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ABSTRACT

A CASE FOR CONTEXT IN QUANTITATIVE ECOLOGY: STATISTICAL TECHNIQUES TO

INCREASE EFFICIENCY, ACCURACY, AND EQUITY IN BIODIVERSITY RESEARCH

The current era of ecological research is characterized by rapid technological innovation,
large datasets, and numerous computational and quantitative techniques. Together, big data and
advanced computing are expanding our understanding of natural systems, allowing us to capture
more complexity in our models, and helping us find solutions for salient challenges facing
modern ecology and conservation, including climate change and biodiversity loss. However,
large datasets are often characterized by noise, complex observational processes, and other
challenges that can impede our ability to apply these data to address ecological research gaps. In
each chapter of this dissertation, I seek to address a data problem inherent to the ‘big data’ that
characterizes modern ecological research. Together, they extend the strategies available for
addressing a problem facing many ecologists — how to make use of the large volumes of data we
are collecting given (1) current computational limitations and (2) specific sampling biases that
characterize various methods for data collection.

In the first chapter, I present a recursive Bayesian computing (RB) method that can be
used to fit Bayesian hierarchical models in sequential MCMC stages to ease computation and
streamline hierarchical inference. I also demonstrate the application of transformation-assisted
RB (TARB) to a hierarchical animal movement model to create unsupervised MCMC algorithms
and obtain inference about individual- and population-level migratory characteristics. This

recursive procedure reduced computation time for fitting our hierarchical movement model by
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half compared to fitting the model with a single MCMC algorithm. Transformation-assisted RB
is a relatively accessible method for reducing the computational demands of fitting complex
ecological statistical models, like those for animal movement, multi-species systems, or large
spatial and temporal scales.

Biodiversity monitoring projects that rely on collaborative, crowdsourced data collection
are characterized by huge volumes of data that represent a major facet of ‘big data ecology,” and
quantitative methods designed to use these data for ecological research and conservation
represent a leading edge of contemporary quantitative ecology. However, because participants
select where to observe biodiversity, crowdsourced data are often influenced by sampling bias,
including being biased toward affluent, white neighborhoods in urban areas. Despite the growing
evidence of social sampling bias, research has yet to explore how socially driven sampling bias
impacts inference and prediction informed by crowdsourced data, or if existing data pre-
processing or analytical methods can effectively mitigate this bias. Thus, in Chapters 2 and 3, I
explored social sampling bias in data from the crowdsourced avian biodiversity platform eBird.
In Chapter 2, I studied patterns of social sampling bias in the locations of eBird “hotspots” to
determine whether hotspots in Fresno, California, U.S.A. are more biased by social factors than
the locations of Fresno eBird observations overall. My findings support previous work showing
that eBird locations are biased by demographics. Further, I found that demographic bias is most
pronounced in the locations of hotspots specifically, with hotspots being more likely to occur in
areas with higher proportions of non-Hispanic white residents than eBird locations overall. This
relationship is reinforced because hotspots in these predominantly white areas also amass more
eBird checklists overall than hotspots in areas with more demographic diversity. These findings

raise concerns that the eBird hotspot system may be exacerbating spatial bias in sampling and
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reinforcing patterns of inequity in data availability and eBird participation, by leading to datasets
and user-facing maps of birding hotspots that mostly represent predominantly white
neighborhoods. Then, in Chapter 3, I investigated the impacts of not accounting for socially
biased sampling when using eBird data to study patterns of urban biodiversity. The luxury effect
has emerged as a prominent hypothesis in urban ecology, describing a pattern of higher
biodiversity associated with greater socioeconomic status observed in many cities. Using eBird
data from 2015-2019, I tested whether an avian luxury effect is observed in Raleigh-Durham,
North Carolina, U.S.A. before and after accounting for social sampling bias. By jointly modeling
sampling intensity and species richness, I found that sampling intensity and species richness are
positively correlated and sampling bias influences the estimated relationship between species
richness and income. Thus, failing to account for sampling bias can hinder our ability to
accurately observe social-ecological dynamics. Additionally, I found that randomly spatially
subsampling eBird data prior to analysis, as recommended by existing guidelines to mitigate
sampling bias in eBird data, does not reduce biased sampling related to demographics, because
there are data gaps in communities of color and low-income communities that cannot be
addressed via spatial subsampling. Therefore, it is paramount that crowdsourced and
contributory science projects prioritize more equitable participation in their platforms, both for
more ethical, equitable practice and because current sampling inequity negatively impacts data
quality and project goals. Quantitative techniques can help us understand the complex
observational processes influencing ecological data, and each chapter of this dissertation
highlights how tailoring statistical or computing methods to these observational contexts can

advance ecological knowledge — either by extending the complexity of models we can feasibly
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fit, as in Chapter 1, or by acknowledging and accounting for sampling inequity, in Chapters 2
and 3.

We are all participants actively shaping the ecological processes we observe, and the
actions, approaches, and assumptions used in our research reflect societal systems and biases.
Data are never objective, and it is dangerous and false to assume that quantitative techniques can
take data out of the contexts in which they were collected. Instead, quantitative frameworks that
embrace, reflect, and seek to improve the ways in which social and observational contexts inform
what is observed can elevate analytical techniques to tools towards more just, inclusive, and

transparent ecological research and conservation.
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INTRODUCTION

The current era of ecology is characterized by big data and rapid technological advances
(Farley et al., 2018; La Sorte et al., 2018; McCallen et al., 2019). Technologies including satellite
imagery, passive audio recording devices, lightweight high-resolution telemetry units,
smartphones, and countless others now enable us to collect ecological data in nearly every region
of the world, across many scales (Nathan et al., 2022; van Klink et al., 2022). For example, in
movement ecology, an array of tracking technologies including GPS, reverse GPS, and
noninvasive techniques like radar and computer vision are facilitating the collection of data
across broad spatiotemporal scales — from one-meter locations every second to global-scale
tracking over multiple years (Nathan et al., 2022). These data are being leveraged to deepen our
understanding of relationships between animal movement and physiology, behavior, and inter-
and intraspecific interactions (Nathan et al., 2022), as well as linking individual variation in
movement and population-level processes (Hooten et al., 2016). Large scale remote sensing
products and initiatives like the National Ecological Observatory Network (NEON) in the United
States then allow us to link ecological observations with other biotic and abiotic data to advance
our knowledge of how climate change and landscape modification are influencing ecological
processes (Nagy et al., 2021; Ustin and Middleton, 2021).

‘Big data ecology’ is also characterized by the increasing scope and applications of
crowdsourced biodiversity platforms like eBird and iNaturalist (Sullivan et al., 2014; Nugent,
2018). The prevalence of smartphones has driven rapid growth in participation in these projects
(also known as contributory science or citizen science projects), and the hundreds of millions of

resulting observations inform ecological research and conservation around the world (Hampton



et al., 2013; Chandler et al., 2017). For example, the Global Biodiversity Information Facility
(GBIF) is a platform that centralizes biodiversity data from projects of all types and scopes, and
currently over 70% of the > 2.5 billion animal observations on GBIF come from crowdsourced
projects (Bonney, 2021). Crowdsourced biodiversity data are being used to create dynamic,
global maps of avian species distributions (Fink et al., 2020), inform progress toward the United
Nation’s Sustainable Development Goals (Fraisl et al., 2020), and conduct extensive biodiversity
monitoring across scales (Hampton et al., 2013; Fraisl et al., 2022). Research into techniques for
leveraging crowdsourced data for biodiversity forecasting, integration with other data sources,
and creation of dynamic species distribution models represents the leading edge of statistical
ecological research and computing (Callaghan et al., 2021)

Simultaneously, ‘big data ecology’ is complemented by advancements in computing and
quantitative techniques, including cutting edge machine learning and artificial intelligence, to
approach our biggest environmental challenges, like combatting climate change and biodiversity
loss (Antonelli et al., 2022; Eastwood et al., 2022; Leal Filho et al., 2022). Quantitative methods
can increase the utility of data that has been previously collected as well as prioritize, manage,
and integrate new data that will be collected. Developments like hierarchical models and data
integration techniques can extend the scope and relevance of existing data sets and facilitate the
integration of multiple datasets to link ecological processes across multiple spatiotemporal scales
(Zipkin and Saunders, 2018; Isaac et al., 2019; Frost et al., 2023). Computing advances and
statistical innovations have enabled ecologists to progressively fit models to larger and more
complex datasets with greater flexibility (McCallen et al., 2019), and ecologists are increasingly
expected to learn skills and techniques to conduct data-intensive research (Visser et al., 2015;

Hampton et al., 2017). Many novel statistical approaches have emerged as techniques for



managing complex observational processes and other challenges related to the application of
crowdsourced data to ecological research (Johnston et al., 2023). For example, machine learning
is preparing us for the massive volumes of data we are currently collecting and will continue to
collect, and automation, black-box algorithms, and the online, real-time updating of data
products are becoming more prevalent in ecology (Peters et al., 2014). Deep learning algorithms
trained elsewhere can be used for image and sound classification and prediction in ecological
contexts, drastically speeding up data processing and research progress, and machine learning
and citizen science are being combined to automate species recognition (Willi et al., 2018; Koch
etal., 2022).

Together, big data and computing are expanding our understanding of natural systems,
allowing us to capture more complexity in our models than ever before, and helping us address
research gaps and find solutions for salient challenges facing modern ecology and conservation.
However, the collection and analysis of ecological data can have substantial impacts on people,
animals, and the ecological systems being observed. Researchers and conservationists are
increasingly questioning the ethics of conducting ecological research and practicing
conservation, both with regards to how researchers impact the communities and systems they
interact with and given the increasing prevalence of artificial intelligence in the field. In the
United States and across western institutions, ecologists are increasingly acknowledging and
grappling with conservation’s roots in colonialism, extractive research approaches, and the
exclusion of marginalized communities from conservation science and practice (Murdock, 2021).
Conservation, data collection, and research often perpetuate and reinforce these colonial,
exploitative, and violent dynamics (David-Chavez, 2019; Dominguez and Luoma, 2020;

Liboiron, 2021). Many within our field are rejecting practices that violate Indigenous



sovereignty, interfere with cultural practices and livelihoods, and risk harming wildlife
(Dominguez and Luoma, 2020; Cooke et al., 2022). Modifying or ceasing research practices that
perpetuate these harms is the primary priority for more ethical ecology. Quantitative
methodologies are no exception, and we must recognize the potential for quantitative ecological
research to reinforce harmful systemic biases, exclusion, and injustice.

For example, crowdsourcing and citizen science projects often ask the public to
voluntarily collect data without clear definitions of the goals, potential implications, and scope of
use for the data. At the same time, participation in crowdsourced data collection is inequitable
globally and locally, but it is often assumed in analysis that the identities of participants have
negligible influence on the data collected (Haklay, 2016). As a result, the knowledge gained
through crowdsourced projects often benefits those with greater power and privilege and can
further marginalize areas without the ability to invest time and resources in data collection
(Montanari et al., 2021; Mahmoudi et al., 2022). In the United States, crowdsourced data reflect
the racialized, colonial, and class-based histories that have shaped current social and ecological
landscapes (Mahmoudi et al., 2022). Analytical assumptions and emphases on maximizing data
quantity that overlook the social context of data collection homogenize the social landscape and
impede accuracy and understanding while promoting geographical discrimination in knowledge
creation, environmental health, and conservation (Montanari et al., 2021; Mahmoudi et al.,
2022).

Quantitative approaches can facilitate ethical data use by addressing pressing research
gaps using extant data, interrupting the exploitative practice of indiscriminately collecting more
data to keep pace with the advent of new observational technology (Gremillet et al., 2022).

However, big data and quantitative advancements can also obstruct progress toward more just,



ethical ecological research and conservation. Quantitative ecology can reinforce unjust systems
and hierarchies when used in attempts to delegitimize qualitative research or broader ways of
knowing or promote a false sense of objectivity in ecological data and analysis (Reid and Rout,
2020; Pessach and Shmueli, 2020). Additionally, the proliferation of high-dimensional and
nonlinear models, machine learning, and artificial intelligence in ecological research necessitates
careful consideration and investigation of social biases hidden in data, because these techniques
can easily reinforce systemic biases without detection (Garcia, 2017; Benthall and Haynes,
2019). Ecological data reflect the social factors that have modified landscapes, and model
specification, assumptions, and tuning can perpetuate inequity or implicit biases of researchers
(Gianfrancesco et al., 2018; Rudin et al., 2020). Thus, careful consideration of how data and
modeling may perpetuate or reflect bias and acknowledgment of the subjectivity of data
collection and quantification are paramount for minimizing the role of ecological research in the
continuation of harmful systems.

With the proliferation of quantitative and statistical tools available for ecology, we must
be cautious about generalizing techniques beyond their intended scopes and datasets. In many
cases, we are still defining the appropriate applications and limitations of different approaches,
and like many things in ecology, are working to find the balance between generalizability and
specificity in our modeling techniques. As demonstrated in this dissertation, defining constraints
and being cautious about the assumptions underlying our analytical techniques is critical not only
for properly accounting for sources of variation, scale, and sample size, but also to understand
the social context and potential implications of overlooking deeper issues like participation
inequality or geographic discrimination hampering our data (Haklay, 2016; Montanari et al.,

2022). Large ecological datasets share many similarities, including noise, effects of the



observational process, and scale and resolution challenges, but we must understand, account for,
and communicate the unique ways they manifest in different datasets (Spake et al., 2022).
Ultimately, this will improve the relevance, generalizability, and scalability of ecological
research to advance largescale understanding, aid in local decision-making and action, and
reduce widespread barriers to knowledge and environmental justice.

The chapters in this dissertation are unified by each seeking to address a data problem
inherent to the ‘big data’ that characterizes modern ecological research. Together, they extend
the strategies available for addressing a problem facing many ecologists — how to make use of
the large volumes of data we are collecting given (1) current computational limitations and (2)
specific sampling biases that characterize various methods for data collection. Though the
approaches and findings of each chapter are generalizable beyond the specific study explored
here, they also highlight the importance of considering the unique limitations and intentions
distinguishing datasets and applications. Striving for more ethical data collection and use, as
quantitative ecologists, it is our responsibility to remember context when working with data.
With this dissertation, I hope to highlight how quantitative techniques can augment the use of
existing datasets and emphasize the importance of always remembering context — of both the

ecological system and observational method — when designing our analytical approaches.
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CHAPTER ONE

HIERARCHICAL COMPUTING FOR HIERARCHICAL MODELS IN ECOLOGY'

Introduction

Ecological systems are characterized by dynamics and uncertainty at many scales, but
observing all relevant scales may be difficult or impossible (Wiens 1989). Instead, we must use
models to scale and connect processes across multiple levels (Levin 1992), such as from the
scale of observation to the hypothesized scale of biological process, or from a single individual
or species to a population or community. For example, in movement ecology, we often collect
telemetry data and observe movement at the individual-level, but wish to make inference on the
population as a whole, like to better understand responses to environmental conditions that are
similar among individuals (Hooten et al. 2016). Alternatively, modeling ecosystems or
ecological communities often involves joint analysis of many taxonomic groups as well as the
processes that connect them (Levin 1992, Warton et al. 2015). Finally, conducting ecological
studies introduces additional uncertainty, including sampling and detection uncertainty as well as
spatial and temporal variation between study sites and years, which must be considered when

specifying ecological models (Royle and Dorazio 2008, Beissinger et al. 2016).

