails some flexibility in the migratory
response (25).

A major hurdle in investigating potential climate change effects on spring migration
phenology, and consequently in further unraveling the exact mechanisms through which the
observed advancements take place, has been the large uncertainties about where and when
most individual migratory birds or populations exactly go to outside the breeding area,
including which routes they take there (14, 25). One approach to deal with the spatial
uncertainty has been to use large-scale climate indices, e.g. El Nifio indices or the North
Atlantic Oscillation index (21). Others have similarly used summary values of weather (or
vegetation) conditions by averaging over (very) large areas, such as the entire Sahel region
(20, 25) or the entire known wintering area of the species. The validity and biological
meaning of the reported effects of such large-scale indices has recently, however, been
strongly questioned (26). Many others resorted to using climatic conditions measured at the
area of passage or arrival, even though these are not necessarily related to those where the
birds are coming from and hence are more likely reacting to (14, 25). Next to these potential
mismatches in space and scale, strong assumptions are generally also made on the timing, i.e.
start and duration, of the climatic influence. The vast majority of studies use variables defined
by months, e.g. monthly average temperature or monthly precipitation (14). Only sometimes,
ad hoc periods are decided upon based on the species’ ecology (21, 25), and although the
exact timing of influences is in most migrant species and populations perhaps just as uncertain
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as the locations, only very rarely an explicit time window search has been applied to
determine the most likely time period of influence (14, 24).

Temperature has been repeatedly shown to be the most important exogenous factor impacting
spring migration timing (11, 14, 25, 27), yet precipitation and wind effects have also been
shown to have an effect (14, 28). For migratory herbivores, e.g. geese, primary productivity
has been proposed to be a more likely cue or even better predictor of spring migration
phenology. While it has been suggested that this green wave hypothesis could even be
extended to insectivorous (or carnivorous) migrants (29, 30), it actually seems, even for
herbivores, far from ubiquitously applicable (5).

In summary, the ongoing debate about the extent and mechanisms of climate change
influences on spring migration phenology of long-distance migrants, has proven challenging
due to the difficulties in identifying the appropriate location, time, scale, and type of possible
weather influences. This resulted in most studies to resort to very rough spatial and temporal
approximations or guesses of possible climatic influences. The inherent spatiotemporal inter-
and auto-correlation of weather variables, however, strongly increases false positive
probabilities for such approaches, further exacerbating the issue by resulting in many
‘significant’ yet biologically meaningless correlations (14). Not surprisingly then, reported
effects of weather on spring migration timing have been strongly heterogeneous, and the
current evidence on the location, time and types of climate change effects on spring migration
phenology of long-distance migrants birds has remained largely anecdotal and often
contradictory.

We use a recently developed spatiotemporally systematic method (14, 31) to overcome much
of the challenges and uncertainties in matching the right location, time, and type of weather
influences on spring migration phenology. The method consists of two main analyses parts.
First, a per grid cell analysis is performed for each species of all possible time windows of
any length between two given dates, for each weather variable and over a spatial grid
covering the area of interest to the studied process. In other words, as few as possible
assumptions are made on which weather variable influences spring migration in which
location or during which timeframe. Instead, we search for the best performing time window
for each grid cell and weather variable type (using the ‘climwin’ R package (32, 33)), by
comparing AICc model values with a base model that consists of the temporal trend for that
particular species. By applying the same procedure to a number of randomizations of the
weather data, we then estimate the probability of obtaining a similar performing ‘best’ time
window by chance only. Importantly, the method not only enables identifying the area, time,
and type of the most likely weather influences for each species, but also excluding other areas,
times, and types of weather that are very unlikely to be of any influence. For each species, this
first step leads to a long-list of “weather variable — location — time window” combinations,
henceforth called candidate weather signals, that might possibly be influencing the migration
phenology at the location of observation. Due to spatiotemporal (auto-)correlation in the
weather data, however, the long-list still contains many spurious candidate weather signals
(14). In the second part of the analysis, the long-list of candidate weather signals for each
species is then analyzed using an ensemble of variable importance methods to obtain a final
list of the few most likely “weather variable — location — time window” influences on
migration phenology.

We applied the method to the mean spring passage dates of six long-distance migrant species
at the island of Helgoland (Germany) over the period 1960-2014 (Table S1 and Table S3),
searching a spatial grid that covers all somewhat possible wintering or spring stopover
locations prior to passage at Helgoland (see the Methods - Weather data section). As such,
we first simultaneously determined the space, time window, and type of the most likely
weather influences on the inter-annual variability in spring migration phenology (Table S8 to
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Table S10). After determining the most influential weather influences for each of the six
species, we then combined their effects on migration phenology with their change over time
to assess the contribution of each climatic effect to the overall advancement in spring
migration of the respective species (Table S12 and Table S13). A more detailed description of
each step of the methodology is provided in the Materials and methods section. The code and
data to replicate our results are available in a public repository (34).

