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Abstract
Environmental factors influencing the distribution and abundance of wildlife populations in the Anthropocene are increasingly 
complicated by historical and ongoing industrialization. The legacy of industrialization has enduring impacts on environmen-
tal quality, with downstream consequences for wildlife. However, industrial contaminants are not evenly distributed across 
or within cities, and their effects on free-ranging wildlife at the population and community levels remain poorly understood. 
We investigated whether environmental contaminant risk from pollutants was associated with mammalian diversity and 
carnivore activity in the Seattle-Tacoma metropolitan area, Washington, USA. Using camera trap data collected across 74 
sites, we modeled environmental contaminant risk, natural land cover, and human population density against several mam-
mal community metrics and against detections of carnivore species. Environmental contaminant risk was measured based 
on proximity to contaminated industrial and residential sites, using publicly available indices. We found that mammalian 
diversity and evenness decreased as contaminant risk increased, especially in Seattle. Across the metro area and within Seat-
tle, coyote (Canis latrans) activity was negatively associated with contaminant risk, while raccoon (Procyon lotor) activity 
was positively associated with contaminant risk; opossums (Didelphis virginiana) showed no response. Within Tacoma, 
contaminant risk was not significantly associated with mammal community metrics or carnivore activity, but human popula-
tion density had a negative influence on coyote activity and a positive influence on opossum activity. Our results highlight 
the potential impacts of industrialization in ecological processes, and the need for species- and city-specific approaches in 
understanding the role they play in shaping urban wildlife communities. Ecological studies that incorporate these impacts 
can inform urban planning and conservation strategies that improve environmental quality for urban wildlife populations.
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Introduction

Cities are complex landscapes where human and natural sys-
tems are intimately coupled, and are characterized by high 
variation in environmental quality for human and nonhuman 
life (Collins et al. 2000; Ramalho and Hobbs 2012; McPhear-
son et al. 2016; Keeler et al. 2019; Des Roches et al. 2021). 
The quality of wildlife habitat varies both within and across 
urban areas (Cushing et al. 2015; Estien et al. 2024), and is 
influenced by factors such as green space availability; point 
pollution sources such as industrial facilities; non-point pollu-
tion sources such as stormwater runoff; and human population 
density. Environmental quality, or the health of an environment 
as defined by environmental characteristics that impact living 
beings, plays a large role in dictating the success of wildlife 
populations and communities in cities (Collins et al. 2000; 
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Saaristo et al. 2018; Murray et al. 2019; Lev et al. 2020; Fatima 
et al. 2023). These characteristics reflect the overall condition 
of the physical environment, often in relation to air, soil, or 
water quality. However, environmental quality can also refer 
to specific attributes that vary within a localized region such 
as access to vegetation, temperature, and noise levels (Cushing 
et al. 2015; Murray et al. 2022; Estien et al. 2024). In addition 
to factors such as competition, mating opportunities, and avail-
ability of food and shelter, urban wildlife may need to attenuate 
their responses directly to environmental quality (e.g. hetero-
geneity in noise pollution, contaminated water sources, green 
space size and complexity, etc.). For example, predatory birds 
exposed to pollution exhibited reduced parental care behavior, 
an adaptive trait that directly affects fitness by influencing off-
spring survival (Grue et al. 1997).

Environmental quality in cities is heavily impacted by vari-
ous types of pollution (i.e. environmental contamination, Agye-
man et al. 2016), which can result in deleterious health effects 
or even lethal consequences in both wildlife and humans (Dom-
inoni et al. 2016; Birnie-Gauvin et al. 2016; Sanders and Gaston 
2018; Kunc and Schmidt 2019; Kok et al. 2023). Contami-
nant exposure in wildlife is associated with parasitic disease 
outbreaks (Murray et al. 2016; Serieys et al. 2015), behavioral 
differences (Brodin et al. 2013; Flahr et al. 2015; Tüzün et al. 
2021), gut dysbiosis (Rosenfeld 2017), reduced fertility (Som-
ers 2011), immune dysregulation (Serieys et al. 2018; Fraser 
et al. 2018), and endocrine disruption (Guillette 2000). Urban-
adapted wildlife species tolerate a wide variety of anthropo-
genic disturbances and often display high behavioral plasticity 
that enables them to live in human-dominated spaces (Caspi 
et al. 2022) – but these adaptations may not protect against 
the negative impacts of living in contaminated environments 
(Saaristo et al. 2018). Extensive in situ experimental research 
exists on the impacts of pollution on mammals, wherein ani-
mals are placed in “exposure facilities” and exposed to envi-
ronmental contamination, acting as sentinels for the impacts of 
contamination (Somers 2011). For example, one study drew air 
from a freeway tunnel into a laboratory vivarium to expose rats 
to air pollution (Patten et al. 2021). Work using this methodol-
ogy has uncovered evidence of genetic mutations (Yauk et al. 
2000), altered behavior (Saaristo et al. 2018), and physiological 
imbalances (Guo et al. 2020). Recently, studies on wild mam-
mals as sentinels of environmental contamination have allowed 
researchers to assess population-wide effects (Wainstein et al. 
2022). Individual-level impacts on physiology and behavior 
may further scale up to affect community-level processes, such 
as competition and predation, by altering the presence and dis-
tribution of populations (Saaristo et al. 2018). However, it is 
difficult to determine population- and community-level effects 
in an experimental setting. Therefore, knowledge on the con-
sequences of contamination on urban-adapted mammals, and 
subsequent impact on population and community dynamics, 
remains limited.

Within urban mammal communities, carnivores are 
uniquely vulnerable to the health impacts of pollutants due 
to the biomagnification of toxins at higher trophic levels 
(Rodríguez-Jorquera et al. 2017). However, due to their 
large home range requirements, lower population densi-
ties, and sensitivity to human activity, large carnivores 
such as mountain lions (Puma concolor) and gray wolves 
(Canis lupus) are less common within urban regions (Foley 
et al. 2013; van den Bosch et al. 2023). Conversely, mes-
ocarnivores have been highly successful in urban areas 
due to dietary and behavioral flexibilities that facilitate 
persistence in novel or disturbed environmental contexts 
(Bateman and Fleming 2012; Caspi et al. 2022). How-
ever, these traits can also expose urban mesocarnivores to 
unique environmental risks (Murray et al. 2016; Richards 
et al. 2018; Serieys et al. 2018; Shakouri and Gheytasi 
2018). The impact of environmental contamination may 
be more apparent in synanthropic mesocarnivores such as 
coyotes (Canis latrans) and raccoons (Procyon lotor) due 
to their better ability to exploit and persist in urban envi-
ronments compared to larger carnivores, which may avoid 
highly contaminated areas entirely due to their overlap with 
human activity (Marneweck et al. 2022). Due to their suc-
cess across urbanization gradients, mesocarnivores may act 
as sentinels for environmental contamination from various 
sources, including agricultural pesticides (Kimber and Kol-
lias 2000; Carpenter et al. 2014; Rodríguez-Jorquera et al. 
2017), anticoagulant rodenticides (Fraser et al. 2018; Facka 
et al. 2024; Buckley et al. 2024), and industrial activities 
(Hernández et al. 2017; Brand et al. 2020; Guo et al. 2020; 
Aeluro and Kavanagh 2021). However, the importance of 
environmental contaminants as a predictor of mesocarni-
vore occurrence patterns within and across urban areas 
remains poorly understood.