Bayesian hierarchical modeling has become a popular tool in ecology, facilitating scaling
by relating process models at one level to parameters at another level (Royle and Dorazio 2008,

Hobbs and Hooten 2015). Hierarchical models are flexible and facilitate the inclusion of multiple

! Reprinted from McCaslin, H. M., Feuka, A. B., & Hooten, M. B. (2021). Hierarchical computing for hierarchical
models in ecology. Methods in Ecology and Evolution, 12(2), 245-254. https://doi.org/10.1111/2041-210X.13513
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sources of uncertainty in the data, process, and parameter components (Beliner 1996, Cressie et
al. 2009). For example, many integrated population models (IPMs) use a Bayesian hierarchical
framework to integrate multiple data sources to understand population dynamics and
demographic processes (Schaub and Abadi 2011). However, IPMs and other hierarchical models

can quickly become large and time-consuming to fit.

Ecological science has seen a rapid increase in the availability of big data, advanced
statistical techniques, and collaborative research, and our ability to specify ecological models
that capture more of the complexity of natural phenomena has improved substantially as a result
(McCallen et al. 2019). However, many ecologists have also reached the point where
computational demands limit what can be modeled. Further, as ecologists are increasingly
interested in long-term monitoring and prediction (Dietze et al. 2008), statistical models must be
fit each time data are added. Collaborations with computer and data scientists and new software
packages for efficient computing have introduced sophisticated computational techniques (e.g.,
distributed computing) in ecological science, but barriers to wide implementation of these
approaches are a bottleneck for advancing ecological modeling (Visser et al. 2015, Hampton et
al. 2017). Therefore, more accessible approaches for reducing computational limitations are

needed to support progress in ecological modeling and understanding.

Recursive computing techniques, also known as batch or modular computing or Bayesian
filtering, are used to fit a statistical model in a series of steps (Sarkd 2013). These techniques
simplify computing at each step, without modifying the original model specification or resulting
inference. One recursive Bayesian computing (RB) method, introduced by Lunn et al. (2013),
leverages the properties of Markov Chain Monte Carlo (MCMC) sampling (Gelfand and Smith

1990) to lessen the computational burden of fitting hierarchical models. The authors used RB to
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reconcile the results of several independent studies in a meta-analysis (Lunn et al. 2013), and the
method has been applied in ecological contexts to facilitate online updating (Hooten et al. 2020),
model individual and group variation in physiological measurements (Hooten and Hefley 2019),
and scale movement and resource-selection models from individuals to populations (Hooten et
al. 2016, Gerber et al. 2018). While not unique to ecology, RB is a natural computational
technique for ecologists to consider because the RB framework mirrors many ecological study

designs and hierarchical models.

Consider a study of invasive cheatgrass (Bromus tectorum) occurrence in grasslands in
Montana, in the northwestern United States (Pearson et al. 2018). Cheatgrass occurrence was
monitored at 20 grassland sites by sampling 20 randomly selected 1-m? plots within each site.
Suppose we want to model the probability of cheatgrass occurrence y;; in Montana grasslands

using a Bernoulli generalized linear mixed model (GLMM) specified as

y,; ~Bem(p), i=1..Nj=1..] €))
logit(p;) ~ N(w,02), (2)
p ~ N, 08), ()

a2 ~1G(q,1), (4)

where j indexes sites and i indexes plots within each site. In this model, p; is the probability of
cheatgrass at site j, and logit(p j) arises from a Gaussian distribution with study-wide parameters

p and o2, arising from Gaussian and inverse gamma distributions, respectively (Fig. 1.1). Thus,
p; are “random effects" because they will vary for each site but will arise from a single
underlying distribution. We use Gaussian random effects, with the logit link function to constrain

p; to the proper support, and seek inference on y. The full-conditional distributions for the

logit(p;) are not analytically tractable, so the logit(p;) cannot be sampled using Gibbs updates
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and will need to be tuned individually to fit the model (Gelfand and Smith 1990). This minimal
example could be fit in a single, conventional MCMC algorithm, but we describe the procedure

to fit it recursively to demonstrate RB methods.

We could fit this model using RB by first partitioning the data by site, Y = (y'l, - ,y’])'.
These individual partitions would be analyzed independently in a first-stage MCMC algorithm

with a temporary prior for logit(p;) to obtain temporary posterior distributions for the parameters
logit(p;). Then, the resulting temporary posterior distributions would be used as proposals in the
second-stage algorithm to update the study-wide parameters u and o2, and the logit(p ;) given p
and 62 (Lunn et al. 2013). However, we would still need to tune the updates for each logit(p i) by

hand in the first stage, because the full-conditional distributions are not analytically tractable.

This would slow model fitting and may be difficult.

Instead, we propose a modification of RB, which we call transformation-assisted RB
(TARB), to eliminate tuning in the first stage and ease model fitting with unsupervised
algorithms and efficient Gibbs updates. In what follows, we demonstrate how to implement RB
and TARB to fit ecological models and apply TARB to a hierarchical movement model for avian
migration to make individual- and population-level inference. Additionally, we discuss the

implementation of TARB to other ecological models to illustrate its wide applicability.

Methods

Our Bernoulli GLMM is a hierarchical model comprised of data, process, and parameter
components (Berliner 1996), with a set of latent random effects 8; = logit(p j) forj=1,...,]

(Fig. 1.1). The group-level parameters ¥ = (u, 0?)’, which correspond to the full study area in

14



our example, describe the distribution underlying the partition-level (e.g., site-level) parameters

0;. For data partitioned Y = (yl’, e y]’) ', this can be written

y; ~[y,.|ej]. j=1....J, (5)
0, ~[o;ly], (6)
¥~ [yl (7)

Note that square brackets [-] denote probability distributions (Gelfand and Smith 1990).

In general, 8; could be an m X 1 vector that describes the partition-level process with m

covariates. The data partitions Y; do not need to be equal-sized, and can represent any natural
data subset such as different field sites as in our example, telemetry fixes for distinct individuals,
results from several studies in a meta-analysis, or data on different species in a community, as
long as dependence within the data partitions is accounted for in the data or process models.

The RB approach presented by Lunn et al. (2013) is carried out by specifying prior distributions
[0 j] in the first-stage to obtain a sample from the posterior distributions [0]- |yj] x [yj|9 j] [Bj]
for each partition j = 1,...,J independently. Next, the hierarchical model in (5)-(7) is fit using a

second-stage MCMC algorithm with Metropolis-Hastings (MH) updates for 6;, in which random

samples from the temporary, first-stage posterior distributions for 8; are used as the proposals

ng*). This eliminates the need for tuning in the second-stage MH updates. Also in the second-
stage algorithm, the group-level parameters ¥ are updated based on their full-conditional

distributions [¥] -] « (1‘[§=1[ej|zp])[¢]. The MH acceptance probability for each 0}*) is

min(?}-(*), 1) where
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for MCMC iteration k = 1,..., K. Notably, neither the MH ratio (10) nor the full-conditional

distributions for 1 involve the data y. For the data model to cancel in the numerator and

denominator of the MH ratio (10), the proposals 0}*) should be independent draws from the first-

stage posterior distributions for 8;. Thus, in practice, we sample 0](*) randomly with replacement

from the first-stage Markov chains so that the samples are uncorrelated (Lunn et al. 2013,

Hooten et al. 2020).

If the hierarchical model is specified such that the conditional distributions for 6; are not
analytically tractable, like in our GLMM, then the first stage of the model must be fit using MH
or importance sampling (Geweke 1989) which must be tuned by the user for each partition
(Hooten et al. 2016). Thus, rather than specifying a first-stage prior directly on 8;, we use TARB
and specify a prior [g(Bj)] on a transformation g(8;) of the parameters ;. It is most
advantageous to specify g so that the first-stage priors on g(B j) are conjugate with the data
model to allow us to use an automated Gibbs sampler in the first stage. In GLMMs and other
hierarchical models, we often specify models so that parameters and random effects arise from
Gaussian distributions, and use a link function to constrain these parameters to the appropriate

support. Thus, in these cases, g will likely be a back-transformation (i.e., the inverse of the link
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function) that allows us to specify conjugate first-stage priors. However, unlike if we were to
specify a different model to facilitate conjugacy, using TARB allows us to incorporate prior
knowledge and obtain inference in terms of the original model specification. For example, if we
let g(Bj) = logit_l(ej) in our cheatgrass example, then we can specify a temporary beta prior
on p; in the first-stage. In this example, the benefit of doing so extends beyond conjugacy to a
first-stage posterior distribution that can be written analytically, and therefore does not require

MCMC to sample. We provide the complete procedure to fit the cheatgrass GLMM using

TARB, with code, in the Supporting Information (Appendix A).
We need to use the resulting first-stage posterior distribution as a proposal distribution in
the second-stage MCMC algorithm, but the first stage posterior distribution [g(ej) |y].] is on the

transformed parameters g(B ]-). Thus, to account for the first-stage prior on transformed

parameters, we must modify the MH ratio (10) and use a change of variables technique to ensure
the proposal is on the same transformation that appears in the process component (6) of the

original hierarchical model. While we could easily use the first-stage posterior distribution to

obtain a sample from the desired posterior distribution [0]- |y].], the MH ratio requires us to

evaluate the probability density function [Hj |y].] rather than sample from it. There are many

possible methods for obtaining this distribution, including analytical change of variable
techniques and numerical approaches. For continuous random variables, we use a change of

variables technique where
[6,1y,] = 12(6))1v1 |3 (2(6)))] (11)

in which J(g(8; )) is the Jacobian matrix defined as
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The Jacobian matrix consists of partial derivatives of each element of g(G ]-) with respect to each
element of ;. Its determinant |J (g(e 1))| maps the change in the transformed variables to the

change in the non-transformed variables (dg(B ]-) onto d@;), yielding the correct probability
distribution of the non-transformed variable when multiplied to the probability distribution of the
transformed variable. Thus, substituting (11) for the proposal in the second-stage MH ratio (10)

results in

o [yjlejg*)] [9}(*)|¢(k—1)] [ejgk—l)lyj]
N O I T [CR
10 w1 [g(0) 7|9 (2(6) ")
[G;k_l) |l|1(k_1)] [g(ﬂj)(*)”J (g(('),-)(*)) | .

(13)

(14)

The data component of the hierarchical model cancels in the MH ratio (14) associated with the
second-stage MCMC algorithm regardless of the transformation used in the first-stage temporary
prior, and we account for the transformation via the determinant of the Jacobian in the modified

TARB ratio (14). In our cheatgrass GLMM, because Bj =pj is a scalar, the Jacobian simplifies
to the derivative of g = logit™* (p j) with respect to logit(p j) (Appendix A). Thus, we can use

TARB to create unsupervised first-stage algorithms that can be easily parallelized and a second-

stage MCMC algorithm that does not rely on the data model. This results in substantial
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computational savings when the data model is complex or there are many data models to fit and

allows the second stage to be updated easily if new data partitions become available.

Application: White Stork Migration

To demonstrate TARB, we developed a hierarchical animal movement model for the migratory
behavior of white storks (Ciconia ciconia) in western Europe to obtain individual- and
population-level inference for migration characteristics. We analyzed data from | = 15
individuals tracked with GPS units from 30 July 2018 — 29 Sept 2018 (Fig. 1.2, Cheng et al.
2019, Fiedler et al. 2019). These data are available in the R package ‘moveVis’ (Schwalb-

Willmann et al. 2020).
Model statement

We specified a continuous-time hierarchical model for stork movement with the data component
si(t) ~ N(sj(ti—l) - VP(Sj(ti)' Bj)dtir szdtil)’ (15)

where s]-(tl-) is the measured position of individual j at time i (for j = 1,...,J and i = 1,..., nj).
We defined the potential function in (15) as p(s, B j) = x'(s)B;, which describes a surface upon
which an individual is more likely to move “downhill” (Brillinger 2010, Hooten et al. 2017). In
our specification, this surface is a linear function of covariates x(s) and will influence the speed
and directional persistence of movement. The term dt; represents the change in time between

successive positions s;(t;_;) and s;(t;), and Lis the 2 X 2 identity matrix. The statistical model

in (15) converges to the stochastic differential equation (SDE)

s;(t) = —Vp(s;(t), B;)dt + o;db; (1), (16)
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as dt — 0, where db;(t) is bivariate Gaussian white noise.

In the data model (15), the parameters sz relate to the speed of the migrating individuals
and will vary around a group-level speed. However, due to the positive support of the variance
components ajz, we chose to model the individual-level process relating to migration speed in the
transformation log(crj), so that the support is unbounded and can be suitably modeled with a
Gaussian distribution. Otherwise, to create Gibbs updates for O'jz directly in a single-stage
algorithm, we would need to specify a conjugate inverse gamma process model on ajz, and

specifying hyperpriors on the associated shape and scale parameters would be neither trivial nor

biologically intuitive. Thus, we specified a process model for log((rj) instead of ajz, implying the

transformation function o7 = g (log(aj)) = g2log(9))

In our example, we expected migration to occur primarily in a single direction and
specified x(s) = s, where the second component of position s corresponds to latitude and the
coefficient vector is comprised of a single parameter . Thus, the negative gradient of the
potential function in (15) simplifies to —Vp(sj(t), B j) = —(0, ,B]-)'. However, this simplification
is based on the assumption that all individuals will migrate in a north/south orientation. To allow
for individual variation in the bearing, we multiplied the potential function in (15) by the rotation

matrix

M = <C05(¢j) —Sin(d’j)), a”n

~ \sin(¢;) cos(¢;)

where ¢; is the angle from south of a migratory path, resulting in the data model,
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- _ Sin(¢j)> 2 )
S](tl) N (Sj(ti—l) B] <C05(¢j) dti, O} dtll , (18)

Assuming that the variability in §; and log(aj) across individuals can be accounted for as
Gaussian random effects and that individual variability in ¢; does not arise from an underlying
group-level distribution, we have f; ~ N(uﬁ, a[%), log(aj) ~ N(ug,07), and ¢; ~ Unif(0, ),
where population-level means pg and i, are modeled with Gaussian priors and a[? and o2 arise

from inverse gamma priors (full model in Supporting Information, Appendix B).
Two-stage implementation

We fit our model to a subset of the stork migration data (approximately two observations
per day per individual) using TARB. In the first stage, we specified individual-level models
2

using the temporary prior [}, 07| = [B;][07] where B; ~ [B;] = N(uo, 0¢) and o ~ [0}] =

1G(qq, 1) for j = 1,...,]. Thus, in the first stage, we sample from the posterior distribution,

nj

18,97, ¢5]S;] H[Sj(ti)wjlajz"/’j] 18i1[07 11951, (19)

=2
for each individual j = 1,...,J. We sampled sequentially from the conjugate full-conditional
distributions [,Bj| ] and [ajzl ] using Gibbs updates and from [¢ il ] using a MH update in an

MCMC algorithm in R (version 3.6.1) that we parallelized over individuals with the ‘parallel’

package (R Core Team 2019).

