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Abstract
Organisms have been shifting their timing of life history events (phenology) in 
response to changes in the emergence of resources induced by climate change. Yet 
understanding these patterns at large scales and across long time series is often 
challenging. Here we used the US weather surveillance radar network to collect 
data on the timing of communal swallow and martin roosts and evaluate the scale 
of phenological shifts and its potential association with temperature. The discrete 
morning departures of these aggregated aerial insectivores from ground- based 
roosting locations are detected by radars around sunrise. For the first time, we 
applied a machine learning algorithm to automatically detect and track these large- 
scale behaviors. We used 21 years of data from 12 weather surveillance radar stations 
in the Great Lakes region to quantify the phenology in roosting behavior of aerial 
insectivores at three spatial levels: local roost cluster, radar station, and across the 
Great Lakes region. We show that their peak roosting activity timing has advanced 
by 2.26 days per decade at the regional scale. Similar signals of advancement were 
found at the station scale, but not at the local roost cluster scale. Air temperature 
trends in the Great Lakes region during the active roosting period were predictive 
of later stages of roosting phenology trends (75% and 90% passage dates). Our 
study represents one of the longest- term broad- scale phenology examinations of 
avian aerial insectivore species responding to environmental change and provides a 
stepping stone for examining potential phenological mismatches across trophic levels 
at broad spatial scales.
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1  |  INTRODUC TION

Anthropogenic climate change and its associated increasing tem-
perature influences ecosystems at multiple scales (Inouye, 2022). 
Phenology is the study of recurring events in organisms' life cy-
cles and their relationships with seasonal and interannual varia-
tion in climate (Schwartz, 2013). It is increasingly recognized that 
phenological changes are a common response to climate change 
(Menzel et al., 2006). Altered phenology has been documented in 
a variety of taxa across life stages, including changes in the tim-
ing of seasonal avian migration (Helm et al., 2019; Tryjanowski 
et al., 2002; Youngflesh et al., 2021), terrestrial vegetation green- up 
date or first bloom date (Cleland et al., 2007; Panchen et al., 2015; 
Schwartz, 2013), large herbivores' reproduction (Aikens et al., 2021; 
Kerby & Post, 2013; Post & Forchhammer, 2008), aquatic insect 
emergence (Everall et al., 2015), and many others. The phenology of 
key species across these taxa could serve as indicators of ecosystem 
viability (Gittings et al., 2019). Since phenology is consequential for 
population dynamics, demography, and community structure (Diez 
et al., 2012; Miller- Rushing et al., 2010), it is important to observe 
and quantify the potential shift, or lack thereof, of species' timing of 
annual events.

Avian aerial insectivore populations are experiencing acute de-
clines, with species in North America experiencing a 31.8% popula-
tion decline from 1970 to 2017 (Rosenberg et al., 2019). This decline 
is likely the result of multiple interacting drivers, including the large- 
scale decrease in abundance of food resources in the form of aerial 
insects (Conrad et al., 2006; Rioux Paquette et al., 2014; Stepanian 
et al., 2020), breeding and nonbreeding habitat loss (Herkert, 1994; 
Holmes & Sherry, 2001), and climate change imparting selection 
pressure on species with less flexible migration phenology (Spiller 
& Dettmers, 2019). These proximate threats broadly influence aerial 
insectivores' annual cycle across breeding, migration, and nonbreed-
ing seasons (Spiller & Dettmers, 2019).

While aerial insectivores' breeding biology is widely studied 
(Dunn & Winkler, 1999; Imlay et al., 2018; Neufeld et al., 2021; 
Saldanha et al., 2019), fewer studies focus on their unique post- 
breeding and pre- migratory period. Potentially due to less obvious 
and uniform migration patterns under less time constraints during 
this period, post- breeding phenology of migratory birds is still 
poorly understood (Gallinat et al., 2015; Haest et al., 2019; La Sorte 
et al., 2015). This study offers a unique angle on this understudied 
part of aerial insectivores' life history. After the breeding season, 
swallows and martins of all ages in North America transition to 
pre- migratory roosts in late June and July, some of which contain 
more than 100,000 birds (Russell & Gauthreaux, 1999). In the north-
ern United States, summer roosts of aerial insectivore species are 
largely composed of Purple Martins (Progne subis), but also include 
Tree Swallows (Tachycineta bicolor), Barn Swallows (Hirundo rustica), 
Bank Swallows (Riparia riparia), and Cliff Swallows (Petrochelidon pyr-
rhonota) (Bent, 1963; Burney, 2002; Kelly et al., 2012; Kirby, 1978). 
Their communal roosting behaviors, where unrelated conspecifics 
and heterospecifics aggregate during the nocturnal resting period 

(Laughlin et al., 2014) present a unique means of examining the tim-
ing of a critical life- history stage, when insectivores refuel to offset 
the energy demands of fall migration (Imlay & Taylor, 2020). Birds 
disperse from roost sites synchronously within 1 h before dawn for 
daily foraging bouts over a large surrounding area and return to the 
roost 1– 2 h before sunset (Bridge et al., 2016; Brown et al., 2021). 
Roosts may persist on the landscape for 8– 12 weeks, but as the 
season progresses, birds continue their southbound migration, with 
roosts all but disappearing in North America by mid- October (Brown 
et al., 2021). This discrete roosting behavior can be captured on a 
macroscale using a remote sensing platform— weather surveillance 
radar (Laughlin et al., 2013).

