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Abstract 

Birds contribute to ecosystem function (Şekercioğlu 2006) and deliver valuable 

ecosystem services to human societies (Şekercioğlu et al. ed. 2016). Furthermore, experiencing 

human–nature relationships is part of a good life (sensu Chan et al. 2016), and for city-dwellers, 

that can include observing birds interact with the environment. However, global bird populations 

are threatened by multiple anthropogenic stressors. Climate change and habitat loss impoverish 

bird biodiversity through indirect pathways. Meanwhile, events that directly kill birds include 

depredation by cats, exposure to toxins, entrapment, and collisions with human-made structures. 

This two-chapter thesis focuses on bird collisions with glass, specifically within urban core 

environments in the Twin Cities, Minnesota. 

Chapters 1 and 2 explore complementary dimensions of bird–window collisions. Chapter 

1 examines spatial patterns using 10 years of collision data collected by citizen scientists. 

Because those data are from migration seasons, the ecological context is birds locating and using 

stopover sites to refuel. My goal in Chapter 1 is to learn from key collision hotspots in order to 

inform bird-safe practices. To accomplish this, I test the hypothesis that more birds collide with 

skyways than buildings. Additionally, I re-test a model in which environmental factors—such as 

nearby vegetation and proximity to a river—explain collision risk because they attract birds to an 

area. In contrast, for Chapter 2 I directly observe how many birds are in an area, and use that to 

learn about collision processes. Chapter 2’s ecological context is the breeding season. I ask, given 

a local bird population of certain size, how many birds strike windows? Further, I ask if mortality 

rates vary among species groups. Lastly, I pose a novel hypothesis that bird body size plays a role 

in collision susceptibility. 

Bird–building collisions are part of a greater conversation on how people relate with 

nature, especially within human-dominated landscapes. Designing bird-safe environments that 

reduce preventable harm brings ethical as well as biodiversity benefits. This is especially relevant 

in our increasingly urbanized world where conservationists engage city dwellers to monitor, 

protect, and appreciate biodiversity.



    

iv 
 

Table of Contents 
Acknowledgements .............................................................................................................. i 

Dedication ........................................................................................................................... ii 

Abstract .............................................................................................................................. iii 

Table of Contents ............................................................................................................... iv 

List of Tables ...................................................................................................................... v 

List of Figures .................................................................................................................... vi 

Chapter 1: Migrating through the city: bird–window collisions and the effects of 

skyways and vegetation at multiple scales  ..................................................................... 1 

Synopsis ...................................................................................................................... 1 

Introduction ................................................................................................................. 2 

Methods....................................................................................................................... 6 

Results ....................................................................................................................... 13 

Discussion ................................................................................................................. 17 

Conclusion ................................................................................................................ 23 

Tables & Figures ....................................................................................................... 25 

Chapter 2: Does bird body size influence window strike vulnerability, after 

accounting for local abundance?  .................................................................................. 38 

Synopsis .................................................................................................................... 38 

Introduction ............................................................................................................... 38 

Methods..................................................................................................................... 43 

Results ....................................................................................................................... 47 

Discussion ................................................................................................................. 49 

Conclusion ................................................................................................................ 57 

Tables & Figures ....................................................................................................... 58 

Bibliography ..................................................................................................................... 67 

Appendices ........................................................................................................................ 71 

Chapter 1 Appendix: Audubon Minnesota's Project BirdSafe Partnerships ............. 76 

Chapter 2 Appendix of Supplemental Tables and Figures ....................................... 77 



    

v 
 

List of Tables 
 

Table 1.1: Correlation matrix for hypothetical variables .................................................. 25 

Table 1.2: Summary statistics for attributes of façade segments ...................................... 26 

Table 1.3: Summary of parameter estimates from Part I models ..................................... 27        

Table 1.4: Results of top-ranked & competitive models (Part II). .................................... 28 

Table 1.5: Expected bird collision counts using Parts I and II models ............................. 29 

Table 2.1: Nomenclature for birds in this study ............................................................... 58 

Table 2.2: Collision counts, abundance estimates, and mortality rates by spp. ................ 59 

Table 2.3: Ranking of null and hypothetical models using AICC ..................................... 60 

Table 2.4: Results of top- and second-ranked models ...................................................... 61 

Table S2.1: Seasonal comparision of observed collisions for 4 spp.  ............................... 77 

Table S2.2: Fieldwork summaries (survey efforts and collision data) ............................. 78 

Table S2.3: Possible errors regarding species membership of breeding bird community 79  



    

vi 
 

List of Figures  
 

Figure 1.1: Geographic context for BirdSafe collision data ............................................. 30 

Figure 1.2: BirdSafe datasheets for Minneapolis and St. Paul, Minnesota ....................... 31 

Figure 1.3: Example of nested buffers around façade segment  ....................................... 32        

Figure 1.4: Histogram of collisions per façade segment ................................................... 33 

Figure 1.5: Scatterplots of collision count and habitat proportion data ............................ 34 

Figure 1.6a: Land cover of Minneapolis study site ........................................................... 35 

Figure 1.6b: Land cover of St. Paul study site .................................................................. 36 

Figure 1.7: Comparing effects (Part I parameter estimates) of habitat at varying scales . 37 

Figure 2.1: Geographic context for study ......................................................................... 62 

Figure 2.2: Study area with collision monitoring route and point count locations ........... 63 

Figure 2.3: Collision counts per day, all species .............................................................. 64 

Figure 2.4: Collision counts and estimated abundances of local birds, by species .......... 65 

Figure 2.5: Scatterplot with observed data & expected response values .......................... 66 



 

1 
 

CHAPTER 1: Migrating through the city: 

bird–window collisions and the effects of 

skyways and vegetation at multiple scales 
Synopsis 

Window strikes are a substantial source of avian mortality, claiming 365–988 million 

birds per year in the U.S. Collision hotspots are opportunities to learn about what makes 

structures dangerous to birds. Decades of research identify 2 major determinants of collision risk: 

1) environmental resources (i.e. vegetation) that attract birds; and 2) glass that birds do not detect 

as a barrier. I re-tested these factors in new ways using citizen science data provided by research 

partner Audubon Minnesota. I used negative binomial regression to analyze 4,403 bird collisions 

from migration seasons (2007–2016) in Minneapolis and St. Paul, Minnesota. First, I quasi-

bootstrapped the data to compare how near and distant vegetation influenced collisions. Among 

models, effects of proximate vegetation varied in sign and magnitude, but a slight positive effect 

emerged at ~100 meters. Next, I used forward selection with AIC ranking of geostatistical models 

to test for effects of skyways, vegetation at varying scales, distance to the Mississippi River, and 

season. The top-ranked model did not include distance to the river, yet terms for habitat within 50 

meters, skyway, and season were statistically informative (per AIC ranking and examining β ± 

SE). However, small effect sizes were questionably meaningful in ecological terms. This suggests 

that in urban cores, habitat is either not a collision determinant or it is only informative after 

accounting for additional variables. Future collision research should focus on glass attributes and 

do so by adopting an avian sensory ecology perspective. More broadly, collisions in core urban 

environments may indicate a greater problem in the form of artificial light at night (ALAN), 

which disrupts migratory behaviors and merits further research.  
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Introduction 
Background 

A bird’s movements and information-processing in the hours and moments before 

collision are largely unobserved. Our understanding of those processes has evolved from natural-

history accounts (reviewed in Klem 1981, 1989) into a growing body of scientific reasoning, 

models, and methodologies. In addition to peer-reviewed publications, bird–friendly and –safe 

guidelines translate scientific findings into applications to reduce collisions. When a bird fails to 

detect transparent glass panes (Klem 1989, 2007, 2009; Martin 2011) or interprets reflections as 

suitable cover (Banks 1976, Klem 1989, Klem et al. 2004), the mid-flight impact often results in 

fatal intracranial hemorrhaging (Klem 1990a, Veltri & Klem 2005). In North America, 

documented collision fatalities include 267 species (Klem 2014) and among those, nocturnal 

migrants are particularly vulnerable (Arnold & Zink 2011, Hager & Craig 2014, Loss et al. 2014, 

Kahle et al. 2016, Wittig et al. 2017, Nichols et al. 2018). Collisions with buildings kill 365–988 

million birds per year in the U.S. (Loss et al. 2014). Although the toll is large, claiming ~20% of 

North American birds (Arnold & Zink 2011), there is insufficient evidence that collisions 

contribute to population declines (Arnold & Zink 2011).  

Having described collisions in broad brushstrokes, what does the problem look like in 

places we inhabit on a daily basis, where we live, learn, play, and work? An intuitive approach is 

to consider collisions on a per-structure basis. Whether in residential areas, university campuses, 

office parks, urban cores, or other settings, per-structure collision counts exhibit high variance 

and uneven spatial distributions. Hotspots pepper the landscape and crop up along perimeters of 

individual buildings (Winton et al. 2018). Combine that knowledge with evidence that bird-safe 

interventions reduce mortality (Johnson & Hudson 1976, Klem 1990b, Klem & Saenger 2013, 

Kahle et al. 2016, Ocampo- Peñuela et al. 2015 and 2016, Brisque et al. 2017, Mitrus & Zbyryt 

2018, Winton et al. 2018) and 2 directives emerge: First, use hotspots to learn about spatial 
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determinants of collisions. Second, target mitigation efforts at known and predicted hotspots in 

order to maximize positive effects for birds and to allocate resources judiciously. 

Researchers identify 2 major factors that explain collision risk: 1) environmental features 

(e.g., feeders or vegetation) that attract birds to an area; and 2) glass surfaces which flying birds 

do not perceive as obstacles. The first factor points to the reality that local bird abundance is a 

direct correlate of mortality (Dunn 1993, Arnold & Zink 2011, Nichols et al. 2018, see Chapter 

2) (cf. Hager et al. 2008: Study 2). Bird abundance, in turn, is driven by birds’ complex responses 

to weather, light, conspecific signals, and resources configured across landscapes. (The first 3, 

though important, are outside the scope of this work.) This spatial study is based on the premise 

that variables driving bird abundance also drive collisions, so long as glass is present. This 

premise, termed the “environmental resource hypothesis” by Hager et al. (2013), has long been 

applied in and borne out by research, as I detail below. 

Birds, habitat at varying scales, & collisions 

Before reviewing research on this topic, a word about scale: Birds respond to urban land 

in complex ways and at varying scales (Johnson 1980, Hostetler & Holling 2000, Pennington & 

Blair 2011). Yet most collision research treats scale as a means to measure environmental 

variables, rather than a subject of study in itself. Measures of distance tend to be set by spatial 

constraints and small sample sizes, rather than explored via theoretical or empirical criteria. One 

notable exception is a recent collaborative, continent-wide study by Hager et al. (2017). Below, I 

draw connections between known spatial determinants of bird density and corresponding 

environmental factors of collisions. I begin with broad-scale landscape context and zoom in to 

fine-grain habitat features. 

Birds use broad-scale landscape context cues, such as rivers and coastlines. Accordingly, 

migrating bird density shows strong spatial associations with permanent water (Buler et al. 2007, 

Bonter et al. 2009, Buler & Dawson 2014). Not until recently has evidence of parallel collision 
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patterns been published: numbers of bird–window collisions diminish as distances to a river 

increase (Nichols 2018). However, this is difficult to test at broad scales because cities are also 

spatially linked to rivers and coastlines. Another structural landscape cue is the configuration of 

urban centers. Using spatial grains with 5 km radii, built-up area negatively correlated with 

migrating bird density (Bonter et al. 2009) as well as with collisions (Hager et al. 2017). 

Reducing spatial grain areas with ~1.5–3 km radii, Homayoun & Blair (2015) described the 

negative influence of impervious surfaces on migrating bird density. At a slightly smaller grain 

(500 m buffers surrounding 1–3 city blocks), bird strikes were fewer in more built-up areas and 

greater in areas featuring more exposed habitat (Cusa et al. 2015). 

Collision studies have also measured bird attractants using smaller spatial grains. Using 

50-meter buffers around buildings, collisions positively correlated with vegetation (Hager et al. 

2013, Barton et al. 2017, Hager et al. 2017, Schneider et al. 2018). However, as distances shorten, 

findings are mixed. Klem et al. (2004) found that as distance from bird feeder to window 

increased (distances tested: 1, 2, 3, 4, 5, and 10 meters), so did collision frequencies. The authors 

reasoned that, when a bird is flushed from feeding, a minimum distance is required to reach 

speeds at which collision is fatal. Birds at slower speeds have greater maneuverability (Martin 

2011) and might incur only sub-lethal trauma (Tseng 2018). Though feeder proximity may reduce 

collisions, that pattern is less clear when the bird attractant is vegetation. Chin (2016) used 30-

meter buffers around buildings and found no correlation between collisions and proportional area 

of trees and shrubs. Similarly, distance from façade to nearest vegetation seems to be 

(contestably) uninformative (sensu Arnold 2010) (Klem et al. 2009) or non-informative (Chin 

2016, Barton et al. 2017).  

In contrast, adjacent vegetation was associated with high collision counts in residential 

areas (Dunn 1993) and on a university campus (Borden et al. 2010). However, adjacent 

vegetation was vaguely defined, and the settings did not permit distinction between effects of 
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near and far habitat. It is also plausible that, compared to those relatively green settings, birds 

move differently in urban cores where cues for locating food patches (i.e. edges, gradients, or 

conspecific signals) might be obscured or absent. Or, an alternative supposition based on bird 

behavior is that because flying birds look down rather than forward, foraging patches distract 

birds from fatal flight paths, effectively reducing collision risk (Martin 2011). Ultimately, as we 

investigate effects of vegetation sited directly adjacent to glass, we are confronted by attributes of 

the glass itself. 