Results

We found that a mixture of wind, temperature, and precipitation effects at the winter and
spring stopover grounds (Fig. 1), explains between 72% and 86% of the variance in spring
migration phenology of long-distance migrants (Table 1). Predictive R? (calculated using
leave-one-year-out) were very similar to adjusted R? (35) values, confirming robustness of the
final identified weather signals. Repetitions of the analysis over 200 randomizations of each
species” MSPD, furthermore, confirmed that such strong relationships (i.e. such high adjusted
and predictive R? values) are extremely unlikely (0%) to be obtained due to chance alone
using our method (see Materials and Methods, Fig. S5 and Table S11). While we searched for
weather influences over an area spanning from northern Scandinavia to Cameroon, and from
Iceland and the Canary Islands to Poland, Greece, Libya, and Chad (see Materials and
methods, Table S2, and Fig. S1 to Fig. S4), we only found weather influences at locations that
are very likely winter or spring migration stopover locations (Fig. 1). The majority of the
weather influences, especially in the case of winds, seem to typically be located just prior or
after crossing an ecological barrier, such as the Sahara desert or the Mediterranean Sea (Fig.
2a). Additionally, temperature in central Europe, especially Germany, just prior to passage at
Helgoland, seems to play an important role in fine-tuning migration progress over the last
stretch of spring migration. An apparent lack of wind influences after crossing the
Mediterranean strongly fits with the fact that from thereon birds are migrating almost
exclusively over land. They can hence make a landing to rest or refuel at any time, rendering
favorable wind conditions less important. Temperature conditions this far north along the
route, however, are likely to indeed become much more informative and predictive about the
conditions further north at the breeding grounds, indicating similar cue responses at these
latitudes as observed in many short-distance distance migrants (14).

The time windows of the weather influences typically occurred from about one to two months
before the start of their migration passage at Helgoland (across the whole study period) up to
just prior or during the period of migration passage at Helgoland (Fig. 1). Most, if not all, of
the time windows occurred just prior or during periods that birds are likely to be present at
their winter and stopover locations, even though we allowed for time windows of any size
between 1 and 365 days or 1 and 182 days, and starting up to 365 or 182 days prior to July 1
for temperature and precipitation, and wind, respectively. For some of the time windows,
some uncertainty was present in the exact timing due to the inherent temporal autocorrelation
of weather variables (Table S10).

Wind was the most influential weather type on inter-annual variability in spring migration
phenology (44% of the overall weather type importance), but especially also in terms of
causing the spring migration advancement (52%; Fig. 2; Table S13). Temperature had a
similarly strong impact on inter-annual variability (41%), but this was somewhat reduced
when assessing impacts on the temporal advancements in spring migration (36%). The role of
precipitation was comparatively rather minor (around 15% in both cases). These results on the
relative weather type importance strongly question whether the somewhat established
hypothesis that temperature is the most important exogenous factor impacting spring
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migration phenology (14, 18, 25, 27), actually holds for long-distance migrant birds in
specific, or even in general.

For two of the six study species, rather strong linear temporal trends towards advancement
still remained after accounting for the most influential weather signals (Garden Warbler: -0.09
+ 0.02 days/year or 47% of the original linear trend, and Willow Warbler: -0.12 + 0.03
days/year or 41% of the original linear trend; Table S14). For two more species, moderate
trends towards advancement remained (Common Whitethroat: -0.07 + 0.03 days/year or 39%
of the original linear trend, and Spotted Flycatcher: -0.05 + 0.02 days/year or 31% of the
original linear trend; Table S14). The adjustment of spring migration phenology to weather
conditions at the wintering and stopover grounds was, hence, only sufficient to fully explain
the observed trends in spring migration phenology for two of the six species (i.e. 33%;
Common Redstart and European Pied Flycatcher).

Discussion

As we did not work on individual birds, we cannot make any definite claims on whether the
observed relationships between the weather variables and spring migration timing are due to
phenotypic plasticity alone, or micro-evolutionary responses are also involved (10, 36). For
each species, however, a high amount of the variation in migration phenology was explained
by the weather conditions at only four or five winter or spring stopover areas (Table 1). This
does seem to strongly suggest that phenotypic plasticity plays a key role in the recent
advancements in spring migration phenology of long-distance migrants, including to a similar
extent as for short-distance migrants (14). As such, while endogenous rhythms and
photoperiod do play an irrefutable role in regulating spring migration (onset) in long-distance
migrants (15), the rigidness in the real world, i.e. outside of laboratory settings, and relative
importance compared to exogenous influences, i.e. conditions at the winter and stopover
grounds, may have been consistently overestimated. Despite the high amount of explained
variance in spring migration phenology by weather at the winter and spring stopover grounds
across all six study species (Table 1), the observed advancements in spring migration were
explained fully in only two (Table S14). Even if we were to attribute all of the explained
variance in spring migration timing to phenotypic plasticity to weather at the wintering and
stopover grounds, it would not suffice to fully explain the observed advancements. As such,
again similar to observations in short-distance migrants (14), other adaptive processes such as
micro-evolutionary processes (37, 38) or (winter or breeding) range changes (39) are, hence,
likely also pushing towards advanced spring migration.