To use samples from the first-stage models as proposals in the second-stage algorithm,

we calculated the Jacobian determinant in (14). Letting 8; = (Bj, log(aj)) ', and the 2 X 1 vector
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transformation g(Bj) be comprised of components g, (Bj) = f; and g, (Bj) = ¢2108(9)) e

calculated the Jacobian

[69.(6;) 5g:(8 )1

o o)l o)

[592(91') 592(6; )J 0 207
8B;  slog(o))

1(e(9)) = (20)

which has the determinant |J (g(Oj))| = 20]-2. Thus, the second-stage MH ratio from (14) to

update f3;, log( ) and 1 for individual j is

® [ﬁ(*)lﬂ(k 1)’ 2(k- 1)] [log( ())lﬂ(k 1)'0_02(k—1)] [ﬁj(k—l)][ajz(k—l)][d)]g*)] Xo_jz(k—l)

i [ﬁ(k 1)|’u(k 1)' 2(k 1)] [log( (k= 1)) D, 5(1{-1)] [ﬁj(*)] [sz(*)] [d)]gk-n] xgjz(*)- (21)

The scalar multiple of 2 from the Jacobian determinant cancels in the numerator and

denominator of (21). In the second-stage algorithm, we used the MH ratio in (21) to accept our
proposals for ,Bj(*), log(crj(*)), and (p}*) which we sampled jointly at random (with replacement)

from our first-stage MCMC sample. Then, we sampled the group-level model parameters

(Up» O'E, U, and a2) sequentially from their full-conditional distributions using Gibbs updates
(Appendix B).

Alternatively, it is possible to fit the full hierarchical model using a standard MCMC
algorithm with Gibbs updates for ,3]-, Up, 0';?, Uy, and 03. However, we would need to use MH

updates for log( ) and ¢;, and in cases where the number of individuals J is large, we may have

to tune a prohibitively large number of proposal distributions to yield optimal acceptance rates in

the MCMC algorithm. Nonetheless, to demonstrate that we obtain the same inference with
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TARB as compared to a single MCMC algorithm, we also fit the full model with a single
algorithm, updating f; and log(aj) sequentially for each individual with Gibbs and MH updates,

respectively, and the remaining model parameters as above.
Results

We fit our movement model to a subset of n = 1675 stork telemetry observations across
J = 15 individuals using TARB with K = 100,000 MCMC iterations for each stage, computing
the first stage in parallel over 8 cores, and using a single hierarchical MCMC algorithm with K =
100,000 MCMC iterations. The recursive approach required 2.95 minutes and the single
algorithm required 9.87 minutes; thus computation was over three times faster using TARB.
With a larger data set of n = 155,161 locations for 15 individuals and K = 60,000 MCMC
iterations, computation time to fit the model recursively, in parallel over 15 cores, was 49

minutes, compared to 88 minutes to fit the model as a single algorithm.

Both computational approaches resulted in the same 95% credible intervals and posterior
means for f; and log(aj) and the same population-level means piz and p,; (Fig. 1.2). The stage-
two posterior credible intervals for the f; and log(aj) for each individual j indicate individual
variation in speed and directional persistence of migration, but the population is centered around
tp and u,. First-stage credible intervals are included only to visualize the relationship between
stage one and stage two in Figure 1.2, and are not used for inference. The shrinkage in interval
width between the first- and second-stage posteriors of 8; and log(aj) indicates individual-level

inference was informed by group-level parameters in the second stage, although this effect was
relatively minor in this example. Further, fitting the model to simulated data shows that both

computational approaches do equally well recovering ‘true’ simulated parameters (Appendix C).
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Discussion

In our application, we illustrated how TARB can be used to efficiently fit a hierarchical
animal movement model to telemetry data, but TARB could be implemented in many ecological
models to improve computational efficiency. In Table 1.1, we highlight several studies from the
ecological literature in which the authors used a Bayesian hierarchical model (or desired to,
barring computational limitations, as in Breed et al. 2009) that could be fit with TARB. To
demonstrate the application of TARB to existing ecological models, we discuss two examples in
detail, outlining how the models can be specified in the two-stage framework for faster

computation.

Harbor Seal Counts

Cressie et al. (2009) specified a Bayesian hierarchical model to explicitly account for uncertainty
at the data and process levels while estimating abundance of harbor seals (Phoca vitulina) from

census data (Ver Hoef and Frost 2003) in Prince William Sound

yij ~ Pois(4;), (22)
log(2y) ~N(uy, ), (23)
Wy = 6o +xy'6, (24)
0; ~N(upX), (25)

where y;; is the number of hauled-out seals counted from photographs during each aerial survey

i conducted at site j. In the observation model (22), counts arise from a Poisson distribution with

intensity parameter 4;; that represents the expected number of haul-outs in a given survey and
location. The expected number of haul-outs (4;;) arises from a normal distribution with mean p;;

that is a function of covariates x;; with variance parameters O'l-zj for each survey and location.
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Site-level coefficients 6; arise from a population-level multivariate Gaussian distribution, where
X is a diagonal matrix with population-level variance parameters along the diagonal. Thus, the

hierarchical model in (22)-(25) is a special case of a generalized linear mixed model.

Surveys were conducted several times per year at each site. Thus, in the first stage of the

TARB framework, counts could be modeled independently for each site with the model

yij ~ POiS(/lij), (26)
Aij ~ Gamma(a, B), (27)

where a temporary gamma prior on 4;; is conjugate with the data model (22) in the first stage so
that the MCMC algorithm is unsupervised and could be parallelized over the sites. To complete

model fitting in stage two, log-transformed first-stage samples for ;; would be used as proposals

in the MH update for log (A ) in a second-stage algorithm,

[1 (A( ))|#U; U] [A(k 1) ﬁ]/l(-’-(_l)
flo2 (%) 1 7 [/1()|a AERE

[log(2;)1] = (28)

where ﬁ(l“) elos(Aiy) = A;j. All other parameters in the second stage would be updated in the
ij

same manner as in a conventional algorithm.

Host Plant Genetics

Evans et al. (2012) conducted a common garden experiment to determine the effects of
cottonwood host (Populus spp.) genotype on the abundance of herbivorous mite (Aceria

parapopuli) galls on trees. In our notation, their model was
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Yimt ~ POis(eimt)r (29)

log(eimt) ~ N(.uimtr 02): (30)
Hime = Bi + Xem' @, (31)

a ~ N(”a' za)i (32)

Bi ~N(0,7%), (33)

2 ~1G(a; by), (34)

g2 ~1G(a,,by), (35)

where y;,,,; 1s the number of galls on tree i with genotype m in year t. The intensity parameter
Oim: 1s a log-linear function of fixed effects a for year and genotype and random effect of tree,

Bi. Modifying the process model to

Oime ~ Gamma(yy, ¥2), (36)

and using temporary priors on y; and y, results in an unsupervised first-stage algorithm. We

make a similar adjustment to the second-stage MH ratio as in (28) for recursive computation.

Conclusion

Transformation-assisted RB is one of the most accessible approaches for fitting
ecological models recursively with improved computational efficiency and ease. Transformation
allows us to extend the benefits of RB to more model specifications, and the demonstrated
approach with change of variables can be implemented for most continuous random variables.
The ability to incorporate prior information into analyses is a well-known feature of Bayesian
analysis, but it can be difficult to determine how to do so in a robust way, and TARB is a natural
approach for using posterior estimates from a previous study as prior information in subsequent
studies. Finally, TARB leverages the parallel computing capacity of modern multi-core
computers (Visser et al. 2015) to reduce the computational bottleneck created by large data sets

and conventional sampling techniques.
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Decreased computation time is a major advantage of fitting hierarchical models using
TARB, but reducing tuning and partitioning the data in the first stage are equally, if not more,
advantageous. This is especially true for large hierarchical models where one might otherwise
have to individually tune dozens or hundreds of individual-level parameters to achieve
convergence, which would require repeatedly fitting the model. Further, because the first-stage
algorithm is used to fit data partitions independently and the second-stage algorithm does not
rely on the data directly, we expect additional computational gains. Finally, by design, TARB
accommodates uneven sample sizes of partitions, because the first-stage posterior distributions
will reflect the uncertainty associated with different sample sizes, thus implicitly weighting the

partitions according to sample size in the second stage.

In many cases, the first-stage algorithms of RB and TARB approaches could be
implemented in an existing package like JAGS, Stan, or NIMBLE (Plummer 2003, Stan
Development Team 2018, NIMBLE Development Team 2019), but the second-stage algorithm
cannot be easily implemented in this software. However, using TARB, it may be possible to fit
models that are not feasible using these software packages at all. While automated software is
convenient and well-suited to a wide range of models, it cannot accommodate all model
specifications and users do not always have control over tuning. Although software packages can
often fit large models quickly, this may be achieved via computation in C++ rather than R (e.g.,
Stan, Stan Development Team 2018) or by making approximate inference (e.g., INLA, Rue et al.
2009). Recursive techniques like TARB can also be implemented in C++ via R and rcpp for
greater computational efficiency, and the results can be used to obtain both marginal and joint

inference.
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While TARB can be implemented for a broad range of hierarchical models, there are
some cases for which TARB, as presented here using the Jacobian to perform a change of
variables, is not ideal for model fitting. For example, hierarchical models that have common
parameters at the data level, in addition to partition-level parameters, such as GLMMs with both
fixed and random effects, are not easily implemented using TARB. In this case, prior-proposal
RB may be helpful (Hooten et al. 2020). Additionally, the Jacobian approach for computing
transformed densities is well-suited for transforming continuous random variables, but alternate
approaches must be used for discrete random variables. We demonstrated TARB using this
technique because it serves as a good introduction into recursive techniques with transformation.
For other random variables or applications, there are many useful generalizations of this

approach that could be used to obtain valid transformations.

Hierarchical models are powerful tools for understanding complex ecological systems,
but the computational demands of fitting ecologically realistic models can make them
impractical or impossible to implement. Recursive Bayesian computing techniques address these
computational demands, and partitioning model-fitting into stages is natural in many ecological
applications. For example, in adaptive management, RB and TARB would allow managers to fit
first-stage individual-, year-, or site-level models as data are collected, and add new partitions to
existing results by subsequently updating the second stage. Additionally, because the second-
stage algorithm only requires first-stage posterior samples, partitions could represent data
collected by different researchers during ongoing projects, and researchers could fit population-
wide models without needing to share data (Hooten et al. 2020). Thus, in the current era of big
data and complex modeling in ecology, TARB is an approachable technique that reduces the

computational limitations on the ecological models ecologists can specify and fit.
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All supplementary information available at https://doi.org/10.1111/2041-210X.13513. The R

code used in our analyses is available at https://doi.org/10.5281/zenodo.4075393, and the white

stork data set is available on Movebank (Fiedler et al. 2019,

https://doi.org/10.5441/001/1.v1cs4nn0).
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Tables and Figures

Table 1.1. Examples of ecological studies with Bayesian hierarchical models that could be
implemented in a transformation-assisted recursive Bayesian framework.

Discipline Study

Fish and Wildlife Ecology Burton et al. 2012
Cressie et al. 2009

Breininger et al. 2019
Kuhnert et al. 2005
Monroe et al. 2017
Moore and Barlow 2011

Integrated Population Models Cleasby et al. 2017
Eacker et al. 2017

Raiho et al. 2015
Schaub et al. 2013

Animal Movement Breed et al. 2009
Eckert et al. 2008

Jonsen et al. 2006
McClintock et al. 2013
Muff et al. 2019

Forestry and Plant Ecology Dietze et al. 2008
Evans et al. 2012

Hanks et al. 2011
[ijima and Otsu 2018
Vieilledent et al. 2010

Ecosystem Ecology Borsuk et al. 2001
Coll et al. 2019

Shelton et al. 2016

30



A B Stage 1

[vTJ [y{] ) - \
Data T

[ gt 1 / | Ioglt
ogit(p;) logit( 4 Ioglt 1
Process T \ T

—— (—A—\

s )% s %]

Parameter KStage 2 j

N2

Figure 1.1. (A) Directed acyclic diagram (DAG) for Bernoulli GLMM of cheatgrass occurrence
in Montana (1)-(4) and (B) schematic for partitioning DAG according to the TARB framework.
In (A), Y is the matrix whose columns are the data vectors Y; for the sites j = 1,...,]. In stage 1,

the data Y are partitioned by site and fit to obtain the posterior distributions for the p;- In stage 2,
samples from these posterior distributions are used to sample logit(pj), U, and 2.
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Figure 1.2. (A) Migratory trajectories for /] = 15 white storks tracked via GPS loggers in fall
2018, with each individual represented by a different color, and (B)-(D) posterior means (points)
and 95% credible intervals for model parameters resulting from fitting our hierarchical
movement model to n = 1675 telemetry locations from J = 15 white storks as a single
hierarchical algorithm and in two stages using TARB. It is important to note here that we show
the posterior distributions for the first-stage estimates to illustrate how some individual-level
parameters borrow strength from the group-level parameters in stage 2, but in practice, the first
stage posterior estimates would not be used to make inference.
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CHAPTER TWO

HOTSPOT DESIGNATION AMPLIFIES SOCIAL SAMPLING BIAS IN CROWDSOURCED
DATA COLLECTION PLATFORM EBIRD

Introduction

Crowdsourced voluntary science projects (also known as citizen science, contributory
science, or volunteered geographic information) can engage millions of people in biodiversity
data collection and advance research and conservation worldwide (Sullivan et al. 2014, Young et
al. 2019). Platforms that rely on collaborative, crowdsourced data collection have become
powerful research and conservation tools, facilitating huge volumes of data and filling critical
gaps in ecological knowledge. Smartphone-based platforms like iNaturalist (Nugent, 2018) and
eBird (Sullivan et al., 2014) allow users to submit observations from any location, creating a
wealth of incidental, presence-only biodiversity data. These observations tend to be located near
urban areas, making them particularly valuable for monitoring areas that have historically
received little attention from structured biodiversity research studies (Callaghan et al., 2020; de
Camargo Barbosa et al., 2021). Further, crowdsourced contributory science is often heralded as a
tool for public participation and engagement in science and an opportunity for connecting people
with the world around them (Adler et al., 2020; Jimenez et al., 2021; Diprose et al., 2022). Thus,
accessible and approachable crowdsourced data collection platforms have the potential to offer
societal and personal wellbeing benefits in addition to advancing scientific research and
conservation (Young et al., 2019; Peter et al., 2021).

