ABSTRACT

BAI, JIN. From Redlining to COVID-19: How Humans Affect Bird Diversity and Distribution in
Urban North Carolina. (Under the direction of Dr. Madhusudan Katti).

Since the first human settlements, people have been playing a crucial role in shaping the
biodiversity where they reside. This study aimed to examine how human mobility changes
caused by the COVID-19 lockdown, current-day human wealth and power distribution, and
historical residential segregation can be associated with current-day bird diversity and
distribution in urban areas of North Carolina. To investigate how reduced human mobility
influences bird occupancy in North Carolina, | used data from eBird, on the distribution of
fifteen common bird species including fully synanthropic birds, such as House Sparrows (Passer
domesticus), to less synanthropic birds, such as White-breasted Nuthatches (Sitta carolinensis). |
found that the changes in human mobility in North Carolina did influence bird occupancy with
less synanthropic birds such as White-breasted Nuthatches responding positively to lower
mobility whereas fully synanthropic birds such as House Sparrows respond negatively to lower
mobility. To investigate the wealth-biodiversity relationship from the current-day socio-
economic and power gradient, | used data from Triangle Bird Count, a local citizen science
project in the Triangle area of North Carolina. Being consistent with most luxury effect studies
that found a positive wealth-biodiversity relationship, we detected that residents’ power to
influence landscape predicted by several socioeconomic variables positively influenced bird
diversity in the triangle area of NC. For the investigation of the legacy effect of residential
segregation, the redlining policy in Durham in the 1930s, I collected new bird data in urban parks
across higher and lower-graded neighborhoods during one breeding season and one non-breeding
season to examine if the segregation policy still has an effect today. At the bird community level,

we did not find any significant associations between redlining and bird species richness and



abundance. However, at the species level, out of the twenty-six bird species we examined,
European Starlings (Sturnus vulgaris), showed higher abundance in lower-graded (redlined)
neighborhood parks than in higher-graded neighborhood parks. Our study highlighted the
interconnection between humans’ past and current actions and the diversity and distribution of

urban bird communities.
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CHAPTER 1

Abstract

The COVID-19 pandemic lockdown worldwide provided a unique research opportunity
for ecologists to investigate the human-wildlife relationship under abrupt changes in human
mobility, also known as Anthropause. Here we chose 15 common non-migratory bird species
with different levels of synanthrope, and we aimed to compare how human mobility changes
could influence the occupancy of fully synanthropic species such as House Sparrow (Passer
domesticus) versus casual to tangential synanthropic species such as White-breasted Nuthatch
(Sitta carolinensis). We extracted data from the eBird citizen science project during three study
periods in the spring and summer of 2020 when human mobility changed unevenly across
different counties in North Carolina. We used the COVID-19 Community Mobility reports from
Google to examine how community mobility changes towards workplaces, an indicator of
overall human movements at the county level, could influence bird occupancy (home range
shifts). We found that the occupancy of casual to tangential synanthropic species, White-breasted
Nuthatch (Sitta carolinensis), American Crow (Corvus brachyrhynchos), and Red-shouldered
Hawk (Buteo lineatus), was negatively associated with human mobility level. On the other hand,
we found the occupancy of a fully synanthropic species, House Sparrow (Passer domesticus),
was positively associated with human mobility level. Our results indicated an interconnected
relationship between human activity and bird communities’ home range shifts and that reduced
disturbance from human activity would likely benefit casual to tangential synanthropic species

more than full synanthropic species.

Keywords: anthropause, COVID-19, bird occupancy, community mobility, eBird, synanthropic



Introduction

The 2020 SARS-CoV-2 global pandemic and the subsequent lockdowns to contain the
spread of the virus resulted in a global-scale reduction of human activity. This global lockdown
is being called the Anthropause, a term coined by Rutz et al (2020) to describe the reduction of
human activities and its potential impacts on wildlife. Although the COVID-19 pandemic is a
unique global event, it is not the first anthropause to influence wildlife. Indeed, many historical
events, such as previous pandemics, nuclear disasters, demilitarized zones, economic crises, and
the creation of National Parks or Nature Preserves, could all serve as anthropause at different
scales (Searle et al., 2021). Long-term wildlife census data in the Chernobyl exclusion zone have
shown that over the past decade, large mammals have increased their population (Deryabina et
al., 2015). Despite the negative impacts of radiation, many wildlife species previously excluded
by urban development have been able to reclaim the Chernobyl exclusion zone as their habitat
and thrive in the area. The COVID-19 anthropause was more widespread but shorter-lived than
the Chernobyl exclusion zones, and its potential impacts on wildlife populations, species
diversity, and distribution have been starting to unfold. During the COVID-19 lockdown, there
were many reports of increased sightings of unusual wildlife in cities around the globe (Basile et
al., 2021; Sanchez-Clavijo et al., 2021; Silva-Rodriguez et al., 2021; Vardi et al., 2021). This
global experiment on reduced human mobility can provide insights into how wildlife interacts
with human activities and inform policymakers and wildlife managers with better decisions
moving forward to improve the coexistence of humans and wildlife.

One of the human activities that decreased significantly during the pandemic is traffic
volume and noise (Stradling, 2020). A high traffic volume can directly increase wildlife

mortality from vehicle collisions (Charry & Jones, 2009). Indeed, wildlife-vehicle collisions



went down by 34% in four US states during the pandemic (California, Idaho, Maine, and
Washington; Shilling et al., 2021). Bird roadkill is a significant proportion of wildlife-vehicle
collisions given that the annual estimate for bird roadkill in the US is between 89 and 340
million (Loss et al., 2014). The reduced traffic level during the anthropause could potentially
prevent some bird roadkill, in turn influencing the occurrence of birds near roads. Many bird
species are also known to avoid roads with wide openings, high traffic volumes, and high noise
levels (Arévalo & Newhard, 2010; Griffith et al., 2010; Jack et al., 2015). Researchers who used
added noise experiments in intact forests found a significant decline in bird abundance for sites
with added traffic noise (McClure et al., 2013). They also found some noise-sensitive bird
species almost completely avoid areas with added traffic noise. One study that examined the
relationship between bird abundance and distance to roads during the pandemic compared to
years before found that some species, such as Carolina Wren (Thryothorus ludovicianus),
increased their abundance more than doubled during the pandemic and some road-sensitive
species, such as Gray Catbird (Dumetella carolinensis), become similarly abundant between sites
close to and far from roads (Schrimpf et al., 2021). Thus, reduced traffic levels could likely
mediate the relationship between bird occupancy and distance to roads, which results in home
range shifts during the pandemic.

Another important factor that was changed during the pandemic was the availability of
anthropogenic food resources (Gilby et al., 2021). Bird species that can thrive in urban
environments often utilize anthropogenic food resources near restaurants, picnic centers, and
shopping plazas. With “stay-at-home” orders enacted around the world, many studies have begun
to unfold how the pandemic lockdown affected the changes in anthropogenic food resources that

directly or indirectly shifted the fine-scale distribution and abundance of birds (Gilby et al.,



2021; Soh et al., 2021; Xu et al., 2022; Vez-Garzon et al., 2023). In Singapore, researchers found
that Rock Pigeon (Columba livia) abundance decreased during the lockdown in places that used
to be pigeon-feeding hotspots (Soh et al., 2021). In other words, Rock Pigeons shifted their home
ranges when human mobility was reduced to find alternative food resources in the city.
Similarly, in eastern Australia, Torresian Crow (Corvus orru), a species that often utilizes
anthropogenic food in urban areas, shifted their home range during the pandemic lockdown
where researchers found a six-time increase in their abundance in beaches where they forage on
natural food resources such as insects and bird eggs (Gilby et al., 2021). Another example that
further illustrate this was from one of the strictest lockdowns in the world, China. Researchers
who tracked the movements of the Black-headed Gull (Larus ridibundus), another species that
often forage on anthropogenic food resources, found that their home range significantly reduced
during the lockdown when human-provided food was greatly reduced (Xu et al., 2022). These
gulls shifted their distribution around the only location that had human-provided food. In
addition, another study showed that the changes in anthropogenic food resources could indirectly
affect the diet of birds from higher trophic levels (Vez-Garzon et al., 2023). Researchers in
Barcelona, Spain studied the diet of the chicks of the Yellow-legged Gull (Larus michahellis), an
urban-adaptive species that often prey on other urban birds, before and during the lockdown
(Vez-Garzén et al., 2023). They found that the chicks were fed with much fewer urban birds
such as rock pigeons and parakeets during the lockdown, indicating a potential shift in their
prey’s distribution in urban areas. Thus, the changes in anthropogenic food resources due to
changes in human mobility can have an impact on the occupancy changes of urban-dwelling

birds.



The anthropause has also been documented to impact wildlife abundance, species
richness, bird detection, reproductive success, vocalizations, territoriality, movement, habitat use,
and vigilance behavior (Derryberry et al., 2020; Manenti et al., 2020; Estela et al., 2021; Hentati-
Sundberg et al., 2021; Costa et al., 2022; Madhok & Gulati, 2022; Procko et al., 2022;
Sanderfoot et al., 2022; Diamant et al., 2023; Tucker et al., 2023; Walters et al., 2023). In
particular, changes in territoriality and vigilance behavior could impact the occupancy changes
of birds when human mobility is reduced (Diament et al., 2023; Walters et al., 2023). One study
in Los Angeles, California found that Dark-eyed Juncos (Junco hyemalis) were less territorial
during the lockdown compared to before the lockdown (Walters et al., 2023). This could be due
to food resources becoming more continuously consumed in sites without human disturbance,
which then reduces the need for aggression with other individuals (Walters et al., 2023). Another
study of dark-eyed juncos in southern California found that juncos were also less fearful of
humans using FID (flight initiation distance) measurements (Diamant et al., 2023). Although the
study only detected such effects after the lockdown rather than during the lockdown, it still
indicated that the pause of human activity could drive birds’ behavioral changes. Both studies
could potentially indicate a shift in occupancy or detection of birds when reduced human
mobility drives changes in bird behavior.

Here in this study, we aimed to examine how human mobility changes could affect bird
occupancy in North Carolina using fifteen common bird species (mostly Passerine and
woodpecker species and one raptor species). These species were chosen for the following
reasons: (1) They can be commonly found throughout North Carolina. This is an important
requirement because our study aimed to examine the effect of human mobility changes across

different counties in North Carolina and it would be a less valid comparison if certain species can



only be found in one region of North Carolina. (2) These fifteen species are also non-migratory
year-round birds based on Birds of the World from Cornell Lab of Ornithology except White-
breasted Nuthatches (Sitta carolinensis) could have winter irruption migrations, but it has
minimal impact on this study due to the study periods primarily during spring and summer. Some
species may also be migratory, but they are either poorly understood or only migratory in the
northern part of their range. The key here is that this selection of species is more likely to be
year-round birds as compared to migratory warblers, vireos, and flycatchers. (3) The fifteen
chosen species include different degrees of synanthropic where the House Sparrow (Passer
domesticus) and European Starling (Sturnus vulgaris) are considered fully synanthropic whereas
other species such as White-breasted Nuthatch (Sitta carolinensis) and Red-shouldered Hawk
(Buteo lineatus) are considered as causal to tangential synanthropic (Johnston, 2001).
Synanthropic birds are species that have a close relationship with humans and are often species
that can thrive or adapt in urban environments (Johnston, 2001). This trait is of particular interest
to us because human mobility changes can be seen as strongly connected with full synanthropic
birds.

This study used Occupancy Modeling as the data analysis approach because it has the
advantage of accounting for imperfect detection over traditional GLM binomial models where
only one bird survey was available for each sampling location (Guillera-Arroita et al., 2014). By
accounting for detection probabilities, this study can provide more rigorous insights into how
human mobility changes affect both detection and occupancy. Besides examining the effect of
human mobility changes, we also controlled for other important spatial covariates, tree canopy
cover, and impervious surface because these covariates may mediate how human mobility

changes affect bird occupancy depending on the landscape characteristics. We hypothesized that



(1) human mobility was significantly changed due to the pandemic lockdown; (2) human
mobility changes can influence bird occupancy; (3) the trait of synanthropic could play a role in
the effect of human mobility changes. We predicted that (1) human mobility was greatly reduced
due to the pandemic lockdown; (2) human mobility changes can influence some bird species and
the direction of the effect should depend on the trait of synanthrope; (3) fully synanthropic bird
species, such as house sparrows and European starlings, should be positively influenced by
human mobility whereas casual to tangential synanthropic birds, such as white-breasted

nuthatches, should be negatively influenced.
Methods

Study area, species, and data sources

Our study area is the state of North Carolina, USA with the majority of sampling
locations in urban/suburban areas (Figure 1.1). North Carolina Governor Roy Cooper enacted a
state-wide COVID-19 lockdown starting on March 30th and ending on April 29th with an
extension to May 8th in 2020. Based on the lockdown order, we targeted three periods of interest
in 2020 to examine the anthropause effect, which is before lockdown (02/19-03/29), during
lockdown (03/30-05/08), and after lockdown (05/09-06/17) with each study period consisting of
40 days. We did not compare bird occupancy between these three study periods but rather
explored how human mobility changes across NC affected bird occupancy during the same block
of period. We chose 15 common bird species as our study species (12 native, 2 non-native, 1
naturalized). They are Red-bellied Woodpecker - RBWO (Melanerpes carolinus), Downy
Woodpecker - DOWO (Dryobates pubescens), Blue Jay - BLJA (Cyanocitta cristata), Northern
Mockingbird - NOMO (Mimus polyglottos), Tufted Titmouse - TUTI (Baeolophus bicolor),

Carolina Chickadee - CACH (Poecile carolinensis), White-breasted Nuthatch - WBNU (Sitta



carolinensis), Carolina Wren - CARW (Thryothorus ludovicianus), Northern Cardinal - NOCA
(Cardinalis cardinalis), Mourning Dove - MODO (Zenaida macroura), Red-shouldered Hawk -
RSHA (Buteo lineatus), American Crow - AMCR (Corvus brachyrhynchos), House Sparrow -
HOSP (Passer domesticus), European Starling - EUST (Sturnus vulgaris), and House Finch -
HOFI (Haemorhous mexicanus). House Sparrows and European Starlings are non-native species
and are considered fully synanthropic and the rest of the species are considered causal to
tangential synanthropic (Johnston, 2001). House Finch is a naturalized species in NC. The other
12 species are all native. All study species here are not known to migrate in NC, and they occur
year-round.

The data source we used for bird data was eBird, a global citizen science project run by
the Cornell Lab of Ornithology (Sullivan et al., 2009). We used the COVID-19 Community
Mobility Reports by Google to represent the pause of human activities at the county level in
North Carolina (Google, 2022). These data are publicly available and were last updated on
10/15/2022 (see more details on how we used this data later in the data processing procedures).
We used forest land cover data from NC One Map that has a high resolution (1-meter pixel)
raster data from 2016 imagery to represent canopy cover at each eBird checklist location (NC
One Map, 2016). We also used the raster data of the 2019 National Land Cover Database to
represent the degree of development/impervious surface at each eBird checklist location (Dewitz
& U.S. Geological Survey, 2021). All three measurements were used for the highest resolution
that was available to use. No permits were required for the data used in this study because all

data sources are publicly available.



Data processing procedures

We downloaded the eBird Basic Dataset (EBD) that contains the 15 study species from
February to June 2020. We also downloaded the sampling event data that contains the checklist
efforts information. First, we used the R package Auk (version 0.6.0; Strimas-Mackey et al.,
2018) in R (version 4.2.1) to filter data in the following conditions: (1) Date: 02/19/2020 -
03/29/2020; (2) Checklist type: stationary; (3) Complete checklist; (4) Time: 07:00 am - 06:00
pm; (5) Checklist duration: 5-20 mins; (6) Location: North Carolina. The choice of using 7 am to
6 pm was to ensure all checklists selected were diurnal checklists taking into consideration the
changes in the timing of sunrise and sunset over the study periods. The choice of 5-20 mins for
checklist duration was because we wanted to exclude short checklists that were not likely to
detect all birds as well as long checklists where the addition of checklist duration minimally
increased new detection of birds. Also, 5-20 mins are typical sampling effort setting in other
avian point count projects such as Climate Watch from the National Audubon Society. After
filtering data, we used the zero fill function from Auk to create detection/non-detection data for
each study species in NC. Then we used the repeat visits filter from Auk to filter eBird checklist
locations where at least 2 checklists (max 10 checklists) have been submitted to the same
location by the same observer, allowing us to create a hierarchical data frame where both
detection and state process can be analyzed using Occupancy Modeling. This data frame was in a
matrix format each row represents a sampling location and the columns represent the detection
and non-detection of the 2-10 repeat sampling events. The reason we used Auk is that the eBird
Basic Dataset is in a text file and it has a large file size. Researchers often need to extract a
subset of the dataset by filtering to format it in a desired setting. The filtering is done by using

AWK, a programming language to process column-formatted text data. The package Auk is a



front end for AWK allowing researchers to process eBird data in a desired format in R (Strimas-
Mackey et al., 2018).

For the Google Community Mobility data, we chose three categories of mobility data to
analyze the Anthropause effect because they are highly relevant to the pause of human activities
in urban areas. They are “Retail”, “Workplaces”, and “Residential”, each representing people’s
overall movements at the county level towards these three categories. We didn’t use park
mobility data because most of our eBird checklist locations were in urban areas not in natural
areas or state parks (Figure 1.1) and the focus of our study was not on bird occurrence in parks
but rather on urban areas in general. Among the three categories mentioned above, we only used
“Workplaces” data for the following reasons: (1) all three categories are highly correlated, so we
only used one to avoid co-linearity (Appendix A; S1 Table); (2) “retail” and “residential” have
missing data spatially but “Workplaces” did not. Here is the breakdown of the amount of missing
data: before lockdown: retail (n=2), workplace (n=0), residential (h=11); during lockdown: retail
(n=1), workplace (n=0), residential (n=19); after lockdown: retail (n=8), workplace (n=0),
residential (n=15); (3) “Workplaces” matches the work-at-home trend at that time. The mobility
data from Google is a percentage change compared to a baseline for each day. A baseline day
represents a normal value for the day of the week from the 5-week period (01/03/2020-
02/06/2020). For example, a mobility value of -30.0 for Wake County on Apr 15, 2020, means
the overall mobility in Wake County on that day decreased by 30% compared to the baseline day
a few months ago. Because the eBird data we used covers a wider range of dates rather than each
day, we took the average value of mobility before lockdown, during lockdown, and after

lockdown in each county in NC.
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For the environmental variables, we calculated the values in ArcGIS Pro (version 3.1.0).
We created a 200 m buffer at each eligible eBird checklist location. For the forest cover data, we
used “Zonal Statistics as Table” to extract the percentage of forest cover at each checklist
location’s 200-meter circular buffer. For the National Land Cover Database (NLCD) data, we
combined low-intensity, medium-intensity, and high-intensity development as development
covers and used “Summarize Within” to extract the percentage of development cover using the
polygon version of NLCD. We used a correlation matrix of the three predictors (workplace
mobility, percent forest cover, and percent development cover) and found no co-linearity
(Appendix A; S2 Table). These three predictors plus the interaction between workplace mobility
and percent development cover were the site covariates of the Occupancy Models. For the
detection covariates, four predictors were considered including time of observation, checklist
duration, number of observers, and workplace mobility. These detection covariates were also not
highly correlated (Appendix A; S3 Table). We then merged all data into an unmarked data frame
using the “unmarked” R package (version 1.2.5; Kellner et al., 2023). The unmarked data frame
has eBird sampling locations as sites (rows in the data frame) and repeat checklists at the same
sampling locations as repeat visits (columns in the data frame). Please see the data and R code of
data processing in Dryad (https://doi.org/10.5061/dryad.gb5mkkwxr).
Data analysis

To disentangle the potential seasonal effects, we only used non-migratory species in our
Occupancy Modeling analysis, and we compared occupancy differences within the same block
of time (three periods of interest) but among counties with different levels of change in human
mobility. In other words, we did not compare the occupancy rate of a given species before,

during, and after lockdown to suggest there is an anthropause effect as time passes to avoid the

11



potential seasonal effect as species enter into a breeding season. Before running Occupancy
Modeling, all three predictor variables (workplace mobility, tree canopy, and development) were
centered and scaled so that the coefficient estimates would be comparable. After building the
unmarked framework, a full model is specified as having the time of day, checklist duration,
number of observers, and workplace mobility as the detection covariates and having workplace
mobility, canopy cover, development cover, and the interaction between workplace mobility and
development cover as the site covariates. Then all possible combinations of models on both
observation and state processes were created and run using the “dredge” function in R. The
simultaneous approach was used rather than the two-step approach (identify important covariate
for detection first) because the latter assumes the selected covariates on detection probability
would still be the most important variables when different site covariates are considered. Other
studies that chose the two-step approach were due to a large number of model sets from a
relatively higher number of covariates whereas our study didn’t result in an unrealistic high
number of model sets (Richmond et al., 2010; Hansen et al., 2011). The AAIC values were
ranked and the best-fit models (AAIC < 2) were listed in S4-S6 Tables (Appendix A). We then
examined the best-fit model (AAIC=0) and reported significant effects from covariates that were
consistently picked up in the model selection process (AAIC < 2). Thus, the interpretation of the
model results was not only based on the best-fit model (AAIC=0). Also, when the null model
was close to or was the best-fit model, we would not interpret any significant results. For
visualizing the effects of the site covariates, we used model averaging and extracted the
predicted occupancy estimates to make figures. Please see the R code for the data analysis in

Dryad.
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Results

Community mobility towards workplaces was found to vary between counties in North
Carolina, as shown in Figure 1.2, for all three study periods (before, during, and after lockdown).
Community mobility was reduced in all three study periods with the highest reduction during the
lockdown. Also, community mobility significantly differed between the three study periods, as
shown in Figure 1.3. ANOVA and Tukey HSD test showed that the lockdown period is a
significant factor for community mobility (ANOVA: p < 0.001) and the difference between each
pair of lockdown periods is significant (TukeyHSD: during-before, diff = -26.502, p < 0.001;
after-before, diff = -16.384, p < 0.001; after-during, diff = 10.118, p < 0.001). The test and the
figure showed that mobility did change over the time periods, but our study’s conclusion on
occupancy changes was not based on the differences between three lockdown periods, but rather
on the differences between counties within the same lockdown period to disentangle from
potential seasonal effects as time passed.