The primary objective of this study was to determine 
the impacts of environmental contamination on wildlife 
activity in the Seattle-Tacoma metropolitan region, Wash-
ington, USA. In Seattle and its neighboring city Tacoma, 
dense human populations exist in conjunction with large-
scale shipping and industrial activity. Both Seattle and 
Tacoma are economically significant port cities and are 
throughways of major interstates. Further, the region 
(known as the Seattle-Tacoma metropolitan area) hosts an 
abundance of environmental contaminant sources, such as 
National Priorities List sites (a.k.a. Superfund sites; sites 
defined by the U.S. Environmental Protection Agency as 
containing hazardous substances that pose risks to human 
health and the environment due to industrial pollution, 
improper waste disposal, or chemical spills Mariner et al. 
1997; Abel and Stephan 2017), historic smelting opera-
tions, (Ajax and Meyer 1987), steel plants (Abel and 
White 2011; Sprague 2015), hazardous waste sites (e.g. 
asphalt facilities; (Abel and Stephan 2017), and airplane 
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plants (Abel and White 2011). Pollutants linked to these 
contaminant sources include PCBs (Vorhees et al. 1999), 
polycyclic aromatic hydrocarbons (PAH) (Brenner et al. 
2002), heavy metals (Mariner et al. 1997), and particulate 
matter (Abel and White 2011). The legacy of such indus-
trial and waste-producing sites is also long-standing; even 
in cases where they are removed and rebuilt into residen-
tial areas, contaminants still persist in the environment 
(Abel and Stephan 2017; Bramble et al. 2023). Conse-
quently, wildlife communities in this region are likely 
experiencing variable contaminated landscapes, with 
potential consequences for biodiversity. Still, the region 
hosts a diverse community of native wildlife (Table 2). 
The Seattle-Tacoma metropolitan area is therefore a fit-
ting case study for exploring the impacts of environmental 
contaminants on wildlife.

We examined the effects of contaminants on wildlife 
activity at two taxonomic scales: 1) the mammalian com-
munity and 2) individual carnivore species. We compared 
the importance of environmental contaminant risk rela-
tive to natural land cover and human population density, 
two factors known to affect urban wildlife populations. To 
address our objectives, we analyzed camera trap data from 
across our study area. Our overarching hypothesis was that 
the negative fitness impacts of environmental contaminants 
would scale up to influence population- and community-
level dynamics, resulting in decreased wildlife activity at 
highly contaminated sites. At the community level, envi-
ronmental contamination can directly affect sensitive spe-
cies and indirectly alter competitive or trophic dynamics 
(Rohr et al. 2006). Species that are less tolerant of contami-
nated and/or developed environments may either be unable 
to persist or behaviorally avoid these sites, leaving only 
disturbance-tolerant species (Kidd et al. 2014; Araújo et al. 
2016). Conversely, sites with higher natural land cover 
may have fewer disturbances and provide more resources 
to support a heterogenous and diverse community (Gallo 
et al. 2017; Parsons et al. 2019). We therefore predicted 
that areas with a higher proportion of natural land cover 
and lower environmental contaminant risk would have 
greater relative mammalian diversity, richness, and even-
ness compared to sites with less natural land cover and 
those with higher environmental contaminant risk. Fur-
ther, environmental contaminants may disproportionately 
affect carnivore populations because they are long-lived, 
occupy higher trophic levels, and have lower reproductive 
rates than other mammals (Rodríguez-Jorquera et al. 2017; 
Suraci et al. 2021). These traits increase their vulnerability 
to the cumulative impact of biomagnification and bioac-
cumulation, which are linked with increased physiologi-
cal stress and reduced reproductive success (Birnie-Gauvin 
et al. 2016; Parker et al. 2023), thus potentially lowering 
local population densities. In addition, individuals may 

behaviorally avoid highly contaminated or highly urban-
ized areas within their home ranges (Araújo et al. 2016; 
Saaristo et al. 2018; Parsons et al. 2019). We therefore 
predicted that higher detection rates of carnivore species 
would occur in areas with higher proportion of natural land 
cover and lower contaminant risk.

Methods

We analyzed camera trap data with generalized linear 
mixed models (GLMMs) and generalized linear models 
(GLMs) to determine whether three spatial covariates 
– environmental contaminant risk, human population den-
sity, and proportion of natural land cover – were associated 
with a) mammalian community metrics (diversity, rich-
ness, and evenness) and b) detection rates (i.e., activity) 
of carnivores.

Study area and design

Cameras were deployed as part of the Seattle Urban Car-
nivore Project (Seattle, Washington), and the Grit City 
Carnivore Project (Tacoma, Washington) (total n = 33 
cameras and n = 41 cameras, respectively; Fig. 1). These 
cameras were deployed along urban-exurban gradients 
following protocols from the Urban Wildlife Information 
Network (UWIN) camera study design protocol (Magle 
et al. 2019). In brief, cameras were placed in parks or 
green spaces along an urbanization gradient, which was 
defined by impervious surface cover relative to other sites 
in the study area. In both Seattle and Tacoma, multiple 
transects originated near the urban core of the city and 
radiated through surrounding suburban, exurban, and rural 
regions in different directions (Fig. 1). Along the transects, 
sites were chosen based on the project team’s ability to 
obtain permissions, with the secondary goal of encapsulat-
ing a variety of potential wildlife habitat including but not 
limited to parks, and golf courses, and cemeteries. Sites 
were least 1 km apart to ensure site independence. The 
specific camera location within each site was randomized 
to the best of our ability, while maximizing the potential 
to capture wildlife visiting the camera location (e.g. facing 
an animal trail) and minimizing risk of theft or vandal-
ism (e.g. hidden from passersby). Cameras were mounted 
to trees or other solid structures at roughly knee-height. 
Camera transects spanned the cities of Seattle and Tacoma 
as well as surrounding cities and towns in King and Pierce 
Counties, including Bothell, Redmond, Tukwila, Renton, 
Auburn, Puyallup, and Eatonville (Fig. 1).

Cameras were deployed for a minimum of 4 weeks (~ 
28 days) in each season: spring (April), summer (July), 
autumn (October), and winter (January). Cameras were 
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checked and memory cards swapped after 2 weeks. In 
cases of theft or vandalism, cameras and memory cards 
were replaced. Cameras were deployed for a total of 5 
seasons (January 2019-January 2020). The UWIN study 
design protocol during this time period included deploy-
ment of fatty acid scent discs paired with each camera 
trap, which are unlikely to impact mammal detection rates 
at the temporal and spatial scales of this study (Fidino 
et al. 2020). Images were identified to the species level 
by trained staff, students, and volunteers. All images were 
reviewed by 2 observers; in cases where identification dif-
fered between observers, photos were triple reviewed by 
project staff.