The use of next- generation weather surveillance radars 
(NEXRAD) in biological applications has contributed greatly to our 
understanding in many areas of ecology. Aeroecology, which is a 
field of study mostly concerning the movements and behaviors of 
airborne animals, namely birds, insects, and bats, has been greatly 
assisted by NEXRAD sensors. Those studies include examinations 
of avian nocturnal migration on a large spatial and temporal scale 
(Dokter et al., 2018; Horton et al., 2015, 2020; Nilsson et al., 2019), 
insect migration or abundance (Stepanian et al., 2020; Westbrook 
et al., 2014), bat emergence from caves and bridges (Haest 
et al., 2021; Horn & Kunz, 2008; Stepanian & Wainwright, 2018), 
stopover site and nesting site identification (Bigger et al., 2006; 
Bonter et al., 2009; Lafleur et al., 2016), as well as population and 
behavioral responses to human- introduced disturbances (Cabrera- 
Cruz et al., 2020; Horton, Nilsson, et al., 2019; Horton, Van Doren, 
et al., 2019; McLaren et al., 2018; Van Doren et al., 2017, 2021). 
While previous studies have leveraged this infrastructure for the 
study of roost identification (Bridge et al., 2016; Cheng et al., 2020; 
Chilson et al., 2019; Kelly & Pletschet, 2018; Laughlin et al., 2014; 
Russell & Gauthreaux, 1998), little has been done to quantify long- 
term phenology patterns of aerial insectivore roosting behaviors.

Temperature- associated shifts in life history timing have been 
reported in some insectivore species. For example, advances of lay 
dates in long- distance migratory Pied Flycatchers (Ficedula hypo-
leuca) were partly explained by ambient temperature on the breed-
ing grounds (Helm et al., 2019), and warmer winter temperature on 
the breeding grounds predicted earlier breeding in Tree Swallows 
likely through insect availability (Imlay et al., 2018). While aerial 
insectivore phenology may be directly correlated to insect prey 
phenology (Shutler et al., 2012), long- term measures of aerial in-
sect distributions and their timing are still challenging to acquire. 
Therefore, air temperature may serve as a proxy for aerial insect 
phenology since growing degree days (GDD, a measure of heat ac-
cumulation) are tightly coupled with the timing of insect emergence 
(Everall et al., 2015).

The Great Lakes region is an important ecoregion for millions 
of en route migratory birds (Diehl et al., 2003) and it is known that 
many insectivore species form pre- migratory roosts in this region, 
near water or crop fields (Bent, 1942; Bridge et al., 2016). The goal 
of this study was to use long- term radar data to quantify swallow 
and martin roosting phenology change and phenological plasticity 
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in the Great Lakes region for the first time, as well as to explore the 
influence of air temperature on roosting timing.

2  |  MATERIAL S AND METHODS

2.1  |  Radar sites and system specification

The US Next- generation Radar (NEXRAD) network consists of 
159 S- band radars and is operated by the National Oceanic and 
Atmospheric Administration (NOAA). Data collection from these 
remote sensors began in the early 1990 s and has been consistent for 
many stations since the mid- 1990 s (Chilson et al., 2012; Stepanian 
et al., 2016; Figure S1). NEXRAD radar products are archived and 
fully accessible via Amazon Web Services (https://s3.amazo naws.
com/noaa- nexra d- level 2/index.html). Not only is it a reliable tool 
to monitor weather activity, but it also provides an opportunity to 
monitor animal airspace usage, including migration and dispersal 
(Kelly et al., 2012; Laughlin et al., 2013). From a radar perspective, 
swallows and martins show distinct morning exoduses as they 
emerge from nightly roosting locations, which appear as ring- shaped 
patterns expanding outwards from the initial roost locations. In the 
Great Lakes region, these “roost rings” populate radar imagery from 
late June to late October (Laughlin et al., 2013). To quantify the 
timing of aerial insectivore roosting phenology, we extracted roost 
signals from radar imagery from 21 years of data (2000– 2020) across 
12 radar stations throughout the Great Lakes region (Figure 1). To 
capture the dispersal of insectivores emerging from roosts, we 
selected radar scans from 30 min before sunrise until 90 min after 
sunrise from June 1st to October 31st.