Our Occupancy Modeling analysis showed that, among 15 common bird species, 4 of
them showed that community mobility differences across North Carolina were associated with
occupancy changes from one or more of the three study periods, highlighting that human
mobility could influence occupancy shifts to some bird species (Tables 1.1-1.3; Figure 1.4).
Casual to tangential synanthropic species such as AMCR, RSHA, and WBNU all showed
negative effects from community mobility (AMCR: before lockdown, coef = -0.480, p = 0.023,
after lockdown, coef = -0.826, p = 0.006; RSHA: before lockdown, coef = -1.457, p = 0.005,
during lockdown, coef = -0.626, p = 0.003; WBNU: after lockdown, coef =-0.582, p = 0.015). In
other words, these three species’ occupancy rates were lower in counties with relatively higher

community mobility, and these effects were observed either before, during, or after lockdown.
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The only species from the 15 study species that showed a positive effect from community
mobility was a full synanthropic species, HOSP (coef = 1.261, p =0.002), which means HOSP’s
occupancy rates were higher in counties with relatively higher community mobility and this
effect was only observed after lockdown.

We found that canopy, the percentage of forest canopy cover at each eBird checklist
location, showed consistently significant positive effects across the three study periods for six
species which include CACH, DOWO, NOCA, RBWO, TUTI, and WBNU, and consistent
negative effects for two species, EUST and NOMO (see coef estimates and p values in Tables
1.1-1.3). We found that development, the percentage of development cover (combined low, mid,
and high intensity), showed consistent significant positive effects across the three study periods
for two species, NOMO and HOFI (see coef estimates and p values in Tables 1.1-1.3). There
were no consistent negative effects.

Discussions

Despite the relatively short period of the COVID-19 lockdown in North Carolina, our
results from eBird data indicated that the community mobility towards workplaces across NC in
2020 was associated with lower bird occupancy for three bird species out of the fifteen species
we examined (American Crow, Red-shouldered Hawk, and White-breasted Nuthatch; Figure
1.4). Community mobility was not only reduced during the lockdown but also weeks before and
after the lockdown, indicating people’s choice of staying at home even when the lockdown was
not enforced (Figure 1.2). Our Occupancy Modeling analysis was based on the variations of
mobility across counties in NC during the same period rather than comparing before, during, and
after lockdown. Our results showed that during each study period, one or two species showed

negative effects from community mobility towards workplaces, which were American Crow and
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Red-shouldered Hawk before the lockdown, Red-shouldered Hawk during the lockdown, and
American Crow and White-breasted Nuthatch after the lockdown. Only one species showed a
positive effect from community mobility towards workplaces, which was House Sparrow after
the lockdown. Overall, we found evidence of how human mobility could be associated with
home range shifts regardless of lockdown period with a positive relationship between human
mobility and occupancy from one full synanthropic bird species and negative relationships from
three casual to tangential synanthropic species, highlighting the interconnection between human
activities and bird occupancy.

One important factor associated with reduced human mobility was reduced anthropogenic
noise that might contribute to positive impacts on the bird communities. Many studies have
shown that anthropogenic noise could affect birds through physical impacts (ear damage),
physiological impacts (chronic stress), behavioral changes (avoidance, foraging, vocal
communication, predator detection), reproductive success, to potential changes in population
dynamics (Ortega, 2012). Most avian species tend to avoid roads with traffic noise, which
resulted in a decline in bird abundance or complete avoidance by noise-sensitive species (Ortega,
2012; McClure et al., 2013). If the reverse of avoidance occurred, we should expect more bird
individuals to disperse to habitats close to once-busy roads and fly across roads to less explored
territories. Indeed, one study documented higher bird abundance near roads during the pandemic
year of 2020 compared to pre-pandemic years from 2017 to 2019 (Schrimpf et al., 2021).
Besides the decrease in traffic noise, the reduced traffic level also indicates a decrease in bird
roadkill. One report from a wildlife-vehicle collision survey in Tyrell County of North Carolina
found vehicle collisions of 262 individual birds of 40 different species from April 2009 to July

2010 (Smith, 2011). The report also indicates avian species from Passeriformes account for 67%
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of bird-vehicle collisions (Smith, 2011). Given that previous studies suggested lower roadkill
during the pandemic (Shilling et al., 2021), the reduced traffic level could prevent bird-vehicle
collisions and potentially increase the chance for birdwatchers to observe more birds, especially
for the Passerine birds that we examined here (AMCR, WBNU).

Our study also highlighted the interconnectedness between human and bird occurrence,
possibly through the changes in fear response towards humans. As a previous study on dark-eyed
juncos indicated that juncos became less fearful of humans because of reduced human mobility
from the pandemic, the reduced opportunities to interact with humans could impact birds shift
their vigilance behavior in the measurement of flight initiation distance (Diamant et al., 2023).
As a result of becoming less fearful towards humans, eBird observers in our study could be more
likely to detect and observe those birds that changed their vigilance behavior. If that were true,
the species that we detected a negative relationship between human mobility and occupancy,
American Crow, Red-shouldered Hawk, and White-breasted Nuthatch would exhibit changes in
their vigilance behavior towards humans due to reduced human mobility in NC. We did not have
such data on flight initiation distance to support this claim directly. However, previous work
showed that human behavior can affect American Crow FID (flight initiation distance) by
comparing such differences between different neighborhoods with different human attitudes
towards crows (Clucas & Marzluff, 2012). In neighborhoods with people more likely to chase
crows, scare crows, and discourage crows on their property, American Crows were found to be
more vigilant towards humans (higher FID). Although the pandemic-driven human mobility
changes were not the same as human attitude toward birds, the connection between human
behavior and bird behavior found by the previous study, still provided some degree of validation

that birds becoming less fearful towards humans could be a potential mechanism of observed
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occupancy changes in our study. Although we could not find such an FID study for White-
breasted Nuthatch, one study that tested neophobia in common feeder birds in North Carolina
found that White-breasted Nuthatch would avoid visiting feeders with the presence of an orange
life jacket, a novel object in their experiments, as compared to feeders without life jackets
(Stanback & Burke, 2020). Such vigilance towards novel objects has some similarities to
vigilance towards humans. On the other hand, urban Red-shouldered Hawks were adapted to the
presence of human activities and one study suggested that researchers can get as close as 25 m to
the hawk without them flying away (Dykstra et al., 2018). Perhaps other mechanisms were at
play for the occupancy differences observed in this study.

Among the four study species that showed significant effects from human mobility, we
were able to detect one positive relationship between human mobility and occupancy for one of
the full synanthropic bird species, House Sparrow. In other words, House Sparrow was less
likely to be observed in counties with lower community mobility. House Sparrow, a non-native
species in North America, has thrived in human-modified environments such as farmlands,
residential, and urban areas (Lowther & Cink, 2020). House Sparrows that live in urban areas
often nest under buildings and other man-made structures and can often be seen foraging near
shopping malls, plazas, and restaurants with abundant anthropogenic food (Summers-Smith,
1988; Lowther & Cink, 2020). With a restriction on restaurant opening and people choosing to
eat at home more often at the time, it is reasonable to assume that there was lower availability of
anthropogenic food in urban areas of North Carolina. A previous study showed that pigeons,
crows, and gulls all shifted their fine-scale distribution due to changes in the availability of

anthropogenic food resources caused by the pandemic lockdown (Gilby et al., 2021; Soh et al.,
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2021; Xu et al., 2022; Vez-Garzon et al., 2023), shifts in food resources could be a potential
mechanism that explains the observed difference in House Sparrow occupancy.

Our Occupancy Modeling analysis also revealed some patterns regarding detection
probability. Community mobility only affected some species’ occupancy (American Crow, Red-
shouldered Hawk, House Sparrow, and White-breasted Nuthatch) but not detection probability.
On the other hand, community mobility affected some species’ detection probability only and not
on occupancy including Downy Woodpecker, Mourning Dove, European Starling, House Finch,
Northern Mockingbird, Carolina Chickadee, Carolina Wren, Northern Cardinal, Tufted
Titmouse, Red-bellied Woodpecker (Tables 1.1-1.3). Among these 10 species, Downy
Woodpeckers, showed a consistent negative effect from community mobility on detection
probability across all three study periods, indicating that birders were less likely to detect Downy
Woodpeckers in counties with higher community mobility possibly due to noise-masking effect
when human mobilities are high. Similarly, House Finch, Carolina Chickadee, Carolina Wren,
Northern Cardinal, Tufted Titmouse, and Red-bellied Woodpecker all showed negative effects of
community mobility on detection during one or two of the study periods. All these species are
very vocal birds, and the potential lift of the noise-masking effect could make them more
detectable when mobilities are lower (Cooke et al., 2020). However, counterintuitively,
Mourning Doves, European Starlings, and Northern Mockingbirds, showed positive effects of
community mobility on their detection. We are not sure what causes the positive effect on
detection as most birds should be more likely to be detected when there is lower noise. The
above finding suggested that there is a species-specific effect of how community mobility affects
either detection or occupancy. Previous studies also suggested a species-specific response to

mobility changes with 76% of study species having significant effects (Sanderfoot et al., 2022).

18



Given that the 4 species (American Crow, Red-shouldered Hawk, House Sparrow, and White-
breasted Nuthatch) that showed mobility can affect occupancy but did not have such an effect on
detection, it suggested that detection played not as important roles as mechanisms driving the
occupancy pattern.

Beyond the anthropause effect we examined, there were also results indicating the effects
of canopy cover and urban development on the occupancy of 15 bird species. As expected, we
found that the percent canopy cover at the eBird checklist location significantly increased the
occupancy of 8 bird species. All 8 species (CACH, CARW, DOWO, MODO, NOCA, RBWO,
TUTI, WBNU) are strongly associated with forests by their foraging niche and nesting sites
(Grubb Jr. & Pravosudov, 2020; Haggerty & Morton, 2020; Jackson & Ouellet, 2020; Miller et
al., 2020; Mostrom et al., 2020; Otis et al., 2020; Ritchison et al., 2020; Halkin et al., 2021). On
the other hand, the percent canopy cover significantly decreased the occupancy of EUST,
NOMO, and HOSP. These three species can thrive in urban environments with minimal forest
cover (Lowther & Cink, 2020; Cabe, 2020; Farnsworth et al., 2020). For development cover,
however, there are a few relatively unexpected findings. We found that the percent development
cover increased DOWO occupancy and decreased AMCR occupancy. One possible reason
behind the mixed effects of canopy and development on DOWO occupancy is that canopy data
has a higher resolution (1 meter) than development cover (30 meters). DOWO still relies on
forests as their habitats at a finer scale, but development could also be associated with more bird
feeders that increase the survival and fitness of DOWO. For the finding on AMCR, a species that
is urban-adaptive, we were surprised to see and unsure about the negative effects of development

on AMCR occupancy. The reason that there were inconsistent effects from canopy and
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development was that the sampling locations differed between the three study periods, therefore
the inconsistency could be due to sampling locations changed.

There were a few limitations to this study: (1) eBird checklists are unevenly distributed,
which resulted in the clustering of checklist locations in larger cities of North Carolina. (2) The
supplemental food resources (bird feeders) in people’s yards across NC could contribute to the
difference in occupancy due to increased interest in backyard birding during the pandemic. (3)
eBird observers have different identification skills that could lead to false positive or false
negative sightings that lead to a biased estimate of occupancy. (4) the spatial covariates varied
between the three study periods because sampling locations were different across the three
periods. (5) There is the potential that the occupancy patterns observed here could be driven by
other unmeasured factors that were more important than human mobility. Despite these
limitations, our study still provided a rigorous study design that extracts eBird checklists that are
stationary, complete, and have reasonable checklist duration as well as using a hierarchal
framework that accounts for imperfect detection to conduct Occupancy Modeling.

We concluded that human mobility was reduced in the three study periods of spring and
summer of 2020. Human mobility was strongly associated with some of the study species and the
association was positive for a full synanthropic species, House Sparrow, and negative for a few
casual to tangential synanthropic species, American Crow, Red-shouldered Hawk, and White-
breasted Nuthatch. Although we have no data to directly suggest the mechanisms behind the
observed patterns, we believe that reduced traffic level and noise, changes in vigilance behavior
towards humans, and reduced anthropogenic food resources could potentially drive the observed
pattern. This study contributed to a growing body of literature that human activities are strongly

connected to wildlife occurrence and careful urban design could promote the coexistence of
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humans and wildlife while minimizing the human disturbance on wildlife. Future studies should
examine (1) to what degree full synanthropic birds such as House Sparrows rely on
anthropogenic food and how the absence of anthropogenic food influences their behavior; (2) if
species' vigilance behavior is influenced by human activity and do they differ between species;
(3) how long would reduced traffic levels start having a positive effect on road-sensitive species
and how fast would the reverse of that effect occur when traffic levels rebound; (4) does the

strictness of lockdown has an effect of observing human mobility influencing bird occupancy.
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CHAPTER 2
Abstract

A relationship between the average personal income of a neighborhood and the
biodiversity it supports has been found in many taxa including plants, birds, lizards, arthropods,
and mammals with the majority of the studies detecting a “luxury effect” where human wealth
positively correlates with biodiversity. Such studies have shed light on the inequality of
accessing biodiversity in resource-poor low-income communities. However, few studies have
examined the role of demographic factors such as race and ethnicity in the context of residents’
power to influence the landscape and directly tested the underlying environmental factors driving
such patterns in the same model across multiple spatial scales. Here, we used data from a local
citizen science project in North Carolina, Triangle Bird Count, to examine the wealth-
biodiversity relationship. The bird data came from the 2022 spring census with 321 sampling
points surveyed and 119 points being selected for data analysis. As a result, we detected a
significant positive relationship between power to influence landscapes (predicted by median
household income, median house values, percent white residents, percent college degree, and
average home lot size) and one of the bird community measurements (Shannon Diversity Index).
We did not identify the underlying factor, percent canopy cover, being the mediating factor,
which suggests that other unmeasured on-the-ground conditions could contribute to such an
effect. We also found that the power to influence landscape had a significant positive effect on
the percent canopy cover regardless of the spatial scales (100 m, 200 m, and 500 m) and data
resolution (1 m and 30 m). Our study highlighted that the wealth/power-biodiversity relationship,

the “luxury effect”, can be detected in the context of diversity index rather than species richness
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and abundance and that examining residents’ power can be informative in understanding the

drivers of urban biodiversity.

Keywords: luxury effect, bird diversity, race and ethnicity, wealth, power, residential
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Introduction

With an increasing population of people living in urban areas in the 21st century, the
consequences of urbanization on the diversity of flora and fauna are of an urgent need for
research (UN, 2018). Birds are an ideal study group for research on urbanization effects due to
their widespread distribution and diverse taxonomy (Murgui & Hedblom, 2017). While many
studies have shown that habitat loss and fragmentation in urban environments detrimentally
affect bird communities, the urban ecosystems are still complex and often involve
socioeconomic influences on urban bird communities (Rottenborn, 1999; Glennon & Porter,
2005; Schell et al., 2020). One particular socioeconomic influence on biodiversity is the “luxury
effect”, which was coined by Hope et al. (2003) that documented the relationship between
residents’ wealth and plant diversity in Phoenix, AZ. Since then, the phenomenon has been
widely documented in both plant and animal communities (Leong et al., 2018; Chamberlain et
al., 2020; Kuras et al., 2020).

The luxury effect could be explained from either a top-down or bottom-up management
perspective that resulted in humans changing the physical environment that birds rely on. From a
top-down perspective, historical land use, urban planning, and the infrastructures determined by
the local government could have a disproportionate impact on the urban landscape (Pedlowski et
al., 2002). From those impacts, neighborhoods with lower socioeconomic status today could be
exposed to higher levels of impervious surface, urban heat island effects, and lower access to
urban green space, lower canopy cover, and vegetation cover (Schell et al., 2020). This pattern,
in turn, contributes to the uneven distribution of biodiversity associated with residents’ wealth
(Schell et al., 2020). From a bottom-up perspective, residents with higher socioeconomic status

could afford yard management to maintain a higher diversity of native plants and provide food
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and cover for wildlife (Lerman & Warren, 2011; Avolio et al., 2015). Affluent residents can also
afford to live in biodiversity-rich neighborhoods that are often associated with being close to
green space and having higher canopy cover (Melles, 2005). However, this may not be the case
for luxury housing in downtown areas (Matteson et al., 2013) but the general trend may apply to
suburban residential areas where urban development and human population density are relatively
low. Other potential mechanisms have been discussed including residents’ political power (e.g.
the ability to advocate for green space in the neighborhood), residents’ age (associating with
more wealth and time to maintain pro-biodiversity yards), residents’ educational background
(associating with pro-environment behavior), home lot size (species-area relationship and more
power to influence the landscapes), homeownership (e.g. renters have less power to influence
yards than homeowners), neighborhood age (older neighborhood may have more mature trees
that are crucial to wildlife), and residents’ exposure to nature (associating with pro-environment
behavior) could play a role in the biodiversity inequality pattern driven by residents’ wealth
(Bernholt et al., 2009; Clarke et al., 2013; Meléndez-Ackerman et al., 2014; Beumer & Martens,
2016; Zivanovic & Luck, 2016; Gonzalez-Ball et al., 2017; Herndndez & Villasefior, 2018).
While the human-driven mechanisms behind the luxury effect are continuing to be
examined, there are certain patterns of the luxury effect findings that can be generalized, as
indicated by several literature reviews on luxury effect studies (Leong et al., 2018; Chamberlain
et al., 2020; Kuras et al., 2020). Based on the review of 49 research articles from 34 cities
worldwide (Kuras et al., 2020), it was found that the majority of the studies (63%) found a
positive wealth-biodiversity relationship while the rest found either no relationship (25%) or a
negative wealth-biodiversity relationship (12%). The positive relationship is more likely to be

found in residential areas whereas the neutral and negative relationship could be explained by the
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top-down perspective where urban green space managers and the local government could
manage the green space independent of residents’ socioeconomic status (Kuras et al., 2020). The
reviews also suggested a few other patterns including a stronger “luxury effect” in plants than
animal studies and a more pronounced “luxury effect” in arid regions where the cost of water
could strongly drive biodiversity patterns and a less pronounced “luxury effect” in tropical areas
(Leong et al., 2018; Chamberlain et al., 2020; Kuras et al., 2020).

For studies that examined the wealth-bird diversity relationship, most used similar
socioeconomic measurements in the form of median household income. However, one study
included demographic information on the percentage of African Americans and the percentage of
Hispanic residents from census tracts (Davis et al., 2012). They detected the “luxury effect” in
the form of lower bird species richness for low-income Hispanic residents but not for low-
income African American residents. This additional layer of socioeconomic measurement, race
and ethnicity, is less studied and it can bring a more complex understanding of the drivers of
urban bird diversity. In addition, “luxury effect” studies often analyze their data by using both
social and environmental factors as covariates in the same model. It’s less explored to identify
the underlying mechanisms of the wealth-bird diversity relationship by two separate processes
simultaneously. For example, such a study would first identify the environmental factors
associated with wealth and then examine if the identified environmental factors can be associated
with bird diversity. Such study design can provide insights for urban planners and stakeholders
to identify the driving factor of bird diversity and compensate for the loss of bird diversity in
resource-poor areas.

Here we examined the wealth-bird diversity relationship in the Triangle area of North

Carolina using data from a citizen science project, Triangle Bird Count. This study can further
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contribute to the understanding of wealth-biodiversity relationships and provide additional
insights on how the power to influence landscape predicted by several socioeconomic conditions
can be drivers of urban bird diversity, which has implications for the government to mitigate
biodiversity inequality and promote biodiversity conservation across socioeconomic gradients.
There are two objectives of this study: (1) examine if the power to influence landscape affects
bird diversity (detection of the luxury effect); (2) identify if canopy cover mediates the
relationship between power to influence landscape and bird diversity. We used the Structural
Equation Modeling (SEM) approach that has been used in other luxury effect studies (Mufioz-
Pacheco & Villasefior, 2023) because it allows researchers to test more than one hypothesized
pathway simultaneously. Biodiversity metrics are directly related to the changes in the physical
environment and the luxury effect linking socioeconomic conditions that influence the physical
environment with biodiversity metrics. Thus, the SEM approach would be an ideal data analysis
choice to answer the research questions we are asking here.

Methods

Study area and data sources

The study area is the “Research Triangle” of North Carolina, USA, and covers the cities
of Carrboro, Chapel Hill, Durham, Cary, Raleigh, and Garner. We used the data from Triangle
Bird Count that documented a total of 81 bird species in the 2022 census. Triangle Bird Count
(TriBC) is a citizen science project coordinated by the Lab of Reconciliation Ecology at North
Carolina State University (trianglebirds.org). TriBC is a systematic count with a random
sampling design. There was a total of 998 sampling points randomly generated within 998 grids
(1km by 1km). The 2022 TriBC covered a total of 321 sampling points across the triangle area.