The locations (and relative effect sizes) of the weather influences, i.e. a combination of sub-
Saharan likely wintering areas and Mediterranean and European spring stopover sites (Fig. 1
and Fig. 2), confirm that much, perhaps most, of the spring migration advancement in long-
distance migrants occurs in response to weather along the migration route (17, 18, 21).
Flexible responses to conditions at the wintering grounds, however, might also be very
common: five out of the six species had at least one signal from a very likely wintering area.
Depending on the species, their influence on the overall spring advancement may also play a
substantial role, e.g. up to almost 50% for European Pied Flycatcher (Fig. 1; Table S10 and
Table S12).

In summary, our results strongly suggest that there have been mismatches in space, time,
scale, and weather variable type between the variables of influence and the variables used in
analyses. This has led to a consistent underestimation of the flexibility of long-distance
migrant birds in spring migration onset from the wintering areas, as well as adjustment of
progress along the migration route. As such, the suggested negative impacts of climate change
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on long-distance migrants’ demographics due to their assumed inabilities of advancing spring
departure from the wintering grounds (8, 13) has at least been based on false assumptions.
While it is beyond doubt that climate change has already impacted the timing of several
lifecycle events of migratory birds (1, 3, 4, 19, 26), strong evidence about how climate change
is impacting migrant bird species demographics through changes in the timing of the
migratory cycle, has yet to emerge (10). In fact, our results indicate that not only do, at least
some, long-distance migrants strongly adjust their spring migration timing to prevailing
weather conditions at the wintering and stopover locations, but also that favorable migratory
conditions are now occurring more frequently (e.g. less days with headwind and more days
with tailwinds, Fig. 1 and Table S12). Interestingly, a similar increase in favorable wind
conditions has also been projected for future spring migration in North America over the
current century (40). While many other potential pathways of climate change influences on
bird population sizes have been suggested (4), current evidence still predominantly points
towards (anthropogenic) land use change effects (6, 7).

Materials and methods

Spring migration passage data
The trapping garden on the island of Helgoland, Germany (54° 11' N, 07° 53' E; sometimes
also spelled as Heligoland) is a constant-effort bird ringing site. Since 1960, comparable
efforts and standardized methods are used with daily catches in the trapping garden
throughout the whole year. Barely any landbirds breed on Helgoland, especially not long-
distance migrants (21, 41, 42). Consequently, the birds used in this study to estimate spring
migration phenology, are all birds in transit.
We analyzed data from six trans-Saharan, i.e. long-distance, migrants. We used yearly mean
spring passage date (MSPD) over the period 1960-2014 as a measure of migration phenology
(Table S1). To minimize potential bias due to the use of the Gregorian calendar, we converted
trapping dates to Winter Solstice-based dates (WSD) instead of day-of-the-year (43), but
report dates throughout the paper as the approximate Gregorian calendar date. Yearly MSPD
was calculated as the mean of the winter solstice-based trapping date (WSD) of all birds
between WSD 51 and 166, i.e. February 20 to June 14 approximately. To allow comparison
between species that are potentially subject to similar weather conditions prior to or during
their migration, the species in all the (supplementary) tables and figures in the paper are
ordered by mean spring passage date.
Birds of a certain species that migrate through Helgoland stem from different breeding
populations (44). As such, the measured MSPD at Helgoland will be influenced by changes in
the spring phenology of each of these populations, which could potentially obscure the
relation between the measured MSPD and the influencing weather conditions for each
specific population. If the phenology of these different populations is, however, (a) related to
changes in weather in their wintering or stopover areas, (b) the different populations show a
relatively high winter and stopover-site fidelity, and (c) each population is represented by a
sufficient amount of birds in the trappings, the fact that the observed MSPD is influenced by
each of these populations should enable to link the observed MSPD to each of the different
wintering or stopover sites (25). Birds from different wintering areas may also be influenced
en route by the same weather conditions at a certain time and place, e.g. shared stopover areas
or prior to crossing an ecological barrier. The wintering or stopover areas of a species also
might have changed over the total analyzed time period (39, 45). Yet if these areas are
maintained for a long enough subset of the total analyzed time period, or the shifts are not
over large distances compared to the spatial resolution of the weather grids, it should be
7
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possible to link the observed MSPD to all of the different wintering or stopover locations. As
such, using migration passage data has both advantages and disadvantages compared to
breeding area arrival data.