Spatial covariates

All spatial analyses were done in the R statistical software 
(v4.4.2; R Core Team 2024). For our natural land cover 
covariate, we calculated proportions for each land cover 
type using data from the National Land Cover Database 
(NLCD) in 2019 (Table 1; Dewitz 2021; Haight et al. 2023). 
For human population density, we used openly available 
data from the University of Wisconsin (https://​silvis.​for-
est.​wisc.​edu/​data/​housi​ng-​block-​change/); this layer was 

calculated at the census block level using U.S. census data 
from 2020 (Table 1). Data from census blocks in our study 
area were then rasterized to a 30 m resolution using the R 
packages sf and terra. Values of both natural land cover and 
human population density were averaged around each cam-
era site in a 1 km buffer using the R package terra (Gehrt 
et al. 2009; Magle et al. 2016).

To quantify environmental contaminant risk, we used 
data from The Washington Environmental Health Dis-
parities Map, which developed publicly available indices 
estimating cumulative impacts of environmental pollu-
tion burden experienced in Washington state communities 
(Min et al. 2019, 2021); https://​fortr​ess.​wa.​gov/​doh/​wtnibl/​
WTNIBL/). The Washington Health Disparities Map and 
similar datasets (e.g. CalEnviroScreen in California) are 
widely used in urban planning, human health, and eco-
logical studies (Cushing et al. 2015; Nardone et al. 2020; 
Min et al. 2021; Estien et al. 2024). In this map, pollution 
burden is divided into two cumulative variables: environ-
mental exposures and contaminant risk (contaminant risk is 
termed “environmental effects” in Min et al. 2019 and Min 
et al. 2021, but we renamed this variable for clarity). In the 
Washington Environmental Health Disparities Map, envi-
ronmental exposures represents cumulative threat based on 

Fig. 1   A map of camera loca-
tions in Seattle (top right) and 
Tacoma (bottom right). In the 
left panel, dark gray coloring 
indicates land and light blue 
coloring indicates water. On the 
right, census tracts are filled in 
with a study-area-derived con-
taminant risk scale (with light 
pink representing least risk and 
dark red representing most risk) 
based on the Washington Envi-
ronmental Health Disparities 
Map. Black diamonds indicate 
camera trap locations. Four sites 
(located in Eatonville, WA), 
indicated by the smallest red 
bounding box on the left side of 
the map, are not included in the 
right-hand map but are included 
in the analysis as part of the 
Tacoma transect

https://silvis.forest.wisc.edu/data/housing-block-change/
https://silvis.forest.wisc.edu/data/housing-block-change/
https://fortress.wa.gov/doh/wtnibl/WTNIBL/
https://fortress.wa.gov/doh/wtnibl/WTNIBL/
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direct measurements of common pollutants (e.g. particulate 
matter). Contaminant risk represents cumulative threat of 
adverse environmental qualities that are not direct expo-
sures, but still pose potential health risks (Table 1, Figs. 4, 
5, and 6). To re-calculate these cumulative variables for our 
study area, we used the indicators and methods from Min 
et al. (2021), which quantified projected pollution burden 
in human communities. In brief, values of each index were 
downloaded from the Washington Environmental Health 
Disparities Map website and converted to spatial data in 
R using census tract GEOIDs. Each individual indicator 
was calculated at a 1 km buffer around each camera trap 
site using the R packages terra. Indices were then aver-
aged within their group to create the final “environmental 
exposure” and “contaminant risk” composite variables for 
the entire dataset. We excluded one indicator from Min 

et al. 2021 from our contaminant risk variable – waste-
water discharge from treatment plants – because data was 
missing for over half of our census tracts. We then scaled 
each composite variable based on indicator values at all 
study sites, such that a score of 0 represents no burden, 
and a score of 1 represents the highest burden. This scaling 
was done separately for the metro-area dataset and each 
city-specific dataset. Each variable therefore represents the 
average exposure or risk experienced around the site in 
relation to other sites in the dataset to be analyzed (Figs. 4, 
5, and 6). We found that, at our study sites, environmental 
exposure and contaminant risk were strongly correlated (r 
= 0.83, Fig. 4). We therefore chose to proceed with only 
contaminant risk, because it approximates proximity to 
landscape features (i.e. industrial facilities causing con-
tamination) that have a direct influence on habitat quality 

Table 1   Descriptions and sources of variables in our analysis, including individual indicators that make up the contaminant risk variable. 
Descriptions of contaminant risk and indicators are from Min et al. 2019

Variable name Description Source

Natural land cover Total proportion of all non-developed and 
non-water cover types within the study area: 
evergreen temperate forest, deciduous tem-
perate forest, forest mix, temperate shrubs, 
temperate grasses, wetlands

National Land Cover Database 2019 
(Dewitz 2021) 

Human population density Number of humans per square kilometer, calcu-
lated for each census block

Silvis Lab at University of Wisconsin (data 
from American Community Survey)

Contaminant risk Represents cumulative risk based on proximity 
to sites with adverse environmental quality 
(i.e., sources of contamination). Values of all 
contaminant risk indicators (below) scaled 
within our study sites and averaged

Min et al. 2019 (termed “environmental 
effects”)

Lead risk Estimated presence of lead in housing within 
census tract based on total number of houses 
and year of construction

Min et al. 2019 (data from American Com-
munity Survey)

Proximity to hazardous waste generators and 
facilities

Count of all commercial hazardous waste 
treatment, storage, and disposal facilities 
(tracked under the Resource Conservation 
and Recovery Act) within 5 km of average 
resident in a block group, divided by distance 
and calculated as population-weighted aver-
age in each census tract

Min et al. 2019 (data from EJSCREEN)

Proximity to Superfund (National Priorities 
List) sites

Count of sites proposed and listed on the 
National Priorities List – areas where hazard-
ous waste has been historically spilled or 
dumped – within 5 km of average resident 
in a block group, divided by distance and 
calculated as population-weighted average in 
each census tract

Min et al. 2019 (data from EJSCREEN)

Proximity to facilities with release of highly 
toxic substances

Count of facilities with highly toxic substances 
(tracked through mandated Risk Management 
Plans with the Environmental Protection 
Agency), within 5 km of average resident 
in a block group, divided by distance and 
calculated as population-weighted average in 
each census tract

Min et al. 2019 (data from EJSCREEN)
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(Table 1). Prior to running models, we assessed variance 
inflation factors for these and all final variables using the 
regclass package in R, which indicated low multicollinear-
ity (VIF < 2 Petrie 2020).

Data analysis

We used GL(M)Ms to evaluate the effects of our spatial 
covariates on mammal community diversity (GLMs) 
and carnivore species activity (GLMMs). Analyses were 
restricted to sites with 3 or more active seasons and at 
least 18 active camera-trap nights per season (Magle et al. 
2016). Photos within 30 min of each other were removed 
to ensure temporal independence between detections (Guo 
et al. 2017). For the mammal community diversity model, 
we removed all non-mammals as well as rodents smaller 
than squirrels (Sciurus spp.) from the dataset, as consistent 
capture of small mammals with camera traps is unreliable 
at distances greater than 1 m (Ortmann and Johnson 2021). 
We also removed domestic dogs (Canis familiaris), cats 
(Felis catus), and humans.