The TriBC has been conducted annually during the spring migration seasons (April 15 — May
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31) in 2019, 2021, 2022, and 2023. We chose the 2022 data because it has the largest sample size
than other years.

The protocol for TriBC is that volunteers would conduct 10-minute point counts of all
species seen or heard within a 40 m radius (130 ft). The volunteers will also record temperature,
wind, and noise levels. The background noise level was used in the data analysis, and it has 4
levels including none, low, moderate, and extreme noise levels. “None” corresponds to quiet
environments with very minimum or no anthropogenic noises. “Low” corresponds to somewhat
quiet environments where the observer could hear occasionally traffic noise or other human
activities. “Moderate” corresponds to a somewhat noisy environment where observers could hear
traffic noise or human activities continuously throughout the observation period, but the noise
amplitude is not as high as extreme. “Extreme” corresponds to constant loud noise such as busy
traffic, lawn mowing, heavy machine running, and other sources of anthropogenic noise.

All TriBC surveys are conducted in the mornings no later than 4 hours after sunrise.
Volunteers can either finish their route (multiple survey points) in one morning or in more than
one morning. When volunteers signed up for TriBC, they were asked to self-identify their bird
identification skills from novice, beginner, intermediate, advanced, to expert. Novice means the
person has never birdwatched before; beginner means the person knows some of the common
backyard birds; intermediate means the person knows a variety of birds and some bird calls;
advanced means the person can quickly identify most birds by sight and call; expert means the
person can identify every bird species in the triangle area of North Carolina. We asked
volunteers who identified as novices to use training materials provided by TriBC to improve
their bird identification skills before collecting data for TriBC. All other categories were

included in the data analysis.
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For socioeconomic information, we used data from the 2022 Planning Database from the
US Census Bureau at the census block group level (US Census, 2023). We extracted 4 variables
of interest to generate a latent variable “power to influence landscape” for this project including
median household income, median house value, the percentage of white residents, and the
percentage of residents with a college degree. This Planning Database is based on the 2020
Census and 2016-2020 American Community Survey Data, which is the latest dataset at the time
of the data analysis. We also downloaded the TIGER/Line Shapefiles from the US Census for the
census block group polygon layer (US Census, 2022).

For environmental factors, we used data from the National Land Cover Database
(NLCD), the North Carolina Department of Environmental Quality, and the North Carolina
Department of Transportation. We used the 2021 Tree Canopy Data from NLCD to investigate
the roles of tree canopy cover (NLCD, 2021). It is a 30 m resolution raster geospatial dataset
generated by the USDA Forest Service. It is a continuous variable representing the percentage of
tree canopy cover at each pixel. To compare the effect of power to influence landscape on
canopy cover from different resolutions, we also used the 2016 Forest Cover data from NC One
Map which has a 1 m resolution despite being older data (NC One Map, 2016). We used the
Surface Water Classifications polygon layer from the North Carolina Department of
Environmental Quality to quantify the distance of each TriBC point to the nearest stream (NC
Dept. of Environmental Quality, 2016). We used the State Maintained Roads polygon layer from
the North Carolina Department of Transportation to quantify the distance of each TriBC point to

the nearest road (NCDOT, 2023).
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Data processing procedures

Processing outcome variables: There are three variables of interest representing the bird
community metrics including species richness (number of bird species documented at each
sampling point), abundance (number of individual birds documented at each sampling point),
and Shannon Diversity Index (an index that accounts for both species richness and evenness).
The bird data from TriBC was recorded in a matrix format with each species as a column and
each site as a row. Species richness and abundance were directly obtained within the dataset
whereas the Shannon Diversity Index was calculated using the diversity function from the
“vegan” package in R (version 4.3.2; Oksanen et al., 2022).

Processing predictor variables: We used the “Near” geoprocessing tool in ArcGIS Pro
(version 3.1.0) to calculate the distance from TriBC survey points to the nearest stream and road.
We created a buffer (100 m, 200 m, and 500 m) for each TriBC survey point and used the “Zonal
Statistics as Table” geoprocessing tool to extract the mean percentage of tree canopy cover. We
used three spatial scales to compare how “power to influence landscape” could influence canopy
cover at different scales. For socioeconomic information, we used “Add Spatial Join” between
the TriBC point layer and census block group polygon later to obtain the unique GEOID that
corresponds to a specific census block group. We then merged all information from bird
community metrics and all predictor variables in R.

Before data analysis, we categorized all 321 TriBC sites based on satellite images to only
include points that are in residential areas and in neighborhood parks. The total breakdowns of
the land cover types are as follows: residential areas (n = 146), commercial areas (n = 78), urban
green spaces (n = 50), isolated and rural parks (n=16), apartments (n = 13), educational

institutions (n = 11), religious places (n = 7). Because our focus is on the biodiversity of

39



neighborhoods, data from commercial areas (e.g., shopping malls, restaurants, companies, and
administrative places), educational institutions (e.g., schools, universities, and colleges),
religious places (e.g., churches), apartments, and isolated and rural parks (e.g., large nature
preserves or parks that are not connected to neighborhoods) are not included in the analysis.
Residential areas include single-family housing, townhouses, and condos. The criteria for
determining what should be included depends on whether house owners have power or influence
over the surrounding environment where TriBC sites are located. For example, a small urban
park, greenway, golf course, or cemetery that is embedded in the neighborhood can still be
influenced by local residents. Birds that are observed from those TriBC sites likely include birds
from the neighborhood. People can also choose to live in houses close to those amenities,
therefore having an influence on the bird communities at those sites. This brings to a total of 196
TriBC sites to be analyzed for this data analysis. After retaining only one point for points that are
located in the same census block group, the sample size is 131.

To understand how lot size could contribute to the latent variable “power to influence
landscape”, we gathered information on average lot size from Zillow. Because townhouses have
much smaller lot sizes, we decided to focus on single-family housing only for the data analysis
so that the effect from lot size would be comparable. For residential points, we used the address
of the closest house to each TriBC point and entered it into Zillow. Then we clicked house
details where the lot size was indicated. We then identified the lot size of the additional three
houses that were closest to the TriBC points and calculated the average lot size in acres of four
houses near each TriBC point. For neighborhood park points, we first identified the closest
neighborhood to the TriBC point. Then we identified the closest house to the TriBC point and we

used the same procedure as above to calculate the average lot size in acres of four houses near
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each TriBC point. With a focus only on single-family housing neighborhoods and neighborhood
parks, the sample size for data analysis was 119 (Figure 2.1).
Data analysis

For each bird community metric (total of 3 measures), each canopy cover scale (3 spatial
scales), and data source (2 sources), we used Structural Equation Modeling from the lavaan
package in R (version 4.3.2), which resulted in a total of 18 SEMs. We centered and scaled all
predictor variables before running SEMs and there was no collinearity between the predictors of
the bird community metrics. For each SEM, there were five socioeconomic variables predicting
the latent variable “power to influence landscape” including median household income, median
house value, percent white residents, percent residents with a college degree, and average lot
size. Then, there were hypothesized pathways including an indirect pathway from power to
influence landscape to canopy cover and then to the bird community metric and a direct pathway
from power to influence landscape to the bird community metric. We used this SEM approach to
untangle the underlying mechanism of the wealth-bird diversity relationship. In addition, we also
controlled for other factors that could influence bird community metrics including distance to

roads, distance to stream, background noise levels, and observers’ bird identification skills.
Results

The SEM outputs indicated that the latent variable power to influence landscape
significantly increases the percent canopy across three bird community metrics, three spatial
scales, and two data sources with an estimate ranging from 0.338 to 0.505 and p values all lower
than 0.01 (Table 2.1; Figure 2.2). This suggests that there was a strong relationship between
wealth/power and canopy cover and that residents with higher socioeconomic status were more

likely to influence canopy cover in their neighborhoods. The SEM outputs also indicated that
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there was a significant direct positive relationship between the power to influence landscape and
the Shannon diversity index across three spatial scales and two data sources of canopy cover
with an estimate ranging from 0.122 to 0.146 and p values all under 0.05 (Table 2.2; Figure 2.2).
This suggests that with more power to influence landscape, there were more diverse and even
bird communities in those neighborhoods. However, we did not identify the indirect pathway
from power to canopy and then to birds because canopy cover was not a significant factor for all
three bird community metrics, which means there were other unmeasured factors contributing to
the relationship between power and bird community metrics.

In addition, we found that background noise level (none, low, moderate, and extreme)
was negatively associated with bird abundance (estimate ranging from -1.352 to -1.274; p values
ranging from 0.029 to 0.058) and bird species richness (estimate ranging from -0.624 to -0.521; p
values ranging from 0.033 to 0.075) but not with Shannon Diversity Index. The observers’ bird
identification skill (beginner, intermediate, advanced, and expert) was positively associated with
bird species richness (estimate ranging from 0.814 to 0.851; p values ranging from 0.001 to
0.002) and the Shannon Diversity Index (estimate ranging from 0.127 to 0.135; p values ranging
from lower than 0.001 to 0.001) but not with bird abundance.

Discussion

Based on the SEM outputs, we found that the power to influence landscape positively
predicted by median household income, median house value, percent white residents, percent
college degree, and average home lot size had a significant positive effect on the Shannon
Diversity Index of the bird communities observed and it was not significant for bird species
richness and bird abundance. In addition, we did not identify the underlying factor (canopy cover

across three spatial scales and two data sources) as the mediating factor of the indirect path from
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power to influence landscape to bird community metrics. Thus, we detected a positive
relationship between wealth (in the form of a latent variable power to influence landscape) and
bird diversity (in the form of a diversity index that accounts for both richness and evenness).
Our finding on the positive effect of power to influence landscape indicated by the
socioeconomic conditions of the residents on the bird diversity index was consistent with over
60% of the luxury effect studies based on a recent review (Kuras. et al., 2020). Previous studies
have suggested that a positive wealth-biodiversity relationship could be due to a variety of
mechanisms including access and high costs, mentioned in 28.6% of the luxury effect studies,
indicating more wealthy residents with more power to influence their surrounding landscapes can
have better access to higher environmental conditions such as being close to a natural area and
having higher canopy cover as well as being able to afford property management that favors
biodiversity such as providing food for wildlife, planting native plants, and landscaping and
design features that are wildlife friendly (Clarke et al., 2013; Avolio et al., 2015). On the other
hand, wealthy and more powerful residents can have more housing choices as to where to
purchase property that may already have pro-biodiversity features, as mentioned in 14.3% of the
luxury effect studies (Melles, 2005; Ackley et al., 2015). The luxury effect has also been
proposed due to top-down decision-making that resulted in uneven investments (street trees
planting, green spaces) across neighborhoods with different demographics and socioeconomic
status, mentioned in 14.3% of the luxury effect studies (Pedlowski et al., 2002; Kinzig et al.,
2005). Associating with wealth, power is another important aspect of the luxury effect as tested
in our study as a latent variable, which was mentioned in 12.2% of the luxury effect studies. It
indicates that wealthier residents with more power to influence landscapes often have better

political connections and community grassroots efforts to advocate for pro-biodiversity actions
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such as planting trees, creating neighborhood parks, establishing conservation areas, and
preventing developments in their neighborhoods (Zivanovic & Luck, 2016). Other mechanisms
proposed in the luxury effect studies include education and preference, garden size (lot size),
homeownership, neighborhood age, exposure to nature, and resident age (Kuras. et al., 2020). All
the above reasons, especially in the context of the residents’ power to influence landscapes,
could explain the positive relationship between power and bird diversity.

The wealth-biodiversity relationship we detected here was only for the Shannon Diversity
Index rather than bird species richness and bird abundance. It’s worth mentioning that luxury
effect studies that only tested species richness may miss the opportunity to detect such a
relationship for a diversity index. In other words, birds that show up in urban and suburban areas
might be resilient to the lower habitat conditions (lower canopy cover, more noise, and
disturbance from humans) and these species can still be detected across the spectrum of wealth
and power of the residents. However, our study suggested that in residential areas with more
wealthy and powerful residents, a combination of species richness and evenness could be higher,
indicating that some species not only occupy such landscapes but can also thrive or at least have
similar abundance as other common species. Some examples might include urban adaptive
species like European Starlings (Sturnus vulgaris) and House Sparrows (Passer domesticus) that
have higher abundance in neighborhoods with less wealthy and powerful residents, which drives
species evenness down. Although the Shannon Diversity Index was not as often tested in the
luxury effect studies, some bird-focused studies have found support that bird diversity is higher
in neighborhoods with higher socioeconomic status (Luck et al., 2013) while others fail to detect
such effect using the diversity index (Howes & Reynolds, 2021). Nonetheless, diversity indices

could provide different perspectives on how the wealth-biodiversity relationship might play out.
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Our SEM approach in the study also tested if spatial scales and data resolution might play
a role in the investigation of the wealth-biodiversity relationship. First of all, from the pathway
from power to influence landscape and percent canopy cover, the effect is consistently strong
regardless of the spatial scales (100 m, 200 m, and 500 m) or data resolution (1 m and 30 m).
This suggests that wealthy and powerful residents can influence their landscape from their
immediate circle to the wider neighborhood, which could have implications for the bird
community. However, we did not identify canopy cover being the mediating factor between the
power to influence landscape and bird diversity index regardless of spatial scales and data
resolution. Our approach of testing multiple scales allowed us to examine at which scale would
canopy cover would be important in driving bird community metrics and the no effect indicates
other factors associated with the power to influence landscapes were at play.

One important socioeconomic factor that we considered in our SEM approach was
percent white residents, which indicates the level of racial majority and minorities in the
neighborhoods. A previous study that examined race and ethnicity and bird diversity in Chicago
found a negative relationship between Hispanic residents and bird diversity, but not for African
American residents (Davis et al., 2012). They suggested that the pattern could be that minority
residents live far from Lake Michigan (biodiversity-rich areas), have lower access to green
space, as well as wealthier white residents, can afford houses in biodiversity-rich areas. In
addition to the housing choice effect, we believe that other factors are playing a crucial role.
Food and nesting resources are crucial components that sustain bird diversity and birdwatchers
often provide bird feeders and nest boxes in their yards. A previous study has shown that 95% of
birdwatchers in the US are non-Hispanic white with only 0.5% of birdwatchers being Black

(Rutter et al., 2021). Such a pattern could contribute to more bird feeders and nest boxes in
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white-dominated neighborhoods in the Triangle of NC, which then correlates with relatively
higher bird diversity. Also, certified wildlife habitat programs from the National Wildlife
Federation and other organizations could also contribute to such a pattern. Those programs
involve residents modifying their yards by adding wildlife-friendly features such as native plants,
feeders, and water features. A study of certified wildlife habitat programs in Orlando, Florida
had a distribution map of where those programs were located (Widows & Drake, 2014) and
compared that map with a residential segregation map drawn in the 1930s (similar to a redlining
map; Nelson et al., 2023) would show that the gap of no to few programs was in the “colored
section” of the segregation map, which suggests lower participation rates in such certification
programs in Black-dominated neighborhoods. Both supplemental food resources and wildlife-
friendly certification programs can be associated with the power of the residents to influence
their landscape, which could explain the pattern we observed here.

We also found background noise level and self-identified bird identification skills are
significant drivers of bird community metrics. The background noise level was negatively
associated with bird abundance and bird species richness but not with the Shannon diversity
index. Noise is known to negatively affect the detection of birds when doing a bird count,
especially when detecting certain species that rely on vocalizations (Pacifici et al., 2008). Bird
abundance is also known to be lower near roads or there can be complete avoidance of roads for
some bird species due to traffic noise (McClure et al., 2013). Both mechanisms could be
contributing to the significant negative associations between noise and bird abundance and bird
species richness in our study because of the lower detection of bird species that relied on
vocalization to detect and complete avoidance of road-sensitive species. Another factor that

significantly affects bird species richness and diversity index is bird identification skill with a
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consistent positive association for bird species richness and diversity index but not with bird
abundance (Figure 2.2). We expected that bird 1D skill would be a significant factor for bird
community measures because higher bird ID skill means observers are more likely to detect
different species, especially for species that are more challenging to identify. Thus, we included
the factor bird 1D skill to control for its effect in the models.

While we tried to control for confounding factors of the bird community metrics, there
were still several limitations of our study including (1) the sampling points in our analysis were
relatively unevenly distributed because not all sampling points were surveyed from our citizen
science project, Triangle Bird Count, despite our randomly generated sampling points; (2) the
underlying factor we examined lacked on the ground measurements such forest vertical structure,
presence of bird feeders, presence of lawns, the use of pesticides. Even though the sampling
points that we had data for were a subset of the total sampling points available (32%), those
points were still surveyed across all cities in our study area and did cover a wide range of median
household income and median house value. We could not account for the limitation of the lack
of on-the-ground measurements for alternative explanations for the wealth/power-biodiversity
relationship due to the nature of a citizen science project. However, future studies can send
questionnaires to residents to obtain such information on how people manage their front and
back yards.

While our study shed light on that residents’ power to influence landscape can drive bird
diversity patterns independent of canopy cover measures across three spatial scales, researchers
can use an alternative framework to understand the wealth/power-biodiversity relationship that
provides more conservation and policy implications. Kamakura et al (in review) proposed a

POSE framework with POSE representing power, objective, socioecological context, and effort
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of an agent. An agent can be residents, the government, nonprofits, or other organizations. The
agent’s power to influence the landscape, the agent’s objective of whether to increase, decrease,
or maintain biodiversity, the context of local biophysical conditions and the influence of other
actors, as well as how much effort the agents put to achieve their objectives can all be quantified
in this alternative framework. The main idea is that the framework would allow researchers to
dig deeper into how it gets to where they observe the current biodiversity pattern by looking at

an agent that is involved in influencing local biodiversity and the actions that lead to the pattern.
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CHAPTER 3

Abstract

Residential segregation’s legacy effect still persists today in many US cities that used to
employ redlining policies by the Home Owner Loan Cooperation (HOLC) in the 1930s.
Neighborhoods were categorized into different grades from A, B, C, to D representing best, still
desirable, definitely declining, to hazardous neighborhoods. Here, we examined the ecological
legacy effects of redlining on modern tree canopy cover, impervious surfaces, urban heat island
effects at the HOLC zone level, and the legacy effects of redlining on bird species richness and
abundance at the urban parks level across HOLC zones in Durham, NC, USA. For the data at the
urban parks level, we randomly generated sampling points for avian point counts (n = 38) in
urban parks located in HOLC zones and nearby nature preserves with three repeat visits to each
sampling point roughly a week apart in June 2022 during the breeding season and between
December 2022 and February 2023 during the non-breeding season. We found some evidence
for environmental differences across the HOLC zones with C and D zones having on average
26.20% and 36.90% lower tree canopy cover, 11.17% and 13.02% higher impervious surface
cover, and 0.96% and 1.66% higher morning temperature (6-7 AM) than A zone. At the urban
park level, we unexpectedly found no difference between the bird community’s species richness
and abundance for all species considered, native species only, seasonal species only, or year-
round species only. However, our species-specific models suggested that European Starlings
(Sturnus vulgaris) showed higher abundance in C/D zone parks than in A/B zone parks. Our bird
community composition analysis results also highlighted that bird community composition is
significantly different between A/B zone parks and C/D zone parks during the breeding season

with ground foraging species such as European Starlings (Sturnus vulgaris) and Brown
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Thrashers (Toxostoma rufum) strongly associating with C/D zone parks. Although there is some
evidence for the legacy effects of redlining on urban landscapes (particularly canopy cover) at
the HOLC zone level, the bird community measures (species richness and abundance) at the
urban parks level did not significantly differ except for a few species showed a difference from
species-specific models and bird community composition analysis. Our results could indicate
that the ecological legacy effect on bird communities may not be universal across all redlined

cities in the U.S. and bird community composition could be shifted due to redlining.

Keywords: redlining, legacy effects, urban parks, bird diversity, bird abundance
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Introduction

Almost a century ago, the Home Owner’s Loan Corporation (HOLC hereafter) was
established in 1933 under the Roosevelt administration in the United States to advance the real
estate market. The HOLC created color-coded maps to determine housing loans that are not only
based on housing and financial information but also use demographic information such as race,
ethnicity, and immigration status. This practice is also known as redlining, a discriminatory
housing loan policy that contributed to the uneven investments in different neighborhoods across
the US. Most redlining maps or HOLC classifications use four colors to differentiate the
financial risk of housing loans. The highest grade A, outlined in green, is classified as “Best” for
the highest financial security level and it’s often white-dominated neighborhoods with affluent
residents. The second-highest grade B, outlined in blue, is classified as “Still Desirable”. Grade
C, outlined in yellow, is classified as “Declining” and Grade D, outlined in red, is classified as
“Hazardous” with the highest concentration of minority and low-income residents. Across the
US, more than 200 cities were redlined by the HOLC (Nelson et al., 2023), and many other cities
went through racial segregation without the formal redlining policy. Despite the passing of the
Fair Housing Act of 1968, many US cities remain segregated, and previously redlined and
yellow-lined neighborhoods still have higher social vulnerability index today, indicating the
inequality of accessing resources (Nelson & Ayers, 2023).