Weather data

We used spatiotemporal data of air temperature, precipitation, and wind from the NCEP
Reanalysis I database (46, 47), which we acquired using the R package RNCEP (34, 48). The
spatial grid covered an area from roughly 2° to 74° N and 19° W to 24° E, ranging from
northern Scandinavia in the North to Cameroon in the South, and from Iceland and the Canary
Islands in the West to Poland, Greece, Libya, and Chad in the East. The spatial resolution of a
grid cell ranged from 1.875° to 3.75°, depending on the weather variable (Table S2). Ocean
grid cells were masked from the analysis. For each day and land grid cell, we derived three
variables from the NCEP database: mean daily air temperature, daily precipitation sum, and
wind direction at midnight (UTC). We analyzed midnight winds only, and not winds during
the day, as all species in our study are known to mainly migrate during the night. In the time
window analyses, the wind direction data were used to calculate the number of nights for both
winds originating from and in the direction of Helgoland within any given time window, by
counting every day with a wind direction that fell between -45 and +45° of the angle between
Helgoland and the center of the grid cell under analysis. Depending on the location of the grid
cell relative to Helgoland, we then interpreted these to be head- or tailwinds. We chose to test
both measures for wind effects on migration as both hypotheses, i.e. headwinds delay
migration and tailwinds advance migration, represent different processes.

Avoiding spurious correlations due to shared trends and temporal autocorrelation

If two time series both show a temporal trend, correlating the two series without taking into
account these shared trends will very often yield high, yet spurious, correlations (26, 49).
Even after temporal trends are accounted for, any remaining autocorrelation in the time series
may similarly produce spurious correlations (50). As such, we first determined whether a
linear, quadratic, or cubic temporal trend was most appropriate for the MSPD time series of
each species, by comparing the second-order Akaike Information Criterion (AICc) values (51)
for linear, quadratic, and cubic trend models. If a quadratic or cubic temporal trend model had
an AICc value that was more than two units lower than a linear trend model, we judged the
higher-order model to be a better approximation of the trend over time. The identified trend
model for each species was used as the base model (for comparison of reduction in AICc
values by adding a weather variable) in the subsequent time window analyses.

All species showed advancements in MSPD over the study period. Four of the six species had
a linear trend, while for Willow Warbler and Common Whitethroat a quadratic and cubic
trend, respectively, was most appropriate to account for trend (Table S3). We applied
Augmented Dickey-Fuller tests (using the urca R package (52)) to verify that the chosen
trends models had successfully reduced the MSPD time series to stationarity (Table S4). We
checked and found no remaining autocorrelation in the residuals of the trend models with a
Durbin-Watson test up to lag two (using the the car R package (53); Table S5). The observed
non-linearity of spring migration phenology in two of the six species could be occurring
through various mechanisms, e.g. non-linear trends of influencing weather variables, or
varying influences (in space and time) working in different proportions on different
populations of the birds migrating through Helgoland. Future meta-analyses across many
species, populations and time could provide insights into such potential underlying
mechanisms.
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Finding the “weather variable — location — time window” combinations that influence
spring migration phenology

To identify the most likely weather effects on the MSPD at Helgoland of each of the six study
species, we applied a recently developed spatiotemporal methodology (14, 31), which
involves a sequence of two main chunks of analysis. The first step consists of performing a
time window analysis on each grid cell for each of the weather variables of interest (i.e.
temperature, precipitation, number of days with tail- or headwind, Table S2) to find the best
performing time window. We searched all time windows of any size larger than 14 days and
up to 365 (temperature and precipitation) or 183 days (wind variables) in the past from the
reference date 1 July (Table S6 and S7). We did this using the ‘cl/imwin’ R package (32, 33)
by calculating AICc model values for all time windows, and comparing them to the AICc of
the predefined temporal trend model for that species (Table S3). The time window showing
the biggest AICc reduction was identified as the best-performing time window. To
subsequently estimate the probability of obtaining a similar performing best time window due
to chance alone, we then repeat the time window analysis for a number of randomizations of
the weather data. Ideally, one would do this for a large number of randomizations, e.g. a
thousand or more, to accurately approximate the actual AAICc distribution obtained by
chance alone. Repeating such a high number of randomizations for multiple weather variables
and over a large number of grid cells, however, quickly becomes an extremely resource-
intensive task. As such, we used the alternative probability statistic Pc of the ‘climwin’ R
package which was developed specifically for such situations (32, 33). Using as little as five
randomizations, the P statistic already provides a reliable estimation of whether a similar
performing best time window is likely to be obtained by chance. P. ranges from 0 to 1, with
values closer to 0 expressing a higher probability that such a strong relation is unlikely
obtained by chance. Using simulated datasets with a sample size of 47, and a cut-off value of
P. < 0.5 to decide on whether a signal is real, the false-positive and false-negative rate were
both between 0.05 and 0.08 (32). To even further lower the amount of false positives, we
lowered the P. threshold to 0.3. Furthermore, our larger sample size (55 years compared to the
47 in the simulated datasets) also further decreased both false-positive and false-negative
rates. In summary, in the first step the correlation of the identified best time window of a grid
cell’s weather with MSPD was considered to be unlikely due to chance when its P. statistic
was lower than 0.3. The time window analyses were performed on a per-species, per-weather-
variable, and per-grid-cell basis. For ease of reference, we summarized all of the settings and
decision rules we used for the analyses in Table S6 and Table S7. Due to spatiotemporal
autocorrelation, neighboring cells often had similar best-performing time windows with,
sometimes only slightly, different AAICc values. This often resulted in spatial gradients in the
AAICc maps we obtained for each weather variable. We chose to select as the candidate
signals, the cells with the regional AAICc maxima as the most representative of the potential
relation between the weather variable for that area and the MSPD. This first step of the
analysis resulted in an initial long-list of 310 candidate weather signals across all six species
(38 to 67 candidates depending on the species; Table S8 and Fig. S1 to S4).