These 12 radar stations operate at S- band, with a wavelength 
of approximately 10.71 cm (ranges from 10.02 to 11.09 cm) and 2.7– 
3.0 GHz frequency. Airspace is sampled by the predetermined vol-
ume coverage patterns (VCPs), which vary in the number of beam 
sweeps and the amount of time needed to complete a volume scan 
ranging from 5 to 10 min. At each radar station, data are collected as 
the radar antenna scans 360 degrees at different elevation angles, 
ranging from as few as five unique elevational scans to as many as 
15. The scans are organized into discrete azimuths and range gates. 
In 2008, the spatial resolution was increased from 1.0° azimuths 
and 1 km range gates (legacy resolution) to 0.5° azimuths and 250 m 
range gates (super- resolution). In 2013, the network was upgraded 
to dual- polarization, adding three more radar products (total mea-
sured differential phase, differential reflectivity, copolar correlation 
coefficient) to the original standard radar moments (radar reflectivity 
factor, radial velocity, spectrum width). Copolar correlation coeffi-
cient (�HV) has proven useful in separating precipitation from biolog-
ical scatters (Stepanian et al., 2016), as it was used in this capacity 
for this study when available. The beam samples the atmosphere 
at greater heights with increasing distance from the radar because 
radar beam geometry under the standard atmosphere refraction is 
assumed to be 4/3 of Earth radius, as well as radar beam tilts usually 
start from 0.5° elevation angle. For this reason, we restricted our 

extractions to 150 km from each radar station (within a 300 × 300 km 
square bounding box centered at the radar) to ensure roosts would 
be visible within the radar beams. We acknowledge the influence of 
range on roost detections, specifically, roosts that are far away from 
or too close to the radar are likely to be underestimated or missed. 
However, detection bias introduced by the range effect would be 
stable across years, thus not broadly impacting macro- phenology 
patterns that we are examining.

2.2  |  Automatic detection and validation through 
manual screening

Historically, it has been challenging to separate swallow and martin 
roost rings from non- biological information (e.g., precipitation) and 
other biological activities showing up on radar scans (e.g., insects, 
bats, other birds). Without an automatic system, it is also prohibitive, 
particularly when manual detection is the only tool, to process large 
amounts of data covering a long time- series and large spatial extent. 
To tackle these challenges, we leveraged a deep- learning system 
introduced by Cheng et al. (2020) to automatically detect and track 
roosts in radar scans. This system consists of two modules: first, a 
single- frame detector was built on Faster R- CNN (Ren et al., 2017) 
to identify and localize the roosts per radar scan by predicting the 
probability that a roost of each candidate size exists near each 
reference position (45 reference anchors ranging from 16 × 16 
to 512 × 512). Faster R- CNN is a widely deployed and highly cited 
region- based CNN (convolutional neural network) detector, which 
simultaneously classifies and localizes objects. Second, we used a 
tracking algorithm (Ren et al., 2017) to associate roost detections 
across temporally consecutive scans. The roost identification 
algorithm was trained on a manually annotated roost dataset 
collected in previous roost studies (Cheng et al., 2020; Laughlin 
et al., 2016), which consists of 88,972 radar scans with 63,691 
labeled roosts. Following Cheng et al. (2020), we render 3 channels of 
radar products (reflectivity at 0.5° tilt, radial velocity at 0.5° tilt, and 
reflectivity at 1.5° tilt) as 600 × 600 pixels (1 pixel = 0.5 km) images in 
the “top- down” Cartesian- coordinate view and finetune a detector 
pretrained on a large- scale natural image dataset (Russakovsky 
et al., 2015). The resulting system detections are given by a class 
probability and bounding box coordinates for each roost (Figure 1b). 
Lastly, to remove additional false positive detections, we used dual- 
polarization radar products to mitigate weather contamination and 
an existing wind turbine database (Hoen et al., 2018) to remove 
returns from those stationary ground- based targets. We refer the 
readers to Cheng et al. (2020) for more technical details.