Using our GLM(M) framework, we modeled both mam-
mal community diversity and detection rates of carnivores 
within and across the two focal cities (Table 2). We mod-
eled the two cities together (“metro-area model”) as well as 
separately to investigate how our selected spatial covariates 
were affiliated with our response variables both across the 
metro area and within each focal city transect (Table 2). 
We used detection rates as a proxy for activity at each site 
(often referred to as relative abundance) (Lovell et al. 2022; 
Sievert et al. 2023). We used the glmmTMB package in R 
to fit our models (Avrin et al. 2021). We included season 
as a variable due to its potential role in variation of wildlife 
activity throughout the year (e.g. dispersal, mating sea-
sons). To account for non-independence among seasons 
sampled at the same station, site was included as a random 
effect in all models for the carnivore detection models. We 
scaled all continuous variables with a mean value of 0 and 
standard deviation of 1 within the model. GLMMs were 
built for each species of interest, with species detections 
per site per season as the response variable (Lovell et al. 
2022; Sievert et al. 2023). We determined that the negative 
binomial distribution was the best-fitting discrete distribu-
tion for each species using the car and MASS packages 
in R (Ripley et al. 2013; Gorjanc et al. 2024). Focal city, 
contaminant risk, natural land cover, human population 
density, and season were included as fixed effects in the 
“metro-area” model. In individual city models, all vari-
ables except focal city were included. We used an offset 
on the log scale to account for variation in the number of 
sampling occasions at each site (i.e., the number of days 
the camera was operational during a given season). Model 

diagnostics were performed using the dharma package in 
R (Hartig and Hartig 2022).

We fit GLMMs for 9 individual carnivore species in our 
study area (Table 3), but due to data limitations (i.e. not 
enough detections for models to converge) for 6 of the spe-
cies, our results focus on 3 common mesocarnivore species 
in our study area: raccoons, coyotes, and Virginia opossums 
(Didelphis virginiana). Raccoons are highly synanthropic, 
able to exploit anthropogenic resources amidst urban habi-
tat fragmentation (Graser et al. 2012). Coyotes are success-
ful urban exploiters that have witnessed rapid geographic 
expansion, establishing populations in a cadre of biomes and 
ecosystems throughout the North American continent (Gri-
gione et al. 2014; Murray et al. 2016; Sugden et al. 2020). 
Lastly, while they are taxonomically marsupials, Virginia 
opossums (hereafter opossums) occupy similar trophic posi-
tions to sympatric mesocarnivores, and are persistent across 
urbanization gradients in North American cities (Wang et al. 
2015; Worsley-Tonks et al. 2020; Buckley et al. 2024).

To model mammal community diversity, we calculated 
Shannon’s diversity index, species richness, and Pielou’s 
evenness for the mammal community at each site/season 
combination using the vegan package in R (Oksanen et al. 
2013). We then averaged these values across seasons. A 
GLM was built and fit to a Gaussian distribution for Shan-
non’s diversity and Pielou’s evenness, and a Poisson dis-
tribution for species richness. No site random effect was 
included since all community metrics were calculated for 
1 data point per site. All other covariates were the same 
as the individual carnivore species models, and we built 
metro-area and individual focal city models. Our mammal 
community included small, medium and large mammal 
species, ranging from rodents to ungulates to carnivores 
(17 total species; Table 3).

Results

We collected 5 seasons of data across 74 sites. Deploy-
ment periods for each season averaged 35 days (range: 
18–51). Aside from small rodents, domestic animals, and 
humans, 17 mammal species were detected throughout the 
study period (Table 3). The final dataset included 13,689 
camera trap days and 16,226 total independent detections 
of our focal species (Table 3). We had 1,203 independent 
detections of coyotes (422 in the Seattle transects, 781 in 
the Tacoma transects), 2,503 independent detections of 
raccoons (580 in the Seattle transects, 1,923 in the Tacoma 
transects), and 911 independent detections of opossums 
(148 in the Seattle transects, 763 in the Tacoma transects) 
(Table 3).
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All results are reported as incidence rate ratios on the 
logarithmic scale (i.e. confidence intervals that cross 1 are 
insignificant), with an alpha level of 0.05.

Mammal community metric models

Mammal community diversity, as measured by Shannon’s 
diversity index, decreased with contaminant risk in the 
metro-area model (β = −0.11; 95% CI = −0.21–0.01; p 
= 0.027; Fig. 2; Table 4); natural land cover and human 
population density had no significant impact on diver-
sity. In the Seattle model, diversity also decreased with 
contaminant risk (β = −0.20; 95% CI = −0.32, −0.07; 

p = 0.002; Fig. 2; Table 4), while in Tacoma, diversity 
was unaffected by our spatial covariates (Table 4). Spe-
cies richness was not associated with any of our spatial 
covariates across all models (Fig. 2), but in our metro-
area model, species richness was higher in Tacoma than 
in Seattle (β = 1.28, CI = 1.05, 1.07, p = 0.015; Table 5). 
Similarly to Shannon’s diversity, Pielou’s evenness was 
negatively associated with contaminant risk in the both-
cities model (β = −0.06, CI = −0.10, −0.01, p = 0.008; 
Table 6) and in the Seattle model (β = −0.08, CI = −0.14, 
−0.02, p = 0.011; Table 6), but not in the Tacoma model; 
all other spatial covariates in the evenness models were 
insignificant (Fig. 2).

Fig. 2   Marginal effect plots of generalized linear models for Shan-
non’s diversity (first row), species richness (second row), and Pielou’s 
evenness (third row) model results. Plots show contaminant risk on 
the x-axis and each respective community metric on the y-axis, with 

results depicted for the metro-area model (left), the Seattle-only 
model (center), and the Tacoma-only model (right). Light red fill 
indicates confidence interval



	 Urban Ecosystems (2025) 28:152152  Page 8 of 24

Mesocarnivore species activity models

Models for large carnivores (black bear [Ursus ameri-
canus], mountain lion [Puma concolor]) and mustelids 
(river otters [Lontra canadensis], weasels [unknown spe-
cies]) did not converge due to lack of data. While the 
metro-area model for bobcats (Lynx rufus) converged, we 
had only 31 total bobcat detections, and neither individ-
ual-city model converged (Table 7). For striped skunks 
(Mephitis mephitis), the metro-area and Tacoma models 
converged, but there was only a single skunk detection 
in the Seattle dataset, compared to 187 skunk detections 
in Tacoma (Tables 2 and 7). Hence, we did not include 
bobcats and striped skunks in further analyses, and moved 
forward with models for coyotes, raccoons, and opossums.

