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ABSTRACT

RESPONSE OF ROOSTING AERIAL INSECTIVORES TO ONGOING CLIMATE CHANGE

QUANTIFIED BY WEATHER SURVEILLANCE RADAR

Aerial biotas encompass species that feed on airborne insects while in flight, including
various bird species (e.g., swallows, martins, nightjars, and flycatchers), bats, and insects (e.g.,
dragonflies). This community inhabits aerial habitats and occupies a critical interface between
terrestrial and aquatic ecosystems. Because these ecosystems provide essential food resources
and habitats, aerial insectivores' responses to climate change are closely tied to shifts at these
ecological boundaries. As climate change intensifies, these habitats are increasingly
unpredictable due to long-term climate shifts and more frequent extreme weather events, like
cold snaps. These environmental changes may have driven biological changes at varying levels
across aerial trophic food webs, potentially leading to trophic mismatches—where the timing of
consumer demand no longer aligns with the availability of their food resources. As a result,
aerial insectivores are particularly vulnerable to these shifts, and many are experiencing acute
population declines.

As key predators in the aerial trophic system, aerial insectivores help maintain ecosystem
balance and health. They also provide ecosystem services, such as pest population control and
the reduction of insect-borne diseases. Despite their ecological and agricultural importance,
knowledge gaps remain regarding how aerial insectivores respond to environmental changes at a

macrosystem scale—particularly regarding shifts in phenology and population dynamics.
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Addressing this knowledge gap is crucial for understanding and mitigating the cascading
effects of these changes on ecosystems. Therefore, there is a need to monitor changes in aerial
insectivore populations and phenology. In North America, some aerial insectivore species form
large roosting aggregations—sometimes numbering in tens of thousands—during certain life
cycle stages. These roosts appear on Next Generation Weather Radars (NEXRAD) as expanding
“angel rings,” providing a unique opportunity to quantify their occurrence across broad spatial
and temporal scales. To leverage this, I integrated decades of radar data with other remote
sensing datasets and machine learning tools to quantify phenological and population changes and
to investigate their drivers in two taxonomic groups of roosting aerial insectivores: swallows and
bats.

My dissertation centers around the key question: How has the phenology and population
of these aerial insectivores changed in response to changing climate? To address this, I first
focused on roosting swallows in the Great Lakes region, primarily Tree Swallows and Purple
Martins. Chapter 1 asks How swallow roosting phenology changed over the past two decades?
Chapter 2 asks Which aspects of climate change, during which periods, at what locations, impact
swallow roosting phenology at the Great Lakes? In Chapters 3 and 4, I shifted my focus to
Mexican free-tailed bats in south-central Texas. Chapter 3 asks Has phenology and population of
Mexican free-tailed bats changed in this region? Chapter 4 asks Can I predict the intensity of
nightly emergence events of Mexican free-tailed bats? The goal of my work is to provide
ecological evidence of these changes and uncover the underlying mechanisms, offering insights

that can inform conservation policies and actions.
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CHAPTER ONE
QUANTIFYING LONG-TERM PHENOLOGICAL PATTERNS OF AERIAL
INSECTIVORES ROOSTING IN THE GREAT LAKES REGION USING WEATHER

SURVEILLANCE RADAR

Summary

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 I 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, I
applied a machine learning algorithm to automatically detect and track these large-scale
behaviors. [ 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. I 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 steppingstone for examining potential

phenological mismatches across trophic levels at broad spatial scales.



Introduction

Anthropogenic climate change and its associated increasing temperature influence
ecosystems at multiple scales (Inouye, 2022). Phenology is the study of recurring events in
organisms' life cycles and their relationships with seasonal and interannual variations 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 timing 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 declines, with species in
North America experiencing a 31.8% population 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 nonbreeding 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 (K.
R. Russell & Gauthreaux, 1999). In the northern 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 pyrrhonota) (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 timing 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 one hour before dawn for daily foraging bouts over a large
surrounding area and return to the roost 1-2 hours 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 of many areas in 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
(Westbrook et al., 2014; Stepanian et al., 2020), 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 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; C. 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 hypoleuca) were partly explained by ambient temperature on the breeding
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 insect 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 accumulation) 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 in the Great Lakes region for the first time, as well as to explore the
influence of air temperature on roosting timing.
Methods
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 1990s and has been consistent for many stations
since the mid-1990s (Chilson et al., 2012; Stepanian et al., 2016; Figure 1.S1). NEXRAD radar
products are archived and fully accessible via Amazon Web Services
(https://s3.amazonaws.com/noaa-nexrad-level2/index.html). Not only is it a reliable tool for
monitoring 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, I extracted roost signals from radar imagery from 21 years of data (2000-2020)
across 12 radar stations throughout the Great Lakes region (Figure 1.1). To capture the dispersal
of insectivores emerging from roosts, I selected radar scans from 30 minutes before sunrise until
90 minutes 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 cm to 11.09 cm) and 2.7-3.0 GHz frequency. Airspace is sampled by the
predetermined volume 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 minutes. At each
radar station, data are collected as the radar antenna scans 360 degrees at different elevation
angles, ranging from as few as 5 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 measured differential phase, differential reflectivity, copolar
correlation coefficient) to the original standard radar moments (radar reflectivity factor, radial
velocity, spectrum width). Copolar correlation coefficient (pyy,) has proven useful in separating
precipitation from biological 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 the earth’s radius, as well as radar beam tilts usually start from 0.5°
elevation angle. For this reason, I restricted our extractions to 150 km from each radar station

(within a 300 km x 300 km square bounding box centered at the radar) to ensure roosts would be



visible within the radar beams. I 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 the macro-phenology patterns that I am examining.
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, and 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 x 16 to 512 x 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 rendered 3 channels of radar products (reflectivity at 0.5° tilt,
radial velocity at 0.5° tilt, and reflectivity at 1.5° tilt) as 600 x 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 1.1b). 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. I 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 bounding boxes appropriately estimated the boundaries of the roosts. 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 detections of roosts,
non-roosts, weather-contaminated roosts, anomalous 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, I tested if the number of roost detections differed before and
after super-resolution and dual-polarization upgrades. I calculated the mean number of unique
roost tracks detected within each radar station across all years before and after the upgrades, then
I conducted paired sample Wilcoxon tests (non-parametric due to non-normal distributions) in R.
I did not find significant differences between pre-upgrade and post-upgrade roost detections for
super-resolution and dual-polarization upgrades (Figure 1.S2).

Radar data processing

To estimate the number of swallows and martins within each roost, we extracted the raw
reflectivity factor values from Level Il 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 the radar reflectivity factor Z (dBZ) to radar
reflectivity n (cm?/km?) in the linear scale, which is directly related to the density of
bioscatterers, using

n[dB] = Z[dBZ]+ B
n [dB] = 10  logyo(n [cm?/km®]/n,)
where f = 10log,(1037°|K,,|?/A*) with |K,,,|> = 0.93 for liquid water, o, = 1 cm?/km?
and A = 10.71 cm (typical value for WSR-88D S-band; wavelength of these 12 radars ranges
from 10.02 cm to 11.09 cm).

Purple Martins are the largest species in the 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 radar
cross section (RCS) for Purple Martins of 16.2 cm? according to the linear relationship between

bird mass and radar cross section (Horton et al., 2019):



logo(cross-section) = 0.670 * log;o(bodymass)
and mean purple martin mass of 51 g (Dunning, 2007), we calculated a number density Dy, and
number of birds per roost Npio for each roost detection at each tilt using
Dpio = /o
Npio = Dpio * Viaa

where V,.,4 is the volume of a voxel, 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 et al. 2007).
Lastly, we summarized the cumulative number of birds below the height of 5000 m by adding 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).
Quantifying phenological trends

I 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. I defined persistent roosts as those that
had roosting activity in 90% or more of available years (i.e., > 18 years). I excluded station-years

or roost-years that had fewer than ten days with roost detections from the analysis. Following the
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manual screening, I 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, I 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. I 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, I 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 & Wood, 2015). I 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 parameter estimation method. I used
this model construction to predict counts throughout the season. From these predicted counts, I
calculated the 10, 25 50%, 75% and 90™ percentile dates and mean dates as phenology
estimates since I 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. I also included the mean date since estimating trends using the 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 estimate at the Great Lakes region level, I

calculated weighted passage dates using station-level phenology estimates weighted by log-
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transformed cumulative passage in each year. Taking year as an independent sampling unit, |
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), I conducted 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, I
used non-parametric tests (Kruskal-Wallis test and Fligner-Killeen test of homogeneity of
variances) to test for differences in means and variances of the peak roosting activity timing
across stations.
Air temperature as an indicator of phenology change

To examine the association between air temperature and aerial insectivore roosting
phenology, I 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/gridded/data.narr.html), which is available from 1979 to the present

and measured 8 times daily. I 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 1*
to September 30'™). Seasonal means of mean temperatures were then calculated for each year and
each station. To quantify the trend in surface air temperature, I 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, I fit linear regressions for each station and the whole region using all six phenology
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estimates to relate roosting phenology to air temperature. To examine the relationship between
trends in temperature and roosting phenology, I conducted linear regression analysis at the
station level. All analyses were conducted in R (version 4.0.2).

Results

Descriptions of aerial insectivore roosting phenology

I sampled 3192 mornings for 12 radar stations across the Great Lakes Region from 2000
to 2020. In total, I processed and screened 940,641 radar scans, within which I 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, |
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 (+xSD) 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 1.2a-
b). Means in peak roosting activity dates did not differ across stations (Figure 1.2¢, Kruskal-
Wallis test: chi-squared = 9.2065, df = 10, p-value = 0.5126), however, variances in peak

roosting activity dates differed across stations (Figure 1.2c, Fligner-Killeen test of homogeneity
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of variances: chi-squared = 19.802, df = 10, p-value = 0.03118). To examine the pair-wise
correlations between 50" percentile passage date at each station, I calculated Pearson’s
correlation coefficients. I found that the timing of events was positively correlated with each
other at the majority of the stations, and all significant (p < 0.05) correlations were positive
(Figure 1.3; Figure 1.S3).
Changes in phenology at three different spatial scales

At the regional scale, I 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 = 0.047) for peak roosting activity date (Figure 1.4). Similar advances
were shown in the mean date metrics (coefficient + 95% CI = -2.23 +2.00 d decade™!, p = 0.030),
75% passage date metrics (coefficient + 95% CI =-3.10 + 2.51 d decade™!, p = 0.018) and 90%
passage date metrics (coefficient + 95% CI = -4.09 + 3.67 d decade™!, p = 0.031). However, I did
not see significant trends for the 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 < 0.05, V-
statistic =9, n = 11). At the station scale, I 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 d
decade ! (p < 0.05). At the local persistent roost scale, I did not find any significant phenological
shifts for peak roosting activity date (n = 16).
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 =

14



0.58 £ 0.18 °C decade!; p-value < 0.001) and warmed up significantly at 41.7% of the stations
(5 out of 12 stations), varying between 0.67 to 0.80 °C decade™ (p-value < 0.05).

I compared phenology metrics to mean air temperature at station and regional scales,
using the 10, 251, 50, 75% and 90" percentile passage dates and mean date to capture all the
phases of the roosting behavior. At the region scale, the daily mean temperature was not a
significant predictor for any of the phenological estimators (10% passage date: slope =-0.010, p
=0.944; 25% passage date: slope = -0.108, p = 0.789; 50% passage date: slope =-0.501, p =
0.283; mean date: slope =-0.172, p = 0.692; 75% passage date: slope =-0.214, p = 0.737; 90%
passage date: slope = 0.253, p = 0.765). At the station scale, the daily mean temperature was also
not predictive of roost phenology. Since I did not detect a significant phenology trend at the
persistent roost scale, I did not explore the effect of air temperature on phenology at the roost
scale.

However, I found that temperature trends positively correlated with the trends in roosting
phenology 75% passage dates (coefficient + 95% CI = 0.030 + 0.024, p-value = 0.0197, F(9) =
8.015) and 90% passage dates (coefficient = 95% CI = 0.022 + 0.018, p-value = 0.0208, F(9) =
7.826), but were not correlated with our other phenological estimators, for example 50% passage
dates (p-value = 0.267, F(9) = 1.399).

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, I show that
this critical phenophase has been 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
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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™! at the eastern flyway of the contiguous United States (Horton et al., 2020). However,
the magnitudes of advancement were significantly different between 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). Given that I 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 overlapping 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 datasets over 20 years
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suggest that birds will advance their seasonal timing 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; Tettrup et al., 2006) showed interspecific variations in phenology trends,
with species showing earlier departure (-1.8 days decade™) and earlier mean autumn passage date
(-0.01 to -1.86 days year!). Apart from evidence on shifts in migration timing, the breeding
phenology in various aerial insectivores 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
earlier decade™! (Imlay et al., 2018). In another long-term study, Tree Swallows have advanced
their egg-laying date 4.2 days decade™! in southern Quebec, Canada (Bourret et al., 2015).

At the regional scale, I 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 nonuniform arrivals composed of different age
groups, individuals coming from different breeding grounds, different sexes, or individuals
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 depending 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 insectivore species
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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
by phenological response to temperature change across the Great Lakes region.

One limitation of this study is our inability to separate an apparent 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, I was 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). I compared roost locations with previous studies (Bridge
et al., 2016; Kelly & Pletschet, 2018) and plotted the known swallow roost species identity
(Figure 1.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
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clusters were Purple Martin roosts (89.83% of the number of known ID birds), and 3 roost
clusters belonged to a mix of Tree Swallows and Bank Swallows (10.17% of the number of
known ID birds). While I 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 species separation.