However, evidence is accumulating that crowdsourced biodiversity data in cities, such as

observations submitted to iNaturalist and eBird, are biased toward affluent, white neighborhoods
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(Baker et al., 2018; Perkins, 2020; Grade et al, 2022; Mahmoudi et al., 2022; Ellis-Soto et al,
2023). eBird observations have been shown to overrepresent neighborhoods with higher median
family incomes and greater proportions of white residents across several United States cities
(Grade et al., 2022; Perkins, 2020). Similar bias has been found in Community Collaborative
Rain, Snow, and Hail Network data (Mahmoudi et al., 2022) and Global Biodiversity
Information Facility (GBIF) records (Ellis Soto et al., 2023). In GBIF records, patterns of
sampling bias are not only associated with current patterns of socioeconomics, but also with
historical, codified residential segregation, illustrating how legacy effects impact not only urban
social and ecological landscapes, but also how we interact with them (Ellis-Soto et al., 2023).
This pattern likely reflects inequity in who participates in birding and where they prefer to
recreate, as well as potentially reflecting unjust distributions of other environmental attributes
like noise pollution, or other social-ecological phenomena like the luxury effect, wherein
wealthier neighborhoods are associated with greater plant and animal biodiversity (Hope et al,
2003; Leong et al., 2018). Consequentially, as Grade et al. (2022) point out, the biased
distribution of crowdsourced contributory science observations casts doubt upon any urban
ecological research that employs citizen science data without explicitly considering the social
landscape and its relevance for sampling patterns. Thus, gaining a more complete understanding
of the social biases present in data collection is paramount for conducting sound ecological
research with crowd-sourced data and mitigating the impacts of sampling bias on research
outcomes, conservation actions, and social justice.

Though most crowdsourced data collection is opportunistic (“unstructured”), some
applications, including eBird (Sullivan et al., 2009), are considered “semi-structured” because

they collect data about the observation process so that data filtering and analysis can mitigate
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variation due to sampling (Robinson et al., 2020; Johnston et al., 2021). By asking users to
designate checklists as “complete” if they have recorded all species they observed in a location,
eBird data can be viewed as presence-absence data to facilitate more robust inference (Altwegg
and Nichols, 2019; Johnston et al., 2021). Another distinct feature of eBird is that birders can
submit observations at any location of their choice, or they may use the eBird website or phone
app to search for “hotspots” in a region. These hotspots are public locations that offer
convenience, good birding, or both. eBird users recommend locations for hotspot consideration,
and a location receives hotspot designation after a local, volunteer “expert” reviews the location
for qualification (eBird FAQ, 2023). Designated hotspots are highlighted and searchable on the
app and therefore can amass frequent use and many observations.

Hotspot observations comprise a substantial portion of all available eBird data applied in
research and conservation, yet sampling differences between hotspots and personal locations are
a potential source of sampling bias that is not regularly accounted for in analyses. Birders may
seek out hotspots as recreational destinations more frequently than other possible birding
locations, such as private backyards or locations in densely populated areas they might encounter
incidentally, likely resulting in different spatial patterns of hotspots versus eBird locations
generally. This might make hotspots more prone to preferential sampling, or sampling biased
towards where observers expect greater richness or bird counts, which can lead to overestimation
in predictions unless analytically accounted for (Diggle, 2010; Sicacha-Parada et al., 2021).
Finally, hotspots are typically located in public spaces considered desirable and accessible by
birders, like parks and public open spaces, which, along with canopy cover, development

intensity, and impervious surface cover, are distributed inequitably throughout cities (Grove et
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al., 2014; Schwarz et al., 2015). Thus, current patterns of eBird hotspot availability and use may
exacerbate sampling bias, including bias that is related to social inequity in urban areas.

Several studies (Kramer-Schadt et al., 2013; Robinson et al., 2020; Johnston et al., 2021)
have recommended spatial subsampling (thinning, balancing) procedures to mitigate the
influence of spatial bias in eBird and other crowdsourced data. However, others have noted that
the choices researchers make regarding their spatial subsampling or balancing procedures can
have substantial influence on inferential outcomes (Steen et al., 2021), and in the context of
eBird specifically, these procedures have not been applied in a way that reflects the distinct
mechanisms and behaviors underlying hotspot versus personal location selection.

While several studies have documented relationships between social factors (e.g., median
household income, race) and eBird sampling locations in general, the degree to which hotspots,
specifically, are biased has not been explored. Past studies of eBird sampling inequity did not
distinguish between hotspots and other observation locations, and did not consider other sources
of spatial dependence in the observations, such as spatial autocorrelation, which can lead to
overestimation of relationships between observations and spatial covariates (Cliff and Ord,
1970). We expected hotspots to be at least as biased by the social landscape as eBird
observations in general, but hypothesized exaggerated bias in hotspots relative to personal
locations. In this case, bias placing hotspots in closer proximity to affluent neighborhoods may
compound with other barriers preventing Black, Brown, and historically marginalized people
from safely and easily accessing public outdoor space, further exacerbating exclusion in outdoor
recreation and participation in crowdsourced science programs. Such a result would drastically
weaken claims that eBird and similar programs are effective tools for inclusion and equitable

participation in science, outdoor recreation, and conservation.
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Thus, we aimed to understand the distribution of urban eBird hotspots and how it relates
to landscape and social factors. We applied modeling approaches from spatial statistics to
formalize the spatial relationships among all eBird observation locations, hotspots, and landscape
factors within and around the city of Fresno, California, USA. Specifically, (1) we sought to
describe the spatial distribution of hotspots within a city relative to ecological and social factors,
including tree cover, neighborhood wealth, and demographics. Further, (2) we aimed to evaluate
how spatial patterns, surrounding landscapes, and use of eBird hotspots differ from those for all
eBird locations, and assess whether certain landscape or social factors are more associated with
hotspots than with eBird checklist locations in general. Finally, (3) we aimed to assess whether
given a set of hotspot locations, the number of checklists collected at these locations is associated
with demographic and landscape characteristics of the locations. We highlight the associations
between landscape and social factors and urban hotspot designation to encourage careful
evaluation of how hotspots act as either barriers or facilitators for increasing access and

inclusivity in birding and crowd-sourced data collection.

Methods
Study area

Fresno is the county seat and most populous city in Fresno County, California, with a
population of about 540,000 as of the 2020 US Census (US Census Bureau, 2020). According to
US Census data, the city of Fresno is 50.0% ethnically Hispanic or Latino and 50.1% non-white
(single other race, or more than one race); 25.9% of the population is white and not of Hispanic
or Latino ethnicity. As of 2021, median household income in Fresno is reported to be $57,211,
and 22.9% of the population is considered to live in poverty according to the 2020 Census

poverty threshold (US Census Bureau, 2020). The city is bounded to the north by the San
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Joaquin River, with Madera County sitting north of the river. Madera County has a total
population of around 156,000, of which 59.6% is ethnically Hispanic or Latino and 9.4% non-
white (single other race, or more than one race); 31.0% of the population is white and not of
Hispanic or Latino ethnicity (US Census Bureau, 2020). Together, Fresno and Madera counties
comprise the US Census Fresno-Madera Combined Statistical Area (CSA).

Fresno is a largely agricultural city in the San Joaquin Valley of central California,
characterized by a hot semi-arid climate. Fresno is in close proximity to Yosemite National Park
and several major highways, making it a major gateway for tourists to the park (World Atlas,
2023). However, within the city, Fresno’s park system is ranked 98" amongst the 100 largest US
cities by ParkScore, based on park size, equity and access, investment, and amenities (The Trust
for Public Land, 2023).

We conducted our study in Fresno because bias in crowdsourced avian biodiversity
sampling has previously been explored in the city (Perkins 2020), enabling us to build upon and
extend previous work to understand the importance of applying explicitly spatial methods to the
challenge of sampling bias. Further, data from the Fresno Bird Count, a long-term systematic
bird survey program in the city (Schleder 2010; Hensley et al., 2019), was helpful as a
comparative dataset for assessing the efficacy of our modeling approach. We defined our spatial
region of analysis by creating a 20 km buffer from the centroid of the jurisdictional Fresno city
limits (City of Fresno, 2022), because this boundary captured the transition from urban to the
surrounding suburban and rural regions. The selection of this boundary was thus independent
from the distribution of observation locations, which is appropriate for the point process model

we fit. Our boundary included a portion of Madera County, north of the San Joaquin River, and
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allowed us to consider eBird checklists collected on both sides of the river to understand how the
river may function as a barrier between for eBird users on either side.
Data

We downloaded the eBird Basic Dataset (EBD) and sampling event data for Fresno and
Madera Counties, CA (Fresno County: April 2022 release, accessed 08 June 2022; Madera
County: April 2023 release, accessed 16 May 2023, eBird 2022). We downloaded data for all
species in these regions from April 2011-June 2019, and used the ‘auk’ package in R to filter
data prior to analysis (Strimas-Mackey et al., 2018). We filtered data to include only records
from April 1 to June 30 across all years, and only included complete checklists with ‘stationary’
or ‘traveling’ protocols, durations less than 5 hours, distances less than 5 km, and up to 10
observers following the eBird best practices outlined by Johnston et al. (2021). Using these data,
we created a dataset of all unique checklists collected within our study period, and a second
dataset containing each unique location (“hotspot” or “personal”) used for at least one checklist
during this period. Additionally, we downloaded the set of all eBird hotspots from eBird
(https://confluence.cornell.edu/display/CLOISAPI/eBird-1.1-HotSpotsByRegion), and extracted
all hotspot locations within our study area, which may or may not have checklists within our
study timeframe.

Additionally, we removed eBird observations associated with the Fresno Bird Count
(FBC) from our dataset. The FBC was an annual systematic survey in which volunteer observers
conducted spring avian point counts at a designated set of locations throughout the city, from
2008 to 2015 (Schleder 2010; Hensley et al., 2019), based on the protocols developed for the
Tucson Bird Count (Turner 2003). Many FBC volunteers uploaded their observations collected

during the survey, at the official survey sites, to eBird as personal checklists. We removed these
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checklists from our dataset because as a systematic, gridded survey, FBC checklists arose via
markedly different site selection and sampling protocols than other eBird checklists. We
obtained FBC data from program founder Professor Madhusudan Katti in November 2022 and
removed all checklists collected as part of the Fresno Bird Count by cross-referencing recorded
locations with Bird Count locations and filtering by eBird comments and location IDs.

We obtained percent impervious surface cover and landcover class data from the 2019
National Landcover Dataset (NLCD) release and percent canopy cover from the 2016 NLCD
release (Dewitz, 2021) using the ‘FedData’ R package (Bocinsky, 2023). We combined
landcover class with land use data from the National Land Use Dataset (Theobald, 2014) to
derive additional spatial predictors, including residential and commercial development intensity
and combined land cover/use classes. We downloaded a digital elevation model from The
National Map (US Geological Survey, 2021), and calculated distance to nearest river or stream
using a hydrology shapefile from the California Department of Fish and Wildlife (https://data-

cdfw.opendata.arcgis.com/maps/CDFW::california-streams-1). Finally, we used the ParkServe

shapefile of all designated parks (The Trust for Public Lands, 2023) to identify park locations
and compute distance to nearest park throughout the study area. We conducted all spatial
analyses in an Albers Equal Area projection in R using the ‘sf,” ‘raster,” and ‘terra’ packages
(Pebesma, 2018; Pebesma and Bivand, 2023; Hijmans, 2023(a); Hijmans, 2023(b)). We
calculated mean percent canopy cover, percent impervious surface, and development intensity at
several scales around observation locations (radii 100m, 500m, 1 km, 2km) as possible predictor
metrics.

For all demographic and socioeconomic variables, we used 5-year estimates from the

U.S. Census American Community Survey (ACS; https://www.census.gov/data/developers/data-
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sets/acs-Syear.html) for the five-year period covering 2015-2019. These estimates are obtained
from analyzing all surveys collected over the 5-year time period, and thus represent “period
estimates” rather than “point-in-time” estimates. However, including samples over five years
allows for a larger sample size and thus greater precision estimates. We used ACS estimates
provided at the block group level, and because the eBird observations were collected over
several years, it was more important to prioritize greater spatial resolution and precision and
detailed community information than current, annual estimates (e.g., ACS 1-year estimates) or
data covering fewer relevant variables (e.g., U.S. Decennial Census). Census data were
downloaded, visualized, and processed via the R package ‘tidycensus’ (Walker and Herman,
2023).

We included race, ethnicity, median household income, proportion of households living
below poverty line, population density, median house age, and proportion of owner-occupied
housing units, and Gini index (census tract level) in our set of possible demographic variables.
We obtained each variable as an estimate of the number of people or households within the block
group fitting each category, and calculated the proportion per block group by dividing this
estimate by the estimate of total population or households within the block group for proportion
of population in each race, proportion below poverty line, and proportion of owner-occupied
housing units. The US Census reports the following races: Asian, Black, Hawaiian/Pacific
Islander (HIPI), American Indian/Alaskan Native (Native), White, Single Other, and Two or
More Races and Hispanic/Latino ethnicity (US Census Bureau, 2020). From these groupings, we
disaggregated white into white/Hispanic or Latino, and white/not Hispanic or Latino. We also
combined Native, HIPI, single other, and two or more races into one group, because the sample

sizes of each of these were small and did not enable us to include them individually. We obtained

46



population density by dividing the estimated total population within a block group by the area of
the block group. Additionally, we computed local residential segregation indices for race and
income using ‘OasisR’ (Tivadar, 2019) and included these as possible predictor variables.
Finally, because many of Census variables were correlated, we used Principal Components
Analysis (PCA, Wold et al., 1987) to compute principal components that capture the primary
variation across a set of variables, and included the first and second principal components as
possible alternative predictors to individual census variables. We centered and scaled all
predictor variables to have a mean of 0 and a standard deviation of 1 prior to analysis to assist
with model fitting and to enable comparison of estimated effect sizes across predictors.
Model and Analysis

The locations of eBird observations are related to each other in space via multiple types
of spatial structure, including relationships with spatial covariates — like canopy cover and
human population density — and spatial autocorrelation, or correlations between observations that
arise due to their proximity to each other. To account for these sources of spatial dependence, we
modeled eBird observations within a city as a spatial point pattern by fitting a Log-Gaussian Cox
Process (LGCP) model to the observations. In this model, the observation locations are modeled
as a nonhomogeneous Poisson process where the underlying intensity surface varies through
space via a Gaussian random field and may be governed by a set of spatial covariates (Banerjee
et al., 2015).