Birds, glass, & collisions 

Glass with mirror-like reflections—especially when sited in green areas—has long been 

emphasized as inherently dangerous to birds (Banks 1976). However, this is difficult to test 

because reflectiveness varies with conditions and is difficult to quantify. Klem et al. (2004) 

experimented with angled and tinted glass as methods to reduce reflectiveness. Both treatments 

reduced collisions. Yet, reflections are conceivably a human-perceived problem, perhaps 

relatively unimportant from an avian perspective (Cusa et al. 2015), despite attention they have 

received (Gelb & Delacretaz 2009, Klem et al. 2009, Borden et al. 2010, Parkins et al. 2015). 

With their laterally-located fields of view, faster rate of gain of visual information, sensitivity to 

polarized light and ultra-violet wavelengths, birds see the world differently than humans do. 

Unable to see the world through bird eyes, collision researchers have quantified and categorized 

glass in various ways (e.g., area (Hager et al. 2013, Barton et al. 2017, Hager et al. 2017); percent 

of façade (Borden et al. 2010, Parkins et al. 2015, Nichols et al. 2018); edge-to-area ratio 

(Nichols et al. 2018); and polarized light reflectance (Lao et al. 2018)).  

Glass also transmits light, yet we cannot know how birds perceive natural sunlight 

through glass. That said, many studies have documented collisions at transparent structures, such 

as skyways (Johnson & Hudson 1976, Somerlot 2003, Borden et al. 2010, Schneider et al. 2018), 

bus shelters (Barton et al. 2017), and plate glass noise barriers (Zbyryt et al. 2012, Mitrus & 
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Zbyryt 2018). Furthermore, most collisions occur during morning hours (Klem 1989, Gelb & 

Delacretaz 2009, Hager & Craig 2014, Kahle et al. 2016), when natural light passes through 

skyways. In contrast to ordinary windows, which emit artificial light from and permit views into 

building interiors, it is reasonable that skyways are more dangerous. So far, no statistical 

comparisons bear this out, but a simple categorical “skyway” variable might permit such a test. 

Research objectives & predictions 

My objective was to model native bird collisions by re-testing established factors in new 

ways. Regarding glass, I tested to see if skyways are intrinsically high-risk for birds. A finding of 

that type would directly map onto real-world architecture and support development and adoption 

of bird-safe policies. Regarding environmental resources that attract birds, I accounted for 

landscape context (specifically, a major river) and then tested for effects of habitat at varying 

scales. My intent was to replace fuzzy terms like “nearby vegetation” with definitive measures 

needed for bird-safe applications. I expected to reassert positive relationships between collisions 

and habitat within 50–150 meters of façades. However, I predicted the effect of habitat at finer 

grains would diminish and shift to weakly negative. 

Methods 
Study area 

This study was sited in Minneapolis and St. Paul, Minnesota, 2 mid-continental North 

American cities in the temperate climate zone (Figure 1.1). Minneapolis’ population is ~400,000 

(U.S. Census 2010) and St. Paul’s population is ~300,000 (U.S. Census 2010). Both cities abut a 

relatively green riverfront corridor. As North America’s longest migratory flyway, the 

Mississippi River is a key landscape feature for birds (Figure 1.1). This study focused on 2 small 

geographic and intensely built-up areas (each measured ~74 ha) where land-use is categorized as 

business district (sensu Blair 2001). Structures examined in this study were constructed between 

1888 and 2012 and included skyways as well as buildings. Some buildings in the area participated 

in Audubon Minnesota’s Lights-Out program aimed to reduce artificial light at night (ALAN). To 
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my knowledge and to the knowledge of research partners, none of the study structures used bird-

friendly glass or other means to prevent collisions. 

Land cover data 

I developed 1-meter resolution land cover data for the study area (Anderson & McLachlan 

2018) using object-based image analysis (OBIA) performed with eCognition software (Definiens 

2004). I classified land cover into 10 categories: bare earth; building; elevated greenspace; 

fountain or pool; impervious surface and unknown; road; shrub; tree; turf; and water. ‘Water’ 

included only features from the National Wetland Inventory (Minnesota DNR 2015), such as 

streams, lakes, and river. The distinct category of ‘fountain or pool’ captured additional water 

features potentially used by wildlife. ‘Bare earth’ included unpaved surfaces such as dead turf 

grass and mulch (i.e. areas that could potentially hold vegetation). Green roofs and other above 

street-level vegetation features were classified as “elevated greenspaces”, relevant in this study 

owing to their value as foraging sites for birds (Partridge & Clark 2018). 

Collection of collision data 

Collision data came from Audubon Minnesota’s Project BirdSafe (herein “BirdSafe”), a 

large repository of bird–building collision records and documentation. BirdSafe’s research plan 

(see Zink & Eckles 2010) was developed by Dr. Robert M. Zink (formerly of University of 

Minnesota, Department of Ecology, Evolution and Behavior; and the Bell Museum of Natural 

History) and Joanna Eckles (formerly of Audubon Minnesota). Eckles coordinated BirdSafe 

research activities, which included sustaining partnerships with 8 organizations (Chapter 1 

Appendix); training and supervising of 136 volunteer citizen scientists; and stewardship of data 

and documentation. 

BirdSafe volunteers monitored 2 fixed routes through downtown Minneapolis and St. Paul. 

The Minneapolis route was 3.165 km in length (measured along street centerlines) with a 

bounding box 44.973–44.979°N, 93.265–93.275°W (WGS84). The St. Paul route was 3.316 km 

in length (measured along street centerlines) with a bounding box 44.944–44.95°N, 93.088–
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93.099°W (WGS84). There were 95 structures (28 skyways and 67 buildings) along the 

Minneapolis route and 74 structures (24 skyways and 50 buildings) along the St. Paul route. 

Volunteers surveyed in morning hours, typically between 0600 and 1000, visually scanning 

the perimeters of structures visible from routes to detect and remove injured and dead birds. The 

aim was to assign one volunteer per route every day during spring and fall migration seasons of 

2007 through 2016. Eckles and volunteers maintained a daily log to capture days on which one or 

both routes were not surveyed, as well as days when monitoring resulted in zero collision 

observations. Volunteers recorded the following data elements for every collision event: bird 

species; date and time; status of the bird (dead; alive and released; or taken to rehabilitation); and 

location. Collision locations were ascribed to structures using coded identities on BirdSafe 

datasheets (Figures 1.2). In some cases, volunteers ascribed collisions to building sides (i.e. N, 

NW, S, SE, etc.). 

Salvage permits 

BirdSafe’s field methods required permits authorizing salvage of migratory bird carcasses. 

The U.S. Fish and Wildlife Service and Minnesota Department of Natural Resources (MN DNR) 

issued salvage permits to Audubon Minnesota, stipulating that year-end reports must be filed with 

MN DNR and that salvaged specimens must be deposited with the Bell Museum of Natural 

History in Minneapolis, Minnesota. 

Cleaning & preparing collision data 

I cleaned BirdSafe’s collision data by removing records that were outside the scope of my 

research questions. First, I omitted incidental records for birds collected in areas other than the 

Minneapolis and St. Paul routes. Next, I omitted records where effort was not standard because 

volunteers re-visited certain buildings after completing a route. Volunteers were trained to add 

special remarks for “second-pass observations”, making such records easy to cull. I also omitted 

records with notes on causes of death other than window strikes, such as traffic or depredation. I 

removed 25 records from outside migration seasons, which I defined for the purpose of this 
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analysis as March 15 through May 31 (78 days) and August 15 through October 31 (78 days). 

Finally, because this study’s intent was to understand collision threats to native bird species, I 

removed records for unidentified species (n = 119) and exotic species (n = 93), categorized using 

natural history accounts in Ehrlich et al. (1988). For this study, collisions of all status categories 

(dead; alive release; and alive needing rehabilitation) were included and treated as equal. These 

steps resulted in a dataset of 4,403 native bird collisions recorded over the 10-year period. 

I aggregated collisions per-structure and broke out per-structure totals into per-season 

counts. I used BirdSafe’s daily reports to count the number of times each route was surveyed in a 

season. This is important because collision observations were in part a function of survey effort. 

Spatial data on study structures 

This spatially explicit analysis required that I tie BirdSafe records and documentation to a 

geospatial reference system. To digitize BirdSafe’s routes and study structures, I modified 

existing spatial data from OpenStreetMap (OpenStreetMap contributors 2015) using ArcMap 

version 10.4 (ESRI, Redlands, California, USA). I transformed the source data from WGS84 to 

NAD1983 (UTM 15N) and then edited shapefile features (e.g., deleted, split, or merged) to create 

a one-to-one correspondence to structures depicted on BirdSafe maps. I obtained structure heights 

using the EMPORIS database (emporis.com). 

I digitized polylines to represent each discrete façade segment that was monitored. When 

structures had 2 or more discontinuous monitored segments (for example, north and south faces 

of a skyway), I merged those polylines into a single feature. Although it would have been ideal to 

treat discontinuous segments as separate units, that was not feasible owing to many missing or 

ambiguous “building side” values in BirdSafe’s database. There was one exception: collisions at 

structure ID 375 were successfully divided among 3 façades, North, West, and South. Therefore, 

a total of 171 façade segments were digitized, representing the monitored sides of 52 skyways 

and 117 buildings. I used ArcMap to measure façade segment lengths, generate midpoint 
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coordinate data, and measure shortest Euclidian distances to the Mississippi River (per MN DNR 

2015).  

Quantifying land cover around façade segments 

I used ArcMap version 10.4 to create nested buffer polygons around all façade segments 

with 5, 10, 25, 50, 100, and 150 meter radii. See Figure 1.3. I clipped (erased) the corresponding 

skyway or building polygon from each buffer polygon. I used ArcMap’s “tabulate area” function 

to measure areas of each land cover class within buffer polygons. I converted areal measurements 

to proportions (i.e. values 0–1). For this analysis, I focused on biophysical measures of interest 

(Pennington et al. 2008, Hager et al. 2013) by grouping the following land cover classes into an 

overall measure of “habitat” proportion: bare earth; elevated greenspace; fountain or pool; shrub; 

turf; tree; water. 

Statistical modeling 

I used logistic regression to assess relationships between bird collisions and extrinsic 

factors, especially habitat (quantified as a proportion). The response variable was collision count 

per façade segment per season. Breaking counts out by year and by season amplified the sample 

size to n = 3,420 (171 × 10 years × 2 seasons). (In practice, n = 3,410 because study structure ID 

323 was constructed in early 2012 and therefore had null values for 10 seasons before spring 

2012.) To ensure that response values could be compared fairly, I used an offset term in all 

models. This offset acknowledged that collision counts were in part a function of: façade area 

(segment length × structure height), and the number of times a segment was monitored in a 

season. 

Generalized linear mixed models (GLMMs) were appropriate for the following 2 reasons 

(Bolker et al. 2008): 1) collision count data had a non-normal distribution and were not easily 

transformed to normal; 2) assumptions of independence could not be met without accounting for 

random effects. Year is an appropriate random effect because bird populations change from year 

to year and collisions are, at least in part, a function of bird population size (Arnold & Zink 2011; 
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Loss et al. 2014). The random effect of year, therefore, accounted for temporal dependence, 

allowed assessment of factors independent of year-to-year variations, and permitted inference 

beyond the observational timeframe. 

In addition to temporal dependence, I was cautious about spatial structure that could have 

interfered with inference. Not only could collision counts at nearby structures have been similar 

due to the spatial nature of collision phenomena (autocorrelation), there was also the possibility 

that counts at neighboring structures resembled one another due to autocorrelation in explanatory 

variables (spatial dependency) (Legendre et al. 2002). Two methods of accounting for spatial 

structure were available and I followed both, one at a time, to achieve slightly different aims in 

this 2-part analysis. Part I utilized “quasi-bootstrapping”, in which many small subsets of 

spatially distant (i.e. independent) replicates were used as model input (B. Aukema personal 

communication, see also Holland et al. 2004). Part II used geostatistical models to account for 

spatial pattern (J. Fieberg personal communication), modeling the correlation between errors as a 

function of distance between replicates (Keitt et al. 2002). I ran all analyses in R version 3.4.4 (R 

Core Team 2017) and fit models using glmmTMB() (Brooks et al. 2017). 

Part I: “quasi-bootstrapping” to compare scales 

I created subsets of spatially distant replicates using the following process: First, I created a 

randomly ordered sequence of façade segments. Next, I used ArcMap to visualize 150-m buffer 

polygons one by one, following the random sequence. The first 6 polygons (3 in Minneapolis and 

3 in St. Paul) that did not overlap became members of a subset. I repeated this process to 

determine membership of 108 subsets (named AA, AB, AC, … EC, ED). The quantity 108 was 

estimated large enough to capture variation in the data. 

The explanatory variable of primary interest was proportion of habitat surrounding façade 

segments. For every façade segment, that variable had 6 values, one for each buffer size (5, 20, 

25, 50, 100, and 150 meters). Therefore, this analysis required running 648 regression models (6 
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buffer sizes × 108 data subsets). Rather than using raw habitat proportion values, I used a z-score 

centered at the mean proportion (n = 171) to improve convergence. In addition to habitat, I used 

season as a second fixed effect based on outside research in which mortality is higher in autumn 

than in spring (Klem 1989, Gelb & Delacretaz 2009). Per above, I used year as a random effect. I 

used the fitting function’s offset() argument to standardize effort, per above. I used a negative 

binomial distribution (NB2 form) for errors, appropriate for a response with many zeros (Warton 

2005). 

This quasi-bootstrap approach ran multiple tests of the hypothesis that season and habitat 

explain collision counts. Models that failed to converge (11%, 71 of 648) were omitted from 

consideration. I used summary statistics (particularly measures of central tendency) and graphical 

displays of intercept and coefficient estimates to describe patterns and trends.  