While the automated detector accurately identified the location 
of most roosts, it was also prone to some errors introduced by non- 
biological targets or unknown noises. To ensure confidence in our 
detections, we (YD, MCB, and VS) manually screened all detections 
to remove false positives, including contamination from precipitation 
and anomalous propagation, and we worked to ensure that bound-
ing boxes appropriately estimated the boundaries of the roosts.  

https://s3.amazonaws.com/noaa-nexrad-level2/index.html
https://s3.amazonaws.com/noaa-nexrad-level2/index.html
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A rigorous screening protocol was developed to ensure consistency 
among three screeners. During the screening, days with more than 
50% of the radar domain contaminated by precipitation or anomalous 
propagation were discarded. Different labels were created for de-
tections of roosts: non- roosts, weather- contaminated roosts, anom-
alous propagation roosts, unknown- noise roosts (roosts with strong 
scattered undefined signals in the background), and bad tracks. Bad 
tracks were defined as detection tracks that failed to follow the 
typical roost emergence and disappearance pattern, stopped early, 
jumped to track another roost or other objects, continued tracking 
when roosts already disappeared, or captured bounding boxes that 
were too large or too small. This extensive screening effort will help 

improve the roost detection algorithm performance in the future, as 
well as provide us with information of potential noises introduced by 
the environment and radar system.

After the screening process, we tested if the number of roost 
detections differed before and after super- resolution and dual- 
polarization upgrades. We calculated the mean number of unique 
roost tracks detected within each radar station across all years 
before and after the upgrades, then we conducted paired sample 
Wilcoxon tests (non- parametric due to non- normal distributions) 
in R. We did not find significant differences between pre- upgrade 
and post- upgrade roost detections for super- resolution and dual- 
polarization upgrades (Figure S2).

F I G U R E  1  (a) Location of 12 radar stations across the Great Lakes region. The square buffer around each site indicates a 300 × 300 km 
detection range. Four- letter radar station names represent the following locations: KDLH = Duluth, Minnesota; KMQT = Marquette, 
Michigan; KGRB = Green Bay, Wisconsin; KMKX = Milwaukee, Wisconsin; KLOT = Chicago, Illinois; KIWX = Fort Wayne, Indiana; 
KGRR = Grand Rapids, Michigan; KAPX = Gaylord, Michigan; KDTX = Detroit, Michigan; KCLE = Cleveland, Ohio; KBUF = Buffalo, New 
York; KTYX = fort drum, New York. Map lines delineate study areas and do not necessarily depict accepted national boundaries. (b) Five 
successive radar reflectivity images (6:24 AM, 6:30 AM, 6:35 AM, 6:39 AM, 6:45 AM) from KDTX station on the morning of August 18, 2005, 
showing detection bounding boxes around each roost.

(a)

(b)
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2.3  |  Radar data processing

To estimate the number of swallows and martins within each roost, 
we extracted the raw reflectivity factor values from Level II weather 
radar data and translated it into the number of birds (Chilson 
et al., 2012; Diehl et al., 2003; Dokter et al., 2011; Gauthreaux & 
Belser, 1998; Nebuloni et al., 2008). Specifically, we converted radar 
reflectivity factor Z (dBZ) to radar reflectivity � (cm2/km3) in the 
linear scale, which is directly related to the density of bioscatterers, 
using

where � = 10log10

(
103�5|

|Km
|
|
2
∕�4

)
 with ||Km

|
|
2
= 0.93 for liquid 

water, �0 = 1 cm2 ∕km3 and � = 10.71 cm (typical value for WSR- 88D 
S- band; wavelength of these 12 radars ranges from 10.02 to 11.09 cm).

Purple Martins are the largest species in Hirundinidae family in 
North America, so we used its radar cross section (RCS) to produce 
conservative estimates of the number of birds. Assuming all birds are 
uniformly distributed within the radar sampling volume and using a 
RCS for Purple Martins of 16.2 cm2 according to the linear relation-
ship between bird mass and radar cross section (Horton, Nilsson, 
et al., 2019; Horton, Van Doren, et al., 2019):

and mean purple martin mass of 51 g (Dunning, 2007), we calculated a 
number density Dbio and number of birds per roost Nbio for each roost 
detection at each tilt using

where Vrad is the volume of a voxel, which is a sampling unit in a three- 
dimensional cone cut by two parallel planes 250 m apart. We calculated 
the volume of each voxel of the radar sampling volume by assuming a 
1° symmetric circular conical beam width for legacy- resolution scans 
(before the 2007– 2008 Super Resolution upgrade), and an elliptical 
conical shape of 1° vertical beam width and 0.5° horizontal beam 
width for super- resolution scans (Torres, 2007). Lastly, we summarized 
the cumulative number of birds below the height of 5000 m by add-
ing up the averaged bird counts in each standardized elevation angle 
bin (1- degree interval). All radar data processing was done in Python 
(version 3.9.4) using PyArt and pywsrlib packages and R (version 4.0.2).

2.4  |  Quantifying phenological trend

We explored phenological trends at three spatial levels: persistent 
local roost clusters, radar stations, and the Great Lakes region. 