Racial segregation has long-lasting consequences on the environmental conditions today.
Redlining has been shown to influence current-day vegetation cover distribution with one study
(not including Durham) indicating that redlined (D-graded) neighborhoods have an average of
23% canopy cover versus 43% in A-graded neighborhoods (Locke et al., 2021) and other studies

also suggesting lower canopy cover in redlined zones (Conzelmann et al., 2022; Nowak et al.,
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2022; including Durham). A study that examined present-day NDVI values (normalized
difference vegetation index; an indicator of vegetation density) across HOLC zones in 102 urban
areas (not including Durham) in the US found lower-graded zones have lower values, an
indication of lower overall greenness (Nardone et al., 2021; annual average = 0.47 in A vs 0.36
in D). Lower-graded neighborhoods with lower tree density or overall greenness would suffer
from lower ecosystem services provided by trees and other vegetation such as reducing urban
heat island effects, removing air pollutants, and carbon sequestration (Locke et al., 2021; Nowak
et al., 2022). Multiple factors could contribute to the uneven distribution of tree canopy including
having a lower baseline of trees due to HOLC classification, the “luxury effect” where redlined
residents have fewer resources for tree plantings in their yards, or the lack of political
involvement from low-income residents that could advocate for tree plantings in their
neighborhoods (Locke et al., 2021).

In addition to canopy cover, the impervious surface, an indication of urban development,
factories, and industry use, increased from grade A to grade D based on a study that examined
more than 200 redlined cities in the US including Durham (Nowak et al., 2022). Lower-graded
neighborhoods that were given the C or D grade are not only because of the higher racial
minority residents but also because of the worse environmental conditions such as being close to
waste facilities and factories. The historically uneven distribution of impervious surfaces can be
exacerbated by the continuing developments in C/D neighborhoods. These increased
developments can be associated with higher noise pollution with one study in California
suggesting higher noise levels in lower-graded neighborhoods than in non-redlined
neighborhoods (Estien et al., 2024). Another key metric of the urban landscape driven by tree

canopy and impervious surface is the urban heat island effects. Based on a study of 108 urban
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areas in the US (including Durham), most urban areas showed that the redlined neighborhoods
had a higher land surface temperature than non-redlined neighborhoods by as high as 7 degrees
Celsius with a more profound difference in the Southeast and Western cities (Hoffman et al.,
2020). Estien et al (2024) also found higher temperatures in redlined neighborhoods in eight
California cities. Besides the average or overall climatic differences, one study based in
Richmond, VA found that the hottest area or extreme heat events are often found in redlined
areas of the city (Saverino et al., 2021). Some of the contributing factors to the climatic
differences across HOLC zones include darker roofs, lower mature tree canopy, and the lack of
street trees in redlined areas (Schinasi et al., 2022).

With more research highlighting the inequality of current-day tree canopy distribution
across HOLC zones in the US, the government and non-profit organizations have been making
efforts in the recent decade to offset the current-day differences in tree canopy due to redlining
(Purtell, 2021; Shea, 2021). However, there are several challenges for organizations to
implement tree planting in redlined neighborhoods. First, there could be a lack of physical space
for tree plantings to happen (Riedman et al., 2022). Redlined neighborhoods tend to have
narrower roads and there is often a lack of strips between streets and sidewalks or sometimes no
sidewalks at all (Field, 2020). The individual home lots also tend to be smaller, and residents
would prioritize paving their space for parking (Field, 2020). These physical characteristics of
the neighborhoods make it more difficult for organizations to locate space for tree plantings.
Second, residents from redlined neighborhoods have safety and cost concerns over tree plantings
on their property due to the potential fallen trees from storms and the cost of maintaining the
trees such as watering (Field, 2022; Riedman et al., 2022). Third, redlined residents tend to be

renters rather than homeowners with less motivation to promote tree plantings if they are only
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staying for a limited time or they need to ask for permission from the landlord (Perkins et al.,
2004; Field, 2020). Fourth, there is a lack of neighborhood associations and community groups
in redlined neighborhoods, making it more challenging for the government and nonprofits to
collaborate with the residents there (Field, 2020). Lastly, the system of tree plantings or tree
replacements is not built to compensate for the canopy differences. For example, the planting
per-request approach in some cities would favor high and middle-income residents because they
are more likely to request tree planting than low-income residents (Field, 2020). Similarly, tree
replacement programs for dead trees in some cities would also favor higher-graded
neighborhoods given that they have a higher base level of trees to replace from (Field, 2020). All
the above reasons make the offsetting of tree canopy differences more challenging to implement
and likely contribute to the ecological legacy effects that we observe today.

The disparity in the environmental conditions across HOLC zones can potentially impact
current-day urban wildlife communities. A recent review paper by Schell et al (2020) shed light
on the ecological patterns and processes such as biodiversity in urban systems that are driven
beyond wealth through structural racism (e.g. residential segregation). One study by Wood et al
(2023) from Los Angeles investigated this question by comparing bird abundance across higher-
graded and lower-graded neighborhoods and found a higher abundance of forest birds in the A/B
zones (white-dominant affluent residents) and a higher abundance of urban-adaptive or
synanthropic birds in the C/D zones (Hispanic/Latino-dominated low-income residents). They
also found patterns for species richness, although not as strong as the abundance pattern, that
natural land bird species richness (forest and shrub birds) was higher in the A/B zone than in the
C/D zone. This study has implications that the minority residents in the redlining areas of LA,

and possibly in other redlined cities, would have inequitable experiences of observing birds and
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other wildlife compared to white affluent residents in higher-graded neighborhoods. Another
possible redlining effect via the evolutionary process proposed by Schell et al (2020) was lower
gene flow and genetic diversity due to higher impervious surfaces hindering the movement of
wildlife in redlined areas. Schmidt and Garroway (2022) tested this hypothesis by analyzing
open genetic data from terrestrial species (amphibian, reptile, bird, mammal) in 268 redlined
areas across the US and they confirmed that there is a consistent pattern of lower genetic
diversity and connectivity in lower-graded neighborhoods. Both studies would then imply that
wildlife that already has a lower abundance in the redlined area (Wood et al., 2023) would be
also having difficulties persisting to sustain their population due to lower genetic diversity
(Schmidt and Garroway, 2022).

As Schell et al suggested there is a greater need for more research in understanding how
systemic racism influences ecological patterns and processes, specifically, our study aims to
improve the understanding of how historical redlining affects current-day wildlife communities
(birds in particular). This study alongside other redlining research will advance the field of urban
ecology by understanding the drivers of urban wildlife communities and linking social justice
and environmental justice into urban wildlife conservation. Since most studies that examined the
redlining effect on animal communities were in the western US and focused on larger cities,
there is a knowledge gap on redlining effects in the eastern US (different climate) and smaller
cities. An arid versus humid climate could mean water availability may play a more important
role in arid cities than in humid cities, which has implications for maintaining vegetation that
birds rely on. The size of a city could also determine the regional species pool and the size of the
HOLC zones, which can influence the potential perceived variations in bird species richness. Our

study provided a new perspective examining the redlining effects on urban bird communities in a
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more humid climate and smaller city, Durham, North Carolina. (1) Our first objective is to
examine the redlining effect on tree canopy cover, impervious surfaces, and urban heat island
effects at the HOLC zone level. (2) Our second objective is to examine the redlining effect on
bird community measures including species richness and abundance at the urban parks level. (3)
Our third objective is to examine species-specific responses to redlining with the goal of
identifying which species’ abundance was influenced by redlining at the urban parks level. (4)
Our fourth objective is to examine how redlining might influence bird community composition
by comparing dissimilarity in species composition.

Methods

Study area

The study area is within the city of Durham, as well as adjacent nature preserves in
northern Orange County, North Carolina, USA. We selected a total of 13 urban parks as study
locations within the HOLC zones in Durham. The reason that we used urban parks rather than
neighborhoods to collect bird data was that the parks were more accessible than the
neighborhoods (no street parking or limited hours parking in some neighborhoods). But more
importantly, urban parks are a key part of the historical residential segregation policy in the
1930s. At the time of the redlining policy, the government also segregated park access between
White-only and Black-only access and many parks that were segregated were part of this study
(Cooper et al., 2016). Urban parks managed by the government can represent well the potential
effects of redlining from a top-down perspective rather than a bottom-up perspective from
residents. The parks selected for A/B zones include Forest Hills Park, Orchard Park, Duke Park,
Trinity Park, Oval Drive Park, and Indian Trail Park. The parks selected for C/D zones include

Wrightwood Park, Lyon Park, Hillside Park, Long Meadow Park, East End Park, Walltown Park,
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and Crest Street Park. Other parks that are within the HOLC zones were not selected due to
inaccessibility, small size, or parks being primarily children's playgrounds. The rural sites
include two nature preserves nearby. They are Brumley Forest Nature Preserve (North and South
sections) and Johnston Mill Nature Preserve. The study locations at these preserves provide an
urban-rural comparison and it was only analyzed for the bird community level outcome (species
richness and abundance) and not at the species-specific level modeling. During the breeding
season, Brumley North and Brumley South were the rural sites. During the non-breeding season,
Brumley North and Johnston Mill were rural sites. The change for one of the preserves was due
to Brumley South closing in Jan 2023.
Sampling design

The bird survey sampling points were randomly generated in ArcGIS Pro by creating
random points within the selected urban parks and nature preserves. A minimum distance of 100
meters between two points within a park was ensured when creating points. The number of
random points was determined by the park size. If a park is smaller than 5 acres, only one survey
point was selected. If a park is between 5 and 20 acres, two survey points were selected.
Similarly, three survey points were selected for parks between 20 and 35 acres and four survey
points were selected for parks between 35 and 50 acres. A total of thirty-eight points were
created with twelve points in the A/B zones, fourteen points in the C/D zones, and twelve points
in the rural sites (Figure 3.1 & S1 Figure in Appendix C). After the initial creation of the random
points, a total of eight points were moved due to inaccessibility with seven points slightly moved
to the closest accessible point (about 15-60 m away) and 1 point moved about 150 m away due to

it being near highway 1-85.
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There are two sampling seasons for this project. The first author (JB) collected bird data
from June 6 to June 21, 2022, for the breeding season and then collected bird data from
December 13, 2022, to February 4, 2023, for the non-breeding season. These two seasons were
selected because forest birds are not migrating or moving as much as in the migration seasons
(March to May for spring migration and August to November for fall migration in North
Carolina). This window better represents the “closed” status of the bird population and allows a
more accurate comparison of the redlining effect. For each sampling point, JB throughout the
study made 3 repeat visits to conduct bird surveys. JB counted birds from both seen and heard
within a 40 m radius excluding flyover birds above the tree canopy. The repeat visits are to
create a hierarchal dataset, which allows it to be used for N-mixture modeling (more details in
the data analysis section). For each visit at each sampling point, temperature, cloudy conditions,
wind conditions, noise conditions at the time of the observation as well as 360-degree photos
were recorded. Bird data was entered into the eBird mobile app and was later compiled at the
park level using the “trip report” function.

Study species

All bird species encountered during the bird survey were recorded with the majority
being common forest bird species in central North Carolina. For objective 2 (bird community
level effect), additional subgroups were considered besides the total bird species. Native bird
groups exclude non-native species such as European Starlings (Sturnus vulgaris), House
Sparrows (Passer domesticus), and Rock Pigeons (Columba livia). The seasonal bird group
includes bird species that can be observed in central North Carolina only during certain months
of the year. Examples include Great Crested Flycatchers (Myiarchus crinitus) and White-eyed

Vireos (Vireo griseus) for the breeding season and Hermit Thrushes (Catharus guttatus) and
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White-throated Sparrows (Zonotrichia albicollis) for the non-breeding season. The year-round
bird group includes bird species that can be commonly observed in central North Carolina
throughout the year. Examples include Blue Jays (Cyanocitta cristata), Eastern Towhees (Pipilo
erythrophthalmus), Red-bellied Woodpeckers (Melanerpes carolinus), and Northern Cardinals
(Cardinalis cardinalis). For objective 3 (species-specific response), a total of twenty-one species
were selected for the breeding season and a total of nineteen species were selected for the non-
breeding season. The selection is based on sufficient data as well as choosing diverse species
from different foraging guilds to run N-mixture models (foraging guild classification based on
Gonzalez-Salazar et al., 2014). Fifteen species were included in both seasons. Six species were
included only in the breeding season and four species were included only in the non-breeding
season. The list of selected species has a diverse range of foraging guilds including insectivore,
granivore, and omnivore species. For a complete list of species included for Objective 3 analysis
and their foraging guilds, see Table 3.1.
Data sources

For the spatial data of the HOLC zones, we used the redlining polygon data from the
mapping inequality project at the University of Richmond (Nelson et al., 2023). The polygon
data was created based on the original scan of the redlining map of Durham. For extracting forest
canopy cover at the study sites, we used the NC Forest Land Cover 2016 data from NC One Map
(NC One Map, 2016). This raster data was based on the National Agriculture Imagery Program’s
2016 imagery of North Carolina’s forest. We chose this data source over the National Land
Cover Database because it has a one-meter pixel resolution that is more accurate in a small-scale
study. If we were to use the 30 by 30 m resolution National Land Cover Database for tree canopy

data, there would be more inaccurately calculated forest cover within the HOLC zones in
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Durham. To demonstrate this, as shown in S2 Figure in Appendix C, we used Long Meadow
Park as an example to compare the correctness of capturing tree canopy cover. The 2016 NC
Forest Land Cover data still matches very well with the 2022 satellite image that showed where
tree canopies were located. The 2021 National Land Cover Database data had some errors when
matching with the 2022 satellite image and it can cause miscalculations when a buffer runs
through a 30 by 30 m cell and the value it extracts would include canopy outside the buffer. We
used the county boundary polygon data from the North Carolina Department of Transportation to
extract a subset of the forest cover data for Durham and Orange County (NC One Map, 2023).
To investigate the effects of redlining on urban heat-island effects, we used the temperature data
from the Urban Heat Island Temperature Mapping Campaign for Raleigh and Durham (North
Carolina State Climate Office, 2021). The data was collected on July 23, 2021, by scientists and
community volunteers and the data generated high-resolution air temperature and heat index
raster maps in Durham. The raster data includes temperature and heat index over three time
periods throughout the day (6-7 am, 3-4 pm, and 7-8 pm). For the impervious surface data, we
combined two data sources from Durham Open Data, and they are the impervious surface
polygon layer (which doesn’t include roads) and the roads polygon layer (City and County of
Durham, 2022; City and County of Durham, 2023). Lastly, we used stream polygon layers from
Durham Open Data and Orange County Open Data to examine the roles of proximity to streams
on the bird community (City and County of Durham, 2023; Orange County NC, 2023).
Data processing procedures

Objective 1 (HOLC zone level): To examine how redlining affects tree canopy cover,
impervious surface, and urban heat island effects at the HOLC zone level, we created a 100 by

100 m grid using the “Create Fishnet” geoprocessing tool in ArcGIS Pro, which resulted in a
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total of 2231 grid cells. We then used the “Zonal Statistics as Table” and “Summarize Within”
geoprocessing tools in ArcGIS Pro to extract the percentage of tree canopy cover, impervious
surface, and urban heat island effect measurements (temperature and heat index in three times of
day).

Obijectives 2 and 3 (urban park level): To extract ecological covariates from each avian
sampling point in A/B zone parks, C/D zone parks, and rural sites, we created a buffer of 100 m
around each sampling point. The use of 100 m is to be consistent with the protocol of at least 100
m apart from each sampling point so that the buffers reduce overlaps. We used the “Zonal
Statistics as Table” and “Summarize Within” geoprocessing tools in ArcGIS Pro to calculate the
percentage of tree canopy cover, impervious surfaces, and urban heat island (UHI) effect
measurements. The UHI effect measurements were only in the urban park sites as the original
data did not cover the rural sites. For stream measurements, we used the “Near” geoprocessing
tool in ArcGIS Pro to calculate the distance from sampling points to the nearest stream. The
ecological covariates were spatially matched with the bird data.

Vertical habitat diversity index (objective 2): another covariate was aimed at quantifying
the diversity of vertical habitats based on the 360-degree photos taken at each sampling point.
The first author (JB) displayed the 360-degree photo in a VR (Meta Quest 2) and JB selected a
reference point such as a building, a bench, a particular tree, or other landmarks. Based on the
reference point, JB turned a 90-degree angle and evaluated the 90-degree sector area (a sector
with a radius of 40 m). JB divided the 90-degree sector area into 3 smaller sectors of the same
size (a 30-degree sector) and examined the presence of a vertical habitat layer in each 30-degree
sector. There are 5 types of vertical habitat layers determined by the height of the vegetation. The

natural ground layer has a height range of 0-0.15 m and it includes fallen tree limbs, small
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herbaceous plants, mushrooms, mosses, small tree seedlings, dead leaves, and soil. The
herbaceous layer has a height range of 0.15-1 m and it includes herbaceous plants, dwarf shrubs,
young shrubs, and tree seedlings. The shrub layer has a height range of 1-5 m and it includes
mostly woody vegetation such as bushes/shrubs and young trees. The midstory layer has a height
range from 5 m to canopy height and it includes trees above the shrub layer and below the
canopy layer. The canopy layer is the highest layer of vegetation (up to about 45 m) and is made
up of the crowns of its tallest trees. After examining the 3 smaller sectors, JB turned 90 degrees
again and repeated the procedure for the rest of the circle. For each sampling point, there are a
total of 12 sectors. If a certain layer is present in all 12 sectors, it would be categorized as 100%
cover. If a certain layer is present in 6 of the 12 sectors, it would be categorized as 50% cover.
The Vertical Habitat Diversity Index (VHDI) is calculated as a Shannon Diversity Index of the 5
layers. Each layer is treated as a “species” and the number of presences among the 12 sectors is
the “abundance” of the layer. A higher index indicates more abundant and even coverage for all
vertical layers. The VHDI is used in Objectives 2 and 3.
Data analysis

Objective 1 (HOLC zone level): ANOVA and Tukey HSD tests were used in R (version
4.3.2) to examine the effects of redlining on tree canopy cover, impervious surface, and urban
heat island measurements at the HOLC zone level. Objective 2 (urban parks level): A total of
eight outcome variables at the bird community level were considered including overall species
richness (the total number of bird species at each visit at each avian sampling point), native bird
species richness (a subset of native species only), seasonal bird species richness (a subset of
seasonal birds only), year-round bird species richness (a subset of year-round birds only), overall

bird abundance (the total number of bird individuals across all species at each visit at each avian
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sampling point), native bird species abundance, seasonal bird species abundance, and year-round
bird species abundance. For each outcome variable, model selections of generalized linear
mixed-effect models with Poisson distribution (from the “lme4” package) were conducted in R
(version 4.3.2). The random effect was the site ID, which is the unique ID for each avian
sampling point, to control for other unknown variations associated with each sampling point. A
total of five predictor variables were considered including HOLC class (A/B zone, C/D zone,
rural), percent canopy cover, percent impervious surface, distance to the nearest stream, and
vertical habitat diversity index. All continuous covariates for Objective 2 were extracted for each
avian sampling point (100 m buffer) in urban parks and the environmental measurements from
Obijective 1 were only used for Objective 1. The reason that urban heat island effect
measurements were not considered here is that temperature and heat index are highly correlated
with tree canopy cover (the same goes for Objective 3). All continuous covariates for Objective 2
were centered and scaled before the analysis. Models with the lowest AIC value and models’
AAIC < 2 were considered the best-fit models.

Obijective 3 (urban parks level): N-mixture models were run in R (version 4.3.2) using the
package “unmarked”. For each study species (21 species for the breeding season and 19 species
for the non-breeding season), the data analysis procedure is as follows. First, a comparison of
AIC values between intercept-only models with Poisson, Negative Binomial, and Zero-inflated
Poisson was conducted to ensure the use of the most appropriate distribution of the bird count
data. Next, model selections of N-mixture models with only detection covariates were conducted
to choose the appropriate detection covariate for the next step of the analysis. All continuous
covariates for Objective 3 were centered and scaled before the analysis. Models with the lowest

AIC value and models’ AAIC <2 were considered the best-fit models. Detection covariates with
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consistent significance across all best-fit models were used in the next step (or intercept only was
used for the detection process if no covariate was selected). If all detection covariates were
selected, the full model would be as follows where Cij is the observed number of individuals of
the study species at site i and survey visit j, Njis the local abundance of the study species at site i,
pij IS the visit and site-specific detection probability, ao is the intercept and the logit-scale
estimate of detection probability, tempjj, weather;;, windjj, noisejj, are the detection covariates for

temperature, cloud condition, wind level, and noise level at site i and survey visit .

CijIN; ~ Binomial (N;,p;;)

logit(pij) = ag + a; xtemp;; + a, * weather;j + az * wind;; + a4 * noise;;

Next, model selections of N-mixture models with different combinations of site
covariates were conducted. All continuous covariates for Objective 3 were centered and scaled
before the analysis. If all site covariates were selected, the full model would be as follows where
Ni is the local abundance at site i, o is the intercept, HOLC;, urban; canopy;, stream;, and VHDI;
are the covariates at each site representing HOLC class (A/B zone parks, C/D zone parks),
percent canopy cover, percent impervious surface, distance to the nearest stream, and VHDI

(vertical habitat diversity index), respectively.

N; ~ Poisson (4;)
log(A;)) = By + By * HOLC; + B, * urban; + B3 * canopy; + B, * stream;

+ ,85 * VHDIl

Models with the lowest AIC value and models” AAIC < 2 were considered the best-fit
models. Only site covariates that were consistently chosen by the best-fit models as well as

consistent significance were interpreted and visualized in the results and discussion. When we
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identified the best-fit model using “pcount” from the “unmarked” package, we created plots that
showed the parameter estimates from the best-fit models with thicker lines indicating 50%
confidence intervals and thinner lines indicating 95% confidence intervals of the parameter
estimates.