The second main part of the analysis consists of a combination of several feature filtering and
variable importance algorithms to narrow down the long-list of candidates to those that are
most likely to be the most influential on the MSPD of each species. In this part of the
analysis, we no longer included the temporal trend variables. Spurious correlations due to
trend only have already been checked for, and are hence no longer an issue at this stage.
Instead, we now actually want to assess how strong the relationships are with MSPD without
accounting for temporal trends. First, we checked whether the weather variable still showed a
strong correlation with MSPD when not accounting for temporal trends. This led to the
removal of 50 candidate signals because the model without accounting for trends had an AICc
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compared to an intercept-only model that was less than two units lower. Next, we checked for
collinearity among the remaining candidate signals. We removed 35 signals that had a
Pearson correlation > 0.7 with another candidate that had a bigger AAICc with an intercept-
only model. Subsequently, we removed 135 more signals using the boruta method (54) to
reduce the maximum number of candidate signals per species to 15. Based on an ensemble
variable importance analysis (51, 54-56) (Table S9), we ultimately extracted 26 signals across
the six species that are very likely to be related to MSPD at Helgoland (Table S10, Fig. 1, and
Fig. 2).

Even though we tailored our approach towards avoiding false positives, we cannot exclude
them entirely (31). Even when no relationship whatsoever exists between MSPD and weather
at any location and time window, we still might identify some in the time window analysis
step (32). While the variable filtering in the second part of the analysis likely removes many,
if not most, of these false positives, some might still remain, and may ultimately be
designated as (relatively) important influences. This means that even in the absence of any
relationship whatsoever between a biological response variable (i.e. MSPD in our case) and
weather at any location and time, the approach might still end up with a number of false final
weather variables by chance only. To estimate the probability of obtaining such a final list of
(false) weather influences that show a relationship with MSPD that, due to chance only, is
similarly strong as those we obtained for each species (Table 1), we repeated the full
spatiotemporal analysis on 200 randomized versions of each species’ MSPD. For each of
these randomizations, we calculated the adjusted and predictive R? values of both: (a) the
model consisting of up to four variables identified as the most important influences, and (b)
the best-performing model (in terms of AICc). Using the distributions of all of the resulting
adjusted and predictive R? values across each species’ randomizations (Table S11 and Fig. S5,
we then estimated the probability of obtaining similarly performing final weather variables by
chance only (i.e. 1 - the percentile of the R? values of Table 1, in the R? distributions of the
randomizations).

Contributions of each weather variable to the temporal trend in spring migration
phenology of the species

The influence of a weather variable on inter-annual variability in spring migration phenology
will only result in a push towards advancement (or delay) in the temporal trend of the
migration phenology if the weather variable itself is also changing over time to a certain
degree in a certain direction. To calculate the combined effect of (1) the change in MSPD in
response to the weather variable and (2) the change in the weather variable over time, and,
hence, the contribution of each of the final weather variables’ influence to the temporal trend
in MSPD, we used the chain rule (31, 57):

n

climate contributions _ Z( OMSPD y dClimatei)
to trend in MSPD dClimate; dTime /'

i=1

where n is the total number of influencing weather variables for a given species. We used the
regression coefficients of a multiple linear regression between MSPD and all of the identified
final weather variables for each of the species separately to estimate the various
dMSPD /dClimate;, and a simple linear regression between the respective weather variable
and time, i.e. years, to estimate dClimate;/dTime. Standard errors were calculated following
error propagation rules (58). This approach by definition ignores any other (e.g. non-climatic)
factors that might possibly affect changes in MSPD over time.
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While weather variable effects on inter-annual variation in MSPD consist of a mix of positive
and negative relationships, their contributions to the temporal trend in MSPD has been
consistently towards advancements (Fig. 1 and Table S12). In other words, throughout the
course of the 55-year study period, weather conditions favorable for migration progress have
been occurring earlier (e.g. temperature) or more frequently (e.g. tailwinds), and conditions
unfavorable for migration progress have been occurring less frequently (e.g. precipitation and
headwinds).