We specified an LGCP model with multiple likelihoods to estimate the intensities of the

eBird hotspot and personal observation location point patterns separately,
1
log(An) = Bon + wc(s) + Swp(s), (1)

log(A,) = Bop + wc(s) — Swp(s), 2)
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where Ay is the intensity of the hotspot locations and 4,, is the intensity of the personal
observation locations. The Gaussian spatial processes w.(s) and wj (s) capture the spatial
structure that is shared between the intensities and that differs between the intensities,
respectively. Thus, in this model, personal locations and hotspots have separate intensities, which
have two Gaussian random fields in common — one that reflects the dynamics that are shared
between the two point processes and the other capturing the difference between the two patterns.
Additionally, the two intensities can include distinct or shared spatial covariates to assess how
covariates influence one or both of the processes and how the addition of covariates mediates the
residual shared versus different spatial structure. We used this model in a primarily exploratory
capacity to quantify how hotspot intensity and spatial distribution differs from the intensity of
eBird locations overall. We fit this model to the Fresno eBird data under an approximate
Bayesian inferential framework using integrated nested LaPlace approximation via the R-INLA
and ‘inlabru’ R packages (Rue et al., 2009; Lindgren et al., 2011; Bachl et al., 2019). The
Gaussian random fields were represented in model fitting as spatial partial differential equation
(SPDE) random effects, using a Matérn covariance function with penalized complexity priors on
the hyperparameters (Fuglstad et al., 2016; Simpson et al., 2017).

We then specified a point process model with the following log-Gaussian Cox Process
(LGCP) intensity,

log(A(s)) = Bo + x(s)'B + w(s), 3)

where f3, is an intercept, f is a vector of regression coefficients, and x(s) is a vector of spatial
covariates at location s, standardized to mean 0, standard deviation 1 for computational
efficiency and ease of interpretation of importance across covariates. The Gaussian random field

w(s) captures spatial structure in the intensity of locations not described by the spatial
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covariates. We again implemented w(s) using an (SPDE) random effect with a Matérn
covariance function with penalized complexity priors in INLA. We fit this model first to all
eBird locations, including hotspots, used at least once within the years of our study, and second
to the set of eBird hotspots exclusively. We evaluated the estimated SPDE (w(s)) for evidence
of overfitting and conducted model comparison using marginal log likelihood (Fong and
Holmes, 2020) and analysis of the spatial residuals for each model across several spatial scales
(Peddinenikalva 2023). We considered the same set of possible spatial covariates when fitting to
both all locations and hotspots only, to evaluate which covariates were most associated with each
of these point patterns. We assessed the sensitivity of the model to mesh and prior specification
by fitting the model using a sequence of mesh sizes and hyperparameter values.

Finally, we evaluated if, given the set of eBird hotspot locations, landscape or social
factors were associated with the intensity of use (i.e., number of checklists) of individual hotspot
locations. We considered a binary-Poisson hurdle model (R package ‘pscl’, Zeileis et al., 2008)
and fit this model to all hotspots. We also fit a Poisson regression to the set of hotspot locations
that were used at least once during the study period. For each of these models, we again
considered the same possible spatial covariates as in other models, constructing models using
additive and interactive effects of these covariates. We conducted model selection between these
model specifications using AICc (Burnham and Anderson, 2004) to determine which covariates

were associated with the count of uses per hotspot.

Results
There were 313 unique eBird checklist locations within our study boundary in Fresno,

CA for the period from 2011 to 2019; of these locations, 48 were designated eBird hotspots
(15.3%) and the remaining 265 were ‘personal’ locations (Fig. 2.1). Across these locations, there

were 1263 complete checklists submitted to eBird between 2011 and 2019 that were conducted

49



independently of the Fresno Bird Count — 720 (57.0%) of these checklists were collected at
hotspots and the remaining 543 (43.0%) at personal locations. Hotspots had an average of 49
(range [1,94]) complete checklists per hotspot, and personal locations, on average, had 6 (range
[1, 27]) checklists. Additionally, there were 25 locations designated as hotspots that did not have
any checklists collected between 2011 and 2019. Not accounting for differences in sampling
duration, distance, or other eBird effort variables, mean species richness for hotspot checklists
was 21.3 (range [1, 62]), and mean richness at personal locations was 10.4 (range [1, 80]).

The full set of spatial covariates we considered as predictor variables included: percent
impervious surface cover, percent canopy cover, elevation, distance from San Juan River,
distance to nearest park, built development intensity (residential and commercial), population
density, median household income, median house age, proportion of non-Hispanic white
residents, local racial diversity index, local Shannon diversity index for race, and Gini index.
Although we initially considered additional covariates, we removed these because they were
highly correlated with the retained variables. Correlations between the reduced covariate set
were low to moderate (range [0.02, 0.69]), and many demographic variables were moderately
correlated (range [0.1, 0.92]).

Multiple likelihood model

The locations of all eBird checklists and the locations of eBird hotspots were not
distributed uniformly throughout the city, and were described by separate underlying intensities
Fig. 2.2). The SPDE describing the spatial effect shared by the two intensities had an estimated
spatial range of 34.04 (sd 16.23) and an estimated sd of 1.56 (sd = 0.55), and the SPDE
describing the difference between the intensities had an estimated spatial range of 44.66 (sd

41.83) and an estimated sd of 0.71 (sd = 0.34). The largest difference between the two intensities
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occurs in the NE to SW gradient where there is greater predicted intensity for hotspots in the NE
and fewer predicted hotspots in the SW relative to the predicted intensity for all locations (Fig
2.1b).

The shared intensity surface was partially described by the percent of impervious surface
cover (1 km buffer), which was positively associated with location intensity ( f=1.130,95% CI
(0.820, 1.467)). Additionally, there was evidence that median household income explained some
of the differing spatial structure between the two intensities, with a positive association between
income and hotspot location intensity (§=0.293, 95% CI (0.076, 0.515)) but not all eBird
locations generally.

All eBird sampling locations

The distribution of unique eBird locations was best described by a point process model
containing the proportion of impervious surface cover, distance from the nearest formal park,
and to a mild degree, the surrounding demographics. Models that included only impervious
cover, impervious cover and distance from park, and impervious cover and demographics were
similarly competitive based on marginal log likelihood comparisons (Table 2.1). Therefore, we
considered all of these models when making inference, but emphasize the model containing all
three covariates, because the more reduced models tended to show evidence of underestimation
of point intensities throughout the study region. The coefficients were consistent in direction and
95% credible intervals (Cls) for each parameter overlapped substantially from model to model,
and did not result in notable differences in log-intensity predictions. Further, all models show
evidence of reflecting exaggerated influence of a small, heavily sampled region within the study
area, and this is lessened when including all variables. Lastly, estimates of the parameters (range

and standard deviation) of the Gaussian random field SPDE term were sensitive to the prior and
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showed evidence of spatial confounding between the SPDE and the fixed effects due to the
covariation between the spatial autocorrelation in the points and fixed effects.

The proportion of impervious surface cover was positively associated with log-intensity
(ﬁ = 1.061 (95% CI (0.79, 1.332)), where impervious surface cover was calculated in a 1 km
buffer around each location (Fig. 2.3). Distance to the nearest formal park was negatively
associated with log-intensity (B =-0.818, 95% CI (-1.467, -0.168)), meaning that the intensity of
points was more associated with being near parks and decreased moving farther from a park. The
most supported demographic metric was the first principal component of a principal components
analysis including proportion of non-Hispanic white residents, proportion of Hispanic white
residents, proportion of Black residents, proportion of Asian residents, proportion of all other
races, proportion of residents living below the poverty line, and the median house age in the
block group (§ = 0.293, (0.102, 0.484)). This principal component reflects positive correlations
between the proportions of Black, Asian, and Hispanic/Latino residents and the proportion of
households living below the poverty line versus the proportion of non-Hispanic white residents.
Thus, the positive estimated coefficient with this predictor is opposite our expectation that
sampling intensity is lower in predominantly low-income communities and communities of
color. However, the sign (direction) of this coefficient was reversed when the spatial random
effect (SPDE) was omitted from the model. This suggests that the estimated spatial random
effect was confounded with the demography fixed effect. The cause of this behavior and how to
address it is an unresolved topic in spatial modeling with INLA (Sgrbye et al., 2019; F. Lindgren,
J. Illian, and S. Martino, pers. comm.), but indicates that the spatial random effect is “absorbing”
or reversing some dimension of the fixed effect, and we must be thoughtful with interpretation.

In this case, it is likely arising at least in part because there are relatively few observations given
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the spatial area and range of spatial covariates. The estimated spatial effect had a range of 17.95
km (sd 6.02) and a standard deviation of 1.14 (sd 0.288) (Fig 2.3e). The estimation of the spatial
random effect and the estimation of fixed effects were minimally sensitive to changes to mesh
specification and hyperparameters in the SPDE prior.

Residual analysis showed that the model fits the data best in the central to northeast
portion of Fresno County, which is the portion of the study area with the greatest number of
observations and the greatest heterogeneity in covariate values. The largest-magnitude residuals
occur north of the San Juan River in Madera County, where there is lower population density and
fewer observations than Fresno County.

Hotspot locations

The most supported LGCP model fit to hotspot locations included fixed effects of
distance from the nearest park and the proportion of non-Hispanic white residents in the block
group containing the hotspot (Table 2.2, Fig. 2.4). Median household income was also supported
as a predictor of hotspot intensity, though income and proportion of white residents were
correlated and could not be included in the same model, so we chose the most predictive of the
two covariates. Similarly to the case of all eBird locations, distance to nearest park was
negatively associated with the intensity of hotspot locations s (£ = -3.797, (-5.080, -2.508)), and
the estimated coefficient indicates that hotspots are more strongly associated with proximity to a
park than eBird locations overall. The proportion of non-Hispanic white residents was positively
associated with hotspot locations (£ = 0.355, (0.059, 0.637)), suggesting that hotspot intensity
tends to be higher in areas with a greater proportion of non-Hispanic, white residents. Median

household income was nearly as supported as the proportion of non-Hispanic, white residents,
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and considering median household income instead of proportion of non-Hispanic white residents,
median income was positively associated with hotspot intensity (£ = 0.136, (-0.030, 0.302)).

The estimated range parameter of the spatial random effect was 173 km, although fixing
this hyperparameter to 50 km did not influence inference or prediction from the model. This
indicates evidence that the spatial random field was estimated to be constant within our study
area after the fixed effects were included, and removing the spatial random effect entirely
resulted in the most supported model by maximum likelihood.

Visual inspection of the spatial residuals for this model fit to hotspots showed consistent
residuals of small magnitude throughout the spatial region, suggesting there were no portions of
the study area that were notably better or worse fit under this model. This is consistent with the
evidence that there was not strong spatial dependence remaining after covariates were included.
Relative to the predictions from the multiple likelihood model, we see lower local predicted
hotspot intensity, because the mass is spread out over a greater area overall, reflecting the
importance of the fixed effects in predicting intensity.

Hotspot use

Social factors were also associated with the intensity of use of different hotspots. First,
we did not find support that any of our covariates associated with the hurdle component of the
use model. In other words, we did not find any covariates that predicted whether a designated
hotspot was used or not used between 2011 and 2019. Given the process for hotspot designation
(hotspots are designated after there are existing checklists created), these hotspots had to have
been used either prior to 2011 or after 2019, though it cannot be determined from the data when

they were designated as hotspots.
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On the other hand, considering the hotspot locations used at least once between 2011 and 2019,
race and impervious cover (0.5 km buffer), and the proximity of a hotspot to a park were
associated with the number of checklists at a location (Table 2.3). A model that included these
fixed effects plus the distance to the San Juan River (‘distSJR’) received nearly as much support,
and we selected the most parsimonious model. The proportion of non-Hispanic white residents
was positively associated with the number of checklists collected at a hotspot (8 = 0.0738, 95%
CI (0.003, 0.149)). The number of checklists at a hotspot was negatively associated with the

proportion of impervious cover at a hotspot (£ = -0.491, 95% CI (-0.552, -0.428)) and with

increasing distance from a park (,[? =-0.208, 95% CI (-0.304, -0.123).

Discussion
We found that eBird observation locations in Fresno, California tend to occur in areas of

the city with greater impervious surface cover that are in close proximity to parks. Further,
although there is evidence that eBird locations overall are biased by demographics, this bias is
much more pronounced in the locations of hotspots specifically, where hotspots are positively
associated with higher proportions of non-Hispanic white residents. This relationship became
stronger still when considering how heavily different hotspots are used, in addition to their
spatial distribution alone. In Fresno, hotspot locations and use were more strongly associated
with race than median household income (though these demographic metrics covary) and the
proportion of non-Hispanic white residents is positively correlated with median household
income.

We found that personal observation locations and hotspot locations do not share the same
underlying spatial intensities (Fig. 2.1). This was evident both when fitting models to the two

sets of points separately, and when fitting a single model to the two sets to estimate the portions
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of the sampling intensity that were shared and distinct between the two. When estimating the two
intensities in a single model, the common structure between the two sets of locations was
associated with the proportion of impervious surface cover, whereas the difference between the
two processes appears primarily driven by demographic factors. Understanding these differences
between the sampling intensities of personal locations and hotspots is important when
considering how to account for sampling bias in analyses of eBird data, because the differing
observational processes may need to be treated differently when accounting for sampling bias.

Impervious surface cover was likely predictive of eBird locations overall because areas of
high impervious cover reflect areas that are highly populated in Fresno. Thus, we expect these
relationships capture the tendency of eBird locations to be collected in areas with more people,
as has been found in other research exploring crowdsourced data collection in urban areas
(Geldmann et al., 2016; Mair and Ruete 2016; Baker et al 2018). We did not find that the
relationship between impervious cover and locations carried through to hotspot locations
specifically, which implies that among the set of all eBird locations, hotspots tend to be less
associated with impervious cover, instead reflecting birders’ assumptions or preferences
regarding where to observe birds.