Roost clusters were generated by a mean shift clustering algorithm 
(Pedregosa et al., 2011) using our roost track detections, which 
calculated density- based clusters while maintaining a minimum 
shape (Belotti et al., in review). First detection points included in the 
same cluster represent a region consistently used by swallows and 
martins to roost in a local region, thus defined as a roost cluster. We 
defined persistent roosts as those that had roosting activity in 90% 
or more of available years (i.e., >18 years). We excluded station- years 
or roost- years that had fewer than 10 days with roost detections 
from the analysis. Following the manual screening, we filtered for 
detections labeled as swallow- roosts and excluded detections with 
all other labels (e.g., bad track, weather contamination, etc.). To 
calculate the daily bird count for each station- year, we derived the 
mean number of birds for each roost track, then summed up all the 
birds from all roosts detected in a day within a station. We excluded 
the days from the analysis if there was more than 50% weather 
contamination in the radar scanning area, intense anomalous 
propagation, or the sampling period of the day was less than 
100 minutes. Days without any detections and not excluded from 
the analysis were filled as true zeros.

To estimate potential changes in different roosting phenology 
stages at persistent roost cluster and radar station scales, we first 
used a generalized additive model (GAM) fit to each station- year 
and roost- year to model the roosting activity throughout a roosting 
season, using R package mgcv (Wood, 2011). We constructed GAMs 
with daily bird counts as the response variable and day of year (DOY) 
as the independent variable with the smoothing parameter (k) set 
to 5 using a quasi- Poisson correction for overdispersion, with thin 
plate regression splines (tp) smooth term and REML smoothing param-
eter estimation method. We used this model construction to predict 
counts throughout the season. From these predicted counts, we cal-
culated the 10th, 25th, 50th, 75th, and 90th percentile dates and 
mean dates as phenology estimates since we want to capture the 
phenological trend at different stages of roosting. Each percentile 
date is the first date by which a certain percent of the cumulative 
bird count has been reached. We also included the mean date since 
estimating trend using mean date is often most accurate, as well as 
robust to variation in sample sizes (Moussus et al., 2010). The mean 
date is calculated as the mean passage date weighted by the bird 
counts at each date over the whole sampling period of a year. To 
extract each phenology estimates at the Great Lakes region level, 
we calculated weighted passage dates using station level phenology 
estimates weighted by log- transformed cumulative passage in each 
year. Taking year as an independent sampling unit, we tested for 
long- term trends for phenology using a linear regression model at all 
three different scales. To compare the long- term phenology trends 
to the results found in other literature (Horton et al., 2020), we con-
ducted a non- parametric Wilcoxon test (small sample size and not 
normally distributed) for paired samples to assess if the phenology 
trends are significantly different across the Great Lakes region.

The distributions of peak roosting activity dates across stations 
were tested for normality using the Shapiro– Wilk test. Since the 
hypothesis of normality was not met for all the stations, we used 

�
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]
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]
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�
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]
= 10∗ log10
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]
∕�0

)
,

log10(cross − section) = 0.670∗ log10(bodymass)

Dbio = � ∕�

Nbio = Dbio ∗Vrad
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non- parametric tests (Kruskal– Wallis test and Fligner- Killeen test of 
homogeneity of variances) to test for differences in means and vari-
ances of the peak roosting activity timing across stations.

2.5  |  Air temperature as an indicator of 
phenology change

To examine the association between air temperature and aerial 
insectivore roosting phenology, we used air temperature 2 m above 
ground (°C) gridded at 32- km from NCEP North American Regional 
Reanalysis (NARR) data archive (https://psl.noaa.gov/data/gridd 
ed/data.narr.html), which is available from 1979 to the present and 
measured 8 times daily. We calculated the daily mean temperature 
for the entire study region and within the 150 km buffer area 
around each station during the active roosting months (July 1st to 
September 30th). Seasonal means of mean temperatures were then 
calculated for each year and each station. To quantify the trend in 
surface air temperature, we used a linear regression with year and 
radar ID as fixed effects for region level analysis, and year as fixed 
effect for station level analysis. To test if surface air temperature 
was predictive of roosting phenology interannual variations, we fit 
linear regressions for each station and the whole region using all six 
phenology estimates to relate roosting phenology to air temperature. 
To examine the relationship between trends in temperature and 
roosting phenology, we conducted linear regression analysis at the 
station level. All analyses were conducted in R (version 4.0.2).

3  |  RESULTS

3.1  |  Descriptions of aerial insectivore roosting 
phenology

We sampled 3192 mornings for 12 radar stations across the Great 
Lakes Region from 2000 to 2020. In total, we processed and 
screened 940,641 radar scans, within which we obtained 67,273 
detections of roosts, grouped into 16,222 tracks (non- duplicated) 
by the machine learning algorithm. Across this period, 85.32% of 
the total tracks were identified as swallow and martin roosts (non- 
contaminated and well tracked). Each station- year had a mean of 
60.4 unique roost tracks detected (SD = 43.2). Some martin roosts 
were discarded in the analysis due to anomalous propagation (0.6%), 
imperfect tracking (3.8%), unknown noise (7.3%), and weather 
contamination (2.9%). After filtering out the years with roost 
detections on fewer than 10 days, we excluded radar station KMQT 
(located at Marquette, Michigan) from the analysis since it did not 
meet this criterion.