In addition to the data analysis, here are the rationales for not including rural sites in
Obijective 3. First, the abundance comparison between urban and rural sites is not the focus of
our study. The main goal of Objective 3 is to examine the redlining effect on specific species’
abundance. Also, the abundance estimates from N-mixture models with rural sites included were
unrealistic to the natural bird population level (e.g. abundance estimates in millions at some
sites) possibly due to the contrasting detection probabilities and habitat conditions between urban
and rural sites.

Obijective 4 (urban parks level): to understand how redlining might influence bird
community composition, we used Non-metric Multi-dimensional Scaling (NMDS) to condense
multiple species’ abundance into a 2-dimensional visualization of species composition. In
NMDS, closer points have similar species composition. We used the “vegan” package (version
2.6-4) in R to run NMDS. We then used The Analysis of Similarity (ANOSIM) test from the
“vegan” package (version 2.6-4) in R to examine if species composition is statistically different
based on the HOLC classification. To examine which species are found statistically more
abundantly in one group than the other, we perform an Indicator Species Analysis from the
“indicspecies” package (version 1.7.14) in R.

Results

Objective 1 (HOLC zone level): Results from ANOVA and Tukey HSD tests showed that

tree canopy cover significantly decreased from A to D zone across all pair comparisons except
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the comparison between A and B zone (Figure 3.2; B-A: -0.036, p = 0.534; C-A: -0.126, p <
0.001; D-A: -0.177, p < 0.001; C-B: -0.090, p = 0.001; D-B: -0.141, p <0.001; D-C: -0.051, p <
0.001). The comparison abbreviations B-A, C-A, D-A, C-B, D-B, and D-C represent the
difference between A& B,A& C,A&D,B & C,B & D, and C & D, respectively (positive
results indicate the zone before the dash is higher than the zone after the dash and vice versa). On
average, the percentage of canopy cover in B, C, and D was 7.49%, 26.2%, and 36.90% lower
than in A, respectively. For impervious surface, the ANOVA and Tukey HSD test results showed
that there was higher impervious surface cover in C and D zones than in A zone (Figure 3.2; B-
A:0.022, p = 0.843; C-A: 0.043, p = 0.040; D-A: 0.050, p = 0.015; C-B: 0.021, p = 0.811; D-B:
0.028, p = 0.643; D-C: 0.007, p = 0.892). On average, the percentage of impervious surfaces in
B, C, and D was 5.76%, 11.17%, and 13.02% higher than in A, respectively. For urban heat
island/climatic variables, only morning temperature (6-7 AM) showed significant comparisons
across all pairs indicating temperature significantly increased from A to D zone (Figure 3.2; B-
A:0.379, p<0.001; C-A: 0.641, p <0.001; D-A: 1.105, p < 0.001; C-B: 0.262, p = 0.006; D-B:
0.726, p <0.001; D-C: 0.464, p < 0.001). On average, the 6-7 AM temperature in B, C, and D
was 0.57%, 0.96%, and 1.66% higher than in A, respectively. The average difference between A
and D was 0.614 °C (1.106 °F). In addition to the environmental differences at the HOLC zone
level, we also compared those differences at the urban park level where avian sampling points
took place (100 m buffer). ANOVA and Tukey HSD test results for canopy cover at the urban
park level showed that the percentage of tree canopy cover is significantly lower in C/D zone
parks than in A/B zone parks (S3 Figure in Appendix C; CD-AB: -0.167, p = 0.008; Rural-AB:
0.293, p <0.001; Rural-CD: 0.459, p <0.001). On average, the percentage of tree canopy cover

in C/D zone parks was 31.55% lower than in A/B zone parks and 55.97% lower than the rural
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sites. However, the percentage of impervious surface at the urban park level did not significantly
differ between A/B and C/D zone parks (S3 Figure in Appendix C; CD-AB: <0.001, p = 1.000;
Rural-AB: -0.265, p <0.001; Rural-CD: -0.265, p < 0.001).

Obijective 2 (urban parks level): For each outcome variable, four for species richness (SR)
and four for abundance (Ab), only consistent significant effects from the best-fit models (AAIC <
2) were reported here. The linear mixed effect models showed that there was no significant
difference between A/B zone parks and C/D zone parks in all eight outcomes’ models in both
breeding and non-breeding seasons (Tables 3.2-3.3; S1-S2 Tables in Appendix C; Figure 3.3).
For the rural site, however, there was significantly higher total and seasonal species richness and
total and seasonal species abundance in the rural site than in the A/B zone parks during the
breeding season (Table 3.2; S4 Figure in Appendix C; Toal SR: estimate =0.273, p =0.013;
Seasonal SR: estimate = 0.757, p < 0.001; Toal Ab: estimate = 0.409, p = 0.007; Seasonal Ab:
estimate = 0.611, p = 0.003) and there was significantly lower species richness and abundance in
the rural site than in the A/B zone parks for all eight outcome variables except seasonal SR
during the non-breeding season (Table 3.3; Total SR: estimate = -0.547, p = 0.002; Native SR:
estimate = -0.618, p = 0.001; Year-round SR: estimate = -0.569, p = 0.001; Total Ab: estimate =
-0.733, p = 0.007; Native Ab: estimate = -0.859, p = 0.001; Season Ab: estimate = -2.353, p <
0.001; Year-round Ab: estimate = -0.676, p = 0.001). Tree canopy cover showed significant
negative effects for two species richness measures and three abundance measures only during the
breeding season (Table 3.2; S5 Figure in Appendix C; Total SR: estimate = -0.147, p = 0.011;
Year-round SR: estimate = -0.157, p < 0.001; Total Ab: estimate =-0.347, p <0.001; Native Ab:
estimate = -0.236, p < 0.001; Year-round Ab: estimate = -0.370, p < 0.001). The impervious

surface cover showed significant negative effects for three species richness measures and one
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abundance measure during the non-breeding season only (Table 3.3; S6 Figure in Appendix C;
Total SR: estimate =-0.187, p = 0.017; Native SR: estimate = -0.243, p = 0.003; Year-round
SR: estimate = -0.246, p = 0.001; Year-round Ab: estimate = -0.248, p = 0.006). Distance to the
nearest stream and vertical habitat diversity index didn’t show any significant effects on any
outcome variables.

Obijective 3 (urban parks level): A total of twenty-five species were analyzed using N-
mixture modeling during either the breeding season, non-breeding season, or both seasons (S3
Table in Appendix C). Only consistent significant effects from the best-fit models (AAIC < 2)
were reported here. The N-mixture models showed that EUST had increased abundance in the
C/D zone parks than in the A/B zone parks, indicating a positive redlining effect during the
breeding season (Figure 3.4 & S12 Table in Appendix C; estimate = 3.020, p = 0.001) and non-
breeding season (Figure 3.4 & S13 Table in Appendix C; estimate = 3.160, p = 0.012). Tree
canopy cover was a significant variable for three study species with two negative and one
positive effect during the breeding season (S12 Table & S7 Figure in Appendix C; NOMO:
estimate = -1.220, p < 0.001; EUST: -1.610, p = 0.020; CARW: estimate = 0.360, p = 0.028).
The impervious surface cover showed significant effects for three study species with two
positive and one negative effect during the breeding season (S12 Table & S7 Figure in Appendix
C; BLJA: estimate = 0.728, p = 0.003; HOSP: estimate = 2.180, p < 0.001; TUTI: estimate = -
0.868, p < 0.001). The distance to the nearest stream did not show any significant effects. VHDI
was a significant variable for two study species with one negative effect during the breeding
season (HOSP: estimate = -1.600, p <0.001) and one positive effect during the non-breeding

season (WTSP: estimate = 0.888, p = 0.001).
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Obijective 4 (urban park level): the ANOSIM tests and NMDS plots suggested that bird
community composition was statistically dissimilar between sampling points in A/B zone parks
and C/D zone parks during the breeding season (Figure 3.5; ANOSIM - R =0.119; p < 0.001),
but not during the non-breeding season (Figure 3.5; ANOSIM - R = 0.006; p = 0.320). The
Indicator Species Analysis showed that, during the breeding season, CHSP (Chipping Sparrow;
Spizella passerina) was strongly associated with A/B zone parks (stat = 0.225, p = 0.041)
whereas six species were strongly associated with C/D zone parks including EUST (stat = 0.354,
p <0.001), BRTH (Brown Thrasher, Toxostoma rufum; stat = 0.311, p = 0.002), COGR
(Common Grackle, Quiscalus quiscula; stat = 0.311, p = 0.002), GRCA (stat = 0.284, p = 0.014),
NOMO (stat = 0.275, p = 0.014), and BLJA (stat = 0.256, p = 0.020).

Discussion

Overall, our study detected some evidence of environmental legacy effects of redlining in
Durham at the HOLC zone level in terms of lower tree canopy cover, higher impervious
surfaces, and higher temperatures and heat index in lower-graded zones (C, D zones) than in
higher-graded zones (A, B zones). In particular, the average difference between D and A zones
in canopy cover is stronger (36.90% lower than A) than impervious surfaces (13.02% lower than
A), and temperature (1.66% lower than A). While the temperature difference may not be
biologically significant for the urban bird community, the difference in canopy cover and
impervious surface could be biologically significant for urban-sensitive birds. On the other hand,
at the urban park level across HOLC zones, redlining did not contribute to significant differences
for the bird community, indicating similar species richness and abundance between A/B zone
parks and C/D zone parks. For species-specific models on abundance, among the twenty-five

study species, only one non-native species showed significant differences in their abundance
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where EUST showed higher abundance in C/D zone parks than in A/B zone parks. A few study
species also responded significantly to canopy cover differences at the urban park level with only
a positive effect on CARW and negative effects on EUST and NOMO. Although there was not a
direct redlining effect on these species (except EUST), the reduced canopy cover in C/D zone
parks could shift the bird community to species that favor open habitats and fewer trees. Our
NMDS analysis also indicated that bird community composition was significantly different
between A/B zone parks and C/D zone parks during the breeding season. Ground foraging
species such as EUST, BRTH, COGR, GRCA, NOMO, and BLJA were indicator species of C/D
zone parks whereas ground to undergrowth gleaner, CHSP was the only indicator species of A/B
zone parks. Even though the NMDS analysis did not account for detection probability like N-
mixture modeling, the results confirmed the findings on EUST and further suggested redlining
could influence community composition.

The significant effect of redlining on canopy cover was consistent with previous research
(Locke et al., 2021; Conzelmann et al., 2022; Nowak et al., 2022). Nowak et al (2022) found that
canopy cover was 20-39.9% lower in D zones than in A zones in Durham, which is similar to
what we found here (36.9% lower). One important historical context in the case of redlining in
Durham was the tree-planting efforts in the 1930s. In 1937, efforts were put into planting trees in
the same year as the Durham redlining map was drawn (Field, 2020). It was inferred that the
tree-planting efforts at the time were primarily in the A and B zones (Cooper et al., 2016), which
likely contributed to the current-day uneven distribution of trees across HOLC zones. Over the
years, as the government and other organizations tried to compensate for the canopy cover
difference, the canopy cover increased in all HOLC zones, but A/B zones increased more than

the C/D zones. One of the organizations involved in this effort, Keep Durham Beautiful was
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targeting low-income areas to plant trees since 2012, but they were constrained by the donations
they received that are from wealthier residents who wanted tree planting in their non-redlined
neighborhoods (Field, 2020). Other challenges of tree plantings such as narrower streets, smaller
home lots, and cost concerns in redlined neighborhoods could also contribute to the current
patterns of canopy cover (see more details in the introduction).

With significantly lower tree canopy cover, one might assume the impervious surface
cover would be higher to a similar degree as canopy cover differences. However, our study
found that impervious surface cover in C and D zones was on average 11.17%, and 13.02%
higher than in A zones. First of all, canopy cover was measured based on an aerial view of the
landscape whereas the impervious surface used here was based on ground-up components such
as streets and buildings. For a given sampling cell, it can have both impervious surfaces (e.g.
roads) and canopy cover at the same time as the trees hover over the roads or buildings. The
study that found strong differences in impervious surface cover across HOLC zones in more than
200 redlined cities (Nowak et al., 2022; 73.2% higher in D than in A) used the National Land
Cover Database for impervious surface and that is based on an aerial view and at a relatively
lower resolution than the one used in our study (detailed polygon data that matches the exact
shape of the buildings and roads). Also, the study (Nowak et al., 2022) included Durham in their
analysis but the difference for Durham was not publicly accessible. In our study, the
classification of canopy cover and impervious at a given sampling unit is not mutually exclusive,
which could contribute to weaker differences in impervious surface cover across HOLC zones. It
is also possible that as more developments happen across Durham, the differences in impervious

surface cover across HOLC zones become smaller over time.
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We also found statistical differences in temperature and heat index across HOLC zones,
but the differences may not be considered biologically significant given that the average
difference was 0.614 °C hotter in A zones than in D zones for morning temperature (6-7 AM)
where all pair comparisons were significant. In contrast, a previous study (Hoffman et al., 2020)
found that the temperature difference was 3.02 °C hotter in D zones than in A zones in Durham.
There are a few differences in how we compare temperature differently. First, Hoffman et al
(2020) study used land surface temperature, but we used ambient air temperature. During the
daytime in the summer, land surface temperatures often have greater variations than air
temperature (Cao et al., 2021). It is possible that the redlining effect could be more pronounced
when examining land surface temperature. Also, the data we used here were collected on the
ground by scientists and volunteers compared to the satellite data for land surface temperature.
So the difference in data resolution may also play a role in explaining the different magnitudes of
the redlining effect on urban heat island measures in our study.

Given the differences in canopy cover across the HOLC zone as well as at the urban park
level, it was surprising to see that there were no significant differences in the bird community
measurements (namely species richness and abundance for all, native only, seasonal, and year-
round species). One of the major drivers of species richness is environmental heterogeneity,
which can be indicated by land cover diversity, vegetation diversity, vegetation structure,
climate, soil, and topographical features (Stein et al., 2014). The measurement of vegetation
structure, measured as the Vertical Habitat Diversity Index in this study, was not a significant
driver for species richness and abundance. Also, when comparing the VHDI between the A/B
and C/D zones, the difference was not significant. In other words, C/D zones have as diverse

vertical habitat layers (ground, herb, shrub, midstory, canopy) as the A/B zones even with a
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lower base of canopy cover. Therefore, the similarities could be due to the similar diversity of
vertical habitat layers.

There could also be other factors contributing to the similar species richness and
abundance across the HOLC zones in contrast to the significant finding of lower natural-land
bird abundance in lower-graded neighborhoods in Los Angeles from Wood et al (2023). First,
the city of Durham is much smaller than the city of Los Angeles (301 vs 1299 km?). Year-round
birds that have a relatively smaller home range may move to a different HOLC grade more often
in the Durham HOLC zones given the smaller size of the HOLC zones. It would be interesting to
know if another redlined city with a similar size as LA would still find significant differences in
bird community level measurements. Second, the regional bird species pool is much higher in
LA than in Durham. A quick look in eBird indicated that Los Angeles County, CA has
documented 542 bird species whereas Durham County, NC has documented 303 bird species as
of Jan 26, 2024. With a higher regional species pool, the probability of detecting a difference
would be much higher. Third, a literature review on the luxury effect, the positive relationship
between wealth and biodiversity, indicated that the effect is more pronounced in arid regions
such as Los Angeles, CA, and Phoenix, AZ (Chamberlain et al., 2020). Although the luxury
effect focuses on the contemporary effect, it still has implications that water availability plays a
stronger role in driving species richness in arid regions like LA. For example, the higher cost of
irrigation in LA than in Durham could drive finer-scale vegetation differences that contribute to
the redlining effect on bird abundance. In our study, the mean percentage of canopy cover at the
urban park level was 52.8% for A/B zone parks and 36.1% for C/D zone parks whereas the LA
study showed that the mean percentage of canopy cover was 29.8% for A/B zones and 20.5% for

C/D zones. Thus, our study sites in Durham have an overall higher canopy cover than in LA and
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the canopy cover in C/D parks in Durham was even higher than the A/B zones in LA. It is
possible that the vegetation difference played a more important role in LA due to the overall
limited canopy cover compared to Durham.

Fourth, over the past two decades, Durham Park and Recreation and other organizations
(Keep Durham Beautiful, Trees Durham) have dedicated tree-planting efforts across the city of
Durham (Field, 2020). Since 2018, the government enacted the Forest Management Plan that
targets high-priority areas for tree plantings based on the existing canopy cover and
socioeconomic status (City of Durham, 2018). Additionally, based on a conversation with the
Assistant Director of Durham Park and Recreation, the agency has made a lot of conservation
efforts in recent years such as establishing conservation areas or riparian buffers along streams,
invasive plants removal, tree planting, improving connectivity between parks for C/D zones
parks including Long Meadow Park, East End Park, Walltown Park, Crest Street Park,
Wrightwood Park, and Lyon Park (Bai, Per. Comm.). All these conservation efforts improved the
habitat quality for birds, which can contribute to similar bird species richness and abundance
between A/B zone parks and C/D zone parks. Lastly, there could be a “parks as refuge” effect
that urban parks sustain the local bird population by attracting a high abundance of birds
regardless of the surrounding environment. A study of urban parks and bird abundance in LA
found that the habitat features within urban parks drive the patterns of bird abundance no matter
where the park is located (e.g. high-income vs low-income areas; Vasquez & Wood, 2022). It
has significant implications that urban parks, especially in resource-poor areas like the redlining
zones, serve crucial habitat needs for birds and other wildlife.

Even though the overall species richness and abundance were similar across HOLC

zones, one non-native species EUST showed higher abundance in C/D zones than in A/B zones
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(in the breeding and non-breeding seasons). European Starlings are generalist species that have
successfully invaded most of the United States. Their success is due to their plasticity in a
diverse diet of plant matter, invertebrates, and anthropogenic food, their ability to nest in
artificial structures as well as aggressively take over cavity nests from other native birds (Linz et
al., 2007; Cabe, 2020). The availability of nesting sites could determine the EUST population but
in this study, we don’t have information to suggest that. However, another important factor that
could limit the EUST population is food availability. Even as a generalist species, EUST still has
a preference for foraging in open habitats such as lawns and athletic fields in the urban parks of
this study. Previous research on EUST in urban parks in Buenos Aires, Argentina found that
there is a negative relationship between the number of trees in a park and EUST presence (Ifran
& Fiorini, 2010). Indeed, in this study, tree canopy cover was significantly negatively associated
with EUST abundance and there was higher tree canopy cover in A/B zone parks. It is
reasonable to assume that the difference in tree canopy cover between A/B and C/D zones could
explain the positive effect of redlining due to EUST’s preference for open habitats.

Our NMDS results provided further evidence that the bird community composition is
likely to be different between A/B zone parks and C/D zone parks during the breeding season. If
some species were more likely to be found in C/D zone parks while a few other species were
more likely to be found in A/B zone parks, the overall species richness and abundance could still
be similar while the composition shifted. We found that EUST, BRTH, COGR, GRCA, NOMO,
and BLJA were strongly associated with C/D zone parks whereas CHSP was strongly associated
with A/B zone parks. The results were consistent with some of the species-specific model results
from Objective 3 such as higher abundance of EUST in C/D zone parks. Also, NOMO

negatively responded to canopy cover from the species-specific models, and it was an indicator

81



species in C/D zone parks where canopy cover was indeed lower. It also makes sense that BLJA
was an indicator species for C/D zone parks because BLJA positively responded to impervious
surfaces from the species-specific models where the surrounding impervious surface covers were
indeed higher for C/D zone parks. One commonality between these six species is that they are all
considered ground foragers (Gonzélez-Salazar et al., 2014; Insectivore ground gleaner: BRTH,
GRCA, NOMO; Omnivore ground forager: EUST, COGR, BLJA) and C/D zone parks did offer
more open foraging ground in the forms of lawns. However, the indicator species for A/B zone
parks was not a canopy foraging species (CHSP). Chipping Sparrows also often forage on lawns
but they are considered as Granivore ground to undergrowth gleaner (Gonzalez-Salazar et al.,
2014). The difference in undergrowth vegetation between A/B zone and C/D zone parks might
explain the positive associations with A/B zone parks, but the pattern for A/B zone park indicator
species was not as clear as the C/D zone park indicator species. In addition, the NMDS results
suggested that the community composition was not different during the non-breeding season,
which indicated a potential seasonal effect where bird communities become similar in the winter.
The previous study in LA (Wood et al., 2023) also found a significant difference in bird
community composition between A/B zones and C/D zones with forest birds strongly associating
with A/B zones and synanthropic birds strongly associating with C/D zones, which is somewhat
consistent with our findings on the six indicator species in C/D zone parks.

Although the Vertical Habitat Diversity Index was not a significant variable for the bird
community models (Objective 2), this method could still be useful for future studies to include as
an additional fine-scale driver of bird community measures. In our study, VHDI was significant
for two study species, HOSP during the breeding season and WTSP during the non-breeding

season. House Sparrows in their introduced ranges are often found in more urbanized areas and
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can nest and prefer to nest in a variety of settings in human-built structures (Savard & Falls,
1981; Alexandre et al., 2023). In areas with higher VHDI (more diverse and even vertical natural
habitat layers), the available nesting sites from human-built structures would be much lower,
which could explain the negative effect of VHDI on HOSP abundance during the breeding
season. On the other hand, White-throated Sparrows, a ground-gleaning granivore species, were
shown to positively respond to VHDI possibly due to WTSPs preferring to forage along forest
edges and under thick vegetation covers rather than open fields as well as preferring to roost in
places with higher vertical vegetation structures during the non-breeding season (Falls &
Kopachena, 2020; Gonzalez et al., 2024).