The result that parks are associated with eBird locations in general, and particularly with
hotspots, matches our expectation, because parks are frequently used for recreational
birdwatching (Kuldna et al., 2020; Lopez et al., 2020; Kurnia et al., 2021). Given that Fresno has
a relatively high proportion of impervious surface cover and comparatively little canopy or
vegetated ground cover and that parks tend to be located within heavily developed areas, it
makes sense that parks located within a context of predominant impervious surface cover would

be frequent sampling locations, as these parks may act as a ‘refuge’ for wildlife and recreational
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birders alike (Vasquez and Wood, 2022). Further, hotspots must occur in public locations, so it is
unsurprising that they are more strongly associated with parks than other eBird locations, which
may occur in private backyards or informal greenspaces.

We found that the general set of eBird locations was somewhat associated with a
composite demographic metric reflecting multiple socioeconomic axes. This general set of eBird
locations includes ‘personal’ lists that occur when birders submit a checklist from anywhere
other than a hotspot, often observations occurring their own yards or incidentally. Therefore,
these points likely reflect locations that are convenient for eBird contributors, like locations close
to their homes or neighborhoods, and this relationship between checklist locations and
demographics could reflect existing disparities in participation in recreational activities like
birding (Carver, 2009; Blake et al., 2020; Rutter et al., 2021). Thus, this result provides evidence
that there is a demographic gradient associated both with hotspot designation and patterns of
convenience-based eBird sampling.

We found evidence of stronger relationships between the hotspot-only distribution and
use and demographics, specifically race and income, implying that social sampling bias is more
pronounced amongst eBird hotspots relative to all checklist locations. This suggests that eBird
users prefer areas with greater proportions of white residents and higher incomes for hotspots,
either because these areas do in fact reflect higher bird biodiversity or better bird habitat,
indicating the presence of a luxury effect (i.e., a pattern of higher biodiversity associated with
greater socioeconomic status, Hope et al., 2003), or the perception that these areas contain
greater biodiversity due to overall habitat characteristics or disparities in the availability of parks

Or canopy cover.
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Alternatively, this pattern could reflect the demographics of eBird’s userbase and
corresponding convenience, familiarity, or accessibility of these locations for typical eBird
contributors, and/or users who feel entitled or qualified to suggest or review hotspots (Kuldna et
al., 2020). The demographics of birders in the U.S. are not representative of the general
population, overrepresenting white, affluent people who were able to access higher education,
often a master’s degree or higher (Pateman et al., 2021; Rutter et al., 2021). This pattern is
further exaggerated amongst people who volunteer biodiversity data to eBird and other
crowdsourcing platforms — eBird participants represent the most specialized subset of
recreational birders in the U.S. (Cooper and Smith, 2010; Haklay, 2016; Rosenblatt et al., 2022).
These trends in participation likely underly the social spatial bias we observe in crowdsourced
data collection and in hotspot distributions in particular, as participants suggesting or reviewing
hotspots likely reflect the most specialized of the most specialized.

Capturing the true relationships between bird distributions and social factors and
disentangling these possibilities is challenging, because it is a significant hurdle to account for
the effects of sampling bias on observed data when the sampling bias is strongly confounded
with the biological process of interest. Thus, developing and applying statistical methods to
address this challenge and distinguish between possible mechanisms is beyond the scope of this
study. At the same time, this work accounting for spatial autocorrelation in observations and
incorporating spatial covariates is an important step toward disentangling sampling and
biological processes. Our spatially explicit point process approach is less prone to overestimating
relationships between sampling intensities and spatial covariates, which can occur when
autocorrelation is not considered. Although other studies have established evidence of social

sampling bias in crowdsourced data collection (Perkins, 2020; Grade et al., 2022; Ellis-Soto et
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al., 2023), we demonstrate that sampling bias associated with demographic factors persists in
eBird sampling locations even after accounting for spatial autocorrelation.

However, these spatial models are complex and can be limited in practice because they
can be extremely computationally intensive and often contain model components that are
difficult to identify (Sgrbye et al., 2019; Cole, 2020). The point process modeling approach via
INLA and inlabru is appealing because it has more familiar syntax and out-of-the-box readiness
than other methods for implementing spatial models, and is more computationally feasible than
methods relying on numerical integration and Monte Carlo approximations of the point process
likelihood (Green et al., 2015; Dinsdale and Salibian-Barrera 2019). However, mitigating spatial
confounding between the fixed effects associated with spatial covariates and the estimated spatial
Gaussian random field is difficult (Azevedo et al., 2023), and as a result, the fixed effects may be
conservative estimates of the relationship between a spatial covariate and the response (Sgrbye et
al., 2019; F. Lindgren, J. [llian, and S. Martino, pers. comm.). These issues related to
identifiability between model components are exacerbated in cases like ours with limited data.
The small set of unique sampling locations and correlated spatial covariates necessitated strong
priors on the spatial random effect to attempt to lessen confounding. Correlations between
covariates, particularly the demographic variables, made it difficult to distinguish which factors
underlie the associations observed. For example, the proportion of canopy cover was not a
supported predictor in any of our final models, despite receiving some model support for some
response variables prior to the inclusion of demographic variables. The covariation between
canopy cover and demographics and the overall low proportion (and variance) of canopy cover
throughout Fresno likely prevented this variable from explaining any additional structure in the

distribution of eBird locations when included with demographic variables.
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Our finding of mild support for social sampling bias in locations overall aligns with other
work that found a weak positive correlation between median household income and eBird
sampling density in Fresno (Perkins 2020). However, Fresno is likely not representative of eBird
processes in many cities, because Fresno has far fewer eBird observations and much lower eBird
participation than most similarly sized United States cities. Further, Fresno has greater
impervious surface cover and less canopy cover and parks than most U.S. urban areas (The Trust
for Public Land, 2023).

However, it may be the case that Fresno represents the early stages of establishing
socially biased sampling patterns that become more severe as crowdsourced data collection
scales up in a region. We found that among the set of all designated eBird hotspots in Fresno, use
of hotspots was associated with race, with hotspots in whiter areas amassing more checklists than
other hotspots. Thus, evidence that hotspot locations and use are more biased by social factors
than personal locations suggest that relationships between demographic factors (specifically race
and income) and eBird sampling may become more pronounced as eBird participation and data
volumes increase, particularly at designated hotspots. We see a similar pattern in crowdsourced
data at the national level, where social bias in sampling has increased by 35% as programs like
eBird have grown over the past 20 years (Ellis-Soto et al., 2023). Stronger relationships between
sampling density, race, and median household incomes have been documented in other U.S.
cities with greater participation and data volumes than Fresno, including Tucson, Arizona;
Raleigh, North Carolina; Boston, Massachusetts; and Phoenix, Arizona (Perkins 2020; Grade et
al., 2022). Future work should explore the extent to which hotspots and checklists collected at
these hotspots drive social sampling bias in cities like these, which represent greater diversity in

climate, land cover, demographics, and eBird participation. We expect that in these cities, which
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have more unique sampling location and more observations collected at personal locations, there
may be a smaller difference in the distributions and drivers of hotspots versus personal locations.
However, we also expect that a consistent pattern of socially biased sampling will be more
evident with larger datasets, in corroboration with previous studies, and that cities with a broader
range of demographics will display wider sampling disparities. Finally, we expect that factors
like climate and the development history of cities may impact social sampling bias in cities. For
example, evidence of a luxury effect has been most pronounced in arid regions where
supplemental watering supports greater plant biodiversity (Chamberlain et al., 2020), which may
in turn create a wider gradient of avian habitat that either seems to or actually supports greater
avian biodiversity, thus influencing eBird participant behavior.

Evidence that social sampling bias is more pronounced among eBird hotspots than
personal locations, and that both hotspot locations and use overrepresent predominantly white
areas in Fresno, raises concerns that the eBird hotspot system may be exacerbating spatial bias in
sampling. Existing urban eBird hotspots, paired with how users interact with the eBird platform,
may reinforce patterns of inequity in data availability and perpetuate barriers to inclusivity in
birding and crowdsourced data collection. Biased hotspot distributions perpetuate oversampling
in predominantly white neighborhoods and undersampling in low income and predominantly
Black and Brown neighborhood, because hotspots are advertised prominently on the eBird
platform for other users to visit. As a result, hotspots are disproportionately represented in eBird
checklists — though they make up only 15% of all locations, they represent 57% of all checklists
collected in Fresno. Finally, because the number of checklists at a hotspot is positively associated
with whiteness, hotspots in the already most over-sampled areas amass the most data, reinforcing

these patterns and widening the inequity in data coverage.
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As aresult, data “cold spots” in historically marginalized communities prevent us from
being able to monitor biodiversity in these areas or effectively understand patterns of
biodiversity across representative demographics gradients (Ellis-Soto et al., 2023). For example,
because inequitable data gaps and sampling patterns parallel relationships expected under the
luxury effect, we lack data representative of the full range of socioeconomic gradients in Fresno,
precluding a rigorous test of this hypothesis.

eBird and other crowdsourced data programs are often cited as potential tools for
democratizing science and increasing inclusivity and equity in recreational activities like birding
(Dickinson et al., 2012; Pocock et al., 2018; Paleco et al., 2021). However, the prevalence of
social sampling bias in crowdsourced programs and evidence that the eBird hotspot system
exacerbates this bias challenge the idea that simply engaging broader communities in birding and
eBird participation will promote inclusion and accessibility in outdoor recreation and
conservation. Recognized barriers to participation in birding and crowdsourced data collection
include stereotypes about who belongs in or enjoys outdoor recreation and birding, exposure and
access to technology and resources, and safety and accessibility of public outdoor spaces where
these activities often take place (Hobbs and White, 2012; Pandya, 2012; Pateman et al., 2021).
Underrepresentation of certain neighborhoods on the user-facing side of the eBird platform may
reinforce these barriers, spatially reflecting stereotypes about who belongs in birding and uses
eBird (Jones, 2020; Martin et al., 2023). It also can exacerbate hurdles like requiring a car or
other transportation to access hotspots in other neighborhoods or necessitating that Black and
Brown birders risk their safety and wellbeing to visit hotspots in public green spaces where they
are at increased risk of experiencing violence, harassment, or policing (Bittel, 2020; Hoover and

Lim 2021).
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Our findings highlight the need to reimagine the process for designating eBird hotspots to
lessen how the current design and use of crowdsourced data platforms contribute to disparities in
sampling densities, data cold spots, and exclusion (Callaghan et al., 2019a; Blake et al., 2020;
Montanari et al., 2021; Mahmoudi et al., 2022). The current procedure for designating eBird
hotspots is unsystematic and lacks transparency, and combined with unequal demographic
representation in eBird participation, likely reinforces inequitable sampling distributions and data
collection. Under the current system, locations are suggested as hotspots by eBird users, and
anonymous, volunteer reviewers approve or deny these recommendations based on their own
familiarity with the area (eBird FAQ, 2023). Thus, hotspots reflect where people like to bird
rather than what areas support the greatest biodiversity (eBird FAQ, 2023) and reflect
recommenders’ and reviewers’ general perception of a location (i.e., familiarity, convenience,
amenities). This reinforces confounding between the sampling process and the pattern being
observed, making analytically accounting for sampling more difficult, and, if the demographics
of hotspots reviewers reflect the demographics of eBird users in general, propagates the
overrepresentation of whiteness and affluence in eBird participation into the spatial distribution
of hotspots.

In general, the hotspot procedure should be updated to improve transparency and clarify
the intent of hotspots. There should also be a dedicated effort to augment the current set of urban
hotspots to reflect the diversity of neighborhoods and demographics within cities and fill in data
cold spots that often occur alongside other environmental and social injustices. Beyond eBird,
other biodiversity monitoring programs that rely on voluntary data submission could provide

equitably distributed locations as entry points into observing biodiversity.
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However, it is important to note that simply adding additional hotspot locations is only a
starting point and investment in additional interventions and continued monitoring of the
outcomes of these interventions are critical for meaningfully increasing equity in contributory
science and access to its benefits. We echo concerns raised by Mahmoudi et al. (2022) that
caution against tokenizing participation in data collection to extract data from low-income
communities and communities of color and recognize that addressing data cold spots likely
necessitates shifting the burden of remedying these data gaps onto these communities. Thus,
partnering with existing community organizations, aligning with community values, and
centering equity throughout the stages of a crowdsourced project are critical for improving
equity in participation and spatial coverage in data collection (Pandya, 2012; Mahmoudi et al.,
2022). It is important that the creation of more equitable distributions of eBird hotspots is
combined with these strategies to create more opportunities for birders from all backgrounds to
participate in eBird data collection near their homes and foster a sense of community, ownership,
belonging, and relevance (Pandya 2012). Continued monitoring of outcomes should be used to
check that increasing birding traffic in Black and Brown neighborhoods does not have
unintended harmful consequences like green gentrification or limiting residents’ safety and use
of public green space near their homes through increased policing (Mullenbach and Baker, 2020;
Rigolon et al., 2020).

Evening out data collection is paramount for advancing our understanding of urban
ecological processes and confidently using crowdsourced data to produce just ecological
knowledge and conservation. eBird and other crowdsourced data are increasingly being applied
to habitat protection, regulatory, planning, and policy contexts (Sullivan et al., 2017; Callaghan

et al., 2019b; Young et al., 2019; Stuber et al., 2022). Therefore, eliminating data cold spots is
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necessary not only for capturing true patterns of urban biodiversity, but also to prevent
crowdsourced biodiversity data from reinforcing social and environmental injustices. Affluent,
predominantly white neighborhoods already benefit from greater research attention, power to
influence conservation initiatives, and investment in creating and maintaining green spaces
(Warren et al., 2011; Rigolon 2016; Schell et al., 2020). For example, when participation in a
crowdsourced project to monitor river quality in Illinois overrepresented white residents,
volunteers primarily monitored streams in that were not environmental justice concerns, while
overlooking streams that may pose health risks (Blake et al., 2020). We need spatially balanced
data that do not privilege these areas to accurately understand how resulting inequitable
distributions of parks and pollutants affect biodiversity and access to the ecosystem services they
may provide.