Swallow and martin roosting activity (mean daily bird count 
across all stations and years) increased from early August [10% 
passage date: 212 ± 7.78 (±SD) DOY; 25% passage date: 220 ± 5.89 
(±SD) DOY], peaked in mid- August [50% passage date: 227 ± 5.69 
(±SD) DOY; mean date: 227 ± 4.66 (±SD) DOY], and then declined in 

late August [75% passage date: 234 ± 6.21 (±SD) DOY; 90% passage 
date: 240 ± 7.20 (±SD) DOY] in the Great Lakes region (Figure 2a,b). 
Means in peak roosting activity dates did not differ across sta-
tions (Figure 2c, Kruskal- Wallis test: chi- squared = 9.2065, df = 10,  
p- value = .5126), however, variances in peak roosting activity dates 
differed across stations (Figure 2c, Fligner- Killeen test of homoge-
neity of variances: chi- squared = 19.802, df = 10, p- value = .03118). 
To examine the pair- wise correlations between 50th percentile pas-
sage date at each station, we calculated Pearson's correlation coeffi-
cients. We found that the timing of events was positively correlated 
with each other at majority of the stations and all significant (p < .05) 
correlations were positive (Figure 3; Figure S3).

3.2  |  Changes in phenology at three different 
spatial scales

At the regional scale, we found that across 21 years, swallows and 
martins formed pre- migratory roosts in the Great Lakes region 
approximately 2.26 ± 2.23 days earlier per decade (coefficient ± 95% 
CI, p = .047) for peak roosting activity date (Figure 4). Similar 
advances were shown in the mean date metrics (coefficient ± 95% 
CI = −2.23 ± 2.00 days decade−1, p = .030), 75% passage date metrics 
(coefficient ± 95% CI = −3.10 ± 2.51 days decade−1, p = .018) and 
90% passage date metrics (coefficient ± 95% CI = −4.09 ± 3.67 days 
decade−1, p = .031). However, we did not see significant trends 
for 10% and 25% dates. Our phenology trends were significantly 
different between this study and a previous study on nocturnal 
avian migration (Horton et al., 2020) across the Great Lakes region 
(Wilcoxon test for paired samples, p- value <.05, V- statistic = 9, 
n = 11). At the station scale, we found significant advancements in 
peak roosting activity dates in 3 out of 11 stations, with the rate 
of change varying between −8.2 to −4.5 days decade −1 (p < .05). 
At the local persistent roost scale, we did not find any significant 
phenological shifts for peak roosting activity date (n = 16).

3.3  |  Association between air temperature 
changes and phenological changes

Air temperature at 2 m above ground level during the active roosting 
months (July to September) increased over the past two decades at 
the Great Lakes region (estimate ±95% CI = 0.58 ± 0.18 °C decade−1; 
p- value <.001) and warmed up significantly at 41.7% of the stations 
(5 out of 12 stations), varying between 0.67 and 0.80 °C decade−1 
(p- value <.05).

We compared phenology metrics to mean air temperature at sta-
tion and regional scales, using the 10th, 25th, 50th, 75th, and 90th 
percentile passage dates, and mean date to capture all the phases 
of the roosting behavior. At region scale, regional daily mean tem-
perature was not a significant predictor for any of the phenological 
estimators (10% passage date: slope = −0.010, p = .944; 25% passage 
date: slope = −0.108, p = .789; 50% passage date: slope = −0.501, 

https://psl.noaa.gov/data/gridded/data.narr.html
https://psl.noaa.gov/data/gridded/data.narr.html
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p = .283; mean date: slope = −0.172, p = .692; 75% passage date: 
slope = −0.214, p = .737; 90% passage date: slope = 0.253, p = .765). 
At station scale, station daily mean temperature was also not predic-
tive of roost phenology. Since we did not detect a significant phenol-
ogy trend at the persistent roost scale, we did not explore the effect 
of air temperature on phenology at roost scale.

However, we found that temperature trends positively cor-
related with the trends in roosting phenology 75% passage dates 
(coefficient ± 95% CI = 0.030 ± 0.024, p- value = .0197, F[9] = 8.015) 
and 90% passage dates (coefficient ± 95% CI = 0.022 ± 0.018,  
p- value = .0208, F[9] = 7.826), but were not correlated with our 
other phenological estimators, for example 50% passage dates  
(p- value = .267, F[9] = 1.399).