This study provides the first quantification of the phenological trend in aerial insectivore
roosting behavior and explores potential associations of phenology change with air temperature
by leveraging the increasing accessibility of long-term weather surveillance radar data and
advanced machine learning methods applicable to aeroecology studies. Discovering mechanisms
behind phenological 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 different 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
steppingstone for understanding the impact of climate change on this group of rapidly declining
species and for examining the phenology mismatch in trophic interactions at even broad spatial

scales in future studies.
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Figure 1.1. (a) Location of 12 radar stations across the Great Lakes Region. The square buffer
around each site indicates a 300 km x 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.
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Figure 1.2. (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. The averaged peak
roosting activity date (August 16™) is shown with a dotted vertical line. Color corresponds to the
radar station as shown in Figure 1.2c¢. (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 Figure 1.2¢. (¢) Violin plot of peak roosting activity
dates (50% passage) in each radar station from 2000 to 2020. Radar stations are sequenced in
order along the southern coastline of the Great Lakes (west to east).
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Figure 1.4. (a) Aerial insectivores' yearly roosting activity intensity (the number of birds)
characterized at the Great Lakes region scale. The fitted lines are from a GAM 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 one 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<0.05) regressions, and dotted lines represent non-
significant regressions (p=0.05).
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CHAPTER TWO
CONTINENTAL CONNECTIONS: CHANGING TEMPERATURE, WIND, AND
PRECIPITATION ADVANCE THE POST-BREEDING ROOSTING PHENOLOGY OF

AVIAN AERIAL INSECTIVORES

Summary

Migratory birds are under threat by climate change. Successfully conserving them
requires knowing which climatic factors drive changes in their migratory behavior. Assessing the
influence of weather on migratory birds is challenging, however, due to the temporal and spatial
uncertainties in breeding, roosting, and wintering grounds. Weather may affect these temporally
disjointed life stages separately and through carry-over effects, but they are not often studied
together. Coupling migratory bird movements estimated using weather radar (NEXRAD) with
long-term and large-scale environmental data allows us to overcome these spatiotemporal
uncertainties. Here, I assess environmental drivers of the phenology of post-breeding roosting of
aerial insectivores in the Great Lakes region (USA) by evaluating predictors during the months
leading up to roosting across species’ ranges. I conducted a spatially explicit time-window
analysis to examine the effects of 17 gridded weather and vegetation variables on swallow peak
roosting phenology in the Great Lakes, which has advanced by 4.5 days over the past two
decades. Our analysis spans a 21-year (2000-2020) time series and covers areas across Canada
and the northern United States. I found that peak roosting timing is paced by both local condition
(headwind at 850 hPa) at the Great Lakes and distant conditions (minimum temperature,
precipitation rate, and specific humidity) at the likely breeding and stopover sites, with warmer

temperature advancing, headwind delaying, and high precipitation advancing the phenophases.
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Time windows selected for the possible breeding and stopover sites are mostly before or around
the time of roosting, with one exception during wintertime. Our results fill in some of the
remaining knowledge gaps in swallows’ migration ecology and, more generally, in migratory

birds’ responses to ongoing climate change.

Introduction

The direct and indirect impacts of climate and other anthropogenic changes are causing
wildlife across the globe to face ever-increasing threats in terms of individual health, altered
behavior, phenology, distribution, and population dynamics (Acevedo-Whitehouse & Duffus,
2009; Pefiuelas et al., 2013; Razgour et al., 2018). Migratory birds navigate hemisphere-scale
journeys and live at the forefront of climate change and must adapt through either phenotypic
plasticity or microevolution (Moiron et al., 2024). Climate change is increasingly influencing
migratory birds' phenology, leading many species to alter their timing of arrival or departure
from breeding grounds (Jenni & Kéry, 2003; Pearce-Higgins & Green, 2012). These shifts, while
evident, raise concerns about whether they are sufficient to align with shifting resource
availability — a mismatch that could have severe consequences for migratory bird populations
(Bairlein, 2016; Visser & Both, 2005). Therefore, determining which environmental signals are
perceived by wildlife, during which period in their life cycle, and at what locations, are essential
steps toward unraveling the complexities of climate-induced phenological changes (van de Pol et
al., 2016). This understanding is pivotal for understanding how broader ecological processes are
being reshaped by climate change (Haest et al., 2018a, 2019, 2021).

Climate-induced phenological changes are particularly complex in long-distance migrants
(Miles et al., 2017), due to the diversity of environmental conditions that they experience along

the journey. Therefore, it is crucial to adopt approaches that encompass multi-locality analyses,
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capturing the complexities of migration patterns across diverse regions (Haest et al., 2018a,
2019, 2021). Despite this complexity, most studies on the influence of weather on migration
phenology use weather variables from migration arrival areas (Gordo, 2007). Doing so inherently
assumes that migration timing is primarily driven by local conditions rather than by distant
conditions at the locations where migration commenced or locations where migrants navigated
through. However, both local and distant conditions likely play a role in shaping migration
phenology (Cotton, 2003). For instance, local temperature conditions at migration stopover sites
affect arrival timing for some passerine species migrating between Africa and Europe,
particularly those breeding at higher latitudes, who showed flexibility in response to local
conditions en route (Aharon-Rotman et al., 2022). In contrast, distant conditions at the site where
migration commenced can serve as cues for migration initiation, indirectly affecting arrival
timing at later stages of migration (Gunnarsson et al., 2006; Shamoun-Baranes et al., 2006). The
relative influence of local versus distant conditions can also depend on the scale of movement.
For short-distance migration movements, immediate factors like wind conditions or local food
availability may have a stronger influence on fine-scale migration timing (Bridge et al., 2010;
Eisaguirre et al., 2018). For long-distance movements, distant environmental factors, such as
temperature anomalies or precipitation patterns in breeding or non-breeding grounds, can act as
drivers of migration initiation, with effects that propagate over thousands of kilometers (Both &
Visser, 2001; Studds & Marra, 2007). These distinctions highlight the importance of considering
the spatial and temporal scale of environmental influences when studying migration phenology.
Large spatial scale climatic variables, such as teleconnections and climate dipoles, have
been shown to affect migration patterns (Strong et al., 2015; Zuckerberg et al., 2020). Notably,

phenomena like El Nifio Southern Oscillation (ENSO) and the North Atlantic Oscillation (NAO)
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have been studied for their impact on local ecological changes, including bird spring migration
timing and breeding biology (Cotton, 2003; Haest et al., 2018a; Huang et al., 2017; Hiippop &
Hiippop, 2003; Laczi et al., 2019). However, teleconnection patterns, which influence
temperature, precipitation, wind, extreme weather, and ocean currents, summarized into single-
value indices, making it difficult to attribute these effects to specific source locations (Gordo,
2007). This complicates understanding the mechanisms by which climate change-driven shifts in
environmental conditions affect different stages of the migration journey. Additionally, timing
assumptions are often made when examining the relationship between weather and migration
phenology (van de Pol et al., 2016). For instance, predictors are sometimes averaged over
extended periods or matched directly with the phenological event. While these approaches have
provided valuable insights, they may not always align with the specific biological mechanisms
driving phenological events. Advances in tools like sliding window analyses now allow for a
more nuanced exploration of these relationships (van de Pol et al., 2016).

More recent work on understanding climate-ecology relationships has moved away from
these spatial and temporal assumptions, and instead, steps have been taken to conduct spatially
and temporally explicit analysis of several climate conditions (Haest et al., 2018b, 2019, 2020,
2021). Such an exploratory approach allows for the identification of the most likely locations and
times of influence and the formulation of data-driven hypotheses on these influences that can
then be verified through explicit testing when future data become available. Explicit testing
could involve comparing the predicted timing of phenological events based on our identified
climatic influences with field observations or tracking data to further verify the spatial and

temporal relationships between climate and phenology.
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Several commonly studied weather variables have been examined in previous research to
influence migration phenology by either delaying or advancing its timing. Temperature is among
the most studied predictors of changes in phenological events, both across regions and taxa
(Gordo, 2007; Root et al., 2003). It is a common environmental cue for many organisms to begin
their life history events (Schwartz, 2013), be it directly (Klinner & Schmaljohann, 2020) or
indirectly by changing the timing of food resource availability (Both et al., 2004). Warmer
surface air temperatures are predicted to advance phenology by increasing insect activity and
abundance, providing more favorable foraging conditions earlier in the season (Forrest, 2016;
Scranton & Amarasekare, 2017). Precipitation, in contrast, is hypothesized to have both delaying
and advancing effects depending on timing and context. High precipitation can delay phenology
by creating poor flight conditions that hinder migration or roosting (Haest et al., 2020), as well as
reducing flying insect activity and potentially causing short-term food shortages for aerial
insectivores (Cox et al., 2019). However, in arid regions, rainfall can advance phenology by
promoting vegetation growth and supporting insect populations, especially when lag effects from
soil moisture prolong these favorable conditions (Gordo, 2007). Precipitation and relative
humidity often reflect the availability of water sources, which in turn impacts insect abundance
and distribution. That ultimately shapes foraging opportunities for obligate insectivores such as
swallows and martins (Brown et al., 2002).

Other environmental variables can also serve as drivers of phenological changes in birds.
Vegetation phenology, which can be measured by enhanced vegetation index (EVI), can also
affect a migratory bird’s spring and fall phenology (C. A. Adams et al., 2024; Robertson et al.,
2024; Youngflesh et al., 2021) as some birds will ‘surf’ the green wave moving across latitudes.

Greener vegetation is hypothesized to cue earlier phenology by providing suitable habitat and
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food resources (La Sorte & Graham, 2021). Wind conditions (speed and direction) are
hypothesized to delay or advance phenology depending on their alignment with migratory paths.
Favorable tailwinds are expected to advance phenology by facilitating faster migration and
reducing energetic costs, whereas headwinds or adverse crosswinds may delay arrival by
requiring additional energy or causing stopovers (Gauthreaux et al., 2006; Haest et al., 2020;
Horton et al., 2018; Liechti, 2006). Finally, surface water temperature is predicted to advance
phenology by regulating the emergence of aquatic insects, a key food resource for aerial
insectivores. Warmer water temperatures earlier in the season can trigger earlier aquatic insect
emergence, thereby supporting earlier roosting or migratory events (Hixson et al., 2015; Twining
et al., 2018).

Phenological events, such as shifts in migration timing, influenced by environmental
variables that operate across varying spatial and temporal scales, sometimes require large-scale
monitoring systems to effectively quantify and understand these patterns. Weather surveillance
radar offers a powerful tool for this purpose, enabling the study of phenology across tens of
thousands of individuals over extensive spatial areas, sometimes with insights into taxonomic
group identities (Deng et al., 2023; Horton et al., 2020; Stepanian & Wainwright, 2018). During
the post-breeding and pre-migratory season (Figure 2.1), some species of swallows aggregate in
large numbers at their nocturnal roosting site and then disperse synchronously before dawn for
foraging, leaving a unique donut-shaped signature on radar (Belotti et al., 2023; Laughlin et al.,
2013). This offers a unique opportunity to investigate an understudied aspect of swallows' life
history, as the daily number of swallows aloft can be estimated directly from raw radar data
(Chilson et al., 2012). From this, phenological metrics describing roosting timing are derived,

representing the day of the year when half (or 10%, 25%, 75%, 90%) of the cumulative number

42



of swallows aggregate and emerge at post-breeding roosting sites (Deng et al., 2023). In the
Great Lakes region, post-breeding roosts of aerial insectivores are largely composed of Purple
Martins (Progne subis) and Tree Swallows (Tachycineta bicolor), but other swallow species
(e.g., Barn Swallow, Bank Swallow, and Cliff Swallow) could also mix in (Bridge et al., 2016;
Kelly & Pletschet, 2018b). In the Great Lakes, roosting swallows probably include a
combination of local breeders and post-breeding migrants (Fink, Auer, Johnston, Strimas-
Mackey, et al., 2020). Therefore, I am expecting far-away teleconnections and short-distance
conditions that could both influence the roosting phenology in this region.

With this unique 21-year (2000-2020) weather surveillance radar dataset on swallow
roosting timing (Deng et al., 2023), I examine the drivers of interannual variation and long-term
trends in post-breeding phenology at a large spatial scale. Specifically, I take a spatially explicit
time-window analysis approach, free of preconceived assumptions about which location(s) or
time window(s) influence migration timing. I seek to answer the following questions: Where,
when, and to what extent are swallows responding to environmental conditions that drive the
observed shift toward earlier roosting phenology in the Great Lakes, and what specific factors
are influencing this change? Our findings contribute to a broader understanding of the ecological
impacts of climate change on migratory species and provide valuable insights for predicting the
effects of future environmental changes.

Methods
Swallow roosting phenology throughout the Great Lakes

Weather surveillance radar can detect and quantify a large number of swallows as they

enter the airspace synchronously around dawn during post-breeding season, with high temporal

and spatial resolution. Deng et al. (2023) provided valuable insights into phenological shifts of
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the roosting swallows in the Great Lakes (defined as longitude -92° to -75° and latitude 41° to
47°) over 21 consecutive years (2000 - 2021) using 12 radar stations. The resulting dataset
generated from radar was used to calculate the peak roosting date (i.e., the 50" percentile date of
cumulative passage) of these aerial insectivores in the Great Lakes, which is the biological
response used in this study.
Environmental data

To determine the mechanisms driving phenological change, I acquired data (Figure 2.2,
Supplementary Table 1) from the NCEP Reanalysis I database using the RNCEP R package
(Kemp, Emiel van Loon, et al., 2012). These included mean, minimum, and maximum daily air
temperature, and specific humidity at 2 m above ground, and surface convective precipitation
rate, surface precipitation rate, u-wind (east/west) and v-wind (north/south) components during
daytime at the 1000, 925, and 850 hPa atmospheric pressure levels. These pressure levels
correspond to approximately 100, 750, and 1450 m above sea level (a.s.l.), respectively. |
selected the three lowest pressure levels available from the NCEP dataset to represent
environmental influences across different altitudes, focusing on those most aligned with the
typical flight heights of the swallow species studied. Research on swallows and martins indicates
that they rarely reach altitudes as high as 2 km during migration, with the majority of their
activity occurring at much lower levels (Dreelin et al., 2018; Mateos-Rodriguez & Liechti,
2012). Aerial insectivore swallows are known to forage and migrate mainly during the day
(Imlay & Taylor, 2020). I thus only analyzed daytime wind conditions. From the u- and v-wind
components, I derived both wind direction and wind assistance (using the M. Groundspeed
equation in RNCEP) at all three atmospheric pressure levels. Wind direction includes the number

of days when wind comes from the reference location (headwind) and wind goes to the reference
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location (tailwind), both determined by the wind direction relative to the -45° to +45° angle
ranges of the grid cell to reference location direction. I used the KAPX radar station as the
reference location, which is centrally located in our study area (44.9072° W, -84.7197° N). Wind
assistance assumes the animal will adjust its heading and airspeed to achieve different
groundspeeds in different flow conditions to achieve complete compensation (Kemp, Shamoun-
Baranes, et al., 2012). Here, I defined the preferred ground speed of swallows as 4.97 m/s, which
is estimated by the Purple Martins’ average migration speed over land presented in a previous
GPS tracking study (Lavallée et al., 2021). The preferred direction of movement was defined by
pointing from the analyzed grid cell to the reference location.