It is important to keep in mind that our study does not address the quality of the related
eBird observations or how bird occupancy or biodiversity may correlate with social and
demographic factors, such as has been suggested in the luxury effect hypothesis (Leong et al.,
2018). However, deepening our understanding of related sampling bias is critical to begin to
disentangle these processes, and future work should aim to understand how sampling bias
impacts inference, species distribution models, and other understanding gained through
crowdsourced data products. Systemic undersampling in historically marginalized communities
perpetuates inequitable urban ecological knowledge and conservation, and works against efforts
to make birding and contributory science more inclusive. We cannot claim eBird and similar
crowdsourcing programs as tools for democratizing science or equitably engaging the public in
data collection and the scientific process while simultaneously promoting systems that spatially

exclude many communities. While the eBird hotspot program may be one such system,
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reimagining eBird hotspots to promote sampling in data cold spots and create more equitable
data coverage across urban landscapes represents one immediately actionable, relatively low

investment approach for beginning to mitigate social sampling bias in eBird data collection.
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Tables and Figures

Table 2.1. Marginal log-likelihoods (MLL) for LGCP point process models fit to all eBird
sampling locations in Fresno and Madera counties, CA between 2011-2019 to identify
environmental and demographic factors associated with sampling intensity across all eBird
observations. The most supported model for describing the distribution of eBird sampling
observations in Fresno included effects of the proportion of impervious surface cover (Imperv),
the distance from the nearest park (DistPark), and first principal component from a principal
components analysis to summarize variation across several demographics metrics (DemPCA).

Model MLL

Imperv + DistPark + DemPCA -2298.29
DistPark -2299.21
DistSJR -2299.27
Imperv + DistPark -2299.78
SPDE only -2299.91
DistPark + DistSJR -2301.12
Canopy + DistPark + DistSJR -2301.29
Income + Imperv + DistPark -2305.69
Income -2306.01
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Table 2.2. Marginal log-likelihoods (MLL) for LGCP point process models fit to eBird hotspots
in Fresno and Madera counties, CA (n=73) to identify environmental and demographic factors
associated with hotspot sampling intensity. The most supported model for describing the
distributions of hotspots in Fresno included effects of the distance from the nearest park
(DistPark) and the proportion of non-Hispanic white residents in the block group containing the
hotspot (PropNHW).

Model MLL
PropNHW + DistPark -485.19
DemPCA + DistPark -485.65
DistPark + DistSJR -486.72
Income + DistPark -487.86
Canopy + DistPark + DistSJR -489.23
Canopy -501.41
Canopy + DistSJR -502.34
DistSJR -502.84
SPDE only -503.57
DemPCA -506.98
PropNHW -507.09
Imperv -507.18
Income + DistSJR + Canopy -507.98
Income -508.61
Loc. Div. index -508.62
Income + Imperv + DistSJR -511.91
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Table 2.3. Akaike information criteria (AIC) for Poisson generalized linear models (GLMs)
exploring factors that are associated with the number of checklists collected at eBird hotspot
locations in Fresno, CA, using data collected in spring (April-June) 2011-2019. The model that
received the most support included fixed effects of the proportion of impervious surface cover
(Imperv), the proportion of non-Hispanic white residents (PropNHW), and the distance to the
nearest park (distPark).

Model K AICc Delta_AICc AICcWt LL
Imperv + PropNHW + distPark 4 1084.81 0 0.47 -537.94
Imperv + PropNHW + distPark

+ distSJR S 1084.88 0.07 0.45 -536.73
Imperv + Income + distPark 4 1088.31 3.5 0.08 -539.69
Imperv + DemPCA + distPark 3 1099.16 14.36 0 -546.31
Imperv + PropNHW 3 111043 25.63 0 -551.94
Imperv + Income 3 1122.36 37.55 0 -557.91
Imperv 2 1124.26 39.46 0 -560
Park (binary) 2 1277.35 192.54 0 -636.54
PropNHW + distPark 3 1306.87 222.06 0 -650.16
distPark 2 1310.65 225.84 0 -653.19
DemPCA 2 131091 226.1 0 -653.32
Income 2 1319.71 23491 0 -657.72
PropNHW 2 1325.11 240.3 0 -660.42
Canopy 2 1328.65 243.84 0 -662.19
DistSJIR 2 13322 2474 0 -663.97
PropPov 2 13326 247.79 0 -664.17
Loc. Div. index 2 1339.35 254.55 0 -667.54
Intercept 1 1341.09 256.28 0 -669.5
Gini index 2 1341.75 256.94 0 -668.74
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Figure 2.1. (a) Map of study area in Fresno and Madera Counties, California, showing the study
area boundary (black line), the San Juan River (blue line) separating the two counties, and parks
(green). Map background shows the distribution of median household income (pink) and the
proportion of people of color (blue), so that more saturated, overlapping regions reflect areas
with lower median incomes and higher proportions of people of color. Points show eBird
personal sampling locations (black) and hotspots (teal). (b) — (d) Selected environmental and
census covariates considered in point process analysis of eBird sampling locations, on the
original data scales: (b) the percentage of impervious surface cover; (c) distance to the nearest
formal park or natural area; and (d) the first principal component from a principal components
analysis to summarize variation across several demographic metrics.
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Figure 2.2. Spatial random effects predicted from the multiple likelihood point process model fit
to eBird sampling locations in Fresno, CA that were visited in the spring between 2011 and
2019. Hotspots are shown as blue triangles, and all other eBird locations are represented as
brown circles. (a) The estimated spatial effect that is shared between the hotspot and personal
location intensities; (b) The estimated spatial effect underlying the intensity of hotspots that is
not shared by personal locations not shared by the two intensities. Predictions were made using
the model specification without covariates, so predicted spatial effects reflect all estimated
spatial structure, including strucutre that is associated with spatial covariates.
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Figure 2.3. Model predictions from point process model (LGCP) fit to the set of all eBird
locations (white or orange points) sampled in Fresno, CA in April-June 2011-2019 (n=338). (a)
The intensity of eBird locations (shown on log-scale) was associated with (b) the percentage of
impervious surface cover, (c) distance to the nearest park, and (d) the first principal component
of a demographic PCA. Coefficients and predictions shown are relative to standardized covariate
values. (e) Estimated spatial random effect reflects the remaining spatial structure (or
autocorrelation) between locations that is not explained by fixed effects.
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Figure 2.4. Model predictions from point process model of eBird hotspot intensity fit to the set of
all hotspot locations in study area in Fresno, CA (n=73). (a) Predicted hotspot intensity (log-
scale); (b) Estimated relationship between the distance to a park (km) and sampling intensity.
Sampling intensity decreases as distance to a park increases. (c) Estimated relationship between
the proportion of non-Hispanic white residents and sampling intensity. Areas with higher
proportions of non-Hispanic white residents are associated with greater sampling intensity. (d)
Estimated spatial random effect capturing the residual spatial structure in estimated sampling
intensity that is not explained by the fixed effect. There is little evidence of remaining spatial
autocorrelation between points after accounting for fixed effects.
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CHAPTER THREE

SOCIAL SAMPLING BIAS IN CROWDSOURCED DATA INHIBITS LUXURY EFFECT
RESEARCH

Introduction

Urbanization is a defining feature of the modern age. Most of the global population
currently resides in cities, and the proportion is projected to increase to 68% by 2050 (Habitat,
2016). Urbanized landcover exercises substantial influence over the global landscape, with the
rapid expansion that has occurred in the past century projected to continue until at least 2100
(Seto et al., 2011; Chen et al., 2020). Thus, as cities expand and urban human populations grow,
cities will continue to have diverse impacts on surrounding ecosystems and biodiversity,
including habitat loss, fragmentation, and changes to ecological dynamics (Liu et al., 2016). At
the same time, cities support a large amount of biodiversity (Aronson et al., 2014), and modern
ecological urban planning can elevate cities to important refuges for biodiversity amidst
widespread landscape degradation related to industrialization and extraction (Ahern, 2012; Piano
et al., 2017; Salbitano et al., 2017). Thus, broad-scale biodiversity data across cities and regions
are necessary to understand general trends, impacts of urbanization on ecological dynamics, and
inform effective urban ecological planning and conservation.

Cities are distinctive social-ecological systems characterized by unique social-ecological
phenomena that dictate the ecological structure and functioning of urban ecosystems (McHale et
al., 2015; Frank et al., 2017; Andersson et al., 2021). A robust understanding of urban ecological
processes requires an interdisciplinary approach that recognizes the fundamental

interconnections between ecological and evolutionary processes and societal, cultural, and
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economic systems and legacies (McHale et al., 2015; Pickett et al., 2016). Rather than focusing
on biotic communities and ecological dynamics characteristic of other ecosystems, within an
urbanized context, conceptualizing urban ecosystems as holistic social-ecological systems
characterized by socioeconomic, cultural, and ecological landscapes and heterogeneity enables a
deeper understanding of the complexities of these systems to inform development towards a
more sustainable future for people as well as biodiversity (Pickett et al., 2016). Sustainable urban
design that originates from this perspective has the potential to simultaneously support
biodiversity while also progressing other societal goals, like creating sustainable and just food
systems, developing climate resiliency, and advancing environmental justice (Millard, 2010;
Heymans et al., 2019). On the other hand, a growing literature is revealing how inequitable
societal systems like systemic racism impact ecological and evolutionary processes (Schell et al.,
2020) and how legacies of historical development and cultural values shape contemporary
patterns of biodiversity (Grove et al., 2020). For example, historical residential segregation
practices are associated with current distributions of tree canopy and other environmental
attributes, such that neighborhoods historically targeted for disinvestment under discriminatory
lending practices (“redlined” neighborhoods) continue to have less tree cover, more urban heat
islands, and greater pollution than neighborhoods viewed favorably (“greenlined”) under these
systems (Schell et al., 2020).

The luxury effect has emerged in the urban ecological literature as a prominent
hypothesis describing a pattern of higher biodiversity associated with greater socioeconomic
status observed in many cities around the world (Hope et al., 2003; Schell et al., 2020). The
luxury effect hypothesis was first proposed to explain a recurring pattern of higher plant

biodiversity in more affluent neighborhoods in Phoenix, Arizona, U.S.A., possibly due to
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wealthier households spending money to influence plant species assemblages and resource
availability (Hope et al., 2003). The luxury effect hypothesis has been extended to explain
associations between wildlife (particularly birds) and affluence (Loss et al., 2009; Leong et al.,
2018; Schell et al., 2020), and support for the hypothesis in both plants and animals has been
shown in many cities across the globe (Strohbach et al., 2009; Chamberlain et al., 2019; Sultana
et al., 2022; Hassell et al., 2021). Meta-analyses have concluded that evidence for the luxury
effect is more pronounced in arid regions, and regions with greater urbanization, vegetation loss,
and wider wealth gaps (Leong et al., 2018, Chamberlain et al., 2020).

However, support for the luxury effect is not universal, with many studies demonstrating
negative or no associations between wealth and biodiversity, and in general, there is a lack of
understanding and investigation of causal social and political mechanisms behind observed
patterns (Kuras et al., 2020; Magle et al., 2021). In particular, correlation or aggregation of many
socioeconomic factors and across multiple relevant scales has prevented disentangling
underlying drivers of the luxury effect (Kuras et al., 2020; Schell et al., 2020). For example,
greater avian biodiversity is associated with newer neighborhoods in Chicago, IL (Loss et al.,
2009), but newer neighborhoods also tend to be inhabited by affluent residents (Grove et al.,
2014). Thus, it difficult to tease apart effects of a possible inherent difference in habitat quality
between old and new neighborhoods versus affluent residents increasing resources available on
the landscape. Further, it is not clearly known whether observed patterns of greater plant
biodiversity and cover in affluent neighborhoods are driven by residents fostering this richness
by increasing resources available to plants, as was originally suggested by Hope et al. (2003), or
by municipalities favoring these areas for park development and neighborhood improvement

(Kuras et al., 2020).
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Like many studies of urban ecological processes, studies assessing the luxury effect often
use voluntarily collected or crowdsourced data (also known as citizen science, community
science, or volunteered geographic information) to observe biodiversity (e.g., iNaturalist, GBIF,
UWIN, and numerous small-scale programs like the city of Fort Collins’ Nature in the City).
Crowdsourced biodiversity data platforms are well-suited for urban ecological research because
local volunteers can contribute data across much larger geographic areas than would be feasible
by a limited research team (Sullivan et al., 2014; Peeters et al., 2022). Thus, crowdsourcing can
be a low-cost method for collecting data across many taxa, especially with advances in
technologies like photo recognition and portable noise and video monitors, in urban areas that
historically have received less ecological monitoring and research attention (Knapp et al., 2021).
For example, eBird data have been instrumental in filling spatial and temporal gaps in other
avian monitoring data, like the Breeding Bird Survey (BBS) in the United States, which avoids
urban areas in its sampling routes (Weiser et al., 2020).

However, crowdsourced biodiversity data collection also comes with challenges related
to data quality and sampling bias. Crowdsourced biodiversity data are heavily influenced by
sampling bias, because participants select observation locations and tend to favor convenient,
accessible, and aesthetic locations for collecting and submitting data (Kuldna et al., 2020;
Johnston et al., 2021). As a result, crowdsourced data tend to overrepresent spaces near
populated or trafficked areas, like near cities or within national parks (Kolstoe and Cameron,
2017; Fink et al., 2020). At smaller scales, local features like roads and parking lots are often
overrepresented in data collection, and sampling bias also reflects social landscape heterogeneity

(Mair and Ruete, 2017; Fink et al., 2020).
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In urban areas, evidence has accumulated that sampling bias in crowdsourced
biodiversity data collection is also associated with social, economic, and culture landscapes. Data
collection for many crowdsourced projects and platforms, including eBird, iNaturalist, and the
Global Biodiversity Information Facility (GBIF), consistently under-samples urban areas that are
characterized by predominantly low-income communities or communities of color, bias data
towards predominantly white and affluent areas (Perkins, 2020; Grade et al, 2022; Mahmoudi et
al., 2022; Ellis-Soto et al, 2023). In GBIF records, patterns of sampling bias are not only
associated with current patterns of socioeconomics, but also with historical residential
segregation (Ellis-Soto et al., 2023). Thus, legacies of historical social landscapes affect both
current urban biodiversity distributions and our methods for observing them, linking these two
distinct processes in observed data, because sampling bias is deeply linked to the biological
process under investigation. The prevalence of this social sampling bias challenges the validity
of any findings that rely heavily on urban crowdsourced data without considering biased data
collection (Grade et al., 2022; Ellis-Soto et al., 2023). For example, data gaps in low-income
communities may underlie some of the variation in conclusions surrounding the luxury effect
across different cities, since representation of a substantial portion of observed incomes is
missing from data.