4  |  DISCUSSION

Migration and pre- migratory roosts are essential periods in swallow 
and martin life histories, and using remote sensing, paired with new 
machine learning techniques, we show that this critical phenophase 

is shifting earlier throughout the past two decades. Specifically, our 
results indicate that their peak roosting phenology has advanced 
by 2.26 ± 2.23 days per decade (coefficient ± 95% CI) across the 
Great Lakes region. Air temperature trends in the same region 
during the active roosting period were predictive of later stages 
of roosting phenology trends (75% and 90% passage dates). There 
was also great within- season synchrony of peak timing of roosting 
across the stations, which suggests phenology is paced by a region- 
wide environmental cue not fully described by temperature alone. 
This study represents the first long- term broad- scale examination 
of aerial insectivore species' phenology during the non- breeding 
season, and the first ecological application using roost detection by 
a deep- learning approach at scale.

Our finding of advancing phenology is consistent with other 
large- scale studies on migratory birds in North America and 
Europe. In a recent study on nocturnal avian migration using 
weather surveillance radar data, peak autumn migration timing 
advanced 0.52 ± 0.12 days decade−1 at the eastern flyway of con-
tiguous United States (Horton et al., 2020). However, the mag-
nitudes of advancement were significantly different between 

F I G U R E  2  (a) Seasonally cumulative roosting activity for 11 radar stations in the Great Lakes region from 2000 to 2020. Each curve 
represents a unique station- year. Averaged peak roosting activity date (August 16th) is shown with a dotted vertical line. Color corresponds 
to the radar station as shown in (c). (b) Scatter plot of raw daily sum of the number of birds from all station years, showing the general 
pattern of roosting activity in the Great Lakes region over 21 years. The fitted line is derived from a generalized additive model (GAM). Color 
corresponds to the radar station as shown in (c). (c) Violin plot of peak roosting activity dates (50% passage) in each radar station from 2000– 
2020. Radar stations are sequenced in the order along the southern coastline of the Great Lakes (west to east).

(a) (b)

(c)
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our measures from the Great Lakes region and those of Horton 
et al. (2020). Differences may not be surprising in this comparison, 
particularly because our measures exclusively characterize aerial 
insectivores, whereas the other study focused on measures from 
all nocturnal migrant species (likely hundreds of species). Give that 
we showed more rapid advancements, using similar technology, it 
may suggest that aerial insectivores display greater sensitivity to 
changes in aerial insect prey composition under climate change 
(Clark & Hobson, 2022; Twining et al., 2018, 2022). In addition, 
using citizen science data (i.e., eBird), Youngflesh et al. (2021) 
found that Tree Swallows, Barn Swallows, and Cliff Swallows 
arrived earlier in spring during periods with earlier vegetation 
green- up, with the first two species having non- zero overlap-
ping 95% credible intervals. In another large- scale phenological 
study in the UK, projected median shifts in phenology based on 
more than 10,000 terrestrial and aquatic phenological dataset 
over 20 years suggest that birds will advance their seasonal tim-
ing 2– 4 days by the 2050s (Thackeray et al., 2016). Additionally, 
evidence from mist- netting data on autumn avian migration in 
Europe (Haest et al., 2019; Tøttrup et al., 2006) showed interspe-
cific variations in phenology trends, with species showing earlier 
departure (−1.8 days decade−1) and earlier mean autumn passage 
date (−0.01 to −1.86 days year−1). Apart from evidence on shifts 
in migration timing, the breeding phenology in various aerial in-
sectivores is also shifting earlier. Cliff, Barn, and Tree Swallows 
in southeast Canada (New Brunswick and Nova Scotia) initiated 
clutches 8.1, 9.9, and 10.4 days earlier from 2006– 2016 compared 
to 1962– 1972, which is equivalent to 1.8, 2.2, and 2.3 days ear-
lier decade−1 (Imlay et al., 2018). In another long- term study, Tree 
Swallows have advanced their egg laying date 4.2 days decade−1 in 
southern Quebec, Canada (Bourret et al., 2015).

At the regional scale, we observed that 90% passage dates 
showed the strongest advances compared to weaker 75% passage 
date, and even weaker 50% passage date, potentially due to the 
pressure to avoid harsher environmental conditions in the latter part 
of the season, including cold snaps, depleting food resources, and 
low water availability (Horton et al., 2020; La Sorte et al., 2015; Xu 
& Si, 2019). Early parts of the season (10% and 25% passage date) 
did not show a significant trend, which could have resulted from 
non- uniform arrivals composed of different age groups, individuals 
coming from different breeding grounds, different sexes, or individ-
uals traveling at different rates (Neufeld et al., 2021). This suggests 
that climate change may be impacting aerial insectivore phenology 
unevenly across different periods of their roosting stage, potentially 
leading to a shortened pre- migratory roosting season.