Relative importance of the weather variable types in terms of effect and temporal trend
contributions

We calculated the relative overall importance across all species of the three different weather
variable types, i.e. temperature, precipitation, and wind, on the inter-annual fluctuations in
MSPD at Helgoland by summing their respective mean relative variable importance values.
We, furthermore, also calculated the importance of each climate variable in terms of relative
contributions to the temporal trends in MSPD over the past decades by summing the absolute
values of the trend contributions for each climate variable, divided by the total sum of the
trend contributions (Table S13).

Assessing remaining linear trends in MSPD after accounting for the identified weather
signals

After identifying the weather variables influencing and determining their effects on MSPD,
we checked whether their combined effect completely explained the observed trends in
MSPD. We did this by comparing the AICc of the model including all influencing weather
variables for that species with the model that additionally included a linear temporal trend, i.e.
a ‘year’ variable.

Data and code availability

All R code and the phenology dataset, necessary to replicate the results of this study can be
accessed at: https://doi.org/10.5281/zenodo.3629178.

Acknowledgements

We are sincerely grateful to the numerous volunteers and the staff at the field station on
Helgoland for the continuous efforts in collecting the standardized ringing data at the island of
Helgoland. Some of the modeling was performed at the HPC Cluster CARL, located at the
University of Oldenburg (Germany) and funded by the DFG through its Major Research
Instrumentation Programme (INST 184/157-1 FUGG) and the Ministry of Science and
Culture (MWK) of the Lower Saxony State. We would also like to thank two anonymous
reviewers and the editor for their constructive and helpful comments.

References

1. G.-R. Walther, ef al., Ecological responses to recent climate change. Nature 416, 389—
395 (2002).

2. A. Menzel, et al., European phenological response to climate change matches the
warming pattern. Glob. Chang. Biol. 12, 1969—1976 (2006).

3. S. J. Thackeray, et al., Phenological sensitivity to climate across taxa and trophic

levels. Nature 535, 241-245 (2016).
4. E. Knudsen, et al., Challenging claims in the study of migratory birds and climate

11


https://doi.org/10.5281/zenodo.3629178

488
489
490
491
492
493
494
495
496
497
498
499
500
501
502
503
504
505
506
507
508
509
510
511
512
513
514
515
516
517
518
519
520
521
522
523
524
525
526
527
528
529
530
531
532
533
534
535
536
537

N

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

change. Biol. Rev. 86, 928-946 (2011).

X. Wang, et al., Stochastic simulations reveal few green wave surfing populations
among spring migrating herbivorous waterfowl. Nat. Commun. 10, 2187 (2019).

F. Bairlein, Migratory birds under threat. Science (80-. ). 354, 547-548 (2016).

J. A. Vickery, et al., The decline of Afro-Palaearctic migrants and an assessment of
potential causes. Ibis (Lond. 1859). 156, 1-22 (2014).

A. P. Moller, D. Rubolini, E. Lehikoinen, Populations of migratory bird species that
did not show a phenological response to climate change are declining. Proc. Natl.
Acad. Sci. 105, 16195-16200 (2008).

C. Both, et al., Avian population consequences of climate change are most severe for
long-distance migrants in seasonal habitats. Proc. R. Soc. B Biol. Sci. 277, 1259-1266
(2010).

M. E. Visser, P. Gienapp, Evolutionary and demographic consequences of phenological
mismatches. Nat. Ecol. Evol. 3, 879-885 (2019).

T. Usui, S. H. M. Butchart, A. B. Phillimore, Temporal shifts and temperature
sensitivity of avian spring migratory phenology: a phylogenetic meta-analysis. J. Anim.
Ecol. 86,250-261 (2017).

A. E. Beresford, et al., Phenology and climate change in Africa and the decline of
Afro-Palearctic migratory bird populations. Remote Sens. Ecol. Conserv. 5, 55-69
(2019).

C. Both, M. E. Visser, Adjustment to climate change is constrained by arrival date in a
long-distance migrant bird. Nature 411, 296-298 (2001).

B. Haest, O. Hiippop, F. Bairlein, The influence of weather on avian spring migration
phenology: What, where and when? Glob. Chang. Biol. 24, 5769-5788 (2018).

E. Gwinner, Circadian and Circannual Programmes in Avian Migration. J. Exp. Biol.
48, 39-48 (1996).

H. E. Chmura, ef al., The mechanisms of phenology: the patterns and processes of
phenological shifts. Ecol. Monogr. 89, €01337 (2019).

K. G. Horton, et al., Holding steady: Little change in intensity or timing of bird
migration over the Gulf of Mexico. Glob. Chang. Biol. 25, 1106-1118 (2019).

P. P. Marra, C. M. Francis, R. S. Mulvihill, F. R. Moore, The influence of climate on
the timing and rate of spring bird migration. Oecologia 142, 307-315 (2005).

N. Jonzén, et al., Rapid Advance of Spring Arrival Dates in Long-Distance Migratory
Birds. Science (80-. ). 312, 1959-1961 (2006).

C. Both, Flexibility of Timing of Avian Migration to Climate Change Masked by
Environmental Constraints En Route. Curr. Biol. 20, 243-248 (2010).