There are a few limitations to this study. (1) This study took place in the urban parks of
HOLC zones rather than the whole region. A complete coverage of samplings across HOLC
zones might yield different results. However, the study still provided a valid comparison because
the urban parks are connected to the surrounding neighborhoods and birds detected in the parks
are most likely to utilize the habitats in the neighborhood. Also, urban parks are a key part of the
redlining policy where the government segregated the park access between White-only and
Black-only as well as uneven investment between A/B zone parks and C/D zone parks. (2) This
study has a relatively low sample size for the data analysis due to the small size of the HOLC
zones in Durham. Additional sampling points cannot be created because the sampling points also
need to be independent of each other (in this case, at least 100 m away). To further understand
the complex redlining effects across the US, future research can address (1) whether the size of a
city (or the size of HOLC zones) would contribute to detecting the redlining effects by

comparing bird species richness and abundance patterns between cities; (2) whether redlining
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effects were more likely to be detected in arid regions than in humid regions; (3) how do urban

parks mitigate the potential negative redlining effects on bird communities.
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TABLES

Table 1.1. Coefficients of each covariate’s effect size on p (probability of detection) and psi (probability of occupancy) for the
best-fit occupancy model (AAIC = 0) before the lockdown (n=232). Time represents the time of day when eBird checklists were
recorded. Duration represents the duration of the eBird checklist in minutes. Observer represents the number of observers for the
eBird checklists. Work represents the community mobility changes related to travel to and from people’s workplaces (a higher
value indicates relatively higher mobility). Canopy represents the percentage of tree canopy cover at each eBird checklist
location. Urban represents the percentage of impervious surface cover at each eBird checklist location. urban*work represents the
interaction between work and urban. If the null model was one of the best-fit models (AAIC < 2), model estimates are shown as -.
The values in the tables are the coefficient estimates of the occupancy models in the logit scale. The values in the parentheses are
p values. Estimates that were marked with * indicate significance with a p-value of no more than 0.05 and the covariate is
included in all best-fit models (AAIC < 2). See the species name for each banding code in the methods section of the text.

Observation process

State process

Species
time duration  observer work work canopy urban urban*work
AMCR - 0.027 - - -0.480* - -0.480* -
(.095) (.023) (.011)
BLJA -1.984* 0.068* - - - - - -
(.005) (<.001)
CACH - 0.071* - - - 1.277* - -
(<.001) (<.001)
CARW -1.013 0.053* -0.480 - -0.409 0.393 - -
(.086) (.001) (.087) (.085) (.054)
DOWO 0.110* - -0.272* - 1.097* - -
(<.001) (.003) (<.001)
EUST - 0.047 -0.608 - 0.547 -0.666* 1.273*  0.805
(.080) (.107) (.130) (.027) (.011) (.058)
HOFI 1.085 0.076* - - -0.002 - 1.139*  0.666
(.091) (<.001) (.995) (.030) (.136)
HOSP - - - - 0.398 - 0.720* -
(.159) (.006)
MODO -1.305* 0.101* -0.492 0.208* - 0.686* 0.424* -
(.038) (<.001) (.092) (.021) (.001) (.048)
NOCA -1.105 0.105* -0.837* - -0.813 0.997* 0.413 -
(.086) (<.001) (.001) (.061) (<.001) (.157)
NOMO - 0.071* - -0.173 - -0.942* - -
(.001) (.137) (<.001)
RBWO - 0.108* - - - 0.702* - -
(<.001) (<.001)
RSHA 1.771 0.106* - 0.450 -1.457* - -0.526 -
(.078) (<.001) (.035) (.005) (.069)
TUTI - 0.066* - - - 1.318* 0.386 -
(<.001) (<.001)  (.072)
WBNU - 0.072* - - - 1.098* - -
(.001) (<.001)
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Table 1.2. Coefficients of each covariate’s effect size on p (probability of detection) and psi (probability of occupancy) for the
best-fit occupancy model (AAIC = 0) during the lockdown (n=264). Time represents the time of day when eBird checklists were
recorded. Duration represents the duration of the eBird checklist in minutes. Observer represents the number of observers for the
eBird checklists. Work represents the community mobility changes related to travel to and from people’s workplaces (a higher
value indicates relatively higher mobility). Canopy represents the percentage of tree canopy cover at each eBird checklist
location. Urban represents the percentage of impervious surface cover at each eBird checklist location. urban*work represents the
interaction between work and urban. If the null model was one of the best-fit models (AAIC < 2), model estimates are shown as -.
The values in the tables are the coefficient estimates of the occupancy models in the logit scale. The values in the parentheses are
p values. Estimates that were marked with * indicate significance with a p-value of no more than 0.05 and the covariate is
included in all best-fit models (AAIC < 2). See the species name for each banding code in the methods section of the text.

Observation process

State process

Species
time duration  observer work work canopy urban urban*work
AMCR - 0.053* - - - - -0.398* -
(<.001) (.024)
BLJA -1.405*  0.095* - - - - - -
(.017) (<.001)
CACH - 0.067* - 0.141 - 1.026* - -
(<.001) (.048) (<.001)
CARW -1.135*  0.093* - - - 0.391 - -
(.031) (<.001) (.057)
DOWO - 0.042* 0.609 -0.302* - 0.847* 0.528* -
(.015) (.024) (.001) (<.001) (.014)
EUST -1.575 - - 0.286* 0.220  -0.706* 0.592* 0.303
(.069) (.023) (.275)  (.002) (.002) (.124)
HOFI 1.688*  0.043* - -0.285* 0547 - 1.706* 0.946
(.003) (.008) (.001) (.266) (.003) (.088)
HOSP - - -2.477* 0.487 - -0.983* 0.390 -
(.022) (.029) (.003) (.118)
MODO - 0.096* 0.606* 0.136 - - - -
(<.001) (.048) (.075)
NOCA -0.939 0.075* - - - 0.759* 0.828* -
(.112) (<.001) (<.001) (.027)
NOMO -1.028 0.096* - 0.256* - -0.732* 0.390* -
(126)  (<.001) (.013) (<.001)  (.035)
RBWO -1.442*  0.096* - - - 0.831* - -
(.009) (<.001) (.001)
RSHA - - - - - - - -
0.626*
(.003)
TUTI -0.821 0.090* - - - 0.849* - -
(124)  (<.001) (<.001)
WBNU - 0.074* - - - 1.062* - -
(<.001) (<.001)
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Table 1.3. Coefficients of each covariate’s effect size on p (probability of detection) and psi (probability of occupancy) for the

best-fit occupancy model (AAIC = 0) after the lockdown (n=192). Time represents the time of day when eBird checklists were

recorded. Duration represents the duration of the eBird checklist in minutes. Observer represents the number of observers for the

eBird checklists. Work represents the community mobility changes related to travel to and from people’s workplaces (a higher
value indicates relatively higher mobility). Canopy represents the percentage of tree canopy cover at each eBird checklist

location. Urban represents the percentage of impervious surface cover at each eBird checklist location. urban*work represents the
interaction between work and urban. If the null model was one of the best-fit models (AAIC < 2), model estimates are shown as -.
The values in the tables are the coefficient estimates of the occupancy models in the logit scale. The values in the parentheses are

p values. Estimates that were marked with * indicate significance with a p-value of no more than 0.05 and the covariate is
included in all best-fit models (AAIC < 2). See the species name for each banding code in the methods section of the text.

Observation process

State process

Species
time duration  observer work work canopy urban urban*work
AMCR - 0.037 - 0.192 -0.826* - -0.357 -
(.045) (.135) (.006) (.115)
BLJA -1.201 0.077* - - - -0.241 -0.489 -
(.086) (<.001) (.422) (.066)
CACH - 0.111* - -0.502* - 1.040* - -
(<.001) (<.001) (<.001)
CARW -1.369*  0.063 0.649* -0.371* - 0.495 - -
(.036) (<.001) (.033) (<.001) (.120)
DOWO - 0.108* - -0.514* - 1.035* - -
(<.001) (<.001) (<.001)
EUST - - -0.770 0.785* - -1.010* - -
(.143) (<.001) (<.001)
HOFI - 0.037 - - - 0.295 1.139* -
(.055) (.134) (<.001)
HOSP - - - - 1.261* - 1.277* -0.477
(.002) (<.001) (.090)
MODO - 0.058* - - - -0.418 - -
(.002) (.064)
NOCA - 0.118* - -0.229* - 0.536* 1.243* -
(<.001) (.025) (.020) (.028)
NOMO - 0.046 - 0.338* - -0.636* 0.807* -
(.064) (.011) (.004) (.001)
RBWO - 0.099* - -0.256* - 0.939* - -
(<.001) (.021) (<.001)
RSHA - 0.062 - -0.383 55.450  1.920 91.690  98.240
(.069) (.069) (.293) (.669) (.302) (.306)
TUTI -1.065 0.095* 0.620 -0.286* - 1.570* - -
(101)  (<.001)  (.056) (.004) (<.001)
WBNU - 0.062* - - -0.582*  1.056* - -
(.007) (015)  (<.001)
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Table 2.1. The SEM results of the relationship between power to influence landscape and canopy cover at three spatial scales and
two different data sources. The 2016 data came from the 2016 NC Forest Cover at 1 m resolution. The 2021 data came from the
2021 NLCD (National Land Cover Database) at 30 m resolution. The species richness model, Abundance model, and Diversity
index model represented the models with corresponding bird community measures used in SEM. Estimates are coefficients of the

effect of latent variable power to influence landscape on the percentage of canopy cover at each avian sampling point.

Canopy Data  Spatial Scale

Species richness model

Abundance model

Diversity index model

Estimate p-value Estimate  p-value Estimate  p-value
2016 100 m 0.414 <0.001*** 0.413 <0.001*** 0.415 <0.001***
200 m 0.454 <0.001*** 0.453 <0.001*** 0.455 <0.001***
500 m 0.504 <0.001*** 0.503 <0.001*** 0.505 <0.001***
2021 100 m 0.339 0.004** 0.338 0.004** 0.339 0.004**
200 m 0.351 0.003** 0.349 0.003** 0.352 0.003**
500 m 0.415 <0.001*** 0.414 <0.001*** 0.416 <0.001***
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Table 2.2. The SEM results of the effects of power to influence landscape and canopy cover on bird community measures at three
spatial scales and two different data sources. The 2016 data came from the 2016 NC Forest Cover at 1 m resolution. The 2021
data came from the 2021 NLCD (National Land Cover Database) at 30 m resolution. Species richness, Abundance, and Shannon
diversity index represented the variables used in SEM. Estimates are coefficients of the effect of canopy cover on bird
community measures as well as coefficients of the effect of power to influence landscape on bird community measures.

Predictor Canopy Spatial Species richness Abundance Shannon diversity index
Data Scale Estimate p-value Estimate p-value Estimate p-value
Canopy 2016 100 m -0.059 0.834 -0.362 0.546 0.017 0.666
200 m 0.005 0.985 -0.302 0.620 0.014 0.734
500 m -0.218 0.454 -0.760 0.219 -0.038 0.363
2021 100 m 0.136 0.621 0.048 0.935 0.036 0.360
200 m 0.239 0.387 0.308 0.601 0.036 0.361
500 m 0.110 0.696 -0.031 0.959 0.002 0.961
Power 2016 100 m 0.582 0.112 0.052 0.947 0.124 0.018*
200 m 0.565 0.129 0.050 0.950 0.125 0.019*
500 m 0.658 0.082 0.268 0.736 0.146 0.007**
2021 100 m 0.537 0.134 -0.063 0.933 0.122 0.017*
200 m 0.511 0.154 -0.127 0.867 0.122 0.018*
500 m 0.531 0.147 -0.040 0.958 0.130 0.014*
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Table 3.1. List of study species for N-mixture models. Species with both seasons sampled are year-round species that can be
commonly observed in the Piedmont of North Carolina. The list starts with year-round species, then breeding season and non-

breeding season species. The foraging guild classification was based on the Gonzalez-Salazar et al. (2014) study.

Species codes  Scientific names

Foraging guilds

Sampling seasons

NOCA

RBWO

WBNU

NOMO

AMRO

CARW

CACH

BLJA

EATO

BHNU

DOWO

TUTI

EABL

EUST

HOSP

GCFL

BGGN

GRCA

HOWR

CHSW

FICR

WTSP

RCKI

MYWA

DEJU

Cardinalis cardinalis
Melanerpes carolinus
Sitta carolinensis
Mimus polyglottos

Turdus migratorius

Thryothorus ludovicianus

Poecile carolinensis
Cyanocitta cristata
Pipilo erythrophthalmus
Sitta pusilla

Dryobates pubescens
Baeolophus bicolor
Sialia sialis

Sturnus vulgaris
Passer domesticus
Myiarchus crinitus
Polioptila caerulea
Dumetella carolinensis
Troglodytes aedon
Chaetura pelagica
Corvus ossifragus
Zonotrichia albicollis

Corthylio calendula

Setophaga coronata coronata

Junco hyemalis

Granivore: ground to undergrowth gleaner
Insectivore: bark excavator

Insectivore: bark gleaner

Insectivore: ground gleaner

Insectivore: ground gleaner

Insectivore: lower canopy foliage gleaner
Insectivore: lower canopy foliage gleaner
Omnivore: ground forager

Granivore: ground to undergrowth gleaner
Insectivore: bark gleaner

Insectivore: bark excavator

Insectivore: lower canopy foliage gleaner
Insectivore: ground gleaner

Omnivore: ground forager

Omnivore: ground forager

Insectivore: air hawker under canopy
Insectivore: lower canopy foliage gleaner
Insectivore: ground gleaner

Insectivore: lower canopy foliage gleaner
Insectivore: air hawker above canopy
Omnivore: ground forager

Granivore: ground to undergrowth gleaner
Insectivore: lower canopy foliage gleaner
Insectivore: lower canopy foliage gleaner

Granivore: ground to undergrowth gleaner

Summer + Winter

Summer + Winter

Summer + Winter

Summer + Winter

Summer + Winter

Summer + Winter

Summer + Winter

Summer + Winter

Summer + Winter

Summer + Winter

Summer + Winter

Summer + Winter

Summer + Winter

Summer + Winter

Summer + Winter

Summer

Summer

Summer

Summer

Summer

Summer

Winter

Winter

Winter

Winter
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Table 3.2. Model estimates for best-fit glmer models (AAIC = 0) for species richness and abundance during the breeding season.
C/D parks represent the site variable and the estimates show the comparison with A/B parks. Rural represents the site variable
and the estimate shows the comparison with A/B zones. Canopy represents the variable percentage of tree canopy cover.
Impervious represents the variable percentage of impervious surfaces. Stream represents the variable distance to the closest
stream. VHDI represents the variable vertical habitat diversity index. The values in the tables are the coefficient estimates of the
glmer models. The values in the parentheses are p values. Estimates that were marked with * indicate consistent significant
effects from all best-fit models (AAIC < 2).

Outcomes Intercept C/D parks  Rural Canopy Impervious  Stream  VHDI
Total species richness 2.109* 0.052 0.273* -0.147* - - -
(<0.001) (0.556) (0.013) (0.011)

Native species richness 2.180* - - -0.101 -0.094 - -
(<0.001) (0.071) (0.095)

Seasonal species richness 0.527* -0.106 0.757* - - - -
(<0.001) (0.553) (<0.001)

Year-round species richness 1.883* - - -0.157* - - -
(<0.001) (<0.001)

Total species abundance 2.340% 0.258 0.409* -0.347* - - -
(<0.001) (0.032) (0.007) (<0.001)

Native species abundance 2.451* - - -0.236* -0.132 - -
(<0.001) (<0.001) (0.049)

Seasonal species abundance 0.758* -0.206 0.611* - - - -
(<0.001) (0.333) (0.003)

Year-round species abundance  2.165* - - -0.370* -0.138 - -
(<0.001) (<0.001) (0.059)
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Table 3.3. Model estimates for best-fit glmer models (AAIC = 0) for species richness and abundance during the non-breeding
season. C/D parks represent the site variable and the estimates shows the comparison with A/B parks. Rural represents the site

variable and the estimate shows the comparison with A/B zones. Canopy represents the variable percentage of tree canopy cover.

Impervious represents the variable percentage of impervious surfaces. Stream represents the variable distance to the closest

stream. VHDI represents the variable vertical habitat diversity index. The values in the tables are the coefficient estimates of the

glmer models. The values in the parentheses are p values. Estimates that were marked with * indicate consistent significant

effects from all best-fit models (AAIC < 2).

Outcomes Intercept C/D parks  Rural Canopy Impervious ~ Stream  VHDI

Total species richness 2.226* -0.132 -0.547* - -0.187* - -
(<0.001) (0.271) (0.002) (0.017)

Native species richness 2.233* -0.152 -0.618* - -0.243* - -
(<0.001) (0.216) (0.001) (0.003)

Seasonal species richness 0.672* -0.192 -0.742 - -0.205 - -
(<0.001) (0.319) (0.011) (0.113)

Year-round species richness 1.999* -0.129 -0.569* - -0.246* - -
(<0.001) (0.260) (0.001) (0.001)

Total species abundance 2.583* 0.078 -0.733*  0.240 - - -
(<0.001) (0.698) (0.007) (0.102)

Native species abundance 2.664* -0.196 -0.859* - -0.292 - -
(<0.001) (0.274) (0.001) (0.012)

Seasonal species abundance 1.411* 0.474 -2.353* 0.747 -0.401 0.364 -
(<0.001) (0.318) (<0.001) (0.047) (0.152) (0.050)

Year-round species abundance  2.276* -0.165 -0.676* - -0.248* - -
(<0.001) (0.224) (0.001) (0.006)
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Figure 1.1. The locations of eBird stationary checklists that contain at least 2 repeat checklists

before, during, and after the COVID-19 lockdown in North Carolina. The map was created using

ESRI ArcGIS Pro.
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Figure 1.2. Average Google Community Mobility towards workplaces in North Carolina
Counties before, during, and after the COVID-19 lockdown (Feb 19th to June 17th, 2020). The
mobility data from Google is a percentage change compared to a baseline for each day. A
baseline day represents a normal value for the day of the week from the 5-week period
(01/03/2020-02/06/2020). For example, a mobility value of -30.0 for Wake County on Apr 15,
2020, means the overall mobility in Wake County on that day decreased by 30% compared to the
baseline day a few months ago. The map was created using ESRI ArcGIS Pro.
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RMSEA =0.106
Comparative Fit Index (CFI) = 0.880
Tucker-Lewis Index (TLIy =0.841

Median Household
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—  Hypothesized paths with significant effect
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Figure 2.2. SEM Outputs for the model on Shannon Diversity Index and Percent 2016 Canopy
Cover at 100 m buffer (n = 119). Solid lines indicate significant effects and dash lines indicate
non-significant effects. The values outside of () were coefficient estimates and the values inside
of () were p values. For the five predictors of the latent variable “power to influence landscape”,
median household income was the reference variable. The three values on the top right of the
figures (RMSEA, CFI, and TLI) indicate model fit.
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Figure 3.1. The locations of avian sampling points in Durham, NC across HOLC zones (purple
pins). The green, blue, yellow, and red colors represent the HOLC classifications from the 1930s.
The dark green color represents the urban parks that are within the HOLC zones.
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Figure 3.2. The effects of redlining on tree canopy cover (A), impervious surface (B), 6-7 am
temperature (C), and 6-7 am heat index (D) at the HOLC zone level. HOLC grades that do not
share the same lowercase letter indicate significant comparisons. The bars represent the median
value and 95% confidence interval. The dots outside of the confidence interval are outliers.
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and the non-breeding season (B). The bottom two plots represent bird abundance across the
study locations during the breeding season (C) and the non-breeding season (D). The bars
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Figure 3.5. Non-metric Multi-dimensional Scaling (NMDS) plots of the dissimilarities of bird
community composition between A/B zone parks and C/D zone parks during the breeding season
(A) and the non-breeding season (B). The shape represents the three repeat visits for each
sampling point. The color green represents points in A/B zone parks and the color red represents
points in C/D zone parks.
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Appendix A

S1 Table. Correlation coefficients from correlation matrix for three Google Community Mobility (GCM) measurements. The
sample size determined by the available eBird checklist location for each period is indicated as n in the (). Reta represents
mobility changes in retail (people travel to and from retail). Work represents mobility changes in workplaces (people travel to
and from workplaces). Resi represents mobility changes in residential areas (people travel to and from residential areas).

GCM Category

Before lockdown (n = 232)

During lockdown (n = 264)

After lockdown (n = 192)

Reta Work Resi Reta Work Resi Reta Work Resi
Retail 1.000 - - 1.000 - - 1.000 - -
Workplace 0.844  1.000 - 0.859 1.000 - 0.870 1.000 -
Residential -0.801 -0.934 1.000 -0.723 -0.937 1.000 -0.760 -0.938 1.000
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S2 Table. Correlation coefficients from correlation matrix for predictor variables in the state process of Occupancy Modeling.
The sample size determined by the available eBird checklist location for each period is indicated as n in the (). Work represents
the mobility change from workplaces. Canopy represents the percentage of canopy cover at each sampling point. Develop
represents the percentage of development cover at each sampling point.