Climate change affects aerial insectivores differently depend-
ing on life history stage, and these differences may be due to diet 
diversity (Winkler et al., 2002). Specifically, during egg- laying and 
chick- rearing periods when food supply is most important, aerial in-
sectivore species with diverse prey availability may be more resilient 
to mis- timing and less affected by climate change. Purple martins 
have been shown to exploit a variety of food sources during their 
breeding season, including 56 prey species (79% ants and 1.5% 
dragonflies), as shown in a foraging study at Lake Texoma, Oklahoma 
(Helms et al., 2016). Adding to this, a 20- year dataset has shown that 
Purple Martins lay eggs earlier in warmer springs and produce more 
fledglings (Shave et al., 2019). While the initiation of long- distance 
migration is often regarded as less flexible, our study shows that 
swallows and martins do display phenotypic plasticity, and that 
this occurs after arrival to their breeding grounds. Their ability to 
adapt to seasonal variation, and by extension climate change, may 
apply to other periods of the non- breeding season as evidenced 

F I G U R E  3  Pearson's correlation 
coefficient plot between yearly peak 
roosting activity dates at 11 radar 
stations. Colors indicate positive (blue) 
and negative (red) correlations. The value 
in each grid cell indicates the Pearson's 
correlation coefficient for the station 
pair. Significant correlations (p < .05) are 
denoted by bold font. Radar stations are 
sequenced in the order along the southern 
coastline of the Great Lakes (west to east).
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by phenological response to temperature change across the Great 
Lakes region.

One limitation of this study is our inability to separate an ap-
parent second wave of roosting emergence in late September and 
October from the main August emergence. The second wave here 
is defined as a roost emergence event that continues for a few days 
after the first wave has stopped for at least 5 days. Out of 12 radar 
stations examined, only some years in KGRB station (Green Bay, 
Wisconsin) and KIWX station (Fort Wayne, Indiana) had secondary 
waves after mid- September. Without ground- truth observations, we 
were not able to confirm the species identity of the second wave 

of roosting species. Late summer roosts in September could be a 
mixture of Purple Martins, Tree Swallows, and other swallow species 
(Burney, 2002; Kelly & Pletschet, 2018; Laughlin et al., 2013). We 
compared roost locations with previous studies (Bridge et al., 2016; 
Kelly & Pletschet, 2018) and plotted the known swallow roost spe-
cies identity (Figure S4). Out of 104 roost clusters, 33 roost clusters 
(39.80% of the number of birds quantified by radar) in our paper 
overlapped with roost locations documented in previous literature 
and are considered as known species ID roosts. Out of 33 known 
roosts, 30 roost clusters were Purple Martin roosts (89.83% of the 
number of known ID birds) and 3 roost clusters belonged to a mix of 

F I G U R E  4  (a) Aerial insectivores' yearly roosting activity intensity (the number of birds) characterized at the Great Lakes region scale. 
The fitted lines are from a generalized additive model fit to the whole region for each year. (b) Regional weighted passage dates (90%, 75%, 
mean, 50%, 25%, 10%) versus year. Each point represents a regional passage date in 1 year using station- level phenology estimates weighted 
by log- transformed cumulative passage in each station. Fitted line and 95% confidence interval are derived from a linear regression for each 
phenological estimator. Solid lines represent significant (p < .05) regressions, and dotted lines represent non- significant regressions (p ≥ .05).

(a)

(b)
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Tree Swallows and Bank Swallows (10.17% of the number of known 
ID birds). While we cannot ascertain species identities of all roosts 
used in this study, evidence suggests that Purple Martins are the 
dominant signal in this study, with a lesser contribution from Tree 
Swallows and Bank Swallows. Future research at a contiguous 
United States spatial scale needs to be cautious about swallow spe-
cies separation.

This study provides the first quantification of the phenological 
trend in aerial insectivore roosting behavior and explores poten-
tial associations of phenology change with air temperature, by le-
veraging increasing accessibility of long- term weather surveillance 
radar data and advanced machine learning methods applicable to 
aeroecology studies. Discovering mechanisms behind phenolog-
ical change remains a priority for aerial insectivore conservation, 
and future research that explores long- term phenology records of 
various species of prey in relation to insectivore phenology at dif-
ferent scales is still urgently needed. Our study shows phenotypic 
plasticity in these long- distance hemispheric migrants at different 
spatial scales, providing insights into the ability of aerial insectivores 
to respond to global change. It provides a stepping stone for under-
standing the impact of climate change on this group of rapidly de-
clining species and for examining the phenology mismatch in trophic 
interactions at even broad spatial scales in future studies.
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