Part II: ranking geostatistical models 

Having compared effects of habitat at varying scales in Part I, Part II aimed to model bird 

collisions using other variables in addition to habitat and season. I used the full dataset and an 

information-theoretic framework to rank hypothetical models. In contrast to the first analysis that 

addressed spatial structure using quasi-bootstrapping, here I specified a spatial covariance 

structure, based on the assumption that correlation in the response decays exponentially with 

distance between replicates (Brooks et al. 2017). Model specifications were similar to those in 

Part I, including year as a random effect, a negative binomial distribution (form NB2) for errors, 

and an offset term. In contrast to Part I, I did not transform habitat data because it was not 

necessary for convergence. As a consequence, habitat coefficient estimates from Part I and II 

were not directly comparable. 

I performed forward model selection, using lowest AIC values to guide inclusion of terms 

(Yamashita et al. 2007) from the following choices: season (spring or fall); structure type 

(skyway or not skyway); distance from Mississippi River (m); and habitat proportion (values 0–1) 
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within buffers of 6 sizes. To avoid collinearity and attendant pitfalls of model bias and 

uncertainty (Burnham & Anderson 2002, Yamashita et al. 2007), once a variable was included, I 

ruled out variable choices with high correlation (|r|>0.5) (Table 1.1). I did not include interaction 

terms because I had no hypothetical basis for doing so. I ranked models, including a null and 

global model, using AIC. I identified “competing” models (∆AIC<2) and, to avoid models with 

uninformative parameters, I discarded competing models that were equivalent to the top-ranked 

model only with additional terms (Arnold 2010). For the top-ranked (and comparably 

informative) model(s), I reported fixed effects and measures of precision using β ± SE. (I did not 

back-transform coefficients unless expressly stated.) 

Finally, I ran a parallel analysis without outliers to check if extreme values had undue 

influence. I defined outliers as response values >5 times the standard deviation (following Borden 

et al. 2010). I limited reporting on this second analysis to the following: 1) divergence of selected 

variables; or 2) noteworthy differences in parameter estimates (i.e. sign changes or instances of 

doubling or halving). 

Results 
Summary of collision records 

In this paragraph I describe native bird collisions in aggregate for both cities, all ten years, 

and inclusive of all bird status categories (dead; alive and released; and rehabilitated). 

Furthermore, counts are not adjusted for effort, which was roughly but not perfectly even across 

time and space. Collision records included 105 identified species. Remarkably, 56% (2,453 of 

4,403) was attributable to only 5 species, all of which are nocturnally migrating songbirds. In this 

dataset, 69% (3,049 of 4,403) of collisions occurred in fall and 31% (1,354 of 4,403) occurred in 

spring. Collisions per year ranged from 368 in 2015 to 538 in 2016 with a mean of 440.3 

collisions per year. The 2 cities had similar total collision records, with 2,371 in Minneapolis and 

2,032 in St. Paul. 
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Visualizing collisions on a map revealed remarkably uneven spatial distribution. (To 

protect structure identities, such a map is not publicly available.) Many façades had zero or very 

few collisions. In concrete terms, 42 façades (28 buildings, 14 skyways) had zero collision 

records, and 115 façades (75 buildings, 40 skyways) had between zero and 10 collisions. In 

contrast, a handful of “hotspots” had high counts: 52% of all native bird collisions occurred at 

only 8 of the 171 sites (7 building façades, 1 skyway façade). Collisions per façade ranged from 

zero to 608 (n = 171; mean = 25.8; sd = 74.3). Collisions per façade per season ranged from zero 

to 74 (n = 3,410; mean = 1.3; sd = 4.6). Skyways were the site of 11% of collisions (489 of 

4,403), and mean collisions per skyway was 9.4, sd = 24.2. The remaining 89% of collisions 

(3,914 of 4,403) occurred at buildings and mean collisions per building façade was 32.9, sd = 

86.7. The high frequency of zero collisions per façade is visually apparent in Figure 1.4, which 

breaks out structures into skyways and non-skyways. Furthermore, scatterplots of collision counts 

against habitat data (Figure 1.5) had space-filling distributions (sensu Hager et al. 2013) owing to 

many zeros and low values. 

Summary of land cover & structure attributes 

In order to visually and quantitatively summarize land areas in this study, I merged façade 

buffer polygons within each city (using ArcMap’s “union” function) (Figures 1.6a and 1.6b). I’ll 

refer to these irregularly shaped union polygons as the Minneapolis and St. Paul “sites”. Both 

sites are intensely developed with habitat clustered in small areas. St. Paul’s site has almost twice 

as much habitat area (5.84 ha; ~8% of 73.75 ha) as Minneapolis (3.08 ha; ~4% of 74.29 ha). 

Furthermore, the 2 sites differ by composition of land cover types. Notably, St. Paul’s tree 

covered area (~3.9 ha) is over 3 times greater than Minneapolis’ tree covered area (~1.2 ha). Turf 

makes up ~42% of habitat area within the Minneapolis site, but makes up only ~18% of habitat 

area in the St. Paul site. 
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Attribute data for façade segments are summarized in Table 1.2. Habitat proportion around 

individual façade segments showed a dependence on buffer size. Although a range of habitat 

proportions (from 0–40%) was successfully captured in the sample, many replicates contained 

very little habitat, especially within smaller buffer sizes. In fact, for 5 and 10 meter buffers, half 

the data are zero. As buffer size increased, means increased, fewer values were zero, and both the 

range and standard deviations decreased. 

Results of Part I: “quasi-bootstrapping” to compare scales 

Before summarizing model output, I describe the problem of models that failed to converge 

(~11% failed, 71 of 648). In general, models using smaller buffer sizes failed to converge more 

often than those using larger buffer sizes. In concrete terms, ~22% (24 of 108) of 5-meter models 

failed, whereas only ~6% (6 of 108) of 100-meter models failed. Failure to converge could not be 

traced to a single problem, but rather a handful of issues seemed to be at play. All subsets 

contained variation in the response variable, however, that variation was minimal in some cases. 

For example, subset “AN” contained 112 zeros and 8 ones, and models attempted with this 

dataset failed to converge at all scales except 10 meters. As for variation in habitat data, some 

subsets contained no range, especially for small buffer sizes, and yet that did not explain all 

convergence failures. 

Intercept estimates were strongly negative, ranging from -117.18 to -5.83 (Table 1.3) with 

a median of -13.03. There was strong evidence (α = 0.05) for non-zero intercepts in 97% of 

models (560 of 577). As expected, most season coefficient estimates were positive (97%, 557 of 

577) and 75% (432 of 577) fell between 0 and 1 (see Table 1.3), consistent with knowledge that 

more birds collide in fall than in spring. 

Habitat effect estimates told a more compelling story, although patterns were subtle. The 

habitat coefficient can be interpreted as an expected change in (log) collision count per façade per 

season when season is held constant (spring) and habitat proportion within a given buffer size 
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increases a z-score of one (or, one standard deviation). Over half of the models (59%, 341 of 577) 

provided significant evidence (α = 0.05) that the habitat coefficient was not zero. Among 

estimates with strong evidence, there was remarkable variation (in magnitude and sign). This 

variability made it difficult to generalize habitat effects. Visualizations (Figure 1.7) were useful 

to discern trends linked to scale. As buffer sizes increased, variability decreased and measures of 

central tendency (mean and median) as well as quartile values (Q1 and Q3) shifted from negative 

to positive. 

Results of Part II: ranking geostatistical models 

The best approximating model (AIC = 5,951.8, on 3,401 df) estimated the intercept at -

14.39 ± 0.24. The effect of changing from spring to fall was estimated at 0.65 ± 0.05. Habitat 

proportion within 50-meters was more informative than other buffer sizes and had a coefficient 

estimate of 10.08 ± 2.28. Finally, the effect of skyways (as distinct from buildings) was 1.72 ± 

0.28. Even though mean collisions per building was higher than mean collisions per skyway (9.4 

and 32.9, respectively), the positive effect presumably reflected importance of data distributions 

associated with the “skyway” variable. When using the full dataset, no models were within 2AIC 

of the top-ranked. However, results of the parallel analysis without outliers were slightly 

divergent (Tables 1.4 and 1.5), in that habitat within 50-, 25-, and 100-meters was informative. 

Nonetheless, coefficient estimates were similar in sign and magnitude to those from models fit 

with the full dataset. To distinguish these parallel models, I refer to them as “competitive” 

models, ranked 1, 2, and 3 using AIC. 

Part II findings generally reinforced those of Part I, with respect to intercept and season 

effect. Part II detected habitat effects at buffers sizes as small as 25 meters, a finding that 

contrasted with Part I in which a threshold for habitat effect was fuzzier and detected at ~100 

meters. There was no evidence from Part II that distance from the river affected collision counts. 
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Discussion 
This study generated 5 major takeaways. First, although skyways and vegetation were 

informative model terms, effect sizes were small, perhaps even negligible in ecological terms. As 

a consequence, the supposition that spatial drivers of bird density are also spatial drivers of 

collisions needs to be rethought for intensely urbanized settings. Second, despite the fact that 

background collision levels were low, substantial mortality was observed at key sites. Third, 

insights into collision processes will require new perspectives on glass informed by avian sensory 

ecology. Fourth, because proximate vegetation is not a determinant of collisions, it may be 

appropriate to relax bird-safe guidelines that advise against adjacent landscaping, at least within 

intensely urban environments. Fifth, more information is needed to discern if migratory birds that 

find their way to urban cores are abnormal cases, or if they signify greater, unseen disturbances to 

migratory behaviors. This is important because if cities—and the artificial light they scatter—are 

disrupting migratory bird cycles and distribution, collisions with glass would be only one among 

several negative repercussions. 

Overall patterns 

Before addressing the points above, I comment on overall data patterns and potential 

sources of bias. First, BirdSafe data confirmed that fall mortality surpasses that of spring, but 

undocumented winter and summer seasons suggest themes for future research. Second, collisions 

were sporadic across the landscape. Models aside, data plots (Figure 1.5) showed instances of 

high collision counts despite a lack of proximate vegetation, and instances of moderately high 

collision counts where habitat within 150 meters was scant. Third, per-structure collision counts 

contained many zeros, which complicated modeling. I considered using a binary response 

(collisions observed or not), or imposing an arbitrary cut-off (e.g., limiting the sample to 

structures that averaged ≥1 collision per year). However, I held that a) simplifying the dataset 

could have introduced bias; and b) there was something to be learned from zeros. This way, I did 
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not detract from BirdSafe’s goal to apply equal survey effort across 2 swaths of cityscape (Zink & 

Eckles 2010). 

Sources of error in both collision and land cover data warrant mention, but I am most 

concerned with non-independently distributed errors that could usher in bias. I used spatial data 

sourced in 2010–2013 to classify land cover for the 2007–2016 study period. That temporal 

generalization afforded high spatial resolution at the cost of small inaccuracies, inaccuracies I 

assumed were independent of collision processes. Likewise, collision data contained errors (e.g., 

imperfect detection, carcass removal by animal scavengers and people, birds that flew away 

before succumbing, building shapes that prevented carcasses from reaching the ground, etc.). 

Given the study’s long run, errors should not influence relationships between replicates, with 2 

possible exceptions. First, BirdSafe’s protocol gradually incorporated skyways and as a 

consequence, skyway counts may be artificially low whereas counts at neighboring buildings may 

be artificially high. If so, the parameter estimate for skyway effect would be under-estimated. 

Second, vegetation can conceal bird carcasses (Erickson et al. 2005), and that would result in 

erroneously low counts at buildings with adjacent landscaping. Therefore, aware that effects of 

proximate habitat may have been exaggerated, I interpreted results of Part I’s 5-meter models 

with caution. 

Informative but not ecologically significant? 

Interpreting a model means taking stock not only of evidence but also of effect sizes 

(Johnson 1999). Owing to the models’ strongly negative intercepts, model coefficients for season, 

structure type, and habitat explained only fractional changes in expected bird collisions (Table 

1.5). Despite this, I put confidence in intercept estimates because SEs were relatively small and 

because estimates were similar among multiple models produced in Parts I and II. Furthermore, 

given the high frequency of zeros in the data, I could not dismiss the possibility that a negative 

intercept was appropriate. In light of the possibility that effect sizes were ecologically 
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meaningless, 2 questions emerge. First, what missing variables could explain the remarkably 

uneven distribution of collisions? Second, how context-dependent is the “environmental 

resources hypothesis”? 

I accounted for glass in 2 ways: first, because all facades included some glass, I included 

façade area in all models. Second, I included “skyway/not skyway” as a categorical variable. I 

tested if habitat affected collisions independent of other glass attributes, and results pointed to 2 

possibilities. Either yes, habitat drives collisions but only after additional glass attributes (or other 

variables) are effectively measured. Or, no, habitat does not explain collisions in this setting (or in 

this dataset). The “environmental resource hypothesis” (and variations on it) has served as a 

framework for collision research set in smaller cities, college campuses, office parks, zoological 

gardens, and residential areas. In light of the small effect sizes reported in my models, it may be 

worthwhile to re-examine biological significance (i.e. meaningful effect sizes) of past studies’ 

habitat model parameters. Or, one could explore if habitat effects are context-dependent at a 

meta-level (see also Hager et al. 2017). 

Hotspots in perspective 

The BirdSafe data illustrated that collision levels are low but not uniformly low in highly 

urbanized sites and regions. Mean collisions per-façade per year was 2.6 birds, and 2 extreme 

structures saw 60.8 and 49 collisions per year on average. Only 19 façades averaged >5 collisions 

per year. However, it is important to keep in mind that a) these counts can only be understood in 

context of survey effort; b) these collisions included injured as well as dead birds; and c) I did not 

attempt to estimate true annual per-structure mortality by extrapolating from the sampling period. 