Overall, the strength and direction of relationships 
among spatial covariates and mesocarnivore detection 
rates differed across species in our metro-area model 

(Fig. 3). In our metro-area model, coyotes were signifi-
cantly more active in areas with lower contaminant risk 
(β = 0.47; 95% CI = 0.28, 0.80; p = 0.005). In contrast, 
raccoons and opossums had no detectable response to con-
taminant risk (raccoons: β = 1.42; 95% CI = 0.94, 2.14; 
p = 0.093; opossums β = 0.64; 95% CI = 0.32, 1.25; p 
= 0.190). Detection rates of mesocarnivores were also not 
affiliated with human population density or natural land 
cover in our metro-area model (Table 6). Because the fixed 
effect for city was a significant predictor for species detec-
tions (coyotes: β = 2.65, 95% CI = 1.10,6.40, p = 0.030; 
raccoons: β = 4.11, 95% CI = 1.93, 8.72, p = 0.001; 
opossums:β = 6/09, 95% CI = 1.88, 19.76, p = 0.003), we 
subsequently evaluated detections within each city’s tran-
sect. In our Seattle models (Table 8), contaminant risk 
remained a significant negative influence on coyote activ-
ity (β = 0.18; 95% CI = 0.06, 0.47; p = 0.001; Fig. 3); rac-
coon activity increased with both contaminant risk (β = 

Fig. 3   Forest plot of coefficient estimates for species count general-
ized linear mixed models in the Seattle-Tacoma metropolitan area, 
reported as incidence rate ratios on the log scale, with a dark gray 
vertical line representing the intercept. Panels shown are the metro-

area models (top), Seattle models (center), and Tacoma models (rig). 
Asterisks indicate significant results (* for p < 0.05, ** for p < 0.01, 
and *** for p < 0.001)
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1.91; 95% CI = 1.18, 3.09; p = 0.009) and human popula-
tion density (β = 1.87; 95% CI = 1.15, 3.03; p = 0.011); 
and opossum activity was unaffected by any of our spa-
tial covariates. In our Tacoma models (Table 9), human 
population density was negatively associated with coyote 
activity (β = 0.53; 95% CI = 0.28, 0.99; p = 0.045) and 
positively associated with opossum activity (β = 3.14; 
95% CI = 1.15, 8.56; p = 0.025), while none of our spatial 
covariates predicted raccoon activity.

Discussion

While the impacts of environmental contamination on 
physiology, behavior, and survival may not be immedi-
ately apparent in urban-adapted wildlife populations, these 
latent factors can indeed influence species distributions 
and restructure communities (Birnie-Gauvin et al. 2016, 
Huang et al. 2018, Murray et al. 2019; Schell et al. 2020). 
In this study, we investigated the influence of environ-
mental contaminants on mammalian diversity and activity 
of common mesocarnivores in our study area by merg-
ing census-level data on human population density, envi-
ronmental contaminant risk, and natural land cover with 
camera-trap surveys. Evidence from this study suggests 
that environmental contamination is an important compo-
nent of habitat quality for the broader mammal commu-
nity, with community diversity and community evenness 
showing negative relationships with contaminant risk. 
However, the impact of environmental contamination on 
the mesocarnivore community seems to be species-spe-
cific, with coyote activity showing pronounced negative 
responses to environmental contamination relative to other 
mesocarnivore species. Indeed, contaminant risk affected 
coyote activity more strongly than natural land cover or 
human population density did. Based on their avoidance 
of highly contaminated regions in our study area, coyotes 
may serve as sentinels for urban environmental quality.

Contaminant risk detrimentally affected mammal com-
munity diversity and evenness, supporting our predic-
tions. Both Shannon’s diversity index and Pielou’s even-
ness index decreased as contaminant risk increased in the 
metro area model and in the Seattle model. Conversely, 
species richness was not associated with any of our vari-
ables. These results suggest that while the number of spe-
cies remains stable with increasing contaminant risk, the 
composition and evenness of the mammal community 
may be an earlier indicator of the effects of contamina-
tion. This may be for several reasons. First, habitats with 
high contaminant risk may present additional challenges 
such as differences in resource availability and inhibition 
of dispersal through physical barriers such as large build-
ings (Gehrt et al. 2009; Magle et al. 2016; Wang and Cao 

2017). Second, contaminated habitats may directly disrupt 
biological processes, such as reproduction (Huang et al. 
2018), development (Murray et al. 2019), and immune 
function (Eccles et al. 2021; Serieys et al. 2018). As sug-
gested by our results among mesocarnivores, species may 
have different levels of sensitivity towards the cumulative 
impacts of contamination assessed in our study (Saaristo 
et al. 2018), leading to variation in how species respond 
to these indirect and direct pressures, and impacting com-
munity composition and diversity (Seebacher and Franklin 
2012; Wingfield 2013; Aronson et al. 2017; Hassell et al. 
2021).

In our models, contaminant risk emerged as a signifi-
cant predictor of coyote activity across the metro area and 
within our Seattle transect. While not a direct measure-
ment of pollutants, contaminant risk is a direct reflection 
of landscapes experienced by wildlife as well as a proxy 
for a variety of environmental pollutants (Min et al. 2019, 
2021). In our study area, areas with higher environmental 
contamination generally encompass industrial or previ-
ously industrialized zones (Abel and White 2011; Kondo 
et al. 2022). Along with higher pollution levels, these areas 
typically have less vegetation, myriad disturbances (e.g. 
noise and light pollution, truck activity), lower municipal 
services, industrial waste sites, and abandoned buildings 
(Silva et al. 2021; Coscia et al. 2024). Our results sug-
gest coyotes may be more sensitive to environmentally 
contaminated areas than other mesocarnivores. We sug-
gest several reasons for this finding. First, coyotes may 
be impacted by non-modeled characteristics of environ-
mentally contaminated areas. Areas with greater environ-
mental contamination may be more difficult to navigate, 
because industrial areas have abundant linear infrastruc-
ture (e.g., busy roadways, large buildings; (Wang and Cao 
2017; Azhari et al. 2018), which may inhibit individuals 
from accessing other habitats (Kreling et al. 2024). Fur-
ther, coyote activity may be driven by other factors that 
are linked to contamination, but are not included in our 
models such as noise pollution (Collins et al. 2022) and 
lower prey diversity as reflected by our community model 
results. Lastly, coyotes may experience the fitness impacts 
of contamination more than subordinate mesocarnivores 
(Rodríguez-Estival and Mateo 2019; Parker et al. 2023). 
Coyotes play a crucial role in urban ecosystems, often 
occupying the role of apex predator in the absence of large 
carnivores (Ellington and Gehrt 2019). Due to their higher 
trophic level, the effects of biomagnification may reduce 
coyotes’ ability to persist in highly contaminated areas 
compared to raccoons and opossums (Rodríguez-Estival 
and Mateo 2019; Parker et al. 2023). Mesocarnivores have 
broadly been indicated as increasingly important sentinels 
for pollution, disease, and global change (Aguirre 2009; 
Marneweck et al. 2022; Parker et al. 2023; Cepeda-Duque 
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et  al. 2023; Clark-Wolf et  al. 2024). While additional 
research is needed to understand the mechanisms by which 
coyotes avoid highly contaminated areas and the degree 
to which they are physiologically impacted by contamina-
tion, our results suggest that coyotes are a good candidate 
for a sentinel species in studies investigating the impacts 
of pollution and overall environmental quality on wildlife.