I also acquired Enhanced Vegetation Index (Huete et al., 1994) (EVI) data from
MODIS/Terra Vegetation Indices 16-Day L3 Global 1km SIN Grid V061 (MOD13A2.v061)
from 2000 to 2021 and water surface temperature data from MODIS/Aqua Land Surface
Temperature/Emissivity 8-Day L3 Global 1 km SIN Grid (MYD11A2.v061) from 2003 to 2021
(limited due to data inavailability). Nine tiles (HO9V04, H10V03, HI0V04, H11VO03, H11V04,
H12V03, H12V04, H13V03, H13V04) were downloaded to cover an area similar to the extent of
NCEP data. I clipped the Aqua Land Surface Temperature data to the Great Lakes.

To prepare the MODIS data for time-window analysis, I temporally interpolated it to 1-
day resolution and filled in the missing data points in the time series with a generalized additive
model (GAM) using the mgcv R package (Wood, 2001). Due to the high spatial resolution of the
original data and computation limitations, I first spatially downscaled the data by a factor of 4
using a mean function. I then modeled the value in each grid cell with ordinal date as the
response variable and a tensor product interaction between the year and the day of the year as the

explanatory variable with a Gaussian distribution. Smooth terms were applied to each variable:
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cubic regression spline for the day of the year and p-splines for the year. The number of knots (k)
was set to the minimum number of days available in each year. I then further downscaled the
interpolated data by a factor of 4 for EVI and 2 for aquatic data using mean functions to ensure
the analyses remained computationally efficient. This resulted in a 64 km x 64 km resolution
final raster product for EVI and 16 km x 16 km for aquatic surface temperature over the Great
Lakes. All datasets were standardized to the same projection (WGS84) to maintain spatial
consistency.
Finding the influential “environment variable — location — time window” combinations

I conducted per-grid cell time-window analyses to quantify what, when, and where
environmental conditions influenced swallow pre-migratory roosting timing in the Great Lakes.
The extent of the study area includes latitudes from the southern border of the Great Lakes
region to the northern breeding boundary of these roosting swallow species, covering key
locations relevant to swallow breeding and post-breeding migration. I followed the methods used
in previous literature (Haest et al., 2018b, 2019, 2020, 2021). Broadly, this method works by
systematically testing different combinations of environmental variables and locations within
their best time windows to quantify their influence on the timing of biological events. In total, I
examined 33369 spatiotemporal environmental variable combinations, encompassing all pixels
for all variables across the study area. Ocean masks (not including the Great Lakes) were applied
to all the environmental layers to restrict our inference to terrestrial habitats. Given the large
number of combinations tested, some spurious relationships are expected; therefore, I applied
further steps to refine and identify the most meaningful relationships, as described in the

following section.
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First, I determined a linear baseline trend model for the roosting phenology by selecting
the trend model (among intercept only, linear, quadratic, or cubic models) with the lowest second
order Akaike Information Criterion (AICc) value (Anderson & Burnham, 2002). By
incorporating a linear temporal trend (i.e., year as the independent variable) in the analysis of
environmental variables, I mitigate the risk of identifying spurious climate-phenology
relationships that could arise from shared year-to-year trends in both phenology and climate (Iler
et al., 2016). To ensure the trend model was effective, I verified that the time series was
stationary and that the residuals from the detrended data showed no autocorrelation (Haest et al.,
2018a). I then performed a time window analysis independently for each of the environmental
variables using the c/imwin R package (Bailey & Van De Pol, 2016) on the value of each pixel
and using five randomizations to avoid false positives resulting from chance alone. With these
five randomizations, I calculated the alternative probability statistics (P.) to estimate the
reliability of the results (van de Pol et al., 2016). [ used a P. cut-off limit of 0.3 to achieve the
probability of false negatives less than 0.1 for data with high R? (0.40) and less than 0.01 for
data with very high R? (0.80), as well as false positives less than 0.2 (Bailey & Van De Pol,
2016; van de Pol et al., 2016). The best time window for each grid cell and variable was
determined using AAICc, i.e., the AICc difference between the testing model and the baseline
model. Maps of AAICc, R?, slope, and visual outputs from the plotall function in climwin were
then generated for all pixels with a P,<0.3.

I used September 15 as the reference day for the time window analysis, as by this time,
more than 90% of the roosting birds had departed for more southern latitudes (Y. Deng et al.,
2023). The minimum time window length was set to 14 days to reduce the likelihood of

overfitting, as very short time windows may capture noise rather than meaningful environmental
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signals (van de Pol et al., 2016). For wind, the maximum time window length was limited to 107
days (back to June) to align with the start of the breeding season and post-breeding migration, as
wind is a short-term effect and unlikely to persist consistently over extended periods. In contrast,
the maximum time window for temperature, precipitation, and other variables was set to 258
days (back to January) because these variables tend to have cumulative and longer-term
influences on overall environmental conditions, such as habitat suitability or resource
availability. I took an absolute time window approach, as opposed to the relative time window,
because I focused on analyzing the environmental influence on the roosting swallow population
and had the same window for all individuals. For the wind analyses, I set our target location to
the reference location. To aggregate statistics within the time window (“CW _stat”), I employed
the slope and mean function for EVI, calculated the number of days going to or coming from the
reference location for wind, and calculated the mean for wind assistance and temperature and the
sum for precipitation. This process resulted in a single aggregated value for each variable-
location-time window-year combination, which was then compared to a single phenology value
per year.

Using the output of the per-pixel time-window analyses (i.e., per-weather variable AAICc
maps of the best time windows), I first, for each of the environmental variables, selected the
pixels with the lowest regional AAICc using a 9x9 pixel window. Of these, I removed the pixels
that had a P, probability less than 0.3 but were isolated, i.e., without any adjacent pixels with a P,
probability of less than 0.3. For further analysis, I no longer included the temporal trend
variables in the model since the potential spurious climate-phenology relationships have been
accounted for in the earlier steps. From the remaining “candidate variables”, I first removed

those for which the model with the environmental variable only, i.e., without the temporal trend
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included, was not better (i.e. less than two units of AAICc lower) than the intercept-only model.
Next, I removed those that had a collinearity of higher than 0.7 with another variable from the
remaining “candidates” (Dormann et al., 2013) and a lower AAICc value, i.e., difference with the
base model, than the variable they were highly collinear with. Next, I reduced the number of
variables to the top 14 performing variables with the R package Boruta (Kursa & Rudnicki,
2010), which identifies significantly better predictors by comparing their importance scores
(calculated with Random Forest algorithm) to randomly shuffled shadow variables. In the final
step, I performed a variable importance analysis based on three different methods: (1) cumulative
AlICc weights to identify more important variables by summing multiple models with up to four
independent variables (Guthery et al., 2003) using the MuMIn R package*’ (2) the Boruta method
(Kursa & Rudnicki, 2010); and (3) the LMG (Lindeman, Merenda, and Gold) metric (Gromping,
2015), which distributes the variance contribution among the predictor variables in linear models
and is based on game theory’s Shapley value. The final ranking of the variable importance was
decided by the mean rank calculated using all three variable importance methods. In cases of
disagreements among the three methods, I reran 100 randomizations for the top fourteen
“environment variable — location — time window” combinations to generate a new AAICc value
to make sure the result was not due to chance.

For the final assessment of the amount of variance in roosting phenology that was
explained by the identified final climate/vegetation variable-location-time combinations, I first
repeated the time window analysis for these variables with a 21-fold cross-validation to decrease
the potential of overfitting and the resulting inflated R?. For each of these folds, one year was
left out of the model fitting process, for which a time window was then determined. The k-fold

cross-validation was provided by the slidingwin function in the c/imwin package. I chose the
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maximum number of folds (< 21 data points) because the estimation of R? improves as the
number of folds increases (Bailey & Van De Pol, 2016). The final time window-location
combinations were still determined through the original analysis without k-fold cross-validation
since it will increase the false positive rates (Bailey & Van De Pol, 2016). The coefficient of
partial determination (partial R?) for the multivariate linear model was calculated for each final
signal using the rsq R package (Zhang, 2022).
Trends in roosting phenology explained by environmental variables

To examine if environmental variables that drive interannual variations in roosting
phenology are also driving overall trends, I calculated the “overall contributions” made by all the
important environmental variable-location-time combinations that have a trend themselves,
following the equation (Haest et al., 2019, 2020; McLean et al., 2018):

Environment variables’ contributions to trend in roosting phenology =

n (5Phenology " SEnv;

=1 ), where n is the total number of the remaining environmental signals
SEnv; éYear

6Phenolo . . . SEnv;
229 the linear regression coefficients; and -

left after the variable selection process;
SEnv; éYear

the trend of the selected environmental variable. The multiplicative propagation of standard

errors in trend contribution can be calculated using the chain rule (Taylor, 1997):

G —c ( SE, )2 +< SE, )2
= *
c = Coefe Ceof, Ceof,

Comparison to conventional approaches investigating weather signals

To determine the effectiveness of our spatiotemporally explicit per-grid-cell time-
window analysis, I compared the adjusted R? of our final candidates’ models with two other
approaches that are commonly used to investigate climate-phenology relationships. Both of these

approaches use a priori assumptions. The most common “local, static-time” approach assumes
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that the climatic impacts on the mean weighted roosting phenology occur at the location and time
of observation. For this scenario, I averaged the Great Lake Region local variables from July 1 to
September 31 and across space, covering the roosting period at the Great Lakes. The second
“local, dynamic-time” approach assumes climatic impacts occurring at the location of
observation but at a flexible time window, so I used the Great Lake Region local variables and
dynamic time windows with climwin package. I examined all final climate variables except for
wind conditions as local wind extraction at the Great Lakes region resulted in no directionality.

Within the local Great Lakes area, I extracted 20 pixels (resolution 1.9047° x 1.875°) for
each of the final climatic variables (minimum temperature, specific humidity, and precipitation
rate), because the spatial layers of these variables overlapped with the Great Lakes region for
these 20 pixels. This resulted in 60 climate-location combinations for the “local, dynamic-time”
approach.
Results
Influential location-time-variable combinations on roosting phenology

I found that five final environmental, location, and time window combinations explained
89.8% (adjusted R?) of the interannual variation in swallows’ pre-migratory roosting phenology
at the Great Lakes. These were composed of a mixture of temperature, wind conditions, and
precipitation at likely breeding grounds and post-breeding stopover sites (Figure 2.3). Among the
top five influences, minimum temperatures and headwind at 850 hPa explained the highest
proportion of variance (Table 1).

Minimum temperature (“tmin.2m”) in Alberta, Canada between mid-July to mid-August
alone explained around 82% of the variance. Higher minimum temperatures at this location

advanced the peak roosting timing (slope = -2.79, SE = 0.30, p < 0.0001). Minimum temperature
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at coastal New Hampshire and Massachusetts from early May to June also explained 58.8% of
variance and were also negatively correlated with the peak roosting timing (slope = -2.11, SE =
0.39, p <0.0001). Wind conditions (“WindCF850”) between June to July had a contrasting
effect, with headwind from the northeast Great Lakes at the 850 hPa pressure level (1450 m
above sea level) resulting in later roosting (slope = 0.71, SE = 0.12, p < 0.0001, adjusted R? =
0.614). I observed earlier peak roosting timing (slope = -71.068, SE = 16.223, p < 0.001,
adjusted R? = 0.476) as specific humidity at 2 m above ground (“shum.2m”) in northern North
Dakota from the end of April to June increased. Conversely, I observed later roosting timing as
surface precipitation rate (prate.sfc) from the Great Salt Lake area from January to February
increased (slope = 0.141, SE = 0.030, p < 0.001, adjusted R? = 0.506). Accounting for the other
variables, the partial R? indicated that minimum temperature in Alberta, headwind, minimum
temperature in coastal New Hampshire and Massachusetts, precipitation rate, and specific
humidity explained 63.4%, 45.1%, 26.5%, 16.3%, and 0.05% of the additional variance,
respectively (Table 1).
Contributions to the trend in roosting phenology

Over the 2000-2020 study period, only three out of the five final variables showed a
temporal trend: minimum temperature at Alberta and coastal New Hampshire/Massachusetts,
and wind conditions at the northeast of the Great Lakes (Figure 2.4, Table 2.2). I only report
trend contributions for these three variables.