Before lockdown (n = 232) During lockdown (n = 264) After lockdown (n = 192)
Predictor

work canopy  develop work canopy  develop work canopy  develop
work 1.000 - - 1.000 - - 1.000 - -
canopy -0.238  1.000 - -0.225  1.000 - -0.178  1.000 -
develop -0.197 -0.334 1.000 -0.141  -0.369 1.000 -0.061  -0.448 1.000
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S3 Table. Correlation coefficients from correlation matrix for predictor variables in the observation process of Occupancy Modeling. The
sample size determined by the available eBird checklist location for each period is indicated as n in the (). Work represents the mobility
change from workplaces. Time represents the time of day for the eBird checklist. Durat represents the checklist duration. N_obs represent
the number of eBird observers.

Before lockdown (n = 232) During lockdown (n = 264) After lockdown (n = 192)
Predictor

Work Time  Durat N_obs Work  Time  Durat N_obs Work Time Durat  N_obs
Work 1.000 - - - 1.000 - - - 1.000 - - -
Time 0.039 1.000 - - -0.071  1.000 - - -0.071 1.000 - -
Durat 0.024 0.014 1.000 - -0.052 0.013 1.000 - -0.084 0.013 1.000 -

N_obs 0.144 0.048 0.002 1.000 0.124  0.061 -0.061  1.000 0.151 0.055 0.063  1.000
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S4 Table. Best-fit Occupancy Models (AAIC < 2) before the lockdown. See the species name for each banding code in the

methods section of the text. See Table 1.1 for variable descriptions.

Species Observation process State process AAIC
AMCR duration urban + work 0.000
- urban + work 0.699
duration canopy + urban + work 0.719
- canopy + urban + work 1.318
duration + observer urban + work 1.848
duration urban + work + urban*work 1.914
BLJA duration + time - 0.000
duration + time canopy 0.672
duration + time urban 0.912
duration + time + work - 1.826
duration + time work 1.963
CACH duration canopy 0.000
duration canopy + urban 0.619
duration + work canopy 0.898
duration + work canopy + urban 1.371
duration + time canopy 1.602
duration canopy + work 1.638
duration + observer canopy 1.655
CARW duration + observer + time canopy + work 0.000
duration + time canopy + work 0.709
duration + observer canopy + work 0.808
duration + observer + time canopy 1.224
duration canopy + work 1.303
duration + observer + time work 1.777
duration + observer + time + work canopy + work 1.793
duration + time canopy 1911
duration + observer + time canopy + urban + work 1.961
DOWO duration + work canopy 0.000
duration + work canopy + urban 1.496
duration + time + work canopy 1.720
duration + work canopy + work 1.797
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S4 Table (continued).

DOWO duration + observer + work canopy 1.918
EUST duration + observer canopy + urban + work + urban*work 0.000
duration + observer + work canopy + urban 0.012
work canopy + urban 0.460
duration + observer + work canopy + urban + work + urban*work 0.507
- canopy + urban + work + urban*work 0.508
duration canopy + urban + work + urban*work 0.623
observer + work canopy + urban 0.671
duration + work canopy + urban 0.846
observer canopy + urban + work + urban*work 0.939
duration + observer + time + work canopy + urban 1.146
observer + time + work canopy + urban 1.364
duration + observer + time canopy + urban + work + urban*work 1.394
observer + work canopy + urban + work + urban*work 1.441
work canopy + urban + work + urban*work 1.513
time + work canopy + urban 1.536
duration + observer + time + work canopy + urban + work + urban*work 1.611
duration + work canopy + urban + work + urban*work 1.756
time canopy + urban + work + urban*work 1.764
duration + observer + work canopy + urban + work 1.937
observer + time canopy + urban + work + urban*work 1.974
HOFI duration + time urban + work + urban*work 0.000
duration + time urban + work 0.202
duration + observer + time urban + work + urban*work 0.227
duration + observer urban + work + urban*work 0.714
duration urban + work + urban*work 0.760
duration + observer + time urban + work 0.823
duration + time canopy + urban + work + urban*work 0.988
duration + observer + time canopy + urban + work + urban*work 1.324
duration urban + work 1.547
duration + time canopy + urban + work 1.615
duration canopy + urban + work + urban*work 1.651
duration + observer canopy + urban + work + urban*work 1.738
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S4 Table (continued).

HOFI duration + time urban 1.785
duration + observer urban + work 1.829
duration + time canopy + urban 1.988
HOSP - urban + work 0.000
- urban 0.023
- canopy + urban 0.672
observer urban 0.731
observer urban + work 1.110
- canopy + urban + work 1.550
work urban 1.643
observer canopy + urban 1.722
MODO duration + observer + time + work canopy + urban 0.000
duration + time + work canopy + urban 0.624
duration + observer + time + work canopy + urban + work 1.266
duration + observer + time + work canopy + urban + work + urban*work 1.382
duration + time + work canopy + urban + work 1.860
NOCA duration + observer + time canopy + urban + work 0.000
duration + observer + time canopy + work 0.080
duration + observer canopy + work 0.728
duration + observer canopy + urban + work 0.794
duration + observer + time canopy + urban + work + urban*work 1.008
duration + observer + time + work canopy + urban + work 1.323
duration + observer canopy + urban + work + urban*work 1.527
duration + observer + time + work canopy + work 1.591
duration + observer + work canopy + urban + work 1.999
NOMO duration + work canopy 0.000
duration canopy 0.106
duration + observer canopy 0.502
duration + work canopy + work 0.865
duration + observer + work canopy 0.988
duration canopy + urban 1.492
duration + work canopy + urban 1.781

116



S4 Table (continued).

NOMO duration + observer canopy + urban 1.868
duration + observer + work canopy + work 1.884
RBWO duration canopy 0.000
duration canopy + work 1.250
duration + work canopy 1.476
duration + time canopy 1.639
duration canopy + urban 1.807
duration + observer canopy 1.894
RSHA duration + time + work urban + work 0.000
duration + work urban + work 0.962
duration + time + work work 1.657
duration + time urban + work 1.823
TUTI duration canopy + urban 0.000
duration + observer canopy + urban 0.842
duration canopy 1.515
duration + work canopy + urban 1.727
duration canopy + urban + work 1.730
WBNU duration canopy 0.000
duration + work canopy 0.416
duration + time canopy 0.849
duration + time + work canopy 1.179
duration + work canopy + work 1.325
duration canopy + work 1.857
duration + time + work canopy + work 1.997
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S5 Table. Best-fit Occupancy Models (AAIC < 2) during the lockdown. See the species name for each banding code in the

methods section of the text. See Table 1.1 for variable descriptions.

Species Observation process State process AAIC
AMCR duration urban 0.000
duration + observer urban 0.532
duration urban+ work 1.403
duration + observer urban+ work 1.866
duration + work urban 1.869
BLJA duration + time - 0.000
duration + time work 0.375
duration + time urban 1.623
duration + time + work work 1.883
duration + time + work - 1.981
CACH duration + work canopy 0.000
duration + observer + work canopy 0.032
duration + time + work canopy 1.025
duration + observer canopy 1.115
duration + observer + time +work canopy 1.130
duration canopy 1.863
duration + work canopy + urban 1.918
CARW duration + time canopy 0.000
duration + time canopy + urban 0.812
duration + time - 1.522
duration + time canopy + work 1.680
duration + observer + time canopy 1.752
DOWO duration + observer + work canopy + urban 0.000
duration + observer + time + work canopy + urban 1.876
duration + work canopy + urban 1.991
EUST time + work canopy + urban + work + urban*work 0.000
time + work canopy + urban 0.036
time + work canopy + urban + work 0.349
work canopy + urban + work + urban*work 1.212
work canopy + urban 1.420
observer + time + work canopy + urban + work + urban*work 1.504
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S5 Table (continued).

EUST observer + time + work canopy + urban 1.564
work canopy + urban + work 1.603
observer + time + work canopy + urban + work 1.835
duration + time + work canopy + urban 1.999
duration + time + work canopy + urban + work + urban*work 2.000
HOFI duration + time + work urban + work + urban*work 0.000
duration + observer + time + work urban + work + urban*work 0.512
duration + observer + time + work urban 0.598
duration + time + work urban 0.925
HOSP observer + work canopy + urban 0.000
observer + work canopy 0.380
observer + work canopy + urban + work 0.399
observer + time + work canopy + urban 0.420
duration + observer + work canopy + urban 0.606
observer + time + work canopy 0.818
observer + time + work canopy + urban + work 0.859
duration + observer + work canopy + urban + work 0.997
duration + observer + time + work canopy + urban 1.104
duration + observer + work canopy 1.239
observer canopy + urban + work 1.293
duration + observer + time + work canopy + urban + work 1.511
observer + work canopy + urban 1.547
duration + observer + time + work canopy 1.716
observer + time canopy + urban + work 1.927
MODO duration + observer + work - 0.000
duration + observer - 1.105
duration + observer urban + work + urban*work 1.154
duration + observer + work urban + work + urban*work 1.182
duration + observer + work work 1.803
duration + observer + work canopy 1.882
duration + observer + work urban 1.906
NOCA duration + time canopy + urban 0.000
duration canopy + urban 0.421
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S5 Table (continued).

NOCA duration + observer + time canopy + urban 0.799
duration + observer canopy + urban 0.950
duration + time + work canopy + urban 1.375
duration + work canopy + urban 1.737
duration + time canopy + urban + work 1.922
NOMO duration + time + work canopy + urban 0.000
duration + work canopy + urban 0.243
RBWO duration + time canopy 0.000
duration + time canopy + work 1.164
duration + time + work canopy 1.415
duration + time + work canopy + work 1.455
RSHA - work 0.000
- canopy + work 0.215
observer work 0.878
observer canopy + work 1.201
time work 1.251
duration work 1.305
time canopy + work 1.474
duration canopy + work 1.675
work work 1.915
TUTI duration + time canopy 0.000
duration + time canopy + work 0.095
duration canopy + work 0.227
duration canopy 0.294
duration + time + work canopy 1.420
duration + observer + time canopy 1.662
duration + observer + time canopy + work 1.688
duration + work canopy 1.708
duration + observer canopy + work 1.876
duration + time + work canopy + work 1.877
WBNU duration canopy 0.000
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S5 Table (continued).

WBNU duration + time
duration + work
duration

duration + time + work

canopy
canopy
canopy + urban

canopy

0.132
1.904
1.904

1.954
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S6 Table. Best-fit Occupancy Models (AAIC < 2) after the lockdown. See the species name for each banding code in the methods

section of the text. See Table 1.1 for variable descriptions.

Species Observation process State process AAIC
AMCR duration + work urban + work 0.000
duration urban + work 0.053
duration work 0.440
duration + work work 0.456
duration canopy + work 1.383
duration + work canopy + work 1.680
duration canopy + urban + work 1.909
work urban + work 1.911
BLJA duration + time canopy + urban 0.000
duration canopy + urban 0.828
duration + time + work canopy + urban 1.383
duration + time canopy 1.653
duration + observer + time canopy + urban 1.758
duration + time canopy + urban + work 1.911
CACH duration + work canopy 0.000
duration + time + work canopy 0.980
duration + work canopy + urban 1.578
CARW duration + observer + time + work canopy 0.000
DOWO duration + work canopy 0.000
duration + work canopy + work 1.837
EUST observer + work canopy 0.000
work canopy 0.254
observer + work canopy + urban 1.074
work canopy + urban 1.079
observer + time + work canopy 1.720
time + work canopy 1.836
HOFI duration canopy + urban 0.000
duration canopy + urban + work 0.762
duration canopy + urban + work + urban*work 1.431
duration + work canopy + urban 1.560
- 1.584
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S6 Table (continued).

HOFI duration + observer canopy + urban 1.690
- canopy + urban 2.000
HOSP - urban + work + urban*work 0.000
- canopy + urban + work + urban*work 0.272
observer urban + work + urban*work 0.681
- canopy + urban + work 0.771
observer canopy + urban + work + urban*work 0.927
- urban + work 0.994
observer canopy + urban + work 1.479
observer urban + work 1.740
duration urban + work + urban*work 1.747
MODO duration canopy 0.000
duration + observer canopy 0.080
duration canopy + work 0.743
duration + observer canopy + work 1.012
duration canopy + urban 1.545
duration + observer canopy + urban 1.733
duration + time canopy 1.784
duration + work canopy 1.878
duration + observer + time canopy 1.927
NOCA duration + work canopy + urban 0.000
duration + work canopy + urban + work + urban*work 0.409
duration + time + work canopy + urban 1.378
duration + time + work canopy + urban + work + urban*work 1.771
NOMO duration + work canopy + urban 0.000
duration + work canopy + urban + work 0.893
work canopy + urban 1.354
duration + work canopy + urban + work + urban*work 1.553
duration + time + work canopy + urban 1.821
RBWO duration + work canopy 0.000
duration + work canopy + urban 1.408
duration + work canopy + work 1.521
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S6 Table (continued).

RBWO duration + time + work canopy 1.995
RSHA duration + work canopy + urban + work + urban*work 0.000
duration + observer + work canopy + urban + work + urban*work 0.965
duration + time + work canopy + urban + work + urban*work 1.748
TUTI duration + observer + time + work canopy 0.000
duration + observer + work canopy 0.549
duration + observer + time + work canopy + work 1.136
duration + observer + time + work canopy + urban 1.46
duration + observer + work canopy + work 1.715
duration + time + work canopy 1.757
duration + observer + work canopy + urban 1.834
WBNU duration canopy + work 0.000
duration canopy + urban + work 1.590
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Appendix B

RMSEA = 0.109
Comparative Fit Index (CFI) =0.872
Tucker-Lewis Index (TLI) = 0.831

Median Household
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0.036 (360)
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Percent College
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Bird ID Skill
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average lot size

— Hypothesized paths with significant cffect
--# Hypothesized paths without significant effect

S1 Figure. SEM Outputs for the model on Shannon Diversity Index and Percent 2021 Canopy
Cover at 100 m buffer (n = 119). Solid lines indicate significant effects and dash lines indicate
non-significant effects. The values outside of () were coefficient estimates and the values inside
of () were p values. For the four predictors of the latent variable “power to influence landscape”,
median household income was the reference variable. The three values on the top right of the
figures (RMSEA, CFI, and TLI) indicate model fit.
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RMSEA =0.104
Comparative Fit Index (CFI) = 0.882
Tucker-Lewis Index (TLI) = 0.844
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—»  Hypothesized paths with significant cffect
-—# Hypothesized paths without significant effect

S2 Figure. SEM Outputs for the model on Species Richness and Percent 2016 Canopy Cover at
100 m buffer (n = 119). Solid lines indicate significant effects and dash lines indicate non-
significant effects. The values outside of () were coefficient estimates and the values inside of ()
were p values. For the four predictors of the latent variable “power to influence landscape”,
median household income was the reference variable. The three values on the top right of the
figures (RMSEA, CFI, and TLI) indicate model fit.
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RMSEA =0.107
Comparative Fit Index (CFI) = 0.875
Tucker-Lewis Index (TLI) = 0.834
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S3 Figure. SEM Outputs for the model on Species Richness and Percent 2021 Canopy Cover at
100 m buffer (n = 119). Solid lines indicate significant effects and dash lines indicate non-
significant effects. The values outside of () were coefficient estimates and the values inside of ()
were p values. For the four predictors of the latent variable “power to influence landscape”,
median household income was the reference variable. The three values on the top right of the
figures (RMSEA, CFI, and TLI) indicate model fit.

127



RMSEA =0.102
Comparative Fit Index (CFI) = 0.882
Tucker-Lewis Index (TLI) = 0.844
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S4 Figure. SEM Outputs for the model on Bird Abundance and Percent 2016 Canopy Cover at
100 m buffer (n = 119). Solid lines indicate significant effects and dash lines indicate non-
significant effects. The values outside of () were coefficient estimates and the values inside of ()
were p values. For the four predictors of the latent variable “power to influence landscape”,
median household income was the reference variable. The three values on the top right of the
figures (RMSEA, CFI, and TLI) indicate model fit.
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S5 Figure. SEM Outputs for the model on Bird Abundance and Percent 2021 Canopy Cover at
100 m buffer (n = 119). Solid lines indicate significant effects and dash lines indicate non-
significant effects. The values outside of () were coefficient estimates and the values inside of ()
were p values. For the four predictors of the latent variable “power to influence landscape”,
median household income was the reference variable. The three values on the top right of the
figures (RMSEA, CFI, and TLI) indicate model fit.
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S1 Table. GImer model abbreviation names and the model components. The outcome variables are species richness and
abundance. Site represents the categorical variable with three groups (A/B zone, C/D zone, and rural). Canopy represents the
variable percentage of tree canopy cover. Impervious represents the variable percentage of impervious surfaces. Stream

Appendix C

represents the variable distance to the closest stream. VHDI represents the variable vertical habitat diversity index. All models

include a random effect from Site ID.

Model Components Model Components
(cont.) (cont.)
mla Site mlq Site + Canopy + Stream
milb Canopy mlr Site + Canopy + VHDI
mlc Impervious mls Site + Impervious + Stream
mld Stream m1t Site + Impervious + VHDI
mle VHDI miu Site + Stream + VHDI
mif Site + Canopy mlv Canopy + Impervious + Stream
mlg Site + Impervious mlw Canopy + Impervious + VHDI
mlh Site + Stream m1x Canopy + Stream + VHDI
mli Site + VHDI mly Impervious + Stream + VHDI
mij Canopy + Impervious mlz Site + Canopy + Impervious + Stream
mlk Canopy + Stream mlaa Site + Canopy + Impervious + VHDI
m1l Canopy + VHDI mlab Site + Canopy + Stream + VHDI
mlm  Impervious + Stream mlac Site + Impervious + Stream + VHDI
mln Impervious + VHDI mlad Canopy + Impervious + Stream + VHDI
mlo Stream + VHDI mlae Site + Canopy + Impervious + Stream + VHDI
mlp Site + Canopy + Impervious

130



S2 Table. Best-fit glmer models (AAIC < 2) for species richness and abundance during the breeding and non-breeding seasons.
See the rest of the model components in the S1 Table. AAIC values are in parentheses.

Outcomes

Breeding season

Non-breeding season

Total species richness

Native species richness

Seasonal species richness

Year-round species richness

Total species abundance

Native species abundance

Seasonal species abundance

Year-round species abundance

m1f (0.000), m1r (1.888), milq (1.978)

m1j (0.000), mle (0.378), m1lb (0.707),
m1f (0.855), mic (1.107), m1d (1.288),
mlw (1.535), mlv (1.625), mla (1.714),
m1l (1.900)

mZa (0.000), m1h (1.682), m1i (1.860),
mig (1.872), m1if (1.968)

m1b (0.000), m1j (0.176), m1l (1.164),
mlw (1.628), mlk (1.959)

m1f (0.000), miq (1.713), mlr (1.767),
mlp (1.770)
m1j (0.000), mlw (1.064), mib (1.716),
mlv (1.963)

mZa (0.000), m1s (0.783), m1h (1.034),
mig (1.198), m1i (1.894), m1f (1.951)

m1j (0.000), miw (0.811), mib (1.392),
m1l (1.716), m1v (1.999)

m1g (0.000), m1t (1.171), m1s (1.197),
mlp (1.998)

m1g (0.000), m1t (1.018), m1s (1.483),
mlp (1.999)

m1g (0.000), m1s (0.439), mla (0.538),
m1t (0.682), m1li (0.884), mlac (0.961),
mib (1.740), m1f (1.794), m1d (1.921),
mle (1.930), mlp (2.000)

m1g (0.000), mit (1.448), mis (1.846),
m1p (1.985)

m1f (0.000), mla (0.586), mig (1.143),
m1q (1.363), mir (1.568), m1p (1.808),
m1i (1.835)

m1g (0.000), m1t (0.969), mip (1.062),
mi1s (1.548), m1f (1.726), miz (1.868)

m1z (0.000), m1q (0.040), m1f (0.367),
mlae (0.720), mlab (0.762), m1lr
(1.111), m1g (1.265), mlp (1.653), mls
(1.679), mit (1.734)

m1g (0.000), m1t (1.817), m1s (1.950),
mlp (1.973)
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S3 Table. Estimates of abundance and detection probability for N-mixture models without any covariates (null models).
Abundance represents the estimate of bird abundance for a given species (lambda) and detection presents the estimate of

detection probability for a given species (p). The standard error (SE) is shown in parentheses. “NA” represents lambda estimates

from n-mixture models that are not realistic for a given species. “— represents species that are not present during the
breeding/non-breeding season.