In contrast to coyotes, raccoon activity was positively 
associated with contaminant risk and human population 
density, though only in our metro-area and Seattle models. 
In Tacoma only, none of our spatial covariates impacted 
raccoon activity. Raccoons may therefore not be as sensi-
tive to the “negatives” of high-contaminant-risk areas, and 
may even be attracted to some of the attributes associated 
with contamination (e.g. shelter in abandoned industrial 
sites, subsidies from large-scale industrial food waste) 
(Bateman and Fleming 2012; Hansen et al. 2020). Another 
potential explanation is that since coyotes avoid highly 
contaminated areas, raccoons may select them to avoid 
predation by or competition with coyotes. However, while 
there is some evidence for temporal avoidance of coyotes 
by raccoons (Moura et al. 2022; Malhotra et al. 2022), 
research has shown that raccoons generally exhibit a lack 
of spatial avoidance (Gehrt and Prange 2007; Chitwood 
et al. 2020; Avrin et al. 2023). Instead, highly contami-
nated areas may act as an ecological trap for raccoons, in 
which individuals preferentially select for degraded habi-
tats due to attractive features such as novel foods, despite 
negative physiological consequences (Battin 2004; Huang 
et al. 2018; Parker et al. 2023). Follow-up studies could 
include assessment of organismal impacts or population 
dynamics of raccoons in contaminated habitats to deter-
mine whether they are indeed “trapped” by these low-qual-
ity habitats. While raccoons are often positively associated 
with human development, as supported by our results in 
Seattle, this relationship is not consistent across our study 
area. Raccoons rely heavily on vertical territory that coy-
otes are not able to access (Smith and Endres 2012; Gámez 
and Harris 2022), and often exploit anthropogenic subsi-
dies and waste as resources (Schulte-Hostedde et al. 2018). 
Therefore, perhaps the type of human development mat-
ters (Poisson et al. 2024): highly urbanized areas that are 
primarily residential in nature may not provide adequate 
refugia or food for raccoons compared to those in indus-
trialized zones, which may present the same amount of 
natural land cover as dense residential areas (and therefore 
go unnoticed in studies that do not differentiate between 
the two) but offer different resources. Opossums are simi-
larly highly synanthropic and share niches with raccoons, 
including the use of vertical space (Ginger et al. 2003; 
Voss and Jansa 2021; McTigue et al. 2024). The only sig-
nificant predictor for opossum activity across our mod-
els was human population density in Tacoma, suggesting 

that unmodeled variables such as prey availability may 
be driving opossum activity. Future research is needed to 
understand interactions within the mesocarnivore guild in 
relation to environmental contamination, but we suggest 
that raccoons and opossums may simply be selecting for 
habitats where coyotes are less likely to be due to diverg-
ing resource and refugia needs (Hayes Hursh et al. 2023).

The distribution of our variables in both cities across 
our study sites was similar (Figs. 7 and 8), but responses 
were different across our models. The differences in signifi-
cant findings between our metro-area, Seattle, and Tacoma 
models suggest variability in the impact of contaminant 
risk across different contexts and scales, and indicate that 
other factors may be playing a role in mediating wildlife 
populations and communities between Seattle and Tacoma. 
Our study did not consider city or neighborhood age or 
the relative difference in population size between the two 
cities. Studies across the globe suggest that neighborhood 
and city age impact biodiversity, but the direction of this 
trend is not always consistent (Aronson et al. 2014; Nor-
ton et al. 2016; Aznarez et al. 2023; Haight et al. 2023). 
The population size of Seattle is over three times that of 
Tacoma (although population density at our study sites 
were similar between the two cities; Fig. 8); however, 
many cameras in the Seattle transects were in suburban 
cities and unincorporated regions. Although Seattle and 
Tacoma are considered part of the same metropolitan area, 
sharing bus lines, commuters, and an international airport, 
our results suggest that these cities and their surrounding 
suburbs are distinct social-ecological systems. Further, our 
Tacoma study site supports both a richer large carnivore 
community and a richer overall mammal community than 
our Seattle study site, potentially influencing dynamics in 
our metro-area models (Table 1). Lastly, natural landcover 
and contaminant risk exhibited collinearity at our Tacoma 
sites (Fig. 4), which may have impacted our results, though 
VIF was low (Dormann et al. 2013). Future studies using 
a twin- or multi-city approach should incorporate various 
proxies for city age, structure, and size to interrogate how 
varying developmental histories of urban centers within the 
same biome may result in divergent ecological outcomes 
(Fidino et al. 2019, 2021).

While the interconnectedness of human societies and 
urban ecosystems was not always recognized, recently, 
social-ecological variables have been more commonly 
incorporated into urban wildlife studies (Magle et  al. 
2016, 2021; Herrera et al. 2022; Aznarez et al. 2023; 
Fidino et al. 2024). Much of this literature has focused on 
the impact of socioeconomic metrics on wildlife, wherein 
neighborhoods with higher income generally have higher 
levels of biodiversity and environmental quality (Leong 
et al. 2018; Chamberlain et al. 2019; Magle et al. 2021). 
Similarly, variation in urban environmental quality is 
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often demarcated by societal inequity and structural 
injustices, such as political power and socioeconomic dis-
parities (Morello-Frosch and Lopez 2006; Cushing et al. 
2015; Wright 2021). These injustices and inequities have 
led to uneven pollution burdens that disproportionately 
impact humans and our surrounding ecosystems (Jesdale 
et al. 2013; Yearby 2020; Lane et al. 2022; Swope et al. 
2022; Shkembi et al. 2024). Decades of research have 
shown that ethno-racial minority groups in the United 
States disproportionately experience effects of environ-
mental hazards such as water pollution, noise pollution, 
and insufficient sanitation services, with reduced while 
having access to fewer environmental amenities such as 
tree canopy and green space (Pastor et al. 2005; Dai 2011; 
Mascarenhas et al. 2021; Estien et al. 2024). Thus, both 
humans and wildlife experience differing exposure to pol-
lution as a result of these legacies of injustice (Swope 
et al. 2022), which has consequences for disease vul-
nerability, behavior, and long-term mental and physical 
well-being (Krieger et al. 2020; Levin et al. 2021; Lee 
et al. 2022). Our paper adds to an accumulating body 
of evidence that these disproportionately degraded envi-
ronments have downstream consequences on wildlife 

and community ecology (Murray et al. 2022; Wood et al. 
2024; Estien et al. 2024).