Increases in minimum temperature at Alberta advanced roosting phenology at the Great
Lakes with 2.52 days, and minimum temperature in coastal New Hampshire/Massachusetts

resulted in an advance of 0.84 days over 21 years. A decrease in the headwinds from the roosting
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location to the northeast Great Lakes may also have contributed 1.47 days of advance in the
roosting phenology.
Comparison to conventional approaches of investigating environmental drivers on phenology

None of the examined signals from the “local, static-time” approach showed a significant
(p < 0.05) relationship with the peak roosting timing. Minimum temperature at the Great Lakes
from July to September explained 9.2% of the variances (p = 0.58, slope =-0.94, SE = 1.69).
Averaged across the same space and time period, specific humidity explained 10.9% (p = 0.61,
slope = -1290, SE = 2483), and precipitation rate explained 9.0% (p = 0.42, slope = -2.31, SE =
2.83) of the variances. The “local, dynamic-time” approach had a normal distribution (Shapiro-
Wilk test p-value = 0.6344) for the adjusted R? ranging from 0.25 to 0.67 (n = 60, median =
0.44, SD = 0.094). Only 11.7% of the examined combinations for the dynamic time-window
approach had P, value lower than 0.3, which indicated only a very small number of results being
reliable.
Discussion

Data integration from weather surveillance radar and satellite-based remote sensing
platforms provided a unique opportunity to examine environmental effects on biological events
at large spatial and temporal scales. Specifically, I used an intensive per-grid-cell time-window
analysis approach to address the current lack of knowledge on the exact location and time of
influence on swallows’ roosting phenology at the Great Lakes. I found that a mixture of
temperature, wind condition, and humidity/precipitation at potential breeding and passage areas
during pre-roosting or roosting periods were drivers of migratory phenology, either directly or
indirectly — with this approach I was able to explain the vast majority of variance in migration

timing.
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From these environmental variables I examined, minimum temperature between mid-July
to mid-August at Alberta, Canada was the most important influence on roosting timing at the
Great Lakes (Figure 2.3, Table 1). This region overlapped both Tree Swallow and Purple Martin
breeding locations as highlighted in eBird Status and Trend maps (Figure 2.3; Fink, Auer,
Johnston, Strimas-Mackey, et al., 2020). During the specific time window of temperature
influence, 75% of the swallows have emerged from roost locations at the Great Lakes (Deng et
al., 2023). This suggests that the minimum temperature in Alberta likely triggers the rapid
migration of swallows to the Great Lakes roosting sites, with minimal time lag during this
period. Increases in minimum temperatures directly impact the intensifying heat accumulation of
the summer and desiccation of the environment, creating unfavorable conditions. Additionally,
increased temperatures can advance insect emergence (McMaster & Wilhelm, 1997), which
could influence breeding timing and success rate and subsequently better prepare swallows for
an earlier migration at the end of the breeding season. I identified a much weaker influence of
minimum temperature in the northeast US (New Hampshire and Massachusetts coastal region)
between mid-May to early-June (Figure 2.3, Table 2.1). This location is much closer to our focal
roosting region and at a lower latitude, and swallows may time their roosting events based on the
minimum temperature at their breeding ground. In our analyses, I also considered daily mean and
maximum temperatures. Although they were not identified as the final influences, their effect
was merely excluded because it was highly collinear (Pearson correlation coefficients > 0.7) with
minimum temperature and precipitation. This means that I couldn’t statistically separate their
effects and hence cannot make a strong conclusion on whether it is indeed minimum, mean, or

maximum temperature at the breeding grounds that affects post-breeding roosting phenology.
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Wind conditions, specifically the frequency of days with headwinds at the 850 hPa
pressure level (1450 m a.s.l.) during the migration season in the northeast of the Great Lakes, had
a strong impact on roosting phenology at the Great Lakes. The time window for wind conditions
ranged from June to July, i.e., the period right before the start of the roosting activities in the
Great Lakes. As one would expect from a direct wind effect, more days with headwinds during
daytime at 850 hPa at the northeastern Great Lakes led to later peak roosting times. Headwind
conditions usually require higher energy expenditure from migratory birds, thus delaying
swallows’ readiness to take off (Liechti, 2006). Swallows are very adaptive in terms of migration
strategies and sensitive to consistent wind conditions: Tree Swallows have a cross-Gulf autumn
migration aided by favorable tailwinds and a circum-Gulf overland migration in the spring
without strong wind assistance, following a looped trans-Gulf migration pattern (Bradley et al.,
2014). Similarly, Purple Martins adjust their spring departure timing from the Yucatan Peninsula
across the Gulf of Mexico based on wind speed and direction (Abdulle & Fraser, 2018). The
Great Lakes themselves serve as a non-trivial ecological barrier and possibly drive swallow
populations breeding in the northeast to migrate through land corridors, which are the space
between (1) Lake Erie/Lake Ontario and Lake Huron, and (2) Lake Erie and Lake Ontario. The
headwind variable is positioned along these migration corridors, aligning with the swallows’
likely flight paths.

Wind at different altitudes also plays a critical part in shaping migration strategies. In this
study, headwind influence was detected at the 850 hPa pressure level (1,450 m a.s.1.), rather than
at lower altitudes (925 and 1,000 hPa), suggesting that the swallows migrating from the northeast
are predominantly Purple Martins. Flight behavior data from altitudinal data loggers recorded

maximum altitudes of 1,945 m for Purple Martins, 661 m for Tree Swallows, and 273 m for Barn
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Swallows, further supporting this idea (Dreelin et al., 2018). Additionally, the aerial insects
consumed by Purple Martins have been recorded at higher altitudes, reaching up to 922 m above
ground (Helms et al., 2016). The result suggests that swallows and martins migrating through the
Great Lakes utilized higher-altitude airspace during the day, likely influenced by a combination
of atmospheric conditions over the lakes, prey availability, and energy trade-offs (Senner et al.,
2018; Williamson & Witt, 2021).

Following these major influences, specific humidity at the potential breeding grounds and
stopover sites of several roosting swallow species (May to June) also had a moderate influence
on roosting phenology at the Great Lakes. The region where specific humidity influenced
migration phenology extended from Alberta and southern Saskatchewan down to South Dakota
(Figure 2.3, Map 2.S1). The range overlapped with migration routes of many swallow species,
Tree Swallows in particular (Imlay, 2018; Imlay et al., 2020; Imlay & Taylor, 2020). Specific
humidity likely influences a bird's breeding phenology and success through its effects on
environmental conditions that impact key reproductive stages, such as nest building, egg laying,
incubation, hatching, and provisioning (Deeming, 2011; Namasivayam-MacDonald et al., 2018).
Higher specific humidity can enhance the availability of food resources for insectivorous birds
by promoting plant productivity for herbivorous insects (Studds & Marra, 2007). For species like
Tree Swallows, earlier egg-laying during the breeding season has been linked to greater food
abundance (Nooker et al., 2005). Evidently, the timing of the breeding season was found to have
carryover effect on the departure timing of the autumn migration in barn swallows (Imlay et al.,
2021). This earlier initiation of reproductive activities could cascade into earlier post-breeding
migration. Thus, the influence of specific humidity on the timing and success of breeding likely

contributes to shifts in the timing of subsequent phenological events.
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Precipitation rate at surface (prate.sfc) at the Salt Lake during winter (the month of
January) surprisingly showed up in the final candidates as well. There are confirmed
distributions of several roosting swallow species in the Salt Lake region, where Purple Martins
have a small, isolated breeding and post-breeding range (Fink, Auer, Johnston, Ruiz-Gutierrez, et
al., 2020). This result suggests that there may be a migration connection between the population
passing the Salt Lake in Utah and the population roosting at the Great Lakes. Here, a drier winter
corresponded to earlier roosting in the summer. This effect was evident in a 57-year study on
four swallow species’ breeding phenology in Canada: Barn and Tree Swallows experienced time
advancements in breeding during warmer winters with reduced snow (i.e., precipitation) due to
climate change (Imlay et al., 2018).

Using more localized or time-specific approaches ('local, static-time' and 'local, dynamic-
time' frameworks), I was unable to explain much of the observed variance in roosting phenology.
These approaches may not always capture the potential lag effects or indirect pathways through
which environmental variables can influence phenological events (van de Pol et al., 2016).
Migratory species engage in frequent movements, potentially traversing extensive spatial regions
throughout their migration season (Berthold, 2001). While some studies in migration phenology
do account for such complexities, our findings suggest that these dynamics might require further
exploration in the context of post-breeding roosting phenology. Much of the current knowledge
on environmental drivers of migration phenology stems from observational data, instead of
experiments, meaning a priori assumptions have often been propagated over studies. Patterns
may seem to be driven by local measures, but there is a probability of obtaining these
‘significant’ correlations due to spatiotemporally correlated phenomenon (Haest et al., 2018a).

Based on our contrasting findings between the a priori approaches and our holistic analysis, |
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argue that much of the research on the drivers of animal phenology would benefit from a careful
examination of assumptions on time, space, and types of influences using an exploratory
approach (van de Pol et al., 2016).

While our results explained much of the variance in swallows’ post-breeding roosting
phenology in the Great Lakes, it is important to acknowledge certain caveats that could affect the
interpretation of the results. Many of the environmental variables measured, such as temperature,
wind, and precipitation, are often correlated both in time and space (Li et al., 2003). For
example, wind speed, which is a critical driver of migratory behavior (Liechti, 2006;
Nussbaumer et al., 2022), could be indirectly correlated with other variables like temperature and
precipitation, leading to potential confounding effects. While our approach allows for some
degree of isolation of independent climate and weather effects on phenology, there remains the
possibility that some of the relationships I observed could be spurious or influenced by
unmeasured covariates. Additionally, our approach of identifying influential pixels does not
imply that only these specific locations drive phenology; rather, these pixels represent a broader
surrounding area of influence (Figure 2.3). Future studies incorporating finer-scale biological
data and explicitly testing for interactions among predictors could help strengthen confidence in
these findings and address remaining uncertainties.

Climate change is a complex and multifaceted phenomenon, operating on a global scale
and occurring over extended periods, spanning decades or centuries. While change in migration
systems is often gradual in response to climate change, biological responses at times are
dramatic. Even within 21 years of our study period, I observed an advance in the peak roosting
activity of the swallows at the Great Lakes by 4.75 days (Deng et al., 2023) due to increasing

minimum temperature at potential breeding grounds and less frequent unfavorable wind
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conditions (Figure 2.4). Over the next three decades, this region is projected to experience a 2.4—
2.8°C temperature increase compared to historical data (1911-2005), based on the CMIP5

(ENSMN) RCP8 model (https://www.esrl.noaa.gov/psd/ipcc/cmip5/), along with weaker

prevailing westerly winds during autumn migration (La Sorte et al., 2019). This suggests that
favorable wind conditions for northeastern breeding populations, combined with rising
temperatures in northern latitudes where these swallows breed and migrate, could further
advance roosting phenology at the Great Lakes. It is also important for future studies to
understand whether they are reaching their thermal limits or altering their migration behavior due
to extreme heat or the increasing frequency of heat waves. Overall, trends in the examined
influential environmental drivers are projected to result in advances in roosting season at the
Great Lakes in the near future, with possible consequences of trophic mismatch, population
changes, as well as changing ecosystem functions that aerial insectivores are playing.

Studies aiming to investigate climate change’s impact on biodiversity, wildlife
population, and ecosystem functioning are urgently needed in this ever-changing era. As this
study shows, if we are going to understand the impacts of climate change holistically, we need to
use a broader lens — both in space and time. This knowledge will be essential for developing
robust and adaptive climate change strategies that can help protect vulnerable ecosystems and

enhance resilience in the face of ongoing climate changes.
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Figures and Tables
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breeding breeding visible via
radar in NA

pre-breeding

pre-breeding migration

migration
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Figure 2.1. Annual cycles of Purple Martin (Progne subis) and Tree Swallow (Tachycineta
bicolor), noting important life history events, including non-breeding, spring migration,
breeding, and fall migration phases. Transparent grey wheel shows the period in their life history
when they form large roosts in North America and can be detected on weather surveillance radar.
Months are abbreviated by their first letters on the time wheel.
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Figure 2.2. Example environmental data input from July 1st, 2003, showing the resolution and
extent of the variables. Dots represent the location of radar stations included in this analysis. (A)
Specific humidity at 2 meters above ground (kg/kg). (B) Mean air temperature at 2 meters above
ground (degree celsius). (C) Wind direction (degree) calculated from uwind (m/s) and vwind
(m/s). (D) Enhanced Vegetation Index. (E) Zoomed in location of 12 radar stations across the
Great Lakes. (F) Water surface temperature (degree K), zoomed in to the Great Lakes region.
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Figure 2.3. Map and time windows of the most important environmental variables identified to
influence the peak post-breeding roosting timing of the aerial insectivores at the Great Lakes.
The star marks the center of the roosting phenomenon detected on radars. Sizes of the marked
locations correspond to the final ranking given by the variable importance analysis. The actual
influential areas are larger than the representative location I show, represented by the colored
transparent area (based on per-weather variable AAICc maps of the best time windows,
Supplementary Map 1). The time window wheel represents the period of the single best time
window for each environmental variable (corresponding colors). The dotted line with arrow
points shows the peak roosting timing (August 16th) at the Great Lakes. Breeding abundance
maps of Purple Martins (Progne subis) and Tree Swallows (Tachycineta bicolor) are overlaid,
provided by eBird Status and Trends.
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Figure 2.4. Overview of the correlations between the identified environmental signals and peak
roosting timing (the first column); the temporal trends of these signals (the second column); and
the resulting contribution to the overall trend of the roosting phenology using the chain rule (the
third column). The solid lines on the third column plots represent the trend of roosting phenology
over 21 years, and the dotted line shows the calculated contributions to the temporal trend by
each signal. Ribbons around each line represent the 95% CI. Three examined signals are (A)
Minimum temperature - ID 200 - Alberta, Canada. (B) Minimum temperature - ID 518 - Coastal
New Hampshire and Massachusetts. (C) Wind coming from Great Lakes at 850 hPa - ID 294 -
Northeast Great Lakes.
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Table 2.1. Identified most influential environmental variables that are likely to influence the peak
swallow roosting phenology dates at the Great Lakes, including the identified variable, location,
time window (with associated uncertainty), importance ranking, and R?. Window uncertainty
means that this percent of the top models falls within the 95% confidence set.