Because survey effort was roughly equal across all BirdSafe structures, the values above can be 

compared. Although I did not compare BirdSafe data to other studies (i.e. data acquired via 

different sampling schemes), BirdSafe’s effort-based survey protocols do enable such analyses 

(Loss et al. 2015). 
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As a point of comparison, Loss et al. (2014) estimated per-building annual mortality at 

high-rise and low-rise buildings to be 24.3 (95% CI: 5–76) and 21.7 (95% CI: 5.9–55) birds, 

respectively. Furthermore, the highest documented per-structure mortality to my knowledge is 

1,478 birds per year (14 year average, per Evans Ogden 1996), although details on survey effort 

are not available. Whether or not the bird mortality represented in this dataset constitutes an 

important concern is a different question that cannot be answered without subjective context. 

Notwithstanding, retrofitting glass at hotspots is appropriate. Second, BirdSafe hotspots, 

especially if combined with other data, can still help us make inferences and predictions. Third, 

directly observing birds (with binoculars or video) in the vicinity of hotspots might help 

researchers change tack in fruitful ways. 

Birdseye view on glass 

Glass area is an important predictor of collisions (Hager et al. 2013, Barton et al. 2017, 

Hager et al. 2017). Yet, because birds are highly visual animals, and because glass takes on many 

appearances as it transmits, refracts, and reflects light, other glass attributes probably mediate 

effects of glass area. Therefore, it is important (but difficult) to characterize glass in ways that are 

meaningful, generalizable and practical. Glass’ versatility works in our favor, too, suggesting a 

breadth of potential solutions that benefit both people and birds. The transparent glass of skyways 

was a characteristic that seemed well sampled in BirdSafe data. Skyway was clearly an 

informative model term, and future research should revisit the issue of effect size, especially 

because evidence would have obvious applications. For example, other cities could adopt zoning 

codes like those of Minneapolis, requiring bird-safe glass for new skyways (City of Minneapolis 

2016, Hanauer & Elliott 2016). 

Looking at collision research more broadly, the time is ripe to rethink glass from a bird’s 

perspective. One novel way is to account for mullions and other architectural features that 

interrupt panes into parts (Nichols 2018). Another example is reflectance of polarized light (Lao 
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et al. 2018). Yet another approach is to assess 3-dimensional properties of glassy spaces, such as 

recessed alcoves that entrap or confuse birds (Sheppard 2011, Barton et al. 2017). Moreover, 

there is a need for greater exchange of ideas between those who develop bird-safe glazing and 

those who investigate in situ collisions. Lastly, bringing direct field observations to bear on 

research questions is called for because it supports integrative, fresh thinking. 

Greenlight for greening? 

My findings run counter to prevailing wisdom on reducing mortality by eliminating bird 

attractants from the vicinity of windows (Klem 1990b). I do not, however, advise wholesale 

reversal of that principle. Rather, this study’s results should be interpreted cautiously and with 

context in mind. The BirdSafe sites were intensely built-up, with green limited to 4% and 8% of 

areas (Minneapolis and St. Paul, respectively). Given that constraint, I included land cover classes 

not used in previous collision studies, such as elevated greenspaces and fountains. It is worth 

noting that although convenient, scale and proportional area might fail to measure vegetation 

attributes that matter to birds in these urban settings. For example, Bayne et al. (2012) found a 

link between neighborhood age and collision frequency. It is plausible that vegetation within 

urban cores has less influence on bird abundances because so little vegetation reaches maturity, 

owing to constraints such as frequent landscaping changes or disturbances from infrastructure 

maintenance. A second alternative measure is an exotic-to-native ratio, which influences avian 

communities in urban areas (Pennington & Blair 2011). It is plausible that in these sites, 

dominance of exotic plants suppressed abundances of arthropod prey and foraging birds 

(Burghardt et al. 2009), and, as a corollary, bird strike numbers. 

BirdSafe sites included structures with adjacent vegetation, embedded within chiefly 

impervious cityscapes. (In contrast, many collision research sites feature expanses of green, 

typical of residential areas, campuses, and office parks). Consequently, effects of adjacent 

vegetation could theoretically be isolated, and by extension, effects of reflective glass. My finding 
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a slight negative correlation between collisions and habitat within 5 meters, however, did not 

exonerate glass reflections. Even so, risks of small-scale landscaping are small compared against 

benefits to individual birds and people, at least within intensely urbanized settings. Having said 

this, the influence of larger habitat patches must not be dismissed: Nichols (2018) found that, in 

BirdSafe study sites, parks (areas of half- to full city blocks) exerted a positive influence on 

collisions. An advisable sequence of actions for site managers is to landscape, monitor for 

collisions, and retrofit glass if necessary—similar to protocols in B3 Guidelines (Center for 

Sustainable Building Research 2017). 

Cities—different in degree or kind? 

Past patterns linking collisions to habitat might not have predicted BirdSafe’s collision 

mortality rates. For example, in Rock Island, Illinois (population ~40,000), Hager et al. (2013) 

observed zero collisions at facades surrounded by >66% impervious surfaces (2 replicates of n = 

20). All 171 BirdSafe façades were surrounded by >66% impervious surfaces and collisions were 

observed at 77% of them. (There might be other examples, but most reports do not include this 

kind of descriptive detail. Admittedly, BirdSafe’s longer timeframe explains some of that. 

Nevertheless, the contrast is of note.) One interpretation of both the raw and modeled BirdSafe 

data is that the “environmental resource hypothesis” breaks down within an urban core: either 

habitat does not explain bird density, or, it does, but collisions are not a function of bird density. 

Either way, the idea that cities are different in kind rather than degree is compelling. 

Seen through this lens, intense urbanization could explain why habitat effects were 

negligible. Moreover, it begs the question: what does explain birds’ presence in urban cores 

where habitat features are generally small, dispersed, and of marginal quality? Light pollution. 

The answer is not new, but new and important questions are emerging around that topic. In this 

analysis, birds that migrate by night and mostly by night (categories per Arnold & Zink 2011) 

made up 84% of collision records (3,710 of 4,403; 62 of 105 species). Whether birds respond to 
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light at scales that correspond to collisions at individual structures (Parkins et al. 2015) or city 

blocks merits more attention. Globally, migratory flyways spatially co-occur with urbanization 

(Cabrera-Cruz et al. 2018), and artificial light at night (ALAN) is documented to influence 

nocturnally migrating birds (Gauthreaux & Belser 2006, La Sorte et al. 2017, Van Doren et al. 

2017, McLaren et al. 2018). Against birds’ evolutionary backdrop, ALAN is a different kind of 

disturbance, yet the degree to which it negatively affects bird populations remains unknown. 

Once within intensely urban settings, birds face a number of problems including food scarcity—

especially given the demands of migration—as well as depredation by cats, disease, and, of 

course, collisions.  

Conclusion 
Citizen science affords data collection on ecological processes in the places where people 

live, work, and learn. Bird–window collisions are one such process, and BirdSafe data, collected 

by staff and volunteers, are a valuable resource. Using that dataset, I used new methods to 

validate a model in which environmental factors influence bird density and, as a corollary, the 

spatial distribution of collisions. Specifically, I explored proximity to a major river and 

proportion of habitat at varying scales. In addition, I tested a new hypothesis that because 

skyways transmit natural light, they are implicated in more collisions than buildings. Although 

distance to the river was not informative, models with habitat (within 25–100 m buffers) and 

skyway effects approximated structure in the data. Effect sizes, however, were so small as to 

prompt deeper examination of avian ecology within intensely urbanized settings. As highly 

motile organisms, birds utilize patchily distributed resources, but that capacity has limits. 

Therefore, habitat-based patterns that drive collisions in greener sites might break down in urban 

cores. This unexpected result presented at least 3 opportunities. First, make direct, fine-scale 

observations of bird densities and behaviors in urban settings to spur inquiry into collision 

processes. Second, integrate knowledge from bird-safe glazing technology and avian sensory 
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ecology to predict why birds fail to detect glass as a barrier. Third, explore additional factors that 

drive bird abundance in core urban sites, especially where hazards are plentiful. As cities expand, 

intensify, and illuminate night skies, it becomes increasingly important to understand the full 

nature and magnitude of their impacts on bird populations. 
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Tables & Figures 

Table 1.1  

Correlation matrix for hypothetical explanatory variables. For all correlation calculations, n = 

171. Bold type for all |r| ≥0.5. A * symbol denotes 0.1≥P>0.05; ** denotes 0.05≥P>0.01; and 

*** denotes 0.01≥P. 
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-0.057 
 

0.024 
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0.26 
*** 

-0.065 
 

0.024 
 

25 m    
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* 
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50 m     
0.822 
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Table 1.2 

Summary statistics for attributes of façade segments, including habitat proportion within buffers 

of varying sizes. n = 171. Because habitat proportion data were z-score transformed for Part I, 

means and standard deviations are necessary to interpret model results. 

Variable 
 Z-score 

Mean Min Median Max sd Min Max 

H
ab

it
at

 p
ro
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rt
io

n
 w
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h

in
 v

ar
yi

n
g 

b
u
ff

er
 s

iz
es

 (
m

) 

5 0.025 0 0 0.396 0.063 -0.3965 5.9236 

10 0.0296 0 0 0.408 0.065 -0.4544 5.8083 

25 0.033 0 0.0008 0.307 0.054 -0.6135 5.0906 

50 0.042 0 0.022 0.383 0.061 -0.6969 5.5877 

100 0.048 0.001 0.022 0.237 0.055 -0.8432 3.4222 

150 0.051 0.002 0.024 0.017 0.049 -0.9857 2.3982 

D
is

ta
n

ce
 t

o
 

R
iv

er
 (

m
) 

Minneapolis 
(n = 97) 

909.8 491.8 922.3 1,358.8 226   

St. Paul 
(n = 74) 

427.5 167.4 417.3 672.7 128.4   

Overall 
(n = 171) 

701.1 167.4 658.3 1,358.8 305.5   

Segment length (m) 75.4 10 58.7 320.5 56.2   

Structure height (m) 45.2 4 19.8 214.4 51.9   
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Table 1.3 

Summary of parameter estimates from Part I models. Grayed-out rows summarize only 

parameter estimates for which P<0.05. Because habitat data were z-score transformed, refer to 

Table 1.2 for mean and standard deviation values. 

Parameter n Min Q1 Mean Median Q3 Max 

Intercept 
577 -117.18 -13.66 

-13.6 
5m: -13.73 (n = 84) 
10m: -14.82 (n = 90) 
25m: -13.71 (n = 101) 
50m: -13.41 (n = 100) 
100m: -13.05 (n = 102) 
150m: -13.02 (n = 100) 

-13.03 
5m: -12.91 

10m: -12.85 

25m: -13.25 

50m: -13.09 

100m: -13.08 

150m: -12.96 

-12.40 -5.83 

560 -34.02 -13.60 -13.24 -13.01 -12.40 -8.25 

Season 
0 = spring 
1 = fall 

577 -0.24 0.52 

0.72 
5m: 0.72 (n = 84)  

10m: 0.72 (n = 90) 

25m: 0.68 (n = 101) 

50m: 0.72 (n = 100) 

100m: 0.73 (n = 102) 

150m: 0.73 (n = 100) 

0.73 
5m: 0.75 

10m: 0.73 

25m: 0.70 

50m: 0.72 

100m: 0.73 

150m: 0.74 

0.96 1.78 

254 0.45 0.71 0.88 0.88 1.03 1.48 

H
ab

it
at

 (
z-

sc
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re
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f 
h

ab
it

at
 p

ro
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o
rt
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n

) 

5 m 
84 -32.18 -1.91 -2.29 -0.25 0.90 4.34 

38 -32.18 -0.91 -1.51 0.57 1.64 4.34 

10 m 
90 -233.49 -1.17 -4.46 -0.05 1.25 16.76 

47 -44.91 -1.47 -1.75 0.63 1.55 5.17 

25 m 
101 -52.69 -0.48 -1.11 0.37 0.90 11.09 

59 -31.94 -1.07 -1.04 0.74 1.12 4.94 

50 m 
100 -31.80 -0.28 -0.42 0.37 0.92 3.94 

65 -31.80 -0.42 -0.66 0.61 1.44 3.94 

100 m 
102 -3.38 -0.03 0.36 0.43 1.06 3.32 

66 -3.38 0.40 0.53 0.81 1.19 3.32 

150 m 
100 -3.13 0.10 0.50 0.57 1.09 3.75 

66 -3.13 0.49 0.74 0.78 1.32 3.75 
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Table 1.4 

Top-ranked (fit with complete dataset) and competitive models (fit with outliers removed). AIC 

cannot compare models built with different datasets, and therefore ∆AIC = 0 for both the top-

ranked and Competitive 1 models. Of models built with all data, none were within 2AIC of the 

top-ranked. For season, the intercept is “spring” and β represents seasonal shift to fall. For 

skyway, the intercept value is “building” and β represents change in expected ln(collisions) for 

skyway structures. 

 
Fit with all data Competitive models fit with outliers removed 

 Top-ranked Competitive 1 Competitive 2 Competitive 3 

N 3,410 3,383 3,383 3,383 

∆AIC 0 0 1.62 1.86 

AIC 5,951.8 5,695.8 5,697.4 5,697.6 

logLik -2,967.9 -2,839.9 -2,840.7 -2,840.8 

deviance 5,935.8 5,679.8 5,681.4 5,681.6 

Df 3,402 3,375 3,375 3,375 

Intercept -14.39 ± 0.24 -14.25 ± 0.23 -14.34 ± 0.24 -14.44 ± 0.24 

Season 0.65 ± 0.05 0.59 ± 0.05 0.59 ± 0.05 0.59 ± 0.05 

Habitat @25m — 10.57 ± 2.42 —  

Habitat @50m 10.08 ± 2.28 — 9.69 ± 2.26  

Habitat @100m — — — 11.58 ± 2.61 

Skyway 1.72 ± 0.24 1.66 ± 0.23 1.72 ± 0.24 1.64 ± 0.24 
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Table 1.5 

Expected collision counts per façade segment per season at intercept as well as other predictor 

variable values, calculated with Part I and II models. SEs not calculated because all values are 

demonstrably small. Note negative correlation for habitat within 5 meters but positive correlation 

at 25, 50, and 100 meters. Expected values are interpolations, except where a * indicates an 

extrapolation in which explanatory values are more extreme than those in the sample. 