Here, we provide another social-ecological metric that 
is a more direct representation of habitat quality and may 
provide additional granularity for urban wildlife biologists 
seeking to investigate social-ecological phenomena. While 
this study focused on overall contaminant risk and pop-
ulation-level analyses, future work could isolate specific 
pollutants that may inform the probability of wildlife pres-
ence. Data from our contaminant risk variable were col-
lected at relatively broad spatial and temporal scales, but 
fine-scale spatial and temporal variances in pollution are 
known to exist (Caubel et al. 2019). For example, a recent 
study in Seattle found that epiphytic moss samples from 
neighborhoods primarily populated by people of color had 
elevated heavy metals concentrations (Kondo et al. 2022). 
Future studies could therefore incorporate site-specific data 
on environmental contaminants via soil samples, air quality 
monitors, or other fine-scale measurements. However, to 
fully understand how contamination impacts urban wild-
life, it will be essential to further investigate the organismal 
and fitness consequences of pollution exposure and their 
projections to population-level processes.
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Appendix

Fig. 4   Correlation plot of variables used in sin this study. Numbers 
represent Spearman’s correlation coefficient for each relationship, 
with the color gradient ranging from -1 (purple) to 1 (yellow). The 
leftmost panel shows correlations between all variables in our metro-
area model: natural land cover, human population density, and envi-
ronmental contaminant risk. Correlations are also shown between 

all variables and the environmental exposure cumulative variable we 
planned to use in our analysis, which indicates direct measurements 
of pollutants and was removed from the model due to high correlation 
with contaminant risk. The center (Seattle) and right (Tacoma) panels 
show correlations between variables used in our analysis (natural land 
cover, human population density, and contaminant risk)

Fig. 5   Correlation plot of 
variables in the metro area-
models, but with individual 
contamination risk indicators 
(that together make up the 
contaminant risk variable). 
Numbers represent Spearman’s 
correlation coefficient for each 
relationship, with the color gra-
dient ranging from -1 (purple) 
to 1 (yellow). Asterisks indicate 
the indicators that make up 
the contaminant risk variable: 
proximity to hazardous waste 
facilities, lead risk, proximity to 
Superfund sites, and proximity 
to risk management plan (toxic 
release) facilities. Correlations 
are also shown between each 
individual indicator making up 
the contaminant risk variable 
and the 2 other variables in the 
study: natural land cover and 
human population density
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Fig. 6   Correlation plot of variables in the Seattle models (left) and 
Tacoma models (right), but with individual contamination risk indi-
cators (that together make up the contaminant risk variable). Num-
bers represent Spearman’s correlation coefficient for each relation-
ship, with the color gradient ranging from -1 (purple) to 1 (yellow). 
Asterisks indicate the indicators that make up the contaminant risk 

variable: proximity to hazardous waste facilities, lead risk, proxim-
ity to Superfund sites, and proximity to risk management plan (toxic 
release) facilities. Correlations are also shown between each indi-
vidual indicator making up the contaminant risk variable and the 2 
other variables in the study: natural land cover and human population 
density

Fig. 7   Boxplots of site values for environmental risk (A), population density (B), and natural land cover (C), plotted by city. Red dots represent 
means; black dots represent camera trap sites
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Fig. 8   Boxplots of raw data for Shannon’s diversity (A), species richness (B), and Pielou’s evenness(C), plotted by city. Red dots represent 
means; black dots represent sites
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Table 2   Structure of GLMMs and GLMs in the manuscript. Each row 
represents a different model in the analysis. Models are organized by 
study area – first the structure for the metro-area model (both cities), 
then the structure for the city-specific models. Each city had its own 

models with identical structuring. Structures are shown for all meso-
carnivore models and all mammal community models. All variables 
are fixed effects, except for site which is a random effect. Distribu-
tions for each model are also shown

Study area Analysis Model structure Distribution

Metro area Mesocarnivore models Coyote detections ~ season + city + natural land cover + contaminant risk 
+ human population density + 1|site

Negative binomial

Raccoon detections ~ season + city + natural land cover + contaminant risk 
+ human population density + 1|site

Negative binomial

Virginia opossum detections ~ season + city + natural land cover + con-
taminant risk + human population density + 1|site

Negative binomial

Mammal community models Shannon’s diversity ~ city + natural land cover + contaminant risk 
+ human population density

Gaussian

Species richness ~ city + natural land cover + contaminant risk + human 
population density

Poisson

Pielou’s evenness ~ city + natural land cover + contaminant risk + human 
population density

Gaussian

Seattle, Tacoma 
(separate 
models)

Mesocarnivore models Coyote detections ~ season + natural land cover + contaminant risk 
+ human population density + 1|site

Negative binomial

Raccoon detections ~ season + natural land cover + contaminant risk 
+ human population density + 1|site

Negative binomial

Virginia opossum detections ~ season + natural land cover + contaminant 
risk + human population density + 1|site

Negative binomial

Mammal community models Shannon’s diversity ~ natural land cover + contaminant risk + human 
population density

Gaussian

Species richness ~ natural land cover + contaminant risk + human popula-
tion density

Poisson

Pielou’s evenness ~ natural land cover + contaminant risk + human popula-
tion density

Gaussian

Table 3   Species raw counts, ordered from most to least total independent detections. Totals and minimum/maximum independent detections are 
then broken down by focal city

Common name (Latin name) Total Metro-Area 
Detections

Seattle Total (Min, Max) Tacoma Total (Min, Max)

Eastern gray squirrel (Sciurus carolinensis) 7,646 2,350 (1, 189) 5,296 (1, 297)
Raccoon (Procyon lotor) 2,503 580 (1, 55) 1,923 (1, 65)
Black-tailed deer (Odocoileus hemionus) 1,638 317 (1, 31) 1,321 (1, 54)
Eastern cottontail rabbit (Sylvilagus floridanus) 1,614 473 (1, 76) 1,141 (1, 125)
Coyote (Canis latrans) 1,203 422 (1, 165) 781 (1, 81)
Virginia opossum (Didelphis virgiana) 911 148 (1, 15) 763 (1, 70)
Douglas squirrel (Tamiasciurus douglasii) 293 0 (NA) 293 (1, 52)
Striped skunk (Mephitis mephitis) 188 1 (1, 1) 187 (1, 41)
Elk (Cervus canadensis) 121 0 (NA) 121 (1, 27)
Townsend’s chipmunk (Tamias townsendii) 57 0 (NA) 57 (1,21)
Bobcat (Lynx rufus) 31 13 (1, 2) 18 (1, 4)
Black bear (Ursus americanus) 10 9 (1, 4) 1 (1, 1)
Western gray squirrel (Sciurus griseus) 4 0 (NA) 4 (4, 4)
Weasel [cannot ID] (Mustela spp.) 3 0 (NA) 3 (1, 1)
Mountain lion (Puma concolor) 2 0 (NA) 2 (2, 2)
Fox squirrel (Sciurus niger) 1 0 (NA) 1 (1, 1)
River otter (Lontra canadensis) 1 1 (1) 0 (NA, NA)
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Table 4   Results from generalized linear mixed-effects models evalu-
ating predictors of mammal community Shannon diversity across 
three datasets: Seattle-Tacoma metro area (left), Seattle (center), and 
Tacoma (right). Models were fitted using the glmmTMB package 
in R. Fixed-effect estimates are shown with 95% confidence inter-

vals in parentheses. Predictor variables include fixed effects for city 
(Tacoma) in the metro area model. All models include fixed effects 
for natural land cover, contaminant risk (combined and city-specific 
models), and human population density. Asterisks denote statistical 
significance (* = p < 0.05; ** = p < 0.01; *** = p < 0.001)

Predictors Estimates p Estimates p Estimates p
(Shannon diversity) (Shannon diversity) (Shannon diversity)

(Intercept) 0.97 ***
(0.85, 1.09)

 < 0.001 0.97 ***
(0.87, 1.07)