Climate Overati Pixel Locati Int (i Window Window Window Window Longitude Latitud Mean Adjusted Partial K'ff)}d
Variable Peralion  Nymber —O¢AOM nterpretation Open Close  Length  Uncertainty ongttude Lalilude  pank  R? R? cross-
validation
R2
Likely
Minimum = oy 200 Albertz, breeding 67 29 38 3% -11625 5428 5 0.815  0.634 0.665
temperature Canada ground and
stopover area
C Likely
Precipitation o 233 GreatSalt o o ding 258 230 28 63% 1125 4095 2 0506 0163 0.549
rate Lake area
ground
Minimum Coastal New  Likely
temperature  mean 518 Hampshire and breeding 129 102 27 61% -71.25 42.85 23 0.588 0265 0.254
Massachusetts ground
. Likely passage
Specific sum 294 Northern North -y topover 145 108 37 49% 10312 4857 2 0476 0005 0337
humidity Dakota area
Wind coming - Likely
from Great ‘d‘“mber of 504 Northeast breeding 103 79 24 45% -80 45 37 0614 0451 0244
ays Great Lakes
Lakes ground
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Table 2.2. Trend contributions of three environmental variables to the roosting phenology were
calculated based on the chain rule.

Chmate Location dPheno/dClimate dClimate/dTime dPheno/dTime
Variable
Coef. SE Coef. SE Coef. SE
Minimum Alberta, Canada 17735 0.2636 0.0679 0.0356 20.1204  -0.0656
temperature
Minimum Coastal New
v Hampshire and -0.5229 0.2301 0.0821 0.0400 20.0429  -0.0281
temperature
Massachusetts
Wind
coming from 1 ortheast Great 0.2969 0.0702 0269 0.1191 0.0798  -0.0401
Lakes
Great Lakes
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CHAPTER THREE
MEXICAN FREE-TAILED BAT (TADARIDA BRASILIENSIS) MIGRATION PHENOLOGY
AND POPULATION DYNAMICS QUANTIFIED BY WEATHER RADARS IN SOUTH-

CENTRAL TEXAS

Summary

Insectivorous bats play key roles in the ecosystem and agroecology by providing essential
services for pest control and serving as ecotourism attractions. In Texas, this is especially true, as
Mexican free-tailed bats (Tadarida brasiliensis) have formed the densest aggregations of
mammals anywhere on the planet. However, their population status and phenology in this region
are understudied, with most of the knowledge coming from just a few dense colonies. Little is
known about the neighboring cave and bridge colonies throughout the south-central Texas
region. Nightly, millions of bats emerge from colonies to forage around sunset — these dense
aggregations in the aerial space can be captured by weather radar. I quantified the nightly
number of Mexican free-tailed bats from four weather surveillances radars in Texas. Analyzing
data from 53 consistent colonies over 17 years (2006-2022), I observed a region-wide decline in
their abundances at an annual rate of 3.37%, with varying rates of decline across individual
colonies. Pronounced decreases in overall bat activity levels were also observed annually.
Phenological shifts were generally minimal except for a delay observed in the later stages of fall
dispersal. This study provides the first comprehensive assessment of multi-colony abundance,
population trends, and phenology shifts in Mexican free-tailed bats.
Introduction

Climate change is having profound impacts on biodiversity and ecosystems worldwide

(Garcia et al., 2014). Aerial insectivores — animals that feed primarily on flying insects while on
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the wing, including birds, bats, and dragonflies — are no exception, and many are declining
rapidly (Ingersoll et al., 2013; Rosenberg et al., 2019). Their survival and reproduction are
tightly linked to the availability of insect prey (Dunn et al., 2011; Festa et al., 2022; Twining et
al., 2022), however, aerial insects are declining (Ball et al., 2021; van Klink et al., 2020; Wagner,
2020). Moreover, aerial insectivores are sensitive to shifting climate and extreme environmental
conditions (Michel et al., 2021). Understanding how aerial insectivores are responding to climate
change is crucial for developing conservation strategies that ensure the persistence of these
ecologically important organisms.

Mexican free-tailed bats (Tadarida brasiliensis) are among the most numerous and
densely aggregated mammals in North America (A. L. Russell et al., 2011). These migratory
insectivorous species spend their non-breeding period in central and southern Mexico and
migrate north to the southern United States in the spring, forming large maternity roosts that can
number up to millions of individuals (Betke et al., 2008). Colonies of Mexican free-tailed bats
provide important ecosystem services and economic value to humans. Roosting bats emerge on a
nightly basis, they may travel upwards of 50 km away from their roosts (Williams et al., 1973),
offering a pest suppression service to agricultural fields in the surrounding areas (Mainea &
Boylesa, 2015). Mexican free-tailed bats consume a diverse array of insect species, including
over 40 species that are harmful to agriculture (Krauel, Brown, et al., 2018). By foraging on
adult insects that carry eggs, bats help to reduce pest populations over multiple generations,
making a lasting impact on keeping agricultural pests below damaging thresholds across vast
regions (Federico et al., 2008). Their dietary patterns are closely linked to the seasonal
availability of migratory noctuid moth pests, particularly during key periods in their life cycle,

such as pregnancy and pre-migration weight gain in the spring and fall, respectively (Hawkes et
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al., 2023; Lee & McCracken, 2001). Ecosystem services provided by insectivorous bats
significantly reduce the need for chemical pesticides, leading to substantial economic savings for
the agricultural industry that amount to billions of dollars per year (Boyles et al., 2011; Kunz et
al., 2011). Bats’ droppings (i.e., guano) also serve as fertilizer and an alternative source of chitin
and chitosan (e.g., can be used as soil conditioner) (Kaya et al., 2014). Moreover, famous
maternity colonies such as Congress Bridge and Bracken Cave also have untold ecotourism
values, attracting over 242,000 visitors annually to view these emergence events (Wiederholt et
al., 2015).

Mexican free-tailed bat roosts may form in a variety of locations, including man-made
structures (i.e., bridges, buildings, mines, tunnels, dams) and natural caves (McCracken, 2003;
Wiederholt et al., 2015). Human-made structures might offer benefits such as including warmer
or more stable temperatures or decreased competition with conspecifics (Horn & Kunz, 2008).
However, artificial roosts tend to be more vulnerable to anthropogenic activities and may be
associated with other drawbacks, such as higher parasite loads or vulnerability to extreme
temperature events versus natural roosts (Crawford & O’Keefe, 2024). Thus, colonies using
human-made sites may experience different costs and benefits compared to those that utilize
caves.

To understand the combined effects of climate change and anthropogenic habitat change,
it is important to monitor the population dynamics and phenology of Mexican free-tailed bat
throughout their annual cycle. However, surveys of bats have remained challenging due to the
invasive nature of in-roost surveys (Tuttle, 1979) and the resources required to count individuals
as they emerge from roosts (Kunz et al., 2009). Monitoring nightly emergences may also

produce underestimates due to the difficulties of counting all emerging individuals (Westcott &
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McKeown, 2004) and the variable nature of bat emergences, which may change significantly in
volume from night to night (Barclay et al., 2024).

NEXRAD Doppler Radar has shown great promise in monitoring daily abundance
fluctuations of large aggregations of flying animals in near real-time (Belotti et al., 2023; Deng
et al., 2023; Stepanian & Wainwright, 2018). With time resolutions as fine as 5-10 minutes,
Doppler radar captures detailed information on their density, timing, movement speed, direction,
and altitude as bats emerge from their roosts in large numbers. This has made it a popular
technology for studying bat behavior and movement patterns, population trends, and phenology
(Frick et al., 2012; Haest et al., 2021; Horn & Kunz, 2008; Meade et al., 2019). Radar-based
counts have been shown to closely align with ground-based counts in flying foxes (Meade et al.,
2019) and with thermal imaging and population censuses in Mexican free-tailed bats at Bracken
Cave (Stepanian & Wainwright, 2018), the largest colony in the region. Further, NEXRAD data
has been widely available since 1996, and so offers several decades of high-resolution temporal
coverage of most of the entire summer range and some populations’ overwintering range of
Mexican free-tailed bats in the United States. However, processing and analyzing such an
extensive data set present significant challenges, and most radar studies of bat emergences have
been limited to the analysis of single sites or non-continuous time span (Frick et al., 2012; Horn
& Kunz, 2008; Stepanian & Wainwright, 2018). Thus, population trends and responses to
environmental change have not been identified at broader, policy-relevant spatial scales.

Here, I leverage advances in an Al-assisted detection and tracking system (Perez et al.,
2024) in conjunction with manual screening validations to develop a data processing and
analysis pipeline for monitoring free-tailed bat emergences. This approach can capture bat

emergence patterns reliably even from otherwise unknown roost locations, enabling broad-scale

82



monitoring of Mexican free-tailed bat populations at the regional level. I applied this algorithm
to process the data from four weather surveillance radars in south-central Texas spanning 2006 —
2022, encompassing approximately 260,000 square kilometers. Our analysis comprised three
foci: (1) long-term phenology of different life-history phases, (2) relative abundance of each
colony visible on radar, and (3) abundance trends. Our study sheds light on the plasticity of
seasonal migration behavior of insectivorous bats under the impact of climate change, as well as
filling in knowledge gaps in Mexican free-tailed bats' regional population status.
Methods
Data processing from weather surveillance radar

I downloaded and processed weather surveillance radar data archived on the AWS server

(https://s3.amazonaws.com/noaa-nexrad-level2/index.html) for four radar stations in south-

central Texas (KSJT, KDFX, KEWX, KGRK), sampling every other year from 2000 to 2022.
Significant manual screening effort prevented continuous sampling of years (see next paragraph
for details). Due to substantial data gaps (fewer than 40 days of data available in the NEXRAD
archive) in 2000, 2002, and 2004 at some of the four radar stations, I excluded these years from
our analysis. Because Mexican free-tailed bat populations use some roost sites throughout the
year (i.e., overwinter in Texas), I collected data from the entire calendar year (Kasper & Yancey,
2018; Scales & Wilkins, 2007; Stepanian & Wainwright, 2018). To capture the complete nightly
emergence of Mexican free-tailed bats, I downloaded radar volume scan data files from 90
minutes before to 150 minutes after local sunset for each night. The analyzed data set contains 9
years and 2893 monitoring days, which amassed to 185,776 radar scans. Each volume scan

ranged from 5 to 10 minutes apart and included all elevation angles (usually starting from 0.5
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degrees) below 5 km. I constrained all radar measures to a spatial range of 150 km from each
radar.

For each radar scan, an Al-assisted system was used to detect and track roosts
automatically (Deng et al., 2023; Perez et al., 2024), creating a bounding box that surrounds each
roost detection dynamically and tracks both the spatial position and size of the roost emergence
through time. Human screeners (YD, LH, EG, SS, MNM) then used the user interface
accompanied by the Al system to visualize and screen the detections (Figure 3.S1) to (1) remove
false positives due to precipitation, anomalous propagation, or other biological signals, (2) add
roosts missed by detection algorithm (i.e., false negative), and (3) shorten the track if the
bounding boxes do not adequately cover the expansion of the roost or if they include excessive
background noises. Screeners were all trained using the same protocol and assessed for accuracy.
The extensive screening effort totaled 188 hours, limiting our ability to screen all data from 2006
to 2022. Therefore, I restricted monitoring to even years to ensure high-quality coverage.
Additionally, I eliminated volumes with reflectivity measures greater than 40dBZ to eliminate
potential weather contamination. Filtering with dual-polarization radar data products wasn't
feasible since the time series includes periods before dual-polarization data became available.
MistNet (Lin et al., 2019), a frequently used algorithm for discriminating precipitation from
biology in radar scans, regularly labeled roosts as weather, and is therefore not applicable here
either.

I converted raw reflectivity factor Z. (dABZ, Level II weather radar data product) to
reflectivity n (cm?/km?) following the method described in Chilson et al., (2012). Radar
reflectivity on the linear scale was then converted into the number of bats, using the Mexican

free-tailed bat S-band radar cross-section of 4.519 cm? (Mirkovic et al., 2016). The methods and
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equations for converting radar reflectivity to count data are detailed in Deng et al., (2023). I
calculated bat counts within each detection frame across all elevation angle scans below 5 km
above ground level. All radar data processing was done in Python (version 3.9.4) using PyArt
and pywsrlib packages. Subsequent data analysis and visuals were conducted in R (version
4.2.2).
Range correction for roosts

As the distance from the radar increases, the curvature of the Earth and the uptilted beam
angle cause the radar beam to measure airspace at a higher altitude. This results in a well-known
range bias in biological data collected from radar products (e.g., reflectivity), making it appear as
though fewer bats are detected at greater distances from the radar (Buler & Diehl, 2009;
Kranstauber et al., 2020). Biases also exist at close ranges where the highest radar beam may
undershoot the emerged bats. This bias poses challenges when comparing bat colony sizes across
different locations. To address this issue, I applied a range correction method adapted from
Kranstauber et al., (2020) to calculate the adjusted vertically integrated count across elevation
scans. The procedure is described as follows:

(1) I first calculated the density (D) of bats within each voxel across elevation angles as

D = count/V;,

where V; represents the radar sampling volume for the detection bounding box within each

elevation angle, calculated as:

. 0.35V2m (mr26,¢,Ar
LT 2In2 4

where 1} is the distance from the radar. The vertical beam width (¢,) is 1°. During the super
resolution upgrade in 2008, horizontal beam width (8;) changed from 1° to 0.5°, and radar range

gate (Ar) changed from 1000 m to 250 m. Each radar station was upgraded at different dates, so I
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accounted for the change of volume calculation when appropriate. Equation was adopted from
Chilson et al., (2012), assuming that bats are scattered within the whole radar beam.