Expected Collisions 
Unit = birds 

Part I: Median parameter estimates from 5-meter models (n = 84) 

ln(collisions) = −12.91 + 0.75(season) −0.25(z-score of habitat proportion within 5 m) 

 Intercept value (2.5% (i.e. x̅) habitat within 5 m, spring season) 2.5×10-6 

 From 2.5% to 8.8% (x̅ + sd) habitat within 5 m (no change: spring season) 1.9×10-6 

 From 2.5% to 8.8% (x̅ + sd) habitat within 5 m; change from spring to fall 4.1×10-6 

 From 2.5% to 15.1% (x̅ + 2 × sd) habitat within 5 m (no change: spring season) 1.5×10-6 

 From 2.5% to 15.1% (x̅ + 2 × sd) habitat within 5 m; change from spring to fall 3.2×10-6 

 From 2.5% to 34% (x̅ + 5 × sd) habitat within 5 m (no change: spring season) 7.2×10-7 

 From 2.5% to 34% (x̅ + 5 × sd) habitat within 5 m; change from spring to fall 1.5×10-6 

Part I: Median parameter estimates from 100-meter models (n = 102) 

ln(collisions) = −13.08 + 0.73(season) + 0.43(z-score of habitat proportion within 100 m) 

 Intercept value (4.8% (i.e. x̅) habitat within 100 m, spring season) 2.1×10-6 

 From 4.8% to 10.3% (x̅ + sd) habitat within 100 m (no change: spring season) 3.2×10-6 

 From 4.8% to 10.3% (x̅ + sd) habitat within 100 m; change spring to fall 6.7×10-6 

 From 4.8% to 21.3% (x̅ + 3 × sd) habitat within 100 m (no change: spring season) 7.6×10-6 

 From 4.8% to 21.3% (x̅ + 3 × sd) habitat within 100 m; change from spring to fall 1.6×10-5 

Part II: Top-ranked model 

ln(collisions) = −14.39 + 0.65(season) + 10.08(habitat proportion within 50 m) + 1.72(skyway) 

 Intercept value (spring, 0% habitat within 50 m, building not skyway) 5.6×10-7 

 From building to skyway (no change: habitat; spring season) 3.1×10-6 

 From 0% to 38.3% habitat in 50 m (no change: building; spring season) 2.7×10-5 

 * From 0 to 100% habitat in 50 m; from building to skyway; from spring to fall 1.4×10-1 

Part II: Competitive 1 model 

ln(collisions) = −14.25 + 0.59(season) + 10.57(habitat proportion within 25 m) + 1.66(skyway) 

 Intercept value (spring, 0% habitat within 25 m, building not skyway) 6.5×10-7 

 From building to skyway (no change in habitat; spring season) 3.4×10-6 

 From 0 to 30.7% habitat in 25 m (no change: building; spring season) 1.7×10-5 

 * From 0 to 100% habitat in 25 m, from building to skyway, from spring to fall 2.4×10-1 
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Figure 1.1 

Geographic context for BirdSafe collision data. a) Location of the U.S. state of Minnesota; b) 

Location of Minnesota’s Twin Cities (Minneapolis & St. Paul); and c) Illustration of North 

American migration flyways, courtesy Illinois Natural History Survey. 

 

  

a) b) 

c) 
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Figure 1.2 

BirdSafe datasheet maps for Minneapolis & St. Paul, Minnesota with coded identities for study 

structures. Images courtesy Audubon Minnesota. 
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Figure 1.3  

An example of nested buffers for façade segment (ID 43) and thematic map with land cover 

classes. Notice that the largest buffer (150 meters) encompasses a “neighborhood” of ~4 complete 

plus ~5 partial city blocks. Habitat proportion within 5 m buffer: 0%; habitat proportion within 10 

m buffer: 0%; habitat proportion within 25 m buffer: 1.3%; habitat proportion within 50 m buffer: 

0.8%; habitat proportion within 100 m buffer: 1.2%; habitat proportion within 150 m buffer: 

1.7%. 
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Figure 1.4 

Histogram of native bird collisions per façade (n = 171), broken out by buildings and skyways. 

Counts are aggregated over 10 years (2007–2016). Notice that in order to illustrate distribution of 

many low values, the first 6 bins represent narrow value ranges, relative to subsequent bins (value 

range = 25). Overall mean = 25.8 collisions per façade, sd = 74.3. Mean collisions per building 

façade = 32.9, sd = 86.7. Mean collisions per skyway façade = 9.4, sd = 24.2. Skyway maximum 

= 159. Building maximum = 608. 
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   → Z-score of habitat proportion within given buffer size 

Figure 1.5 

Scatterplots of modeled data, n = 3,410. Habitat proportions at 171 façades were measured within 

6 different buffer sizes (5, 10, 25, 50, 100, and 150 m) and converted to Z-scores. 
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Figure 1.6a 

Land cover for Minneapolis study site. Area outlined in black is 74.29 ha, the union of all 97 

façade segments’ 150-m radius buffers. Of that area, 3.08 ha (4%) is habitat of varying types and 

96% land cover is roads, buildings, other impervious surfaces, and unknown. 
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Figure 1.6b 

Land cover for St. Paul study site. Area outlined in black is 73.75 ha, the union of all 74 façade 

segments’ 150-m radius buffers. Of that area, 5.84 ha (8%) is habitat of varying kinds and 92% 

land cover is roads, buildings, other impervious surfaces, and unknown. 



 

37 
 

 

Figure 1.7 

Visual comparison of habitat coefficient estimates from Part I. Means, medians, and quartiles 

were calculated with outlier values included. However, outliers were excluded from graph. Gray 

boxes are bound with quartiles (Q1 & Q3) and split by medians. Means are marked with “×” and 

their distances from medians suggest relative asymmetry (e.g., 10-meter models) or symmetry 

(e.g., 150-meter models). For models using 5- and 10-m habitat data, mean and median values 

were both negative. This suggested that in some (but not all) cases, proximate habitat mitigated 

collisions. For models using 25- and 50-m habitat data, medians were positive and means were 

negative. This suggested that effects of habitat within 25- and 50- meters were mixed and not 

generalizable. For models using 100- and 150-m habitat data, both mean and median values were 

positive. This suggested greater confidence that a positive correlation between collisions and 

green existed when green is measured using a neighborhood (or spatial grain) of >4 city blocks. 

  

       n = 84    n = 90           n = 101         n = 100       n = 102         n = 100          
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CHAPTER 2: Does bird body size 

influence window strike vulnerability, 

after accounting for local abundance? 
Synopsis 

Flying birds often fail to avoid glass and this mortality source claims an estimated 365–

988 million birds per year in the U.S. Testing if some birds are intrinsically vulnerable to 

collisions has conservation applications but requires teasing out the role of abundance. I used 

descriptive analysis as well as logistic regression to compare bird collision frequencies against 

abundances within a small (~13 ha) urban area during the 2016 breeding season. I hypothesized 

that collisions per species would correlate positively with abundance and that species categories 

would partly explain remaining variance. Using field methods developed by research partner 

Audubon Minnesota, I documented 21 collisions involving 9 species. I used point counts to 

collect concurrent community metrics including abundances, density (17.2 birds per ha), and 

richness (8 spp.). Of those 8 species, only 3 (House Sparrow, Rock Pigeon and House Finch (see 

Table 2.1 for nomenclature)) were observed in collisions. I applied an information-theoretic 

framework to rank hypothetical regression models. The top-ranked model suggested that after 

accounting for abundance, species designations did not explain collisions. A post hoc exploration 

revealed a novel result that small birds were more vulnerable to collisions than large birds. This 

study highlights the informative value of data on summer collisions, particularly when paired 

with local abundance data. This work reinforces that abundance is a critical dimension of 

collision processes. This is important given our goal to understand varied and increasing 

anthropogenic threats to avian biodiversity. 

Introduction 
Sit by a picture window long enough and you will experience first-hand the topic of this 

paper. Birds often misperceive glass as open airspace (Martins 2011) and window reflections as 
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vegetation offering cover (Klem 1989). The resulting mortality is substantial: 365–988 million 

birds die from building collisions per year in the U.S. (Loss et al. 2014). Of course, window 

strikes are only one of many threats that humans create for birds, some of which bring about 

losses indirectly (e.g., climate change and habitat loss), while others directly cause death (e.g., 

predation by cats; exposure to poisons; collisions with vehicles and wind facility structures; 

entrapment; etc.). Direct causes of anthropogenic bird mortality are problems expected to increase 

as human populations grow. Not surprisingly, the last 4 decades have seen several efforts to 

estimate overall mortality from bird–building collisions (Avery 1979, Klem 1990b, Dunn 1993, 

Erickson et al. 2005, Machtans et al. 2013, Loss et al. 2014). Numbers generated from these and 

other studies matter because, in order to conserve biodiversity, we need quantitative knowledge 

of the processes that sustain and threaten living systems. 

One such threatening process is window strikes. And yet, quantitative knowledge—such 

as 365–988 million birds—has little meaning without context. A broad framework considers 

downstream effects that may emerge as birds succumb to collisions, such as altered ecosystem 

structure and function, reduced ecosystem services (Longcore & Smith 2013), or a shifting 

baseline (sensu Pauly 1995) for public understanding of what is natural or ethically right 

regarding human interactions with bird life. A concrete way to contextualize the number is to 

approximate the percentage of avian life affected by window strikes. However, depending on how 

“avian life” is measured, percentages vary: 2–9% (Loss et al. 2014), ~20% (Arnold & Zink 2011; 

based on Klem’s mortality estimate of 1 billion birds (1990b)), and 11–31% (Nichols et al. 2018). 

A more refined approach, grounded in Soulé’s (1985) definition of conservation biology, 

considers if window strikes negatively affect biodiversity (i.e. populations). 

Do collisions impact bird populations? It is debated. The question hinges on population 

sizes, trends, and ranges, as well as unknown parameters such as what portion of collisions 

merely compensates for natural attrition, versus what portion claims fit individuals (for in-depth 



 

40 
 

treatment see Loss et al. 2012). Arnold and Zink (2011) found that when North America’s eastern 

avifauna are considered generally (i.e. using species as independent replicates), there was 

insufficient evidence that collisions correlate with downward population trends. Nonetheless, that 

does not exclude the possibility that collisions exert (or could exert in the future) downward 

demographic pressure on a particular species. (See critiques of Arnold & Zink 2011 by Schaub et 

al. (2011) and Klem et al. (2012).) 

Two putative examples are Australia’s critically endangered Swift Parrot (Lathamus 

discolor) (BirdLife International 2000, cited in Klem 2009) and New Zealand’s kereru 

(Hemiphaga novaseelandiae), an endemic pigeon (Cousins et al. 2012, BirdLife International 

2016). However, because those birds have long histories of habitat loss and depredation by 

invasive mammals on island settings (Heinsohn et al. 2015 on L. discolor), it is difficult to 

demonstrate how much, if any, population decline is exclusively driven by window strikes. 

Nonetheless, these cases return our attention to the primary concern: the cumulative effect of 

multiple threats, especially for species in decline. In North America, several birds of conservation 

concern are vulnerable to collisions (Machtans et al. 2013, Loss et al 2014). Furthermore, Nichols 

et al. (2018) added to growing evidence that some bird groups vulnerable to collisions—such as 

migrants—overlap with birds already vulnerable to habitat loss and other threats. As a 

complementary motivation, studying collisions in species of least concern—such as the urban-

abundant House Sparrow—has potential to deepen our understanding of collisions as a process. 

Although collision science is imperfect, its value (Machtans & Thogmartin 2014) will grow as 

urban environments expand and intensify. Furthermore, development and siting of bird-friendly 

practices and materials are informed by field studies (e.g., Johnson & Hudson 1976, Klem & 

Saenger 2013, Ocampo-Peñuela et al. 2015 and 2016, Mitrus & Zbyryt 2018, Winton et al. 2018). 

This is the backdrop for investigating where, when, and which birds collide and in what 

frequencies. 
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Klem (1989) posited that collision frequency is influenced by how many birds are in the 

area. Tests of this basic relationship, subsequently termed the “bird density hypothesis” (Hager et 

al. 2008), identify species that collide in or out of proportion to their abundance. Literature on this 

topic paints a complex picture, however, first because density–collision relationships are 

undoubtedly heterogeneous, not only among taxa but also across space and time. Second, it is 

difficult to compare studies because researchers determine “how many birds are in the area” using 

diverse methods at various scales. Studies have focused on local bird densities around single 

buildings (“Study 2.” in Hager et al. 2008, Kahle et al. 2016) as well as on regional population 

estimates (Arnold & Zink 2011, Loss et al. 2014); and timeframes range from a single season 

(Dunn 1993, Somerlot 2003, Biagi 2018) to year-round records and multi-year studies. Linked to 

scale, different instruments for estimating bird density (e.g., point counts, mist netting, area 

searches, weather radar, citizen-science datasets, etc.) entail tradeoffs in terms of specificity, bias, 

uncertainty, scope of inference, and comparability with previous work. 