 < 0.001 1.05 ***
(0.95, 1.15)

 < 0.001

City [Tacoma] 0.08
(-0.08, 0.23)

0.354

Natural land cover 0.05
(-0.06–0.16)

0.377 -0.03
(-0.18, 0.11)

0.656 0.12
(-0.03, 0.27)

0.104

Human pop. density -0.03
(-0.13, 0.07)

0.538 -0.07
(-0.19, 0.06)

0.299 0.01
(-0.14, 0.16)

0.880

Contaminant risk (Metro-area) –0.14 **
(-0.23, -0.05)

0.002

Contaminant risk (Seattle) -0.20 **
(-0.32, -0.07)

0.002

Contaminant risk (Tacoma) -0.11
(-0.25, 0.02)

0.102

Table 5   Results from generalized linear mixed-effects models evalu-
ating predictors of mammal community species richness across 
three datasets: Seattle-Tacoma metro area (left), Seattle (center), and 
Tacoma (right). Models were fitted using the glmmTMB package in 
R. Fixed-effect incidence rate ratios are shown with 95% confidence 

intervals in parentheses. Predictor variables include fixed effects for 
city (Tacoma) in the metro area model. All models include fixed 
effects for natural land cover, contaminant risk (combined and city-
specific models), and human population density. Asterisks denote sta-
tistical significance (* = p < 0.05; ** = p < 0.01; *** = p < 0.001)

Predictors Estimates (Species richness) p Estimates
(Species richness)

p Estimates (Species richness) p

(Intercept) 5.22 *** (4.47,6.10)  < 0.001 5.30 *** (4.56, 6.17)  < 0.001 6.60 *** (5.86, 7.44)  < 0.001
City [Tacoma] 1.28 *

(1.05, 1.57)
0.015

Natural land cover 1.08
(0.95, 1.23)

0.229 1.00
(0.82, 1.23)

0.998 1.13
(0.97, 1.33)

0.120

Human pop. density 1.00 (0.88, 1.14) 0.976 1.00 (0.83, 1.21) 0.991 1.00 (0.84, 1.20) 0.970
Contaminant risk 0.91

(0.81, 1.03)
0.151

Contaminant risk (Seattle) 0.88
(0.73, 1.06)

0.179

Contaminant risk (Tacoma) 0.93
(0.79, 1.10)

0.399



Urban Ecosystems (2025) 28:152	 Page 17 of 24  152

Table 6   Results from generalized linear mixed-effects models evalu-
ating predictors of mammal community Pielou’s evenness across 
three datasets: Seattle-Tacoma metro area (left), Seattle (center), and 
Tacoma (right). Models were fitted using the glmmTMB package in 
R. Fixed-effect incidence rate ratios are shown with 95% confidence 

intervals in parentheses. Predictor variables include fixed effects for 
city (Tacoma) in the metro area model. All models include fixed 
effects for natural land cover, contaminant risk (combined and city-
specific models), and human population density. Asterisks denote sta-
tistical significance (* = p < 0.05; ** = p < 0.01; *** = p < 0.001)

Predictors Estimates (Pielou’s even-
ness)

p Estimates (Pielou’s even-
ness)

p Estimates (Pielou’s even-
ness)

p

(Intercept) 0.59 *** (0.53–0.64)  < 0.001 0.58 *** (0.53–0.63)  < 0.001 0.55 *** (0.51–0.60)  < 0.001
City [Tacoma] -0.04 (-0.11–0.04) 0.314
Natural land cover 0.00

(-0.05–0.05)
0.934 -0.02 (-0.09–0.05) 0.632 0.02 (-0.05–0.08) 0.577

Contamination risk -0.06 ** (-0.10 – -0.01) 0.008
Human population density -0.02 (-0.06–0.02) 0.379 -0.04 (-0.10–0.02) 0.220 -0.00 (-0.07–0.06) 0.980
Contamination risk (Seat-

tle)
-0.08 * (-0.14 – -0.02) 0.011

Contamination risk 
(Tacoma)

-0.04 (-0.10–0.02) 0.173
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Table 8   Results from generalized linear mixed-effects models evalu-
ating predictors of mesocarnivore activity in the Seattle dataset (left 
to right: coyote [Canis latrans], raccoon [Procyon lotor], Virginia 
opossum [Didelphis virginiana]). Models were fitted using the glm-
mTMB package in R. Fixed-effect incidence rate ratios are shown 

with 95% confidence intervals in parentheses. All models include 
natural land cover, contaminant risk, and human population density. 
Asterisks denote statistical significance (* = p < 0.05; ** = p < 0.01; 
*** = p < 0.001)

Predictors Coyote p Raccoon p Virginia opossum p

(Intercept) 0.01 *** (00–0.02)  < 0.001 0.04 *** (0.02–0.07)  < 0.001 0.01 *** (0.00–0.03)  < 0.001
Natural land cover 0.43 (0.16–1.14) 0.357 0.60 (0.29–1.23) 0.163 1.39 (0.46–4.15) 0.559
Contamination risk 0.18 ** (0.06–0.47) 0.001 1.91 (0.18–3.09) 0.009 0.62 (0.22–1.72) 0.360
Human population density 1.57 (0.69–3.57) 0.847 1.87 (1.15–3.03) 0.011 0.71 (0.22–2.34) 0.577
Random effect σ2 4.73 3.54 5.15

Table 9   Results from generalized linear mixed-effects models evalu-
ating predictors of mesocarnivore activity in the Tacoma dataset (left 
to right: coyote [Canis latrans], raccoon [Procyon lotor], Virginia 
opossum [Didelphis virginiana], striped skunk [Mephitis mephitis]). 
Models were fitted using the glmmTMB package in R. Fixed-effect 

incidence rate ratios are shown with 95% confidence intervals in 
parentheses. All models include natural land cover, contaminant risk, 
and human population density. Asterisks denote statistical signifi-
cance (* = p < 0.05; ** = p < 0.01; *** = p < 0.001)

Predictors Coyote p Raccoon p Virginia opossum p Striped skunk p

(Intercept) 0.03 ***
(0.02–0.06)

 < 0.001 0.1 ***
(0.06–0.17)

 < 0.001 0.06 ***
(0.03–0.14)

 < 0.001 0.00 ***
(0.00–0.00)

 < 0.001

Natural land cover 0.93
(0.50–1.74)

0.825 1.15
(0.56–2.33)

0.611 1.40
(0.54–3.63)

0.493 0.56
(0.02–20.39)

0.751

Contamination risk 1.04 (0.60–1.78) 0.897 0.94
(0.51–1.74)

0.846 0.45
(0.19–1.09)

0.076 0.29
(0.01–6.78)

0.442

Human population density 0.53 *
(0.28–0.99)

0.045 1.48
(0.74–2.96)

0.262 3.14
(1.15–8.56)

0.025 2.10
(0.05–91.22)

0.70

Random effect σ2 3.22 2.38 3.65 11.19

https://github.com/yasminehentati/wa_uwin/
http://creativecommons.org/licenses/by-nc-nd/4.0/
http://creativecommons.org/licenses/by-nc-nd/4.0/
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