O. Hiippop, K. Hiippop, North Atlantic Oscillation and timing of spring migration in
birds. Proc. R. Soc. London. Ser. B Biol. Sci. 270, 233-240 (2003).

A. Lehikoinen, et al., Phenology of the avian spring migratory passage in Europe and
North America: Asymmetric advancement in time and increase in duration. Ecol. Indic.
101, 985-991 (2019).

H. Schmaljohann, C. Both, The limits of modifying migration speed to adjust to
climate change. Nat. Clim. Chang. 7, 573-576 (2017).

S. Bauer, P. Gienapp, J. Madsen, The relevance of environmental conditions for
departure decision changes en route in migrating geese. Ecology 89, 1953-1960
(2008).

0. Gordo, Why are bird migration dates shifting? A review of weather and climate
effects on avian migratory phenology. Clim. Res. 35, 37-58 (2007).

B. Haest, O. Hiippop, F. Bairlein, Challenging a 15-year-old claim: The North Atlantic
Oscillation index as a predictor of spring migration phenology of birds. Glob. Chang.

12



538
539
540
541
542
543
544
545
546
547
548
549
550
551
552
553
554
555
556
557
558
559
560
561
562
563
564
565
566
567
568
569
570
571
572
573
574
575
576
577
578
579
580
581
582
583
584
585
586
587

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42.

43.
44,

45.

46.

47.

Biol. 24, 1523—-1537 (2018).

B. M. Van Doren, K. G. Horton, A continental system for forecasting bird migration.
Science (80-. ). 361, 1115-1118 (2018).

S. Bauer, et al., The grand challenges of migration ecology that radar aeroecology can
help answer. Ecography (Cop.). 42, 861-875 (2019).

F. A. La Sorte, D. Fink, W. M. Hochachka, J. P. Delong, S. Kelling, Spring phenology
of ecological productivity contributes to the use of looped migration strategies by birds.
Proc. R. Soc. Ser. B 281, 20140984 (2014).

A. P. Tettrup, et al., Drought in Africa Caused Delayed Arrival of European Songbirds.
Science (80-. ). 338, 1307-1307 (2012).

B. Haest, O. Hiippop, M. Pol, F. Bairlein, Autumn bird migration phenology: A
potpourri of wind, precipitation and temperature effects. Glob. Chang. Biol. 25, 4064—
4080 (2019).

L. D. Bailey, M. van de Pol, climwin: An R Toolbox for Climate Window Analysis.
PLoS One 11, e0167980 (2016).

M. van de Pol, et al., Identifying the best climatic predictors in ecology and evolution.
Methods Ecol. Evol. 7, 12461257 (2016).

B. Haest, O. Hiippop, F. Bairlein, Code and data for: “Weather at the winter and
stopover areas determines spring migration onset, progress, and advancements in Afro-
Palearctic migrant birds” (2020) https:/doi.org/10.5281/zenodo0.3629178.

J. Miles, “R-squared, Adjusted R-squared” in Encyclopedia of Statistics in Behavioral
Science - Volume 4, B. S. Everitt, D. C. Howell, Eds. (John Wiley & Sons, Ltd,
Chichester, 2005), pp. 1655-1657.

A. Charmantier, P. Gienapp, Climate change and timing of avian breeding and
migration: evolutionary versus plastic changes. Evol. Appl. 7, 15-28 (2014).

P. Marrot, A. Charmantier, J. Blondel, D. Garant, Current spring warming as a driver
of selection on reproductive timing in a wild passerine. J. Anim. Ecol. 87, 754-764
(2018).

J. Van Buskirk, R. S. Mulvihill, R. C. Leberman, Phenotypic plasticity alone cannot
explain climate-induced change in avian migration timing. Ecol. Evol. 2, 2430-2437
(2012).

D. A. Potvin, K. Viliméki, A. Lehikoinen, Differences in shifts of wintering and
breeding ranges lead to changing migration distances in European birds. J. Avian Biol.
47, 619-628 (2016).

F. A. La Sorte, K. G. Horton, C. Nilsson, A. M. Dokter, Projected changes in wind
assistance under climate change for nocturnally migrating bird populations. Glob.
Chang. Biol. 25, 589-601 (2019).

O. Hiippop, W. Winkel, Climate change and timing of spring migration in the long-
distance migrant Ficedula hypoleuca in central Europe: the role of spatially different
temperature changes along migration routes. J. Ornithol. 147, 344-353 (2006).

O. Hiippop, K. Hiippop, Bird migration on Helgoland: the yield from 100 years of
research. J. Ornithol. 152, 25-40 (2011).

R. Sagarin, False estimates of the advance of spring. Nature 414, 600 (2001).

J. Dierschke, V. Dierschke, K. Hiippop, O. Hiippop, K. F. Jachmann, Die Vogelwelt
der Insel Helgoland (Druckwerkstatt Schmittstrasse, 2011).