Despite divergent methods, tests of the “bird density hypothesis,” at both large and small 

scales, potentially offer insights into “vulnerability,” a concept that quantitatively expresses if a 

bird group is more or less likely to collide with glass, relative to average vulnerability. An early 

test of the bird density hypothesis during winters in residential settings showed that the most 

frequently killed species died in proportion to their abundances at feeders (Dunn 1993). A 

contrast to Dunn’s work in terms of setting, scale, statistical complexity, and conclusions, the 

aforementioned work by Arnold and Zink (2011) used building collision data from downtown 

Chicago, New York, and Toronto to quantify species vulnerabilities. The range was so 

remarkable that they dubbed extremes “super-colliders” and “super-avoiders.” Similarly, Loss et 

al. (2014) found wide disparities in vulnerabilities, ranging from 273 times less likely to collide 

than average, to 1,066 times more likely to collide than average. Vulnerability indices help us 

interpret collision data, test for population level effects (Arnold & Zink 2011), inform population 
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models (Loss et al. 2014), set conservation priorities (Arnold & Zink 2011, Loss et al. 2014, 

Wittig et al. 2017, Nichols et al. 2018), and develop hypotheses for future investigations.  

Past collision research has focused on spring and fall collisions, but recent years have 

seen a shift to summer and year-round observations. Klem (1989) surmised that summer mortality 

was lower than any other season, a pattern borne out in a review of museum specimens by 

Breithaupt et al. (2013). However, substantial summer collision numbers are emerging, reported 

in studies from diverse geographies. For example, overall summer collision counts were 

intermediate between spring and fall as observed by Kahle et al. (2016) over 5 years of year-

round data from California. In Stillwater, Oklahoma, Barton et al. (2017) noticed a June peak 

within their May–September season. Mitrus and Zbyryt (2018) summarized 24 consecutive 

months of collisions at glass noise barriers along roads in Poland by stating that dead birds were 

found mostly in summer, fewer in spring and autumn, and fewest in winter. Finally, the month of 

July had the highest collisions per survey for Schneider et al. (2018), who monitored collisions 

during 20 consecutive months at buildings in an industrial park setting in the U.S. state of 

Virginia. 

High summer mortality was not generally known in 2007 when Audubon Minnesota 

established a volunteer-based collision monitoring program called Project BirdSafe (herein 

“BirdSafe”) (Zink & Eckles 2010). BirdSafe citizen scientists recorded spring and fall collisions 

in the downtown cores of Minneapolis and St. Paul, Minnesota from 2007–2016. I extended 

BirdSafe’s collision monitoring protocol through the 2016 breeding season in order to expand 

understanding of seasonal patterns and to test the “bird density hypothesis” in tandem with other 

factors. My work focused on Minneapolis and complemented a parallel study by Biagi (2018) in 

St. Paul during summer 2017. I addressed information gaps by a) focusing on breeding birds, 

including permanent resident species (cf. Nichols et al. 2018), within an intensely built-up urban 

environment; b) recording collision and abundance data with fine grain and well-matched 
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temporal-spatial scales; and c) exploring bird body mass as a potential factor in collision 

frequencies. The latter was an opportunistic line of inquiry arising from past field observations as 

well as the popular idea that collisions result from “panic flight” (Klem 1989, Dunn 1993, Klem 

et al. 2004) (cf. Klem 1981), meaning a bird’s flush response to escape danger. I reasoned that 

panic flight correlates with bird size because predators represent greater risk to small birds than 

large birds. I approximated bird size using mass to test this idea.  

In addition to an inferential test of the bird density hypothesis, this study accomplished 3 

descriptive objectives: 1) document bird–window collisions during a breeding season; 2) 

characterize a local breeding bird community; and 3) calculate observed collision mortality rates. 

I expected the avian community to have high density and low richness, dominated by “urban 

exploiter” species, such as House Sparrows and Rock Pigeons (Blair 1996, Clergeau et al. 1998, 

Chace & Walsh 2006). I expected collision counts to increase through time and possibly exceed 

rates from the preceding spring. I anticipated seeing mortality rates within the aforementioned 2–

31% range, perhaps with urban exploiters at the low end and urban avoiders at the high end of 

that range. I expected that collisions would be positively correlated with abundance and 

negatively correlated with mass. Furthermore, I expected that anomalies in collision–abundance 

relationships could be explained by species categories. Identifying vulnerable bird groups could 

point to potential mechanisms linking low collision risk to traits such as visual processing (Martin 

2011), flight maneuverability or speeds, behavioral flexibility (Kark et al. 2007), habitat use 

(Klem 1990b), learning capacity (Klem 1989, Sabo et al. 2016, Møller & Erritzøe 2017), or social 

learning (Anderson 2006). 

Methods 
Study area 

Minneapolis, Minnesota is a mid-continental North American city with a temperate 

climate and over 400,000 human residents (U.S. Census 2010). This study focused on a small 

geographic area (12.57 ha, Figure 2.1) where land-use is categorized as business district (sensu 
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Blair 2001). The site is intensely built-up: vegetation is restricted to about 4% of land area and the 

remaining 96% is impervious surfaces and built structures (see Chapter 1). 

Ethics statement 

No birds were knowingly harmed or disturbed during this study. Detailed field methods 

(adapted from BirdSafe’s Volunteer Manual by Audubon Minnesota) were reviewed and 

approved by the University of Minnesota’s Institutional Care and Use Committee (IACUC) 

(Protocol Number 1610-34217A). Nearly all encounters between field personnel (AA) and birds 

were passive observations from distances >5 meters as well as collection of carcasses found after 

organically occurring collisions. Handling live birds was minimized and carefully planned to 

avoid unnecessary stress to birds. Injured birds were either released at the riverfront or delivered 

to the Wildlife Rehabilitation Center, located in Roseville, Minnesota.  

Salvage permits 

The salvaging of bird carcasses for the purpose of this research was authorized by 

Federal Fish and Wildlife Permit Number MB54075B-0, issued by U.S. Fish and Wildlife 

Service, and Special Permit No. 20412, issued by the State of Minnesota’s Department of 

Natural Resources. The permit-holding entity was Audubon Minnesota, a partner organization for 

this study. 

Collision data collection 

I collected collision data using BirdSafe’s fixed transect located in downtown 

Minneapolis (Zink & Eckles 2010). The transect was 3.2 km in length (Figure 2.1) and its 

bounding box was 44.973–44.979°N, 93.265–93.275°W (WGS84). I conducted one pre-survey 

clean-up (Hager & Cosentino 2014) on May 31 and 35 daily surveys from June 1 through July 5, 

2016. I slowly walked the route, detecting dead and stunned birds and removed them to avoid 

double-counting. I surveyed in early mornings (0450 to 0750) to minimize interference from 

street-cleaners and foot traffic. I varied timing and visual perspective of my search efforts (Hager 

& Cosentino 2014) by alternating direction of travel every day, and alternating start position 
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(Points O and C, see Figure 2.2) every 2 days. I recorded date, time, species, and bird status 

(dead or injured) for all collisions. I summarized collision data by species composition and 

temporal patterns. 

Point count protocol 

I used point counts with a 50-meter fixed radius (Bibby et al. 2000) to collect species 

richness and abundance data on the local breeding bird community. I sampled the study area 

using 16 locations (Figure 2.2) which I sited at street intersections to minimize visual obstruction 

and acoustic masking. I randomly selected these 16 points (from 22 available intersections along 

the route) as well as one cardinal direction per point to fix a corner on which to stand during 

observation periods. I used ArcMap 10.4 (ESRI, Redlands, California, USA) to check that all 

points were >100 m apart. 

Point count observations were 6 minutes in duration and I completed 1–3 observations 

per location on a weekly basis. By the study’s end, I completed 160 observations, totaling 10 per 

location. I conducted observations between sunrise and 220 minutes after sunrise and I varied 

visit sequence so that observations were not biased by consistently visiting some points earlier or 

later than others (Ralph et al. 1995). Furthermore, I did not conduct point counts during adverse 

conditions such as high winds, rain, excessive traffic noise or foot traffic. 

The following bird observations were excluded from analyses: birds flying over the site 

and waterfowl (per Hager et al. 2013, Hager & Craig 2014). I defined species richness as the total 

number of species heard or seen alive over the entire 5-week study. I estimated species 

abundances by summing each week’s maxima from all 16 points (per Hager et al. 2008), an 

appropriate method for repeated counts at fixed sites (Johnson 2008). I also used this summed 

maxima technique to estimate abundances for the overall season. As a check against 

inconsistency between the overall and weekly abundance measures, I tested for differences using 

Pearson’s 2 tests with simulated P-values (based on 2,000 replicates). These goodness of fit 



 

46 
 

hypothesis tests were conducted in R (R Core Team 2017) using chisq.test() and evaluated 

using α = 0.05. 

Comparing frequencies and estimating mortality rates 

I compared species’ frequencies in the living community against frequencies at which 

they collided. I included all species, including those seen only alive or only dead. I visualized 

these comparisons using a bar graph to describe patterns and anomalies. For all species observed 

alive, I calculated observed mortality rates, as well as a rate for the overall community and a 

mean per-species rate. 

Logistic regression analysis 

I used logistic regression to model linear relationships between collisions and the 

following 2 explanatory variables: species abundance and body mass. Body mass was a post hoc 

variable, borne of opportunity that could not have been predicted at the study’s outset, namely, a 

range of observed body sizes. Mass data (g) were obtained from The Birds of North America 

(Rodewald 2015) and were log-transformed to improve model convergence. I adapted Nichols et 

al.’s methods (2018) for model construction and interpretation. Collision and abundance data 

were broken out into week-long blocks (Hager et al. 2008, Nichols et al. 2018, T. Arnold personal 

communication). This afforded fine-grain temporal match as well as a greater number of 

replicates (n = number of species × 5 weeks). Furthermore, for the regression analysis only, I 

restricted scope to the breeding season (following Hager et al. 2008) by removing records that 

occurred outside species’ breeding seasons (dates per Pfannmuller et al. 2017).  

I used generalized linear mixed models (GLMMs) for the following 2 reasons (Bolker et al. 

2008): 1) the response variable data (collisions per species per week) had a non-normal 

distribution; and 2) abundance data were not fully independent but rather entailed study units 

(local bird populations) measured repeatedly using week-long temporal blocks. Therefore, the 

appropriate error structure specified 2 random effects: species and week-nested-within-species 

(Burnham & Anderson 2002, T. Arnold personal communication). I specified a Poisson error 
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distribution, appropriate for count data (T. Arnold personal communication). I compared 

hypothetical models by applying an information-theoretic framework (Anderson et al. 2001, 

Nichols et al. 2018). I used AICC (Akaike’s Information Criterion corrected for small samples) to 

select a top-ranked model as well as comparably informative models within 2 ∆AICC (Anderson 

et al. 2001, Johnson & Omland 2007). I addressed model uncertainty in a quantitative way using 

evidence ratios (Symonds & Moussalli 2011, Burnham et al. 2011). I performed analyses in R (R 

Core Team 2017) and fit models using the glmer() function in the lme4 package (Bates et al. 

2015). 

I reported fixed effect sizes and measures of precision as β ± SE. (I did not back-transform 

values unless expressly stated). I examined random effect parameters for evidence of a “species 

effect,” in other words, evidence of variance in the response arising from species categories after 

fixed effects were in the model. In the case of evidence for a species effect, a positive effect 

(Intercept - Variance>0) would suggest that some species in the dataset were more vulnerable 

than average, given the model. Conversely, a negative effect (Intercept + Variance<0) would 

indicate that some species in the study were less vulnerable than average, given the model.  

Results   
Summary of collisions 

I recorded 21 bird–window collisions involving 9 species (one of which was identified to 

genus only) (Table 2.2). House Sparrow was the most frequent species in the collision data (43%, 

9 of 21). Nearly half of the collisions (43%, 9 of 21) occurred in the first week of June, and a 

second cluster (29%, 6 of 21) occurred between July 1 and 5, see Figure 2.3. Collision counts in 

summer were generally lower than those from the preceding spring (see Figure 2.3), which had 

been recorded via the same protocol (Audubon Minnesota, unpublished data). 

Characterizing the local bird community 

I observed 8 species in the local bird community. 3 dominant species (House Sparrow, 

Rock Pigeon, and House Finch) composed >90% of the community. House Sparrows alone 



 

48 
 

represented 45% (97 of 216) of the community. Although weekly abundance estimates differed 

slightly from that of the overall season, 2 goodness of fit tests produced insufficient evidence of 

significant differences (P values ranged from 0.08–0.99). I therefore concluded that the overall 

measures were valid indices for the breeding bird community. Density was 17.2 birds per hectare 

(216 birds in 12.57 ha). (An alternate estimate of 26.9 birds per ha (216 birds in 8.02 ha) was 

calculated after subtracting building footprints from transect circle areas.)  

Descriptive abundance–collision relationships 

 Of the local community’s 8 documented species, only the 3 most dominant were 

observed in collision events. That left 5 species observed only alive, and 6 species seen only as 

collisions (Table 2.2). Comparing species’ collision frequencies against their frequencies in the 

living community, I noticed close matches for both House Sparrow and House Finch and a 

mismatch for Rock Pigeon. See Figure 2.4 for graphical treatment of these relationships. Lastly, 

observed mortality rates were 10% (2 of 21) for House Finches, 9% (9 of 97) for House 

Sparrows, 4% (3 of 79) for Rock Pigeons, 6% (14 of 216) for the overall community, and 3% ± 

2% for the mean species mortality rate (± SE, n = 8) (Table 2.2). 

Logistic regression results 

 All point count observations occurred within species’ breeding seasons. One collision 

observation (a Black-billed Cuckoo found June 1) occurred before breeding season and was 

omitted from only the regression analysis. Before fitting models, I also removed the Empidonax 

record because it was not appropriate to approximate mass for an unknown species, and also, a 

fixed sample size is necessary for model comparisons (Symonds & Moussalli 2011). The reduced 

dataset contained n = 65 replicates (13 species × 5 weeks). Bird masses ranged from 12 g (Black-

capped Chickadee) to 506 g (American Crow) with a mean of 98.2 ± 42.2 g (± SE, n = 13). 