Species Breeding season Non-breeding season
Abundance Detection Abundance Detection

NOCA 3.170 (0.880)  0.465(0.122)  3.280 (2.960)  0.254 (0.229)
RBWO 0.817(0.433)  0.282(0.148)  1.650 (0.670)  0.357 (0.141)
WBNU 1.050 (1.360) 0.122 (0.159) 0.744 (0.342) 0.328 (0.145)
NOMO 0.911 (0.313) 0.366 (0.116) 0.708 (0.394) 0.253 (0.141)
AMRO 26.000 (10.600)  0.057 (0.022)  20.200 (7.790)  0.055 (0.020)
CARW 1.710 (0.305) 0.644 (0.074) 1.870 (0.465) 0.467 (0.104)
CACH NA NA 1.860 (0.941)  0.227 (0.115)
BLJA 3.140 (5.530) 0.114 (0.201) 1.400 (0.387) 0.432 (0.107)
EATO 1.160 (0.250) 0.599 (0.087) 2.090 (1.400) 0.184 (0.124)
BHNU NA NA 0.286 (0.131)  0.449 (0.162)
DOWO 1.530 (0.919) 0.252 (0.151) NA NA
TUTI 1.720 (0.855) 0.231 (0.115) 5.590 (8.860) 0.094 (0.150)
EABL 5.630 (5.060)  0.050 (0.042) NA NA
EUST 20.700 (11.000)  0.124 (0.015)  7.920 (4.940)  0.076 (0.018)
HOSP 5.660 (6.420) 0.073 (0.071) 6.380 (5.600) 0.291 (0.248)
GCFL 0.796 (0.542) 0.226 (0.155) - -
BGGN 1.000 (0.848)  0.166 (0.143) - -
GRCA 1.250 (0.340)  0.451 (0.106) - -
HOWR 0.325 (0.167) 0.355 (0.165) - -
CHSW 18.600 (8.670) 0.029 (0.013) - -

FICR 2.030 (1.340)  0.170 (0.114) - -
WTSP - - 19.500 (5.850)  0.096 (0.020)
RCKI - - 2.900 (2.680)  0.155 (0.143)
MYWA - - 2.830(3.010)  0.104 (0.112)
DEJU - - 17.200 (8.570)  0.056 (0.013)
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S4 Table. N-mixture model abbreviations and the model components for the detection process. Weather represents the cloud

condition from 0-3 indicating clear, partly cloudy, mostly cloudy, to overcast. Temp represents the temperature in Fahrenheit.
Wind represents the wind level from 0-3 indicating no wind, low wind, moderate wind, to extreme wind. Noise represents the

noise level from 0-3 indicating no noise, low noise, moderate noise, to extreme noise.

Model Components

p.null Intercept only

p.weather Weather

p.temp Temp

p.wind Wind

p.noise Noise

pl Weather + Temp

p2 Weather + Wind

p3 Weather + Noise

p4 Wind + Temp

p5 Noise + Temp

p6 Wind + Noise

p7 Weather + Temp + Wind
p8 Weather + Temp + Noise
p9 Weather + Noise + Wind
p10 Temp + Wind + Noise
p.full Weather + Temp + Wind + Noise
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S5 Table. Best-fit N-mixture models (AAIC < 2) for detection covariates only during the breeding season. See model

abbreviations and components in S4 Table. AAIC values are in parentheses. NA represents estimates from n-mixture models that
are not realistic for a given species.

Species  Best-fit models (breeding season)

NOCA  p.null (0.00), p.noise (1.12)

RBWO  p.weather (0.00), p.null (0.21), p.wind (0.67)
WBNU  p.null (0.00), p.noise (1.56), p.wind (1.78)

NOMO  p.weather (0.00), p.null (1.21), p3 (1.80), p2 (1.89)
AMRO  p.weather (0.00)

CARW  p.noise (0.00)

CACH NA

BLJA p.null (0.00), p.wind (1.31)

EATO p.null (0.00), p.noise (0.25), p.temp (0.66), p5 (1.06), p10 (1.15), p4 (1.22), p.wind (1.28), p6 (1.36)
BHNU NA

DOWO  p.null (0.00), p.temp (1.92)

TUTI pl (0.00), p.weather (0.20), p.wind (0.89), p2 (1.20)
EABL p.null (0.00), p.temp (1.19), p.wind (1.96)

EUST p3 (0.00)

HOSP p.null (0.00), p.temp (1.90)

GCFL p.temp (0.00), p.null (1.02)

BGGN  p.null (0.00)

GRCA  p.noise (0.00), p5 (0.76), p.null (0.83), p.temp (0.86)
HOWR  p6 (0.00), p.noise (0.20), p.null (0.98), p.wind (1.47)
CHSW  p.weather (0.00), p3 (0.57), p1 (1.92)

FICR p.null (0.00), p.noise (0.47), p.temp (1.61)
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S6 Table. Best-fit N-mixture models (AAIC < 2) for detection covariates only during the non-breeding season. See model
abbreviations and components in S4 Table. AAIC values are in parentheses. NA represents estimates from n-mixture models that
are not realistic for a given species.

Species  Best-fit models (non-breeding season)

NOCA  p.null (0.00), p.noise (1.22), p.weather (1.64),

RBWO  p.noise (0.00), p.null (0.82), p5 (0.89), p.temp (1.87)

WBNU  p.null (0.00), p.temp (0.64), p.weather (1.06), p.wind (1.58), p1 (1.93)
NOMO  p.null (0.00), p.wind (1.98)

AMRO  p.null (0.00), p.noise (1.63), p.weather (1.89)

CARW  p.null (0.00), p.weather (1.56), p.noise (1.83)

CACH  p.null (0.00), p.weather (0.91), p.noise (1.99)

BLJA p.temp (0.00), p5 (1.70), p.null (1.81), p4 (1.95)

EATO p.noise (0.00), p5 (0.85), p3 (1.13), p.null (1.21), p10 (1.27), p6 (1.28), p.weather (1.41), p.temp (1.96)
BHNU  p.null (0.00), p.wind (1.05), p.noise (1.84)

DOWO NA

TUTI p.null (0.00), p.noise (0.39), p.weather (0.62), p3 (0.89), p.wind (1.82)
EABL NA

EUST p4 (0.00), p1 (0.55)

HOSP p.null (0.00), p.temp (0.84), p.wind (0.90)

WTSP p6 (0.00), p.noise (0.58), p5 (1.33), p10 (1.92)

RCKI p.wind (0.00), p.null (0.29), p.temp (0.45), p4 (1.52)

MYWA  p.null (0.00), p.weather (0.72), p.temp (1.37)

DEJU p.noise (0.00), p3 (0.77)
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S7 Table. Model estimates for best-fit N-mixture models (AAIC = 0) for detection covariates only during the breeding season.
Weather represents the cloud condition from 0-3 indicating clear, partly cloudy, mostly cloudy, to overcast. Temp represents the
temperature in Fahrenheit. Wind represents the wind level from 0-3 indicating no wind, low wind, moderate wind, to extreme
wind. Noise represents the noise level from 0-3 indicating no noise, low noise, moderate noise, to extreme noise. The values in
the tables are the coefficient estimates of the N-mixture models. The values in the parentheses are p values. Estimates that were
marked with * indicate consistent significant effects from all best-fit models (AAIC < 2) and they were included in the next step
of the N-mixture models with different site covariates considered. CACH and BHNU were excluded due to unrealistic estimates

of abundance and detection probability.

Species Intercept Weather  Temp Wind Noise

NOCA -0.142 - - - -
(0.773)

RBWO -0.721 -0.584 - - -
(0.253) (0.127)

WBNU -1.980 - - - -
(0.184)

NOMO -0.616 -0.599 - - -
(0.214) (0.069)

AMRO -2.785* -0.318* - - -
(<0.001) (0.006)

CARW 0.604 - - - -0.579*
(0.052) (0.018)

BLJA -2.050 - - - -
(0.302)

EATO 0.402 - - - -
(0.267)

DOWO -1.090 - - - -
(0.174)

TUTI -1.177 0.604 -0.489 - -
(0.053) (0.015) (0.105)

EABL -2.940* - - - -
(0.001)

EUST -1.919* -1.094* - - 0.834*
(<0.001) (<0.001) (<0.001)

HOSP -2.550 - - - -
(0.015)

GCFL -0.705 - -0.831 - -
(0.285) (0.091)

BGGN -1.610 - - - -
(0.117)

GRCA -0.368 - - - -0.505
(0.423) (0.065)

HOWR -0.327 - - -1.058 -1.476
(0.623) (0.122)  (0.071)

CHSW -3.510* 0.880* - - -
(<0.001) (<0.001)

FICR -1.580 - - - -
(0.049)
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S8 Table. Model estimates for best-fit N-mixture models (AAIC = 0) for detection covariates only during the non-breeding
season. Weather represents the cloud condition from 0-3 indicating clear, partly cloudy, mostly cloudy, to overcast. Temp

represents the temperature in Fahrenheit. Wind represents the wind level from 0-3 indicating no wind, low wind, moderate wind,
to extreme wind. Noise represents the noise level from 0-3 indicating no noise, low noise, moderate noise, to extreme noise. The
values in the tables are the coefficient estimates of the N-mixture models. The values in the parentheses are p values. Estimates

that were marked with * indicate consistent significant effects from all best-fit models (AAIC < 2) and they were included in the
next step of the N-mixture models with different site covariates considered. DOWO and EABL were excluded due to unrealistic
estimates of abundance and detection probability.

Species Intercept Weather Temp Wind Noise

NOCA -1.080 - - - -
(0.373)

RBWO -0.914 - - - -0.455
(0.230) (0.067)

WBNU -0.719 - - - -
(0.274)

NOMO -1.080 - - - -
(0.147)

AMRO -2.840 - - - -
(<0.001)

CARW -0.134 - - - -
(0.748)

CACH -1.230 - - - -
(0.062)

BLJA -0.273 - 0.433 - -
(0.523) (0.045)

EATO -2.140 - - - -0.461
(0.075) (0.049)

BHNU -0.205 - - - -
(0.7540

TUTI -2.260 - - - -
(0.197)

EUST -2.676% - -0.767* -0.457 -
(<0.001) (0.009) (0.028)

HOSP -0.890 - - - -
(0.459)

WTSP -2.381* - - -0.267 0.303*
(<0.001) (0.061) (0.027)

RCKI -1.735 - - -0.388 -
(0.160) (0.121)

MYWA -2.150 - - - -
(0.073)

DEJU -2.760* - - - 1.640*
(<0.001) (<0.001)
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S9 Table. N-mixture model abbreviations and the model components for the state process. See S7-8 Tables for a list of detection
process covariates that were included for the N-mixture models. Site represents the categorical variable with two groups (A/B
zone park and C/D zone park). Canopy represents the variable percentage of tree canopy cover. Impervious represents the
variable percentage of impervious surfaces. Stream represents the variable distance to the closest stream. VHDI represents the
vertical habitat diversity index.

Model Components Model Components
(cont.) (cont.)
L.null Intercept only L11 Site + Canopy + Impervious
L.site Site L12 Site + Canopy + Stream
L.canopy Canopy L13 Site + Canopy + VHDI
L.imp Impervious L14 Site + Impervious + Stream
L.stream Stream L15 Site + Impervious + VHDI
L.VHDI VHDI L16 Site + Stream + VHDI
L1 Site + Canopy L17 Canopy + Impervious + Stream
L2 Site + Impervious L18 Canopy + Impervious + VHDI
L3 Site + Stream L19 Canopy + Stream + VHDI
L4 Site + VHDI L20 Impervious + Stream + VHDI
L5 Canopy + Impervious L21 Site + Canopy + Impervious + Stream
L6 Canopy + Stream L22 Site + Canopy + Impervious + VHDI
L7 Canopy + VHDI L23 Site + Canopy + Stream + VHDI
L8 Impervious + Stream L24 Site + Impervious + Stream + VHDI
L9 Impervious + VHDI L25 Canopy + Impervious + Stream + VHDI
L10 Stream + VHDI L.full Site + Canopy + Impervious + Stream + VHDI
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S10 Table. Best-fit N-mixture models (AAIC < 2) with detection and site covariates during the breeding season. See model
abbreviations and components in S9 Table. AAIC values are in parentheses. NA represents N-mixture models with unrealistic
estimates.

Species  Best-fit models (breeding season)

NOCA  L.null (0.00), L.canopy (0.75), L.imp (1.13)

RBWO  L.null (0.00), L.site (1.82)

WBNU  L.null (0.00). L.VHDI (0.11), L4 (1.10), L10 (1.35), L.stream (1.39), L.site (1.70), L.canopy (1.75)
NOMO  L.canopy (0.00)

AMRO  L.canopy (0.00), L.null (0.84), L3 (1.68), L.imp (1.79)

CARW  L.canopy (0.00)

CACH NA

BLJA L2 (0.00), L.imp (1.32), L8 (1.45)

EATO L.null (0.00), L.imp (1.63)

BHNU NA

DOWO  L.null (0.00), L.VHDI (0.99), L.imp (1.41), L.stream (1.83)

TUTI L.imp (0.00)

EABL L5 (0.00), L.canopy (1.03), L.null (1.16), L.imp (1.60), L.site (1.64), L6 (1.87)

EUST L1 (0.00)

HOSP L9 (0.00)

GCFL L.canopy (0.00), L.null (0.80)

BGGN L1 (0.00), L.stream (1.82)

GRCA  L.null (0.00), L.VHDI (0.17), L.site (1.08), L9 (1.75), L.imp (1.93), L4 (1.94), L7 (2.00)
HOWR  L.canopy (0.00), L.null (0.16), L11 (0.78), L1 (1.37), L5 (1.76), L7 (1.96)

CHSW  L.site (0.00), L.null (0.90), L1 (1.78)

FICR  L.null (0.00), L.VHDI (1.39), L.site (1.49)
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S11 Table. Best-fit N-mixture models (AAIC < 2) with detection and site covariates during the non-breeding season. See model
abbreviations and components in S9 Table. AAIC values are in parentheses. NA represents N-mixture models with unrealistic

estimates.
Species  Best-fit models (non-breeding season)
NOCA  L.null (0.00), L.VHDI (1.54), L.imp (1.60)
RBWO  L.imp (0.00), L.null (0.68), L.canopy (0.82), L.stream (1.60), L5 (1.95)
WBNU  L.VHDI (0.00), L7 (0.90), L9 (1.61), L20 (1.80), L.canopy (1.80)
NOMO  L.canopy (0.00), L.null (0.10), L12 (0.92), L6 (0.94), L.imp (1.57)
AMRO  L.null (0.00)
CARW  L.null (0.00), L.canopy (0.05), L.site (0.96), L.imp (1.19)
CACH L2 (0.00), L5 (0.02), L.canopy (0.68), L9 (0.97), L7 (1.04), L.imp (1.27), L18
(1.34), L15 (1.68)
BLJA L.null (0.00), L.canopy (1.31), L.site (1.56)
EATO  L.VHDI (0.00), L.null (1.20), L7 (1.92)
BHNU  L.null (0.00), L.imp (1.64), L.VHDI (1.92)
DOWO NA
TUTI L.imp (0.00), L5 (0.24), L.canopy (0.60)
EABL NA
EUST L2 (0.00), L.site (1.50)
HOSP L2 (0.00), L8 (0.19), L17 (1.83), L11 (1.83), L20 (1.83), L15 (1.84)
WTSP L7 (0.00), L.VHDI (0.24)
RCKI  L.imp (0.00), L.null (0.58), L8 (1.61)
MYWA  L.null (0.00), L.imp (1.95)
DEJU L8 (0.00), L.null (1.93)
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S12 Table. Model estimates for best-fit N-mixture models (AAIC = 0) with detection and site covariates during the breeding

season. C/D parks represent the site variable, and the estimates show the comparison with the A/B parks. Canopy represents the

variable percentage of tree canopy cover. Impervious represents the variable percentage of impervious surfaces. Stream
represents the variable distance to the closest stream. VHDI represents the vertical habitat diversity index. The values in the
tables are the coefficient estimates of the N-mixture models. The values in the parentheses are p values. Estimates that were

marked with * indicate consistent significant effects from all best-fit models (AAIC < 2). CACH and BHNU were excluded due

to unrealistic estimates of abundance and detection probability.

Species  Intercept C/D parks  Canopy Impervious  Stream VHDI

NOCA 1.150* - - - - -
(<0.001)

RBWO  -0.202 - - - - -
(0.704)

WBNU  0.053 - - - - -
(0.967)

NOMO 0.170 - -1.220* - - -
(0.871) (<0.001)

AMRO  3.170* - -0.400 - - -
(<0.001) (0.041)

CARW  0.498* - 0.360* - - -
(0.007) (0.028)

BLJA -0.362 1.133 - 0.728* - -
(0.674) (0.037) (0.003)

EATO 0.145 - - - - -
(0.505)

DOWO 0.425 - - - - -
(0.480)

TUTI 3.084* - - -0.868* - -
(<0.001) (<0.001)

EABL 1.028 - -1.056 -0.831 - -
(0.343) (0.033) (0.035)

EUST -0.760 3.020* -1.610* - - -
(0.348) (0.001) (0.020)

HOSP -1.120 - - 2.180* - -1.600*
(0.245) (<0.001) (<0.001)

GCFL -0.350 - 0.579 - - -
(0.631) (0.069)

BGGN 0.181 1.982 1.131 - - -
(0.968) (0.019) (0.011)

GRCA 0.224 - - - - -
(0.410)

HOWR  -1.302 - -0.744 - - -
(0.034) (0.111)

CHSW  3.090* -1.070 - - - -
(<0.001) (0.037)

FICR 0.709 - - - - -
(0.281)

141



S13 Table. Model estimates for best-fit N-mixture models (AAIC = 0) with detection and site covariates during the non-breeding
season. C/D parks represent the site variable, and the estimates show the comparison with the A/B parks. Canopy represents the
variable percentage of tree canopy cover. Impervious represents the variable percentage of impervious surfaces. Stream
represents the variable distance to the closest stream. VHDI represents the vertical habitat diversity index. The values in the
tables are the coefficient estimates of the N-mixture models. The values in the parentheses are p values. Estimates that were
marked with * indicate consistent significant effects from all best-fit models (AAIC < 2). DOWO and EABL were excluded due
to unrealistic estimates of abundance and detection probability.

Species  Intercept C/D parks  Canopy Impervious  Stream VHDI

NOCA  1.190 - - - - -
(0.188)

RBWO  0.752 - - -0.366 - -
(0.434) (0.074)

WBNU  -0.604 - - - - 0.905
(0.258) (0.072)

NOMO  -0.500 - -0.528 - - -
(0.381) (0.112)

AMRO  3.010* - - - - -
(<0.001)

CARW  0.625* - - - - -
(0.012)

CACH 1779 -0.773 - -0.696 - -
(0.268) (0.055) (0.005)

BLJA 0.333 - - - - -
(0.230)

EATO  0.678 - - - - 0.505
(0.348) (0.086)

BHNU  -1.250* - - - ) .
(0.006)

TUTI 3.586* - - -0.517 - -
(<0.001) (0.006)

EUST  -1.110 3.160* - 1.190 - -
(0.349) (0.012) (0.023)

HOSP  -6.470 2.850 - 4.620 - -
(0.049) (0.005) (0.001)

WTSP  2.630* - 0.434 - - 0.888*
(<0.001) (0.048) (0.001)

RCKI 1.970 - - -0.370 - -
(0.460) (0.072)

MYWA  1.040 - - - - -
(0.328)

DEJU 2.020* - - -2.440 2.090 -
(<0.001) (0.004) (0.017)
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S1 Figure. The locations of the avian sampling points in the rural sites. (A) sampling points in
Brumley Forest Nature Preserve — North section and sampling points in Brumley Forest Nature

Preserve — South section. (B) sampling points in Johnston Mill Nature Preserve.
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S2 Figure. A comparison of tree canopy data sources between higher-resolution and lower-
resolution data using Long Meadow Park as an example. (A) showed the satellite image of Long
Meadow Park, taken in 2022. (B) showed the overlay of the tree canopy polygon data from the
higher-resolution 2016 data. (C) showed the overlay of the tree canopy raster data from the
lower-resolution 2021 National Land Cover Database data.
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S3 Figure. The effects of redlining on tree canopy cover (A) and impervious surface (B) at the
urban park level. Study locations that do not share the same lowercase letter indicate significant

comparisons. The bars represent the median value and 95% confidence interval. The dots outside
of the confidence interval are outliers.
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S4 Figure. The effect of rural sites on species richness and abundance at the urban park level. All
significant comparisons come from the difference between the rural site and the A/B zone. There
was higher seasonal bird species richness in the rural preserves than in A/B zone parks during the
breeding season (A). There was lower total bird species richness in the rural preserves than in
A/B zone parks during the non-breeding season (B). There was higher seasonal bird species
abundance in the rural preserves than in A/B zone parks during the breeding season (C). There
was lower total bird species abundance in the rural preserves than in A/B zone parks during the

non-breeding season (D).
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S5 Figure. The relationship between canopy cover and species richness and abundance during
the breeding season only. (A) the negative correlation between canopy cover and total bird
species richness; (B) the negative correlation between canopy cover and year-round bird species
richness; (C) the negative correlation between canopy cover and total bird species abundance;
(D) the negative correlation between canopy cover and year-round bird species abundance.
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S6 Figure. The relationship between impervious surfaces and species richness during the non-
breeding season only. The figures showed the negative relationships between impervious
surfaces and (A) bird species richness, (B) native bird species richness, (C) year-round bird

species richness, and (D) year-round bird abundance.
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S7 Figure. The parameter estimates from the best-fit N-mixture models for the abundance of
BLJA, TUTI, HOSP, NOMO, CARW, and WTSP. (A) Percent impervious surface had a positive
effect on BLJA abundance during the breeding season. (B) Percent impervious surface had a
negative effect on TUTI abundance during the breeding season. (C) Percent impervious surface
had a positive effect and VHDI had a negative effect on HOSP abundance during the breeding
season. (D) Percent canopy cover had a negative effect on NOMO abundance during the
breeding season. (E) Percent canopy cover had a positive effect on CARW abundance during the
breeding season. (F) VHDI had a positive effect on WTSP abundance. Thicker lines indicate
50% confidence intervals and thinner lines indicate 95% confidence intervals of the parameter
estimates
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