(2) I created an average vertical profile from the lowest altitude (that the radar can
measure) to a maximum altitude of 5 km, using roost detections within a range of 10 to 60 km
from the radar across all available dates. Averaged bat density was calculated within 100-meter
elevation bins (50 height bins in total). I used the beam height function to calculate beam height
h using the R package bioRad (Dokter et al., 2019). For every 10-minute interval (averaged
across all nights), a vertical profile was generated to account for potential changes in the bats'
emergence patterns over time. From the vertical profile d(h), I calculated the total vertically

integrated density (VID) as:
5km
VID = f d(h)dh
0

(3) Assuming the altitude distributions of Mexican free-tailed bats emergence at any
location with our radar detection range (150 km) would be identical to the vertical profile

created, I calculated the expected vertically integrated density (Videxpecteq) using the upper and

lower beam heights at each radar beam angle and accounting for overlapping beams. Then, I

calculated an adjustment ratio (R ys: ) and limited it at 10. Finally, the adjusted count was

calculated using the original count and adjusting ratio.

upper radar beam
videxpected = Z d(h)dh

‘ lower radar beam
elevation angles

VID
CoOUNtaqjystea = COUNt X Rygjyse » Where Rogjuse =

Videxpected

Bat colony clustering and data manipulation
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First radar detections of each track each night throughout all years and stations were used
to group detections into high-density regions (i.e., roost locations). Specifically, I used a machine
learning mean shift clustering algorithm (Python 3.9.4, scikit-learn library) to cluster the
detections into groups and find the centroids of the kernel density. Bandwidth for the kernel
density function strongly influenced the resulting number of clusters. I chose an optimal
bandwidth of 15000 by maximizing the silhouette coefficient (0.700) and Calinski-Harabasz
index (96942.876) while visually confirming the clustering results on the map. Roosts with
recorded records (e.g., Bracken Cave, Congress Bridge, Devil’s Hole) were given their recorded
name.

I filtered out the adjusted emergence detection count higher than 6 million, since those
detections were primarily the result of precipitation contamination following manual inspection
and passed the 40 dBZ filter. I limited our analysis to roost clusters that persisted for at least 5
years and had at least 2 years with more than 10 days of observations. These criteria helped to
ensure the accurate identification of roosts and phenology characteristics. I classified colonies as
“natural” if they were known to be a cave or forest colony, and “anthropogenic” if they are found
to be from bridges, highways, buildings, advertisement boards, or any other human structures. I
classified the remaining clusters as “unknown” if I could not judge the colony type based on
records or satellite images. Finally, I summarized the count per detection track as the 90
percentile count of all the detections, ensuring a representative high count while minimizing the
influence of outliers.

Examining phenology shifts
Due to significant variation in data availability among clusters, I focused on estimating

region-wide phenology and phenological shifts rather than doing so on a cluster-by-cluster basis.
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The daily number of emerging bats was summed across the entire south-central Texas region
from all roosts that fit my criteria described above. The yearly data distribution was modeled
separately in a hierarchical modeling framework using the phenomix R package (Wilson et al.,
2023). The model structure allowed us to extract key phenological metrics from interannual
distributions, propagate uncertainties, and estimate the trend of peak phenology changes. I
modeled the spring and autumn portions of the bats’ life history separately, as analyzing the
annual phenology pattern proved challenging due to its bimodal nature.

I divided seasonal activity patterns as spring as days of year 0-200 and fall as days 201—
365. In spring, I anticipated peak activity to reflect northward migration waves and the arrival of
summer residents, while in fall to the emergence of pups as they take their first flights from
maternity roosts. I did not attempt to extract phenology dates related to parturition (i.e., giving
birth) and the end of fall dispersal (Stepanian & Wainwright, 2018). Parturition is difficult to
detect through changes in abundance and may be better captured by daily emergence timing,
which remains challenging to quantify by radar. Similarly, estimating the end of fall dispersal is
complicated by the high variability in daily counts, likely due to multiple waves of fall
migration, roost switching, and the presence of overwintering populations.

For model fitting, I calculated AIC scores for normal, Student’s t, and generalized normal
distributions (with symmetric and asymmetric tails) to represent the phenological processes,
ultimately selecting the model with the lowest AIC (Table S1). The mean and variance
controlling these distributions were estimated as random effects, allowing them to vary over
time. The phenological metrics were estimated for both spring and fall and included the 25th
quantile, peak, and 75th quantile dates. Weighted average percentile dates for each season-year

were calculated with weights on the inverse variance. This gives higher weight to season-year
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with lower variance. Trends in both the mean and variance of peak dates were estimated using
weighted linear regression, which accounted for the variability in each year (i.e., the standard
deviations) and were used as weights in a weighted regression.

Quantifying relative abundance and abundance trends

I fitted Bayesian hierarchical models to estimate annual trends in bat colony counts at
individual roosts using the brms package (Biirkner, 2017). For each colony, I filtered the dataset
to include only observations from that colony and modeled counts as a function of year with
ordinal date as a random intercept. The response variable was treated as an integer and modeled
using a negative binomial distribution to accommodate overdispersion. Each model was run
using four MCMC chains, with 4,000 total iterations per chain (including a 2,000-iteration
warmup).

The annual trend in regional bat abundance was estimated with all colony counts summed
across the study region. Regional daily count data, calculated by summing all colony counts
across the study region daily, was modeled as a function of year, with random intercepts for
ordinal date. The rest of the model setup is the same as the colony-level models.

I defined the total bat activity (i.e., a population impact metric) as the sum of daily counts
across the entire season (Belotti et al., in review). This metric is important for assessing the
population's ecological impact, as it likely correlates with both predation effort and the amount
of aerial insect biomass consumed. It is also robust to highly variable bat activity patterns since
individual bats do not forage every evening (Barclay et al., 2024). The total bat activity was
estimated according to the spring and fall season models with phenomix package (Wilson et al.,

2023). I extracted the derived totals (predicted across all days within a year) with their 95%
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confidence interval separately using the spring and fall data. I examined the trends in spring and
fall population impacts, estimated using weighted linear regression.
Results

In total, I detected 53 consistent Mexican free-tailed bat roosts across the sampling area
of the four weather surveillance radars used in this study. Of these, I detected all previously
recorded colonies of Mexican free-tailed bats in southern Texas that I were able to cross-
reference (Figure 3.1), including both bridge-dwelling colonies (e.g., Congress Avenue Bridge
and McNeil Bridge near downtown Austin) and cave-dwelling colonies (e.g., Bracken Cave,
Davis Cave, Rucker Cave, Frio Cave, Ney Cave, Eckert James River Cave, among others).
Across our study period, 45 colonies were detected by radar on more than 100 days, and 17
colonies were detected on more than 1,000 days. From 2006 to 2022, each radar station detected
Mexican free-tailed bat roosts on an average of 259 days per year.
Range correction

Emergence detections most impacted by the range bias were those located at mid-to-far
distances (67—150 km) and very close distances (0—7 km) from the radar, where radar beams
missed (overshoot or undershoot) more than half the target volume area. Prior to range
correction, distance from the radar accounted for 2.64% of the variance in emergence counts,
with a slope estimate of -1.67 + 0.02 (SE). After applying the correction, the influence of
distance was significantly reduced, explaining only 0.43% of the variance, with a slope estimate
of -0.81 + 0.03 (SE).
Phenology

Between 2006 and 2022 in the South-Central Texas region, the variance weighted

average 25th percentile, peak, and 75th percentile dates for spring were April 30", May 26, and
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June 21% (ordinal days 119, 145, and 171, respectively), and for fall August 13", September 8",
and October 3™ (ordinal days 225, 250, 275; Figure 3.2A).

All spring phenology metrics showed non-significant trends across the sampling time
from 2006 to 2022. The 25th percentile date showed -0.18 days per year change (R>=0.03,t = -
0.452, p = 0.665), peak spring emergence -0.43 days per year change (R*=0.12, t =-0.969, p =
0.365), and the 75th percentile date -0.67 days per year change (R*=0.20, t =-1.328, p = 0.226)
(Figure 3.2B). During fall, both the 25th percentile (0.13 days per year change, R?=0.01, t=
0.840, p = 0.428) and peak emergence showed a non-significant trend (0.23 days per year
change, R? = 0.34, t = 1.890, p = 0.101) (Figure 3.2B). However, the 75th percentile date was
significantly delayed by 0.34 days per year (R*=0.48, t =2.539, p = 0.039).

Colony size and abundance trends

I identified 37 colonies that yielded at least five years of data and more than 10 nights of
emergence counts per year, including Bracken cave, Frio cave, Bamberger ranch preserve,
Congress bridge, McNeil bridge, Devil's Sinkhole, and Ney cave (Figure 3.3). Evidence of a
declining abundance trend was found in 56.8% of these colonies (Figure 3.4), with annual trends
ranging from -10.6% (Ney Cave) to -1.7% (Bracken Cave). In contrast, only 10.8% of colonies
showed evidence of an increasing trend, with growth rates ranging between 1.6% (cluster 13)
and 4.3% (cluster 24) per year. At the regional scale, bat abundance declined by 3.37% per year
(95% CI: -4.04% to -2.68%). Significant fluctuation in daily emergence counts was also
observed across colonies. The standard deviation of ordinal date (random effect in the model)
represents daily variability within each colony. The mean standard deviation in emergence days

across all colonies was 0.62 (SE = 0.03). However, variability differed between colonies, ranging

91



from as low as 0.19 to as high as 1.11. This indicates that some colonies experienced much
greater fluctuations in their daily emergence counts than others.

The total bat activity (i.e., the population impact), which was defined as the sum of daily
counts across the entire season, is declining at a rate of 17.41 + 5.00 (SE) million per year (p =
0.010) in the spring and declining at a rate of 15.13 + 2.90 (SE) million per year (p = 0.001) in
the fall (Figure 3.5). Annually, with spring and fall data combined, the population impact is
declining at an alarming rate of 33.01 £ 7.51 (SE) million per year (p = 0.003). Regression
models without the year 2022 showed that annual and spring population impact does not have a
significant trend (p = 0.769), however, fall is declining at a rate of 12.00 = 3.92 (SE) million per
year (p = 0.020).

Discussion

Our study provides the first comprehensive assessment of multi-colony abundance,
population trends, and phenology in Mexican free-tailed bat roosts across south-central Texas. |
analyzed data from 53 consistently occupied colonies from a 17-year period from 2006 to 2022.
Our findings reveal a region-wide decline in bat abundance, with varying degrees of decline
observed across individual colonies. Pronounced decreases in bat activity levels were also
observed annually, including in both the spring and fall, with the steepest decline in 2022 driving
much of the overall downward trend. Phenological shifts were generally minimal, except for a
delay in the later stages of fall dispersal.

I observed a trend of the overall declining bat activity and colony abundance in the
region, with many well-known colonies showing noticeable population declines (Figure 3.4-3.5).
This regional decline suggests broader ecological stressors affecting the species, including

potentially diminishing insect prey availability, increased extreme weather events, and habitat

92



degradation (Krauel, Ratcliffe, et al., 2018; Maxwell et al., 2019; Neece et al., 2018; Rodhouse et
al., 2019). I observed a substantial drop in overall abundance in 2022, potentially due to the
dramatic impact of the cold snap event in 2021 (Doss-Gollin et al., 2021). Bats are highly
susceptible to extreme weather conditions (Adams et al., 2024), especially during critical life
stages like the overwintering period (Foley et al., 2020; Schorr & Siemers, 2021). Such extreme
events can have lasting effects on bat populations, with reduced survival and reproductive
success carrying over into subsequent years, compounding their impact on colony size and
activity (Linton & Macdonald, 2018). With climate change predicted to increase the frequency of
extreme weather events, such as cold snaps, droughts, cyclones, and heatwaves, the long-term
conservation of insectivorous bats will require adaptive management strategies that account for
these challenges — for example, by incorporating extreme weather events into bat vulnerability
assessments and adaptation plans (Maxwell et al., 2019).

Our estimates of Mexican free-tailed bat colony abundance highlight important seasonal
dynamics that underscore the varying roles of different colonies throughout the year. For
instance, Frio Cave supports the largest bat populations during the spring migration period
(Figure 3.3), when females (mostly pregnant) arrive at maternity roosts to give birth to the only
pup. Usually, some males are present as well during spring, suggesting potential mating activity
(Reichard et al., 2009). In contrast, Bracken Cave emerges as a crucial summer roosting site,
hosting millions of bats during the breeding season. Meanwhile, bridge colonies, like Congress
and McNeil Bridges, become more important in the winter, sheltering overwintering bats when
other colonies have mostly dispersed or migrated. These seasonal shifts emphasize the need for
conservation assessments that address the distinct ecological role and periods of peak activity of

each colony (Festa et al., 2022; Neece et al., 2018). Protecting key roosts year-round is essential,

93



but targeted conservation efforts—such as safeguarding maternity caves during summer and
preserving bridge habitats that support overwintering populations—will help maintain the
survival and reproduction of the bats.

Additionally, there were large fluctuations in daily counts within each colony, which
complicated population estimates. The fission-fusion social structure of Mexican free-tailed bat,
where individuals frequently move between colonies, as well as their varying site fidelity, means
that population numbers at a single colony can fluctuate dramatically depending on when
surveys are conducted (Kerth et al., 2011). This presents challenges for accurately estimating
regional abundance, especially given the limited surveying capacity across such a vast area.
Without consistent monitoring, these fluctuations may mask true population trends, making it
difficult to assess the extent of population declines or recovery efforts (Barclay et al., 2024).
More frequent and widespread surveying could help mitigate this issue, providing more reliable
data to inform conservation strategies.

Phenological patterns observed through radar data reveal changes that correspond to
fluctuations in bat colony size or activity across the annual cycle (Stepanian & Wainwright,
2018). Long-term radar datasets, therefore, provide a valuable tool for tracking phenological
shifts and abundance trends over time (Stepanian et al., 2019). Our study found an advanced but
not significant phenological shifts in the spring activity timings of Mexican free-tailed bats, but
late fall phenological dates showed a significant delay (Figure 3.2). Previous research at Bracken
Cave showed evidence of spring migration and pup flight advancement but no significant trend
of fall dispersal (Stepanian & Wainwright, 2018). However, unlike this site-specific finding, our
analysis encompassed a broader, regional scale, and I extracted phenological metrics differently.