Among hypothesized models (see Table 2.3), the top-ranked bivariate model (with abundance 

and mass as fixed effects) was 1.52 times more likely to be the best approximating model than the 
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univariate model with abundance as the only fixed effect. Table 2.4 summarizes both the top-

ranked bivariate model (AICC = 77.29, 60 df) and the second-ranked univariate model (∆AICC = 

0.84 on 61 df). From here, I report only results of the top-ranked model. The intercept estimate 

was -0.73 ± 0.92 and there was a positive correlation (0.035 ± 0.006) between abundance and 

collisions per species per week. A negative correlation (-0.39 ± 0.24) existed between ln(mass) 

and collisions. The species random effect was negligible (reported as zero in R). Figure 2.5 

illustrates observed data points as well as expected values per the top-ranked model, using back-

transformed values for ease of interpretation.  

Discussion 
This study generated 3 main takeaways. First, data on urban breeding birds, including 

collision data, can capture important information to enhance knowledge of local ecosystems and 

contribute to larger conversations on collision concerns. Second, the result that small-bodied birds 

may be more vulnerable to window strikes than large birds requires scrutiny, and the hypothesis 

warrants further research. Third, investigations into collision vulnerability must incorporate 

appropriate abundance data in order to improve estimates, expand our understanding of collision 

processes, and produce the best possible science for conservation purposes. I will illustrate these 

points using my study’s findings and place them within a greater context of urban avian ecology. 

Furthermore, throughout this discussion, I acknowledge a tension between appropriate caution 

against drawing conclusions from a short-term observational study and a need to connect 

empirical data to unobserved mechanisms and theory. 

Value of urban breeding bird data, including collision mortality 

Because birds strike glass at all times of year, much can be learned by extending 

sampling across all seasons (Loss et al. 2012, Hager & Craig 2014). This is certainly true in the 

greater arena of collision research, and was modestly illustrated in my study. My small dataset—

as well as that of Biagi (2018)—produced 2 lessons outside our research objectives. First, 
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summer monitoring can point to possible biases or blind spots inherent in migration-only data. 

The information in Table S2.1 begs the question if late-season migrants and permanent residents 

are under-reported in migration-only collision data. If negative biases exist, mortality and 

vulnerability estimates for those species could be too low as a consequence. Second, our 

fieldwork serves as a pilot for researchers interested in summer sampling. For example, fieldwork 

summaries (Table S2.2) could inform a researcher weighing anticipated “costs” of effort against 

“benefits” of collision observations. Likewise, a power analysis could be conducted to predict 

sample sizes needed to estimate model parameters with predetermined levels of uncertainty. 

While short-term, local studies help unearth new questions and shape methodologies, there 

remains an ongoing need to synthesize long-term, year-round data in order to discern the full 

implications of collision mortality on biodiversity (Loss et al. 2014) and ecosystems (Longcore & 

Smith 2013). 

Regarding the breeding bird community I studied, some challenges and insights merit 

closer examination. First, although I attempted to apply regression analysis to all and only species 

belonging to the site’s breeding community, small errors of omission and commission are likely 

to have occurred (detailed in Table S2.3). Furthermore, a basic assumption of point count 

methodology is that populations are closed throughout the study period. That assumption was 

observably violated by collision mortality and presumably violated by reproduction and other 

processes. However, because it is reasonable to assume that such errors were similar among 

species, abundance indices were sufficient (Johnson 2008). Shifting from qualifications to 

findings, I observed bird density (17.2 birds per ha) surpassing estimates previously calculated in 

North American cities at similar latitudes (i.e. ≤14.2 in Montreal, Quebec (Clergeau et al. 1998) 

and ≤14.6 in Vancouver, British Columbia (Lancaster & Rees 1979)). Speculatively, I attribute 

that difference to the site’s very high degree of urbanization.  
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Mass as a new collision covariate 

A new hypothesis that bird mass explains collision frequency opens doors to deeper 

questions. First, evidence for a novel idea like this calls for scrutiny of statistical techniques. 

Second, I outline a handful of mechanisms for plausible relationships between collisions and bird 

size. Third, I address past evidence that size is not a factor in susceptibility (Klem 1990b, Veltri 

& Klem 2005). Fourth, I speculate possible implications of mass-based susceptibility. Fifth, I 

make recommendations for future tests of this hypothesis, informed by inferential shortcomings 

of my work and specific challenges I anticipate if one were to adapt my field and/or analytical 

methods. 

Only after addressing pitfalls of model uncertainty, model bias, rash model selection (see 

Table 2.4 caption), and data dredging, do I report that mass could be a factor in collision 

frequency. In this discussion, the term “best approximating model” does not refer to one chosen 

model within the ranked set (Table 2.3), but rather, refers to the unknown best choice (Burnham 

& Anderson 2002: Sec 1.2.6). Any model within the set could be the “best approximating 

model”, and that is what is meant by model uncertainty. Evidence ratios (Table 2.3) allowed me 

to interpret uncertainty of those choices in quantitative terms: The top-ranked model is only 1.52 

times more likely to be the best approximating model than the second-ranked model. Although 

marginal evidence favored inclusion of mass as a model term, an abundance-only model was 

remarkably close on its tail as choice for best approximating model. Considering all 3 evidence 

ratios, I concluded that abundance was irrefutably important, but the same cannot be said for 

mass.  

Limited by a small dataset, I used a data-based model selection technique (i.e. the same 

data were used to both select a model and estimate parameters). Consequently, I was vigilant of 

model selection bias. In my work, that would mean the β for mass (or abundance) was biased 

away from zero and its variance biased toward zero, resulting in biased selection of model terms 

rather than approximation of structure in the data. I offer 3 responses. First, because collinearity 
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can exacerbate bias (Burnham & Anderson 2002), I checked that correlation between abundance 

and mass (r = 0.24, n = 65) fell within the range -0.5–0.5. Second, model βs for abundance and 

mass (0.035 and -0.39, respectively) had opposite signs which further supports the claim that 

collinearity did not contribute to bias (i.e. a warning sign of bias associated with positive 

correlation is same-sign βs (Burnham & Anderson 2002)). Third, in addition to bias that could 

favor selection of the bivariate model, I was also wary that an under-fitted model (i.e. under-fitted 

relative to the best approximating model) can contain precise but highly biased results (Burnham 

& Anderson 2002). 

Finally, I distinguish my technique from data dredging with a few key points on process 

and interpretation. It is helpful to understand my technique as sequential: a confirmatory 

assessment of the role of abundance, followed by a post hoc exploration of mass as a predictor. 

Rather than arbitrary, exploring mass as a variable emerged out of a) a collected sample that 

included birds of various sizes; b) Klem’s “panic flight” mechanism (1989, 1990b); and c) 

anecdotal observations of living and dead birds I made as a BirdSafe volunteer in 2013–2016. 

Exploring this idea increased the number of fixed effects from 1 to 2, well under the sample size 

(n = 65). Importantly, I interpreted results on mass with less confidence than results on 

abundance, appropriate for post hoc results (Anderson et al. 2001, Burnham et al. 2011). This 

study’s result is not a new model parameter per se, but rather, new opportunities: Opportunity to 

lay out possible mechanisms that could explain such a pattern, to recommend directions for future 

research, and to speculate on ramifications. 

Good hypotheses have mechanistic underpinnings. I outline several here, from varying 

theoretical perspectives, and concerned with different levels of biological organization. From a 

biomechanical angle, perhaps size confers upon birds a level of resilience to physical trauma. 

(However, larger birds strike with more force (Cousins et al. 2012).) Given that intracranial 

hemorrhaging (Klem 1990a, Veltri & Klem 2005) causes death after collision, what can crania 
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tell us? Denser crania are more prone to fracture (Dumont 2010), and it could be that cranial 

density—a likely adaptation for flight (Dumont 2010)—varies with bird size. Or, do cranial 

contents matter more? Brain mass negatively correlated with risk of being killed by a hunter or 

car traffic (Møller & Erritzøe 2016, 2017), patterns the authors attributed to cognitive differences 

among birds. 

If learning plays a role, then longer-lived species (which tend to be larger-bodied) have 

more opportunity to learn to avoid windows. Potentially, learning of this kind would be greatest 

among 1) urban exploiters that regularly use anthropogenic resources (Sabo et al. 2016); 2) 

behaviorally flexible species capable of innovation (i.e. behaviors to anticipate and avoid danger) 

(Hager et al. 2017); and 3) birds that exhibit social learning (i.e. House Sparrow, per Anderson 

2006). Setting aside learning to instead consider innate behavior, Klem’s “panic flight 

hypothesis” (1989, 1990b) conveniently accommodates size: small birds are subject to greater 

depredation risk and therefore prone to startled, fatal flight paths. Finally, perhaps body size 

merely stands in for some other known risk factor. For example, nocturnal migration—a trait 

linked to vulnerability (Arnold & Zink 2011, Loss et al. 2014, Nichols et al. 2018)—is also an 

adaptive strategy for small birds to avoid predators while undertaking long-distance movements. 

Any of these mechanisms, however, are incongruous with 2 previous studies, the only 

studies before mine to test a hypothesis that small and large birds are not equally susceptible to 

collisions. First, Klem (1990b) used field-collected collision data and a 2 goodness of fit test to 

determine that small birds (≤39 g) were no more vulnerable than large birds (>39 g). Arguably, it 

would have been more meaningful to base the test’s expected counts on local abundances rather 

than chance. Presumably, no local bird abundance indices were available. Veltri & Klem (2005) 

found that medium- and large-bodied collision specimens (>39 g) exhibited more severe 

subdermal injuries compared to small birds (≤39 g). The authors speculated that flight speed was 
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implicated. Interpretation, however, is again limited without knowing more about what birds were 

available in the environment. 

Vulnerability to collisions—whether based on body mass or another attribute—has 2 

potential types of consequences that are distinct and interconnected. First, how would knowledge 

of vulnerable birds affect conservation work? Second, could collisions exert selective pressures 

on vulnerable birds, thereby changing the very “biology” we intend to conserve? In the following 

paragraph, I briefly consider these questions in light of a putative link between collision mortality 

and body mass. 

While it is absurd to conserve small birds simply because they are small, knowledge of 

mass-based vulnerability might inform collision research or collision prevention. For example, 

many bird-safe glazing options have patterned surfaces based on the premise that birds will not 

fly through spaces as small as 2” tall by 4” across (i.e. “the 2×4 rule”(Sheppard 2011)). Perhaps 

smaller dimensions are appropriate? Also, new knowledge could inspire new mechanistic or 

hypothetical models of collisions as a process. Regarding changes to biological systems, if 

collisions favor differential survival of large-bodied phenotypes and species, we would expect to 

see altered genotypic distributions and community compositional shifts that co-occur with 

urbanization. Speculatively, this could reinforce urban pressures already favoring large-bodied 

animals via other processes (e.g., Auman et al. 2008, Tomassini et al. 2014) (cf. Liker et al. 2008, 

Meillère et al. 2015). 

Before re-testing a mass–collision relationship, in addition to considering processes 

posited above, one should broach the question: How well did my data (and by extension, my 

fitted models) represent window strikes as a greater process? First, though inference is best 

supported by sampling over multiple years, some studies purport that collision counts do not 

fluctuate significantly from year to year (Hager et al. 2008, Mitrus & Zbyryt 2018). Second, it 

would have been preferable had I directly measured carcass masses, rather than relying entirely 
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on written species accounts. Third, my analysis assumes that abundance estimates were not 

biased, especially by bird size—a bias of that kind is plausible and would explain, erroneously, 

the “vulnerability” of small birds. Fourth, a casual audit of my data implies that 2 large-bodied 

species (Rock Pigeon and American Crow, see Table 2.2) might have driven a mass–collision 

pattern. 

It will require additional data—though not necessarily new fieldwork—to re-test this 

question. And that implies attendant issues of sampling, data acquisition, and statistical methods. 

If year-round sampling is not feasible, researchers could determine seasonal timeframes based on 

past research sited in comparable latitudes, geographic contexts, and levels of urbanization. Raw 

abundance data might need to go through intermediary modeling steps to account for detection 

bias, which could conceivably happen by over-counting large birds and under-detecting small 

birds. Data distributions for bird masses could be hurdles for analysts. Although small-bodied 

birds are generally abundant, finding medium- and large-bodied birds in sufficient abundances 

requires careful choice of study site. One might, for example, strike a balance between high 

species richness—as found in moderately urbanized settings—and high bird densities—as found 

in intensely urbanized settings (Blair 1996). If collinearity between abundance and mass data 

thwarts hypothesis testing, researchers may need to forego regression and employ principal 

components analysis.  

Abundance—a critical dimension of collision processes 

In my study, bird abundance was a clear driver of collisions. In fact, after accounting for 

abundance and mass, there was no residual variation explained by species groupings. That result 

roughly conformed to Nichols et al.’s inference (2018) that only ~20% of species studied show a 

phylogenetic component to collision risk. Because I only analyzed n = 13 species (only 3 of 

which had non-zero data for both abundance and collisions), it was not surprising to find no 

evidence of a species effect. In the greater picture, when we consider collisions as a process, 
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much will remain in the dark unless we understand collisions in light of “how many birds are in 

the area”. That reality seems self-evident. Yet it contains complexities. I address below how this 

reality entails trade-offs for researchers who ask new questions about collision vulnerability. 

Moreover, though not unique to my study, a heightened emphasis on abundance has implications 

for how we interpret historical data and past findings.  