M. E. Visser, A. C. Perdeck, J. H. Van Balen, C. Both, Climate change leads to
decreasing bird migration distances. Glob. Chang. Biol. 15, 1859—1865 (2009).

E. Kalnay, et al., The NCEP/NCAR 40-year reanalysis project. Bull. Am. Meteorol.
Soc. 77, 437471 (1996).

M. Kanamitsu, ef al., NCEP-DOE AMIP-II Reanalysis (R-2). Bull. Am. Meteorol. Soc.

13



588
589
590
591
592
593
594
595
596
597
598
599
600
601
602
603
604
605
606
607
608
609
610
611
612
613

48.

49.

50.

51.

52.

53.

54.

55.

56.

57.

58.

83, 1631-1643 (2002).

M. U. Kemp, E. van Loon, J. Shamoun-Baranes, W. Bouten, RNCEP: Global weather
and climate data at your fingertips. Methods Ecol. Evol. 3, 65-70 (2012).

A. E. Noriega, D. Ventosa-Santaularia, Spurious regression and trending variables. Oxf.
Bull. Econ. Stat. 69, 439—444 (2007).

J. D. Cryer, K.-S. Chan, Time Series Analysis - With Applications in R (Springer
Science+Business Media, LLC, New York, USA, 2008).

K. P. Burnham, D. R. Anderson, Model Selection and Multimodel Inference: A
Practical Information-Theoretic Approach - 2nd edition (Springer Science+Business
Media LLC, 2002).

B. Pfaff, Analysis of Integrated and Cointegrated Time Series with R. Second Edition
(Springer Science+Business Media LLC, 2008).

J. Fox, S. Weisberg, An {R} Companion to Applied Regression, Second Edition
(Thousand Oaks CA: Sage, 2011).

M. B. Kursa, W. R. Rudnicki, Feature Selection with the Boruta Package. J. Stat.
Sofitw. 36, 1-13 (2010).

U. Gromping, Variable importance in regression models. Wiley Interdiscip. Rev.
Comput. Stat. 7, 137-152 (2015).

U. Gromping, R package relaimpo: relative importance for linear regression. J. Stat.
Sofitw. 17, 139-147 (2006).

N. McLean, H. P. van der Jeugd, M. Van De Pol, High intra-specific variation in avian
body condition responses to climate limits generalisation across species. PLoS One 13,
1-25 (2018).

J. R. Taylor, An introduction to error analysis, the study of uncertainties in physical
measurements, Second Edition (University Science Books, 1997).

14



614

615
616

617
618
619
620
621
622
623
624
625
626
627

Fig. 1. Location, timing, and resulting change in spring phenology over the years 1960-
2014 of the identified most important weather variables that are likely to influence mean
spring passage at Helgoland for (a) European Pied Flycatcher, (b) Common Redstart, (c¢)
Willow Warbler, (d) Common Whitethroat, (e) Garden Warbler, and (f) Spotted Flycatcher.
Marked locations may represent smaller or larger areas of influence than what is marked in
the map (see text). T: temperature; P: precipitation; HW: headwind; TW: tailwind. The grey
background triangles in the upper right timing figures, represent the 5™ and 95" percentile of
all birds passing at Helgoland over the entire study period 1960-2014. The resulting change
numbers in the maps are the number of days migration changed over the whole study period
due to that weather influence, calculated using the chain rule (see Materials and Methods
section, and Table S12). Helgoland is marked with a star. (Bird) Illustrations reproduced by
permission of Lynx Edicions.
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Fig. 2. Comparison of relative weather variable importance in terms of the effect on
inter-annual variation of spring migration phenology (a, b), and their contributions to
the advancement in spring passage over the study period 1960-2014 (c, d). (a) Locations
and relative effect sizes, based on the standardized regression coefficient using model
averaging (see Methods), of the weather variables influences on inter-annual variation in
mean spring passage dates; (b) Overall weather variable type importance across all species, in
terms of explaining inter-annual variability in spring migration phenology; (¢) Overall
weather variable type importance across all species, in terms of contributions to the long-
term advancements in spring migration passage; (d) Locations and relative sizes of the trend
contributions of each weather variable to the advancement in spring migration passage. Point
sizes in (a) and (d) are on a relative scale stretching from the respective overall minimum to
the maximum across all species. The location of Helgoland is marked with a star.
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641 Tables

642  Table 1 Explained variance in spring migration phenology and predictive performance using a
643  linear model with all of the final identified weather signals for each species (see Fig. 1), but not
644  the temporal trend variables (Table S3). Adjusted R?is defined as in (35). Predictive R? was

645  calculated leave-one-year-out.

Species Adjusted R? Predictive R?
European Pied Flycatcher 0.86 0.83
Common Redstart 0.76 0.71
Willow Warbler 0.80 0.78
Common Whitethroat 0.72 0.69
Garden Warbler 0.80 0.77
Spotted Flycatcher 0.76 0.73
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