The delayed fall dispersal that I observed in the south-central Texas region may be related to

94



increased autumn precipitation in or around the region (Haest et al., 2021). Rain might increase
the energy costs of flight and thus delay departures (Mcguire et al., 2012; Voigt et al., 2011).
Higher precipitation is also associated with high insect abundance (Krauel, Brown, et al., 2018)
and altered insect phenology (Forrest, 2016), thus potentially benefiting bats departing later. One
possible explanation for the lack of significant spring phenological shifts could be that Mexican
free-tailed bats are cued more strongly by environmental factors in their wintering grounds for
the migration (Haest et al., 2021) rather than by local conditions in their roosting sites. As
migratory species, bats may be responding more to changes in the availability of resources or
conditions at wintering sites, which could buffer them from the effects of local climate
variability at their roosts. However, there could be a risk of phenological mismatch if prey
availability shifts due to warming temperatures (Krauel et al., 2015). This has important
implications for understanding how Mexican free-tailed bats may be affected by climate change.

Continued monitoring is crucial to mitigate potential impacts on Mexican free-tailed bat
populations and to detect any emerging phenological shifts in the future. Our approach offers
several advancements, namely assessing population size and trends using NEXRAD data,
including creating a robust, standardized, and nearly continuous time series. The deployment of a
machine-learning pipeline that dynamically tracked roosts was also crucial for improving the
automation of bat counts (Perez et al., 2024). To improve the reliability and comparability of
colony abundance estimates across varying distances, I developed a range correction method that
will be an important step in radar data processing for aeroecology studies (Buler & Diehl, 2009;
Kranstauber et al., 2020).

Expanding the use of radar technology to monitor Mexican free-tailed bats on broader

spatial and temporal scales could provide the comprehensive data needed to better understand the
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drivers behind their declines, potentially through increased monitoring across the full range of
the species. These declines hold significant ecological and economic implications, as reductions
in insectivorous bat populations may lead to an increase in crop-damaging pests, amplifying
broader environmental challenges (Tuneu-Corral et al., 2023). It is critical to understand how
daily environmental factors influence bat emergence behavior, as this relationship offers key
insights into phenology shifts and their potential variability across regions. This approach
presented in this study hopefully not only advances our understanding of Mexican free-tailed bat
population but also enables more informed conservation efforts in the face of ongoing climate

change.
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Figures and Tables
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Figure 3.1. (A) Composite of 0.5° tilt radar reflectivity from four NEXRAD sites (KSJT, San
Angelo; KGRK, Dallas/Fort Worth; KDFX, Austin/San Antonio; KEWX, San Antonio) on July
15,2023, around 01:45:00 UTC (8:45 PM CDT) with a base map from OpenStreet. Ten donut-
shaped rings indicate Mexican free-tailed Bat roost emergence. (B) First detections of nightly
emergence across all years (2006 — 2022). Each colony (identified by the clustering algorithm) is
denoted by a different color. (C) South-central Texas regional Mexican free-tailed bats
abundance dynamics. Distinct stages of spring migration, late-summer reproduction, and
seasonal variations are shown in each year (colored lines). These patterns are also reflected in the
regional mean abundance (black line).

97



75th (spring) 280

e (epiog) 25th (fall) -

25th (spring) 240
mean (fall) ] ¢
/ 220 ¢ , SR
g
> 200
75th (fall) k]
2
180
A S J T SR s
160 § Phenology Date
*- S Y T $- - F ¢ 75th (tall)
Life History Period 140 = i mean (fal)
[ ] - 25th (fal)
Spring migration é é .
Lgc'ta?ionlgr 120 Q‘ e oy -0 L & _ = -®- 75th (spring)
@ mean (spring)
®
Wintering ~®- 25th (spring)

2008 2010 2012 2014 2016 2018 2020 2022
Year

Figure 3.2. Phenology of Mexican free-tailed bat emergence in spring and fall from 2006 to
2022. (A) Life history annual cycle of Mexican free-tailed bats (color wheel). The averaged date
for each phenology metric across the study period was denoted on the wheel. Photo credit: Bat
Conservation International. (B) The temporal trends in spring and fall emergence dates across
years for three different metrics: 25th percentile, mean (peak), and 75th percentile dates with
95% confidence intervals, with corresponding dashed lines showing non-significant (p > 0.05)
weighted regression trend, and solid lines showing significant trend (p < 0.05).
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Figure 3.3. Colony abundance summarized across years for each colony, displayed by season.
Only colonies with more than two years of seasonal persistence are shown. Point size indicates
the 90™ percentile abundance across years, while color represents the colony's persistence during
the corresponding months. Seasons are defined as follows: spring (March—May), summer (June—
August), fall (September—November), and winter (December—February).
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Figure 3.4. Posterior abundance trends at the colony levels, with points indicating mean
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Figure 3.5. Regional population impact (daily abundance sum) annually, in spring, and in fall
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the season (or the whole year). The solid lines represent the weighted linear regression fit, and
shaded areas indicate 95% confidence intervals from 2006 to 2022. The dashed lines represent
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CHAPTER FOUR

FORECASTING THE NIGHTLY EMERGENCE OF MEXICAN FREE-TAILED BATS

Summary

Understanding how environmental conditions drive flexible behaviors is key to revealing
evolutionary influences and predicting species responses to climate change. This study explores
the drivers of the emergence intensity of one of the largest concentrations of mammals on the
planet, namely Mexican free-tailed bats (Tadarida brasiliensis) in south-central Texas.
Leveraging weather surveillance radar data across 53 colonies and 9 years, I developed a
predictive model with high predictive accuracy, explaining over 75% of the variance in observed
emergence counts. Positive associations were found between emergence activity and air
temperature, relative humidity, and southeastern winds. Natural roosts supported more bat
activity than anthropogenic roosts, which make up the majority of roost sites. This
characterization of nightly emergence provides a critical advance in understanding behavioral
plasticity in balancing predation risk, internal and environmental conditions, and offers a tool for
effective population monitoring and public outreach.
Introduction

Behavioral plasticity enables species to exploit changeable environmental and internal
conditions to maximize fitness (Beever et al., 2017; Wong & Candolin, 2015). Individuals are
incentivized to forage in conditions that maximize chances of prey availability and minimize the
risks of predation (Rydell et al., 1996) while responding to changeable energetic demands due to
reproductive status. Such behavioral adaptability not only enhances survival but also serves as a
mechanism for coping with the pressures of environmental change (Festa et al., 2022). This is

especially true for gregarious species, who navigate the challenges of group decision-making
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under environmental variability, in ways of synchronized foraging, collective predator
avoidance, and information sharing (Kerth, 2008; Patriquin & Ratcliffe, 2016). By balancing
individual needs with collective benefits, gregarious species exemplify how behavioral plasticity
not only sustains survival but also reinforces the resilience of social structures under
environmental pressure (Akcay & van Cleve, 2012).

Mexican free-tailed bats (Tadarida brasiliensis) are a subtropical migratory species that
roost in very large, dense aggregations. In the evening, individuals leave the roost to forage,
typically emerging prior to dark as part of a rapid, swirling stream (Figure 4.1A). During this
exodus, individuals are subject to high predation pressure (Duvergé et al., 2000), whereby they
must balance the tradeoff of departing earlier to meet energic demands at the risk of elevated
predation from diurnal predators, or delay but increase the effect of conspecific competition for
nearby prey resources (Kunz, 1982). Insectivorous bats are flexible foragers and can choose to
forgo foraging in suboptimal conditions (Rydell, 1989). Individuals may choose not to emerge at
all at some nights, especially in conditions associated with low foraging success (e.g.,
precipitation) or high energetic costs (e.g., low temperatures) (Frick et al., 2012). For pregnant or
lactating females, however, the decision to forage may be more constrained due to increased
energetic needs. Pregnant females are also more vulnerable to predators due to increased body
weight (upwards of 25%) that can reduce their flight speed and maneuverability (Kunz & Hood,
2000). Thus, the reproductive state can interact with environmental factors to influence
individual decisions about when and whether to emerge, revealing how both intrinsic and
extrinsic factors shape the behavioral plasticity of this species in a complex, dynamic

environment.
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Identifying the environmental and behavioral cues used by mass-emerging bats has
remained challenging due to a paucity of broad-scale datasets, particularly those that might
encompass bat activity across multiple roosts. Because their mass emergences involve the
movements of sometimes millions of individuals from some sites, the accuracy of historical
records of bat emergences has been called into question (Barclay et al., 2024). Technologically
assisted monitoring of emergence counts, such as those using computer vision to count bats in
thermal imagery, has recently improved the accuracy of such counts, but this technology remains
deployed on a site-by-site basis (Betke et al., 2008; Hristov et al., 2010). The Next Generation
Radar (NEXRAD) system has provided high temporal resolution data, with recordings captured
every 5 to 10 minutes over several decades, resulting in a continuous and extensive dataset
(Stepanian & Wainwright, 2018). South-central Texas is particularly well-covered by this
network, with multiple radar stations offering comprehensive monitoring. This region also
supports the densest aggregations of Mexican free-tailed bats on earth (Russell et al., 2011),
whose nightly emergence events can be observed on radar (Figure 4.1B). The combination of
comprehensive radar data and the unique ecological significance of these bat populations makes
this region an ideal setting to examine population-level behavioral plasticity in response to
various environmental conditions.

The aim of this study was to utilize the NEXRAD network in South Central Texas to
predict daily patterns in the nocturnal emergence of Mexican free-tailed bats and identify key
factors driving these patterns. I build on previous research linking emergence behavior to various
environmental cues (Frick et al., 2012; Horn & Kunz, 2008), focusing more on how the
combination of temporal, weather, and spatial variables are related to nightly emergence size

differences. I aim to contribute to the understanding of how Mexican free-tailed bats adaptively
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respond to dynamic environmental conditions, with implications for broader conservation efforts
amid changing global climates.
Methods
Emergence count data

I obtained data on the nightly emergence counts of Mexican free-tailed bats from weather
surveillance radar, following the methodology in Chapter 3. Data were collected biennially from
2006 to 2022 across four radar stations (KEWX, KDFX, KGRK, KSJT) in south-central Texas,
covering a total of 9 years. I extracted data from each radar station from 90 minutes before to
150 minutes after local sunset. Mexican free-tailed bats in this region can be observed roosting
year-round, with high emergence activity occurring from March through November. For
analysis, I included only colonies with at least two years of data and more than 10 days of
detections per year, resulting in a dataset of 35,383 emergence events from 53 colonies. Each
emergence event included multiple detections with associated bat counts and time stamps (Figure
4.1B), which were used to calculate metrics such as time from sunset and time from moonrise.
Predictive variables and selection

I selected 31 predictive variables were included in the models, informed by on previous
studies on the factors that could have a potential influence on the nightly emergence of bats (e.g.,
Haest et al., 2021; Krauel et al., 2015, 2024; Lee & McCracken, 2001; Meyer et al., 2016). I
downloaded 9 environmental variables from the North American Regional Reanalysis dataset
(Mesinger et al., 2006; 32-kilometer spatial resolution and 3-hour updates), including air
temperature, visibility, precipitation rate, air pressure, relative humidity, total cloud cover,
northward and eastward wind. Each variable was summarized as daily mean and nightly (local

time 18 and 21 pm) mean. Previous night’s emergence count, precipitation, and temperature
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differences were also included. As a climate index, the monthly Palmer Drought Severity Index
(Alley, 1984) was averaged across southern, south-central, and the Edwards Plateau regions of
Texas. I also incorporated variables as proxies of predation risk, such as sunset time, moonrise
time, and moon illumination. These variables estimate environmental light levels, thus
influencing prey visibility and the risk of predation. To further improve the model's predictive
power, I included variables such as ordinal date, latitude, longitude, and distance from the radar.
Modeling and validation

I used an approach combining Random Forest and Generalized Additive Models to
analyze nightly bat emergence. Random forest was implemented to maximize the predictive
accuracy, leveraging its ability to handle complex interactions and nonlinearities (Simon et al.,
2023). However, because the random forest model does not easily provide interpretable
relationships between predictors and the response variable, I also used the Generalized Additive
Model to quantify and visualize how key environmental and temporal factors influence bat
emergence dynamics. To address multicollinearity and select relevant features, I fitted a
Regularized Random Forest (RRF) model using the training dataset (70% of total nights) with a
default regularization parameter (y=0.5, a modest amount of regulation). The RRF model
penalizes correlated variables, enhancing feature selection by emphasizing predictors that
contribute unique information (Deng & Runger, 2013). I visualized variable importance from the
RRF to identify a subset of variables that had high importance scores over other correlated
predictors. I then fitted a standard random forest model using the reduced set of uncorrelated
variables to develop a predictive model for nightly bat emergence counts with randomForest
package in R (Breiman et al., 2018). I fitted the random forest model with 500 trees, and 6

predictors were randomly selected at each split. No transformation on the response variable. The
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random forest model was also trained on the same 70% of the data, and its performance was
evaluated on the 30% test dataset by calculating the R-squared value (percent of the variance in
the real data explained by the predictors) to assess predictive accuracy.

Using the same subset of uncorrelated variables, I then fitted Generalized Additive
Models (GAM) in mgcv package in R (Wood, 2001). GAMs were fitted with Gaussian error
distribution on log-transformed emergence count to evaluate the relationships between selected
predictors and the emergence size. Log transformation was applied to the response variable to
improve model fit by stabilizing variance and addressing overdispersion in count data (Siegfried
& Hothorn, 2020). I assessed concurvity among covariates at each step, applying a threshold of
0.9 on the “worst-case scenario” concurvity index to identify variables with smooth terms that
could be replaced by other predictors. This resulted in the stepwise removal of 4 highly
redundant variables (i.e., lunar illumination, night precipitation rate, daily averaged visibility,
and distance from radar) to improve interpretability and reduce model complexity. The final
GAM was selected based on a combination of deviance explained and Akaike information
criterion.