When asking new questions about what traits make birds susceptible to collisions, it will 

be essential to account for species abundances. There will always be tradeoffs between abundance 

data that are accessible but use a relatively coarse grain, and relatively fine grain data that 

demand considerable effort and resources to procure. In contrast, bird collision data are always of 

the latter category. (It is hard to imagine a technology that could replace people on foot, searching 

for bird carcasses.) Nichols et al. (2018) emphasized that coarse grain abundance data mask 

important spatial and temporal heterogeneity. The authors went on to add that, even when using 

local relative abundances, one must interpret results with special attention to the instruments used 

and conditions under which abundance data were collected. 

Finally, old questions become new as we build knowledge of collisions as a process. An 

unmistakable role of bird density prompts one to revisit past work with renewed interest. For 

example, I observed a 9% mortality rate for House Sparrows and this disagrees with accounts and 

analyses in which House Sparrows were not susceptible to collisions (Dunn 1993, Evans Ogden 

1996, Hager et al. 2008, Hager et al. 2013). I speculate that many House Sparrow collisions 

involve young of year and occur in summers. (Previous under-sampling of the summer season 

could partly explain why my results diverged from past work.) Furthermore, if my 

characterizations above were right, this would mean that House Sparrow’s collision mortality is 

analogous to fall mortality of migrating birds, at least more analogous than previously suspected. 

The time lag could simply reflect temporal differences in urban habitat use. Vulnerability 

assessments have yet to be done outside North America, and, conceivably, the House Sparrow 
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could be a “super-collider” in parts of Europe where local densities are low or local populations 

are in decline. 

Picking up yet another “old question made new”, what do we conjecture about bird 

densities if we re-examine past collision counts? For example, between April 30 and May 6, 

2016, volunteers counted 18 collisions along the Minneapolis BirdSafe route. Assuming 6% 

mortality (as I observed in this study), the site would have hosted 300 birds that week, a density 

of 23.9 birds per ha. Alternatively, instead of extrapolation using a presumed mortality rate, one 

could re-calculate mortality rate using abundance data gleaned from weather radar (as in Dokter 

et al. 2018). Although an estimate derived in that way would lack specificity needed for species 

conservation, it would further contextualize bird–window collisions, perhaps narrowing the 

aforementioned range that currently spans 2–31%. 

Conclusion 

In summary, collisions are highly dependent on local bird abundances, so much so that 

abundance data should be baked into any model of collision factors or processes. I found no 

evidence that species categories explained collision frequencies, but that was not surprising given 

my small sample of only 13 species. I did, however, find marginal evidence of a negative 

correlation between bird mass and collision frequencies. A putative link between collision risk 

and body size is plausibly explained by a number of competing as well as complementary 

mechanisms. However, additional data in greater quantities are needed to test the hypothesis that 

mass is a component in collisions. Whether refuted or replicated, tests of that kind could help us 

understand unseen events leading up to collisions, as birds navigate built environments. 

Identifying covariates of collision risk promises to expand our understanding of urban bird 

ecology, improve collision mitigation strategies, and support our need for quantitative knowledge 

about threats to birds. 
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Tables and Figures 

Table 2.1 

Nomenclature for bird species in this study. Taxonomic order and scientific and common names 

follow the 7th edition of the AOU Checklist of North American Birds and its Supplements 

(Chesser et al. 2018) online at http://checklist.aou.org/) 

Species 
shorthand 

Common name Scientific name 

ROPI Rock Pigeon Columba livia 

BBCU Black-billed Cuckoo Coccyzus erythropthalmus 

GCFL Great Crested Flycatcher Myiarchus crinitus 

Empid unidentified flycatcher, genus Empidonax Empidonax spp. 

AMCR American Crow Corvus brachyrhynchos 

BCCH Black-capped Chickadee Poecile atricapillus 

WBNU White-breasted Nuthatch Sitta carolinensis 

AMRO American Robin Turdus migratorius 

GRCA Gray Catbird Dumetella carolinensis 

EUST European Starling Sturnus vulgaris 

HOSP House Sparrow Passer domesticus 

HOFI House Finch Haemorhous mexicanus 

WTSP White-throated Sparrow Zonotrichia albicollis 

OVEN Ovenbird Seiurus aurocapilla 

 

  

http://checklist.aou.org/
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Table 2.2 

Bird masses, collision counts, abundance estimates, and observed mortality rates (latter 3 reflect 

entire 5-week study period). Observed mortality rates were only calculated for species observed 

alive (n = 8). Note that collision and abundance frequencies are well-matched for HOSP and 

HOFI but less so for ROPI. Also note that 2 largest birds in this sample (ROPI and AMCR) have 

masses >186.6 g (sample mean + 2*SE) as well as low ratios of collisions to abundance (3:79 and 

0:5, respectively). Mass data (g) inherited level of precision from source data (Rodewald 2015). 

For species accounts with 2 or more mass values, I used the value that best approximated my 

study conditions (i.e. matching geography and/or seasonal timing). However, in cases for which 

specificity was not possible (i.e. sexual dimorphism), I calculated means. 

Species Mass Collision data Abundance data Mortality rate 

n Frequency 
(n ÷ total) 

Status n Frequency 
(n ÷ total) 

Collision n ÷ 
Point count n 

HOSP 28 9 43% Dead 97 45% 9% 

ROPI 354.5 3 14% Dead 79 37% 4% 

HOFI 21.4 2 10% Dead 21 10% 10% 

AMRO 77 0 0% — 7 3% 0% 

AMCR 86 0 0% — 5 2% 0% 

EUST 506 0 0% — 4 2% 0% 

BCCH 12 0 0% — 2 <1% 0% 

WTSP 27 0 0% — 1 <1% 0% 

BBCU 50 2 10% Dead 0 0% — 

Empid — 1 5% Dead 0 0% — 

GCFL 33.5 1 5% Dead 0 0% — 

WBNU 37.65 1 5% Dead 0 0% — 

GRCA 22.1 1 5% Released 0 0% — 

OVEN 21.1 1 5% Dead 0 0% — 

total — 21 216 6% overall 
mortality rate for 
local community 
(14 ÷ 216) 
 
3% ± 2% mean 
species mortality 
rate ± SE  
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Table 2.3 

Ranking of null and hypothetical models using AICC. All models (including null) use collisions 

per species per week as the response variable and were built using glmer(), a Poisson 

distribution for errors, and 2 random effects: species and week-nested-within-species. AICC 

values were calculated using AICc() function in AICcmodavg package in R. 

Rank Candidate models k AICC ∆i Evidence ratio 

1 Abundance + ln(Mass) 6 77.29 0  

2 Abundance 5 78.13 0.84 1.52 

3 null 4 89.42 12.13 430.34 

4 ln(Mass) 5 91.65 14.35 1,308.36 
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Table 2.4 

Top- and second-ranked models. Because both models were comparably informative (within 2 

∆AICC), I complemented AICC ranking with in depth examination of models, per Johnson & 

Omland (2007), to interpret relative importance of mass as a predictor. First, the β and variance 

for abundance variance differed only slightly between top- and second-ranked models, suggesting 

that the top-ranked model did not contain unacceptable error in the estimated β for abundance. 

Second, contrasting top- and second-ranked models showed that by including mass, both effect 

size and variance for the week-nested-within-species random effect were diminished, suggesting 

that although either variable partly explained structure in the data, the choice of mass yielded 

higher precision (i.e. smaller variances relative to βs). Third, there was insufficient evidence of a 

non-zero intercept for the top-ranked model; and, the second-ranked model’s negative intercept I 

interpreted as zero in ecologically meaningful terms (i.e. a negative collision count does not make 

sense). The distinction was interesting but did not present either warning signs or clear choices. 

Fourth, the top-ranked model’s intercept variance is greater than that of the second-ranked model 

(0.92 > 0.52). While a wider interval may indicate overfitting when judged against the best 

approximating model (Burnham & Anderson 2002), I found no theoretical guidepost for how 

much imprecision is acceptable, and so I let the AICC rank stand. 

 Top-ranked model Second-ranked model 

AICC 77.9 78.13 

logLik -33.1 -34.7 

deviance 66.3 69.5 

n, df (k) 65, 60 (6) 65, 61 (5) 

Intercept -0.73 ± 0.92 -2.32 ± 0.52 

Abundance fixed effect 0.035 ± 0.006 0.034 ± 0.007 

ln(Mass) fixed effect -0.39 ± 0.24 — 

Week:Species random effect Variance = 1-14 

Std. Dev = 1-7 

Variance = 0.25 

Std. Dev = 0.50 

Species random effect Variance = 0 

Std. Dev = 0 

Variance = 0 

Std. Dev = 0 
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Figure 2.1 

Geographic context for study. This study was sited in the downtown business district of 

Minneapolis, Minnesota, located centrally on the North American continent. Lower map uses 

NAIP aerial imagery as basemap with vegetation as a thematic layer. 



 

63 
 

 

Figure 2.2 

Study area with collision monitoring route and point count locations. Starting points O and C 

were alternated to vary timing and visual perspectives for collision monitoring efforts. 10 

observations (6-minute duration) were completed at all 16 point count locations. Basemap by 

OpenStreetMap (OpenStreetMap contributors 2015) with vegetation as a thematic layer. 
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 Spring collision data (n = 73 collisions) via BirdSafe (Audubon Minnesota, 

unpublished) 

 Breeding season collision data (n = 21 collisions) 

Figure 2.3 

Collision counts per day, all species. Collision counts were obtained via monitoring of the 

Minneapolis BirdSafe route, March 31–July 5, 2016. Monitoring took place every day with the 

following exceptions (i.e. non-survey dates): April 4, 5, 12, 15 and 26. Breeding season collision 

counts did not surpass counts from the preceding spring migration season. 
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Figure 2.4 

Collision counts and estimated abundances, by species. Collision counts (solid, narrow bars, 

measured on left y-axis) are visually overlaid with overall abundance estimates (empty, wide 

bars, measured on right y-axis) by species (n = 14 taxa) for the entire 5-week study. 5 species 

were observed alive but not in collisions. 6 additional species were observed in collisions but not 

observed alive. HOSP and HOFI collided in proportion to their abundances. However, ROPI 

collided in low numbers relative to abundance. 
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Figure 2.5 

Scatterplot with observed data & expected response values. Logistic regression equation is as 

follows: 

ln(collisions × species-1 × week1) = – 0.73 + 0.035(abundance × week1) – 0.394(ln(mass)) + errors 

Values are back-transformed (unit indicated on y-axis) for ease of interpretation. The model 

predicts that small birds have greater collision counts than large birds, given equal abundances.  
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Appendices 
Chapter 1 Appendix 
 

Audubon Minnesota’s Partners for Project BirdSafe: 

 Bell Museum of Natural History 

 Wildlife Rehabilitation Center of Minnesota 

 National Park Service 

 Zumbro Valley Audubon 

 Audubon Chapter of Minneapolis 

 BOMA (Building Owners & Managers Association) Minneapolis 

 BOMA (Building Owners & Managers Association) St. Paul 

 Minnesota Department of Natural Resources, Non-game Wildlife Program 

 BirdSafe volunteer citizen scientists 

 

Project BirdSafe funding provided by: TogetherGreen in alliance with Toyota, Katherine B 

Anderson Fund of the St. Paul Foundation 
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Chapter 2 Appendix of Supplemental Tables & Figures 

Table S2.1: 4 species case studies to compare collision observations from summer and 

migration seasons. One survey is equivalent to one circuit of a Project BirdSafe collision 

monitoring route (Minneapolis or St. Paul, 3.2 and 3.3 km respectively). Data sources: AA data 

by author; NB data by Biagi (2018); and BirdSafe data courtesy Audubon Minnesota 

(unpublished data) were collected by citizen scientist volunteers during 20 migration seasons 

(mid-March through May 31; mid-August through October 31, 2007–2016). Species migratory 

status categories courtesy Arnold & Zink (2011). 
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Migratory status Long 
distance 

Long 
distance 

Permanent 
resident 

Permanent 
resident 

Summer collisions     
Count 

Surveys 
Data source 

2 1 1 12 
35 35 26 61 
AA AA NB AA NB 

(combined) 

Migration collisions     
Count 

Surveys 
Data source 

8 0 3 34 
~2,529 ~2,529 ~2,529 ~2,529 
BirdSafe BirdSafe BirdSafe BirdSafe 
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Table S2.2: Summary of fieldwork efforts (surveys) and bird collision observations by AA 

(author) and NB (Biagi 2018). 

Surveyor initials AA NB 

Surveys completed 35 26 

Number surveys with zero observed collisions 21 12 

Max collisions per survey 3 3 

Mean collisions per survey 0.6 0.8 

Mean collisions per survey km 0.2 0.2 

Surveyor initials AA NB 

Year 2016 2017 

Dates 1 June–5 July 1 June–5 July 

Location Minneapolis, MN St. Paul, MN 

Study site land use Business district Business district 
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Table S2.3: Possible errors regarding species analyzed in this study, given the intent to restrict 

regression analysis to the breeding bird community in downtown district. All observations (unless 

otherwise noted) were within breeding season (dates per Pfannmuller et al. 2017). A * denotes 

suspected error of commission, and a ‡ denotes suspected error of omission. Determination of 

possible errors based on species ecology and author’s general familiarity with potential bird 

habitats within the study site. 

 Common name Scientific name Comments 

* Black-billed Cuckoo Coccyzus erythropthalmus 2 dead: 1 before & 1 after breeding season 

‡ Chimney Swift Chaetura pelagica Incidental, not recorded via point count 

‡ Peregrine Falcon Falco peregrinus Incidental, not recorded via point count 

* Great Crested Flycatcher Myiarchus crinitus 1 dead  

* unidentified flycatcher Empidonax spp. 1 dead  

* White-breasted Nuthatch Sitta carolinensis 1 dead  

* Gray Catbird Dumetella carolinensis 1 injured (& released) 

* White-throated Sparrow Zonotrichia albicollis Alive (heard only) via point count 

* Ovenbird Seiurus aurocapilla 1 dead 

 