Results

The top random forest model for predicting nightly bat emergence counts explained
75.12% of the variance in the test data (Figure 4.2A). The random forest model with the same set
of predictors, except the previous night’s emergence count, explained 52.65% of the variance of
the same test data. The top 5 most important variables, evaluated based on the percent of mean
decrease in model accuracy, were time since sunset, previous day bat emergence count, time
since moonrise, latitude, and daily eastwards wind (10 m), ranked from the most to least (Figure

2B).
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The top generalized additive model included 15 environmental, temporal, and spatial
variables (N = 185,776, deviance explained = 66.2%). For environmental conditions, air
temperature (Figure 4.3A) and temperature differences compared to the previous day (Figure
4.3B) were positively associated with counts, with higher bat emergence observed at warmer
temperatures and more positive temperature differences. Relative humidity (Figure 4.3C)
displayed a non-linear but positive relationship, with a peak at 75% of humidity. Both eastward
(Figure 4.3D) and northward wind speed (Figure 4.3E) influenced emergence counts, with higher
activities observed at stronger eastward and southward winds. Temporal factors, including time
from sunset (Figure 4.3F), significantly affected emergence, with activity peaking one to two
hours after sunset. Seasonal variation was also apparent, with counts fluctuating across seasons
(Figure 4.3G). The number of emerging bats peaked in the spring (around mid-April), followed
by a decline and a secondary, smaller peak in late summer (around mid-July). After this,
numbers gradually decreased toward the end of the year. The nightly bat emergence count is
positively correlated with the previous night’s emergence count (Figure 4.3H). The number of
bats supported at each roost was strongly influenced by the roost type (Figure 4.31), with natural
roosts supporting higher bat emergence counts (mean = 345,807) than anthropogenic (mean =
249,672) or unknown roosts (mean = 191,050).

Discussion

In this study, I examined how environmental conditions shape emergence patterns in
Mexican free-tailed bats throughout their annual cycle, during which they have varying energetic
needs related to migration and reproduction. Our findings revealed a distinct seasonal pattern in
emergence intensity. In spring, emergence activity peaks, coinciding with the arrival of migrants

and the heightened energy requirements of reproduction (Lee & McCracken, 2001; Stepanian &
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Wainwright, 2018). There was a more stable count pattern in summer and fall, likely driven by
the combined demands of newly foraging pups and adults preparing for migration (Lee &
McCracken, 2001; Rascon & Hernandez-Velazquez, 2010).

Mexican free-tailed bats generally emerge from their roosts after sunset, though some
emergence also occurs before sunset (Figure 4.3F). As the fastest flying bat species, Mexican
free-tailed bats may have greater flexibility in adjusting their emergence timing, balancing
predation risk and foraging opportunities, as their high flight speed may help compensate for
travel time (McCracken et al., 2016). In late summer, reproductive females were observed to
emerge earlier in the evening due to the high energy demands of lactation (Lee & McCracken,
2001). Emergence time is also affected by diet, with Lepidoptera (e.g., moths) feeders like
Mexican free-tailed bats tending to emerge later until full darkness, especially on bright moonlit
nights, to align with prey activity (Jones & Rydell, 1994). Aerial-hawking bats often emerge 15-
30 minutes after sunset, during or after peak insect activity (Rydell et al., 1996). The average
emergence time for Mexican free-tailed bats was found to be 11 minutes after sunset (Herreid &
Davis, 1966). However, in our study, the radar-derived emergence start time is around 25
minutes after sunset, with peak emergence time around 100 minutes after sunset. This delay is
likely due to the requirement that bats reach a certain altitude to be detected by radar, resulting in
a later recorded timing relative to ground-based monitoring. Therefore, to obtain a
comprehensive understanding of bat temporal activity patterns, it’s important to consider
detection biases, as well as ensure that monitoring spans a sufficient duration to capture both the
onset and continuation of bat emergence.

Beyond light conditions, environmental conditions also play an important role in shaping

emergence activity. Insectivorous bats are more active under warmer temperatures, as higher
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temperatures typically enhance aerial insect abundance and lower the energy expenditure for
physical regulation (Meyer et al., 2016). Additionally, temperature differences compared to the
previous night as a predictor may capture unique bat foraging preferences, which may be
separated from the prey availability, which is controlled by the same night air temperature.
Relative humidity is another important factor, likely due to its impact on the bats' water
retention. Higher relative humidity (65-95%) was found to be associated with larger bat
populations in cave habitats (Herreid, 1963) and increased flight activity in some insectivorous
bats (Lacki, 1984). Humid nights can generally be more favorable for bats to forage, as they help
reduce the risk of dehydration. I also found a positive association between southeast winds and
bat emergence. This potentially indicates that larger colonies (e.g., Bracken Cave) prefer
southeast winds, which could facilitate foraging journeys toward agricultural fields located
southeast of the colony roosts. Southeast winds would thus provide an optimal tailwind for bats,
reducing energy expenditure on their outbound journey to abundant food resources (McCracken
et al., 2016).

Our predictive model of activity predicts Mexican free-tailed bat emergence intensity
with high accuracy, achieving an overall accuracy rate of 75%. This performance metric
demonstrates the model’s effectiveness in capturing the nuances of bat emergence behavior
across varied environmental conditions and temporal ranges. Notably, while the previous night's
count was a significant predictor, our model still maintained high variance explained (53%)
when this variable was omitted, indicating the robustness of our other predictors in capturing
emergence behavior. This model can be useful for management and conservation of the species
by enhancing the accuracy of emergence count surveys, which is a common metric for assessing

bat populations and monitoring trends (Kunz et al., 2009). However, our findings also highlight
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high levels of nightly variation in emergence count over the course of the season (Figure 4.2B),
which may dramatically alter population estimates (Barclay et al., 2024). By guiding surveys to
days associated with high emergence activity, managers could get more reliable estimates of bat
colony sizes, aiding in population assessments and conservation decisions. Emergence count
surveys should take place over successive days and cover days with optimal environmental
conditions for bat emergence and foraging (Hoying & Kunz, 1998; Kunz & Anthony, 1996;
O’Shea & Bogan, 2003). Additionally, our results provide a robust mechanism for correcting for
the effect of emergence counts under sub-optimal conditions, such that a projected range of
likely counts could be estimated post-hoc for recent or historical counts of Mexican free-tailed
bats.

Mexican free-tailed bat activity in south-central Texas relies heavily on both natural and
anthropogenic roosts (Figure 4.31). More bat activity is sourced from natural roosts (44%) than
of anthropogenic roosts (32%). However, the majority of bat colonies (66%) were
anthropogenic. These findings underscore the conservation importance of preserving both roost
types. Cave disturbances remain a major threat to bats globally (Furey & Racey, 2015), while the
protection of anthropogenic roosts is increasingly crucial for maintaining bat populations (Voigt
et al., 2015). Given recent evidence of declines in Mexican free-tailed bat populations in the
region that nonetheless differ across roost type (Chapter 3), minimizing disturbance should be a
key priority for managers working to protect bats already vulnerable to multiple threats (Adams
et al., 2024).

The findings in this study also have implications for public outreach and engagement.
Mexican free-tailed bat emergences represent a unique natural phenomenon that attracts millions

of ecotourists (Boyles et al., 2011; Kunz et al., 2011), offering a prime opportunity for
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community involvement and education. The model results are sufficient to inform an accurate
real-time forecasting tool. Such a tool could inform visitors about the intensity and timing of a
forecasted emergence, which could enhance public awareness and foster positive human-bat

relationships, ultimately contributing to greater support for bat conservation efforts.
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Figures and Tables
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Figure 4.1. Mexican free-tailed bats night emergence event at Bracken cave on June 22", 2024,
observed (A) on the ground and (B) on weather surveillance radar KEWX (San Antonio, TX)
station at the lowest radar beam angle between 8:27 — 9:22 PM local time (every other radar
scan). Box indicates the roost ring from Bracken cave emergence.
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Figure 4.2. (A) Scatterplot of predicted versus observed bat emergence counts, with the black
line indicating model fit (R? = 75.12%) and the red dashed line indicating the 1:1 line. Test data
shown were not used in model training, representing 30% of the unique days of the original
dataset. (B) Example of the variation in nightly 90" percentile count at Congress Bridge in 2010.
Black points show the observed count. Orange points show the predicted averaged count from
the random forest model on the test dataset. (C) Predictor importance based on percent of mean
decrease in accuracy, ranked in descending order.
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Figure 4.3. Generalized additive model (GAM) predictions showing the influence of key
variables on nightly bat emergence size (n = 185,776) while holding other covariates at their
mean values. Variables with high collinearity were dropped from the model. Solid lines represent
the estimated effects of each variable, while dashed lines indicate the standard errors of the
smooth terms. Rugs on the x-axis display the frequency distribution of each variable. Y-axis
limits vary across panels to highlight subtle changes in each variable’s effect. The response
variable was modeled on a log scale but has been back transformed to the original scale for
interpretability. Variables include: (A) daily averaged air temperature; (B) differences in night
air temperature compared to the previous night; (C) relative humidity at surface level; (D)
eastward wind speed; (E) northward wind speed; (F) time from sunset; (G) day of the year
(ordinal date); (H) emergence count from the previous night; (I) roost types. The full model
details are provided in Supplementary Figure S1.
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Figure 1.S1: Data density for 12 radar stations from 1995 to 2020. Data points within the plot
represent the number of available annual radar scans from 30 minutes before sunrise and 90
minutes after sunrise taken from June 1% to October 31%.
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Figure 1.S2: Comparison of the mean number of roost tracks detected before and after (a) super-
resolution upgrade in 2008; (b) dual-polarization upgrade in 2013. Each point represents a mean
number of roost detections within a 150 km range around a radar station of all years before or
after the upgrade (the year of upgrade is not included). The paired samples Wilcoxon test showed
that there was no statistical significance between the two groups for the super-resolution upgrade
(p-value = 0.6221) and the dual-polarization upgrade (p-value = 0.5195).
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Figure 1.S3: Peak roosting activity (50% passage dates) between two pairs of stations. (a) KBUF
and KCLE stations have a significant positive Pearson’s correlation coefficient: 0.736. (b)
KGRR and KLOT have a non-significant Pearson’s correlation coefficient: 0.001.
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Figure 1.S4: Roost detections in this study (different shades of blue, with each unique color
representing a roost cluster) as well as known swallow roosts in the Bridge et al. 2015 paper
(yellow) and in Kelly & Pletschet, 2018 (cyan). Roost detection clusters from this study are
plotted as smaller points, colored by different cluster ID. The map was generated in ArcGIS Pro
2.4.0. Map lines delineate study areas and do not necessarily depict accepted national
boundaries.
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Map 2.S1. AAICc maps of the identified best time windows for all variables examined, weather
radar station locations at the Great Lakes, and the top 5 most influential signals. The AAICc
values represent the difference between the AICc value of the model using the optimal time
window for each pixel and the AICc value of the baseline linear trend model. AAICc values are
displayed only for pixels with a probability P, value < 0.3, indicating that the relationship
between the identified time window and the peak roosting date is unlikely to have occurred by
chance.

https://yutingdeng.shinyapps.io/Supplementary Map_Shiny/
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Table 2.S1. Properties of original and post-processing weather and vegetation variables that were
acquired from the NCEP Reanalysis I database and MODIS database.

Number of . .
Variable type Name variables Spatla}l Analyzed grid ~ Number of Tempqral
. resolution cells rows x columns  resolution
for analysis
‘air.2m’, ‘tmax.2m’, 1.9047° x
Temperature “tmin.2m’ 3 1.875° 663 13x 51 1 day
L ‘shum.2m’, ‘cprat.sfc’, 1.9047° x
Precipitation ‘prate.sfc’ 3 1.875° 663 13x 51 1 day
‘uwnd’, ‘vwind’ at 850, 925,
. 1000 hPa used to calculate o .
Wind ‘wind direction” (from and 9 2.5°x2.5 429 11x39 1 day
to) and "wind assistance”
Enhanced (}Akmr)é 121;2:1 1437127 2419 x 5941 1 day
vegetation MOD13A2.V61 1 in t%)g6 4§m X (Aggregated  (Aggregated (interpolated
index (EVI) 64km) into 4370) into 38 x 115)  from 16-day)
Water surface (}AkgIZr);glall(tg:i 1345604 916 x 1469 (int;rggated
MYD11A2.v061 1 ) (Aggregated  (Aggregated
temperature into 16km x . . from 8-day
16km) into 21160) into 115 x 184) resolution)
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Figure 3.S1. User screening interface of the Al-assisted detection and tracking system on
Mexican free-tailed bats’ nightly emergence. Each bounding box shows a positive ID by the
algorithm based on the current track filtering parameters. Screeners can change the label of each
detection to one of the seven labels.
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Table 3.S1. AIC values for models run with phenomix R package.

Data distribution Model distribution - AIC

Spring Fall
lognormal Student's ¢ 4767.556 4133.549
lognormal Normal (Guassian) 4782.578 4117.487
lognormal Generalized normal 4795915 NA
lognormal Double Student's ¢ NA NA
lognormal Double normal NA NA
lognormal Double generalized normal NA NA

*NA indicates the model did not converge or the standard error extracted as NAs
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Figure 4.S1. Generalized additive model (GAM) full predictions showing the influence of key
variables on nightly bat emergence size (n = 185,776). Variables with high collinearity were
dropped from the model. Solid lines represent the estimated effects of each variable (holding
other covariates at their mean values), while dashed lines indicate the standard errors of the
smooth terms. Rugs on the x-axis display the frequency distribution of each variable. Y-axis
limits vary across panels to highlight subtle changes in each variable’s effect. The response
variable was modeled on a log scale but has been back-transformed to the original scale for
interpretability. Variables include: (A-H) weather conditions on the day of and the previous day,
() drought index, and (J-O) other spatial, temporal, and roost types.
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Table 4.S1. Variable names, data levels, and time resolutions.

Variable Level Timescale
avg _drought index | Palmer drought index Monthly
air.sfc Air temperature Surface 8x Daily
air.2m Air temperature 2m 8x Daily
vis Visibility Surface 8x Daily
prate Precipitation Rate Surface 8x Daily
pres.sfc Pressure Surface 8x Daily
rhum.2m Relative Humidity Surface 8x Daily
Entire Atmosphere
tede Total cloud cover Considered as a Single 8x Daily
Layer
uwind.10m U-wind 10 m 8x Daily
vwind.10m V-wind 10 m 8x Daily

* uwind is the wind velocity toward east and vwind is the wind velocity toward north
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