Sampling bias, including observer preference and skill, variable detectability, and spatial
bias, has long been acknowledged as a challenge of crowdsourced data (Hughes et al., 2021).
Many methods have been proposed to mitigate these different sources of sampling bias after
collection, including data filtering (i.e., spatial subsampling, balancing), the inclusion of
sampling and effort variables in analyses, and many model specifications, to aim to balance the

benefits of large amounts of data and the drawbacks of sampling bias (Fink et al., 2020; Johnston
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et al, 2021; Tang et al., 2021). These methods can be very effective for mitigating bias to
produce large scale predictive distributions, augment data coverage from systematic data, and
estimate temporal dynamics of migratory animals (Fink et al., 2020; Stuber et al., 2022).
However, most strategies for addressing sampling bias in largescale crowdsourced data occur at
the landscape scale, and often do not address sources of bias specific to smaller, urban scales
(Planillo et al., 2021). In particular, crowdsourced data collection has an inherently social
dimension, reflecting the social values and contexts that data are collected under (Sieber and
Haklay, 2015; Haklay 2016; Mahmoudi et al., 2022), and to our knowledge, there are no existing
methods for mitigating this specific, yet crucial, source of sampling bias.

One form of sampling bias particularly relevant for voluntary crowdsourced data
collection is preferential sampling, which describes the case when observers are selecting
sampling locations, because they expect them to be favorable for the species or process they are
sampling (Diggle, 2010; Pennino et al., 2019). Thus, in the case of biodiversity sampling, the
resulting data are likely to be biased toward areas with high occurrence or abundance of the
species of interest. When left unconsidered, this can lead to overestimates of occurrence
throughout the region, because the data lack the variation contained in less-abundant areas, but
this is not always the case (Grade et al., 2022). When sampling preferences parallel covariates of
interest so that one or more underlying covariates influence both the process being observed and
the sampling process, results can either over- or underestimate true relationships between the
observations and the covariates (Knox et al., 2020; Grade et al., 2022).

Statistical techniques to address preferential sampling have been applied in ecology to
create species distribution models of blue and red shrimp (Aristeus antennatus) from fishing data

that reflect fisherman preferences for areas with high shrimp abundance (Pennino et al., 2019).
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They have also been applied to account for increased observer activity near roads in presence-
only crowdsourced data for moose (Alces alces) occurrence (Sicacha-Parada et al., 2021), and for
spatial patterns in observer effort and skill in eBird data (Tang et al., 2021).

Despite the growing body of literature documenting social sampling bias and the
potential harmful consequences of making conservation decisions based on inequitable data,
research has yet to explore how socially driven sampling bias impacts inference and prediction
informed by crowdsourced data, or if existing data pre-processing or analytical methods can
effectively mitigate this bias. This is particularly important — and challenging — considering the
parallel and intertwining relationships between the social-ecological phenomenon being
observed (e.g., the luxury effect) and the drivers of urban sampling bias. To reliably learn about
urban ecological systems with crowdsourced data, we must be confident we can disentangle
relationships between patterns of biodiversity and demographics from socially driven sampling
bias.

As the largest crowdsourced biodiversity project globally, eBird currently contains over
100 million observations and participation grows by over 20% each year (Sullivan et al., 2009;
Sullivan et al., 2014; ebird.org). Like other crowdsourced data programs, eBird sampling has
been shown to overrepresent affluent, predominantly white neighborhoods in several U.S. cities
(Perkins, 2020; Grade et al., 2022), and the legacies of historical discriminatory housing
practices are associated with eBird survey completeness in cities (Ellis-Soto et al., 2023). In fact,
among multiple similar projects, eBird sampling was found to be more unevenly distributed
across historically A and D graded neighborhoods than iNaturalist (Ellis-Soto et al., 2023). eBird
data has been used in urban ecological studies to assess relationships between bird biodiversity

and urban parks (Callaghan et al., 2019a; LaSorte et al., 2020; LaSorte et al., 2023), residential
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yards (Lerman et al., 2021), and urbanization and fragmentation (Callaghan et al., 2021; Soifer et
al., 2021). Additionally, eBird data are regularly applied to inform species management, habitat
protection, urban planning, and policy decisions (Sullivan et al., 2017; Callaghan et al., 2019b;
Planillo et al., 2021). Thus, eBird data are regularly being used to inform decisions that impact
both people and wildlife, though the vast majority of these studies do not consider demographics,
inequities, or the social context of either the urban landscape or crowdsourced data collection in
their research, leaving the potential impacts of social sampling bias unacknowledged. This not
only risks false understanding of true biological pattern and relationships, but risks decision
making that is informed by and reinforces inequities.

We conducted a study to assess the impacts of not correcting for social sampling bias on
inference related to the luxury effect, as a starting point for understanding the impacts of
confounded urban social sampling bias on research outcomes and conservation initiatives more
broadly. Simultaneously, we explored whether random spatial subsampling as recommended by
Johnston et al. (2021) mitigated social sampling bias. Using spring eBird data from Raleigh-
Durham, North Carolina, U.S.A. collected between 2015 and 2019, we first quantified the luxury
effect without considering spatially biased sampling using a spatial regression model to explore
associations between social factors and species richness. Then, we investigated which factors
predict the sampling intensity of eBird locations. Finally, we jointly modeled richness and
sampling intensity to investigate the impact of accounting for sampling on estimated
relationships between demographics and avian species richness. On one hand, since affluent
neighborhoods tend to be oversampled, we expected that sampling effects may lead to over-
estimated species richness in these neighborhoods, thus artificially inflating the observed

strength of luxury effect. Alternatively, failure of biased sampling to collect a representative
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sample across all levels of socioeconomics in the region may lead to finding no evidence of a
luxury effect because eBird data capture do not capture the full range of variation in our

response.

Methods
We conducted our study in the Raleigh-Durham (‘Research Triangle”) metropolitan area

in North Carolina, U.S.A. We defined our study region as Wake and Durham counties, which
encompass a total area of 2991 square kilometers in the Piedmont region of North Carolina. The
region has a humid, subtropical climate characterized by a highly forested urban landscape. The
predominantly deciduous forests support diverse animal communities. Wake and Durham
counties make up the central, most densely populated area of the surrounding nine-county
metropolitan region, that is one of the most rapidly growing and urbanizing regions in the United
States. With this growth comes rapid gentrification, though the legacy effects of historical
redlining and other racial segregation remain prominent in the housing landscape and
distributions of environmental amenities (Perkins, 2020). As of the 2020 United States Census,
Wake County has an overall population of 1,129,410 people, of which 57% are non-Hispanic
white and 18% Black. The median household income in Wake County in was around $55,000
(U.S. Census Bureau, 2020). In contrast, Durham County has a total population of 324,833
people, of which 34% are Black and 41% are non-Hispanic white. The median household income
in Durham County is $43,337 (U.S. Census Bureau, 2020). We chose this region of North
Carolina for our study because previous work has investigated the relationship between
socioeconomic status and eBird sampling in this area. Further, there is past and present work to
systematically survey the avian communities across this urbanizing landscape. The Triangle Bird
Count (TBC, Perkins, 2020) is an annual, volunteer-based systematic avian point count, modeled

after the Tucson Bird Count, that has been conducted in the region since 2019 and offers
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systematically sampled survey data for comparison to eBird data. Previous work has also
described the impact of the urban-rural landscape gradient on the composition of bird
communities in the area (Minor and Urban, 2010).
eBird data

We downloaded the eBird Basic Dataset (EBD) and sampling event data for Wake and
Durham counties (eBird, 2022). We downloaded data for all species in these regions from 2015-
2021, and used the ‘auk’ package in R to filter data prior to analysis (Strimas-Mackey et al.,
2018). We filtered data to include only records from April 1 to June 30 across all years, to align
with the TBC season and only included complete checklists with ‘stationary’ or ‘traveling’
protocols, durations less than 5 hours, distances less than 5 km, and up to 10 observers following
eBird best practices outlined by Johnston et al (2021). We also removed all records for 2019 that
were collected as part of the TBC, because these sampling locations were established as part of a
systematic survey procedure, not chosen by eBird participants. We obtained TBC data from the
TBC project manager on 14 July 2022 (trianglebirds.org) and removed associated checklists by
cross-referencing recorded locations with Bird Count locations and filtering by eBird comments
and location IDs. One assumption of our continuous point process modeling approach is that
multiple observations cannot occur in identical locations (Banerjee et al., 2015). Thus, we
applied a small random jitter to observation locations prior to analysis to remove duplicated
locations. The magnitude of this jitter was smaller than the precision of our spatial data and the
discretization mesh used to implement our models and thus had no impact on our results.

Additionally, we subsampled checklists prior to analysis to reflect the best practices
outlined by Johnston et al. (2021). First, in instances in which a single observer submitted more

than 10 checklists from the same location within a single year, we randomly retained 10
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checklists for that observer-location-year combination. Second, we spatially subsampled the
eBird data by gridding the study region using a 5 kilometer (km) hexagonal grid (R package ‘sf’,
Pebesma, 2018). Next, we randomly retained one checklist per grid cell throughout the study
region to create our analysis dataset. We similarly created subsampled data sets using 3km and
8km hexagonal grids to assess the impact of grid size on the resulting subsampled data.

Spatial and social data

As the emphasis was on the luxury effect, we did not consider an exhaustive set of
environmental covariates. Instead, we included percent canopy cover and percent impervious
surface cover from the National Landcover Dataset (NLCD) and a set of metrics derived from
U.S. Census American Community Survey (ACS) 5-year estimates at the block group level for
the period covering 2015-2019 (US Census Bureau, 2020) as possible covariates. We obtained
percent impervious surface cover from the 2019 NLCD release and percent canopy cover from
the 2016 NLCD release (Dewitz, 2021) using the ‘FedData’ R package (Bocinsky, 2023). We
included percent canopy cover and percent impervious surface cover as the mean percent within
a 1km buffer around observation locations. We conducted all spatial analyses in an Albers Equal
Area projection in R using the ‘sf,” ‘raster,” and ‘terra’ packages (Pebesma, 2018; Pebesma and
Bivand, 2023; Hijmans, 2023(a); Hijmans, 2023(b)).

The U.S. Census ACS 5-year estimates (https://www.census.gov/data/developers/data-
sets/acs-Syear.html) are obtained by analyzing all surveys collected over a 5-year time period (in
our case, 2015-2019) to produce a single “period estimate,” with associated uncertainty, rather
than “point-in-time” estimate for each metric. Including samples over five years allows for a

larger sample size and thus greater precision estimates, while corresponding to the 5 years of
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eBird data we included. Census data were downloaded, visualized, and processed via the R
package ‘tidycensus’ (Walker and Herman, 2023).

We included race/ethnicity, median household income, and median building age in our
set of possible demographic variables. For race, we obtained estimates of the number of people
within the block group that identified as each race and calculated the proportion of the
population in each race by dividing the estimate by the estimate of total population within the
block group. The U.S. Census reports the following races: Asian, Black, Hawaiian/Pacific
Islander (HIPI), American Indian/Alaskan Native (Native), White, Single Other, and Two or
More Races and Hispanic/Latino ethnicity (U.S. Census Bureau, 2020). From these, we
disaggregated White into non-Hispanic White and Hispanic White. We included race in our
model as two possible variables: the proportion of Black, Indigenous, and People of Color
(BIPOC), defined as one minus the proportion of non-Hispanic White (NHW) residents, and the
proportion of Black residents. Non-Hispanic White residents are the most represented racial
group in our study area and historically have held the most power in residential zoning and
municipal decision (Whittemore, 2018), so we considered proportion of BIPOC residents to
capture all races and ethnic groups outside of this dominant group, and we considered the
proportion of Black residents specifically because Durham is a historically Black city and the
legacy effects of residential segregation policies disproportionately impact Black communities in
this area (Whittemore, 2018). Additionally, we computed the localized racial diversity index and
local Shannon diversity of race to reflect residential segregation using ‘OasisR’ (Tivadar, 2019)
and included these as possible predictor variables. We centered and scaled all predictor variables
to have a mean of 0 and a standard deviation of 1 prior to analysis to assist with model fitting and

to enable comparison of estimated effect sizes across predictors.
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Sampling intensity and spatial subsampling

To evaluate the efficacy of our spatial balancing procedure, we specified a point process
model to estimate sampling intensity and test relationships between intensity and demographic
covariates before and after spatial subsampling. We specified this model with the following log-
Gaussian Cox Process (LGCP) intensity,

log(A(s)) = Bo + x(s)'B + w(s), (1)
where 3, is an intercept, 8 is a vector of regression coefficients, and x(s) is a vector of spatial
covariates at location s, standardized to mean 0, standard deviation 1 for computational
efficiency and ease of interpretation of importance across covariates. The Gaussian random field
w(s) captures spatial structure in the intensity of locations not described by the spatial covariates
and was implemented as a spatial partial differential equation (SPDE) random effect, using a
Matérn covariance function with penalized complexity priors on the hyperparameters in INLA
(Fuglstad et al., 2016; Simpson et al., 2017). We fit all models to eBird data under an
approximate Bayesian inferential framework using integrated nested Laplace approximation via
the R-INLA and ‘inlabru’ R packages (Rue et al., 2009; Lindgren et al., 2011; Bachl et al.,
2019).

We fit this model to the un-subsampled dataset and the subsampled data that was sampled
on the S5km hexagonal grid. For each data set, we fit the model with an SPDE random effect and
no fixed effects, and then as a set of single covariate models, including each of the following
variables: race, median household income, median housing age, and local racial diversity index,
and these with additive canopy or impervious cover. We used marginal log likelihood to
compare model fit for each dataset and determine the most supported covariates (Fong and

Holmes, 2020). We visually inspected predictive sampling intensities and compared the
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estimated coefficients associated with the fixed effects to assess the impact of the spatial
subsampling on estimated sampling intensity and social sampling bias. We also fit the model
with no fixed effects and with the most supported fixed effects to data subsampled over the 3km
and 8km hexagonal grids to investigate how our results varied across different subsampling
resolutions.
Luxury effect and preferential sampling analysis

We next fit a spatial regression with an SPDE spatial random effect to our spatially
subsampled data (5km grid) to explore associations between our biological response variable of
interest, species richness, and our set of environmental and demographic predictor variables. We
computed species richness as the total number of species observed for a checklist, using all
species presences recorded for each checklist, and used a square root transformation of richness
as the response variable, which we modeled with a Gaussian likelihood. We first constructed a
model set to test additive combinations of the eBird sampling effort variables as suggested by
eBird best practices (Johnston et al., 2021) and a spatial random effect to capture residual spatial
structure in species richness that is not explained by the included covariates. We used the
Deviance Information Criterion (DIC, Spiegelhalter et al., 2002) and the Watanabe Akaike
Information Criterion (WAIC, Watanabe, 2010) to select the most supported combination of
effort variables, opting not to include all variables together because of multicollinearity between
effort variables.

After we established the most informative effort variables, we constructed a second
model set to test the relationships between our environmental and demographic covariates and
species richness, maintaining the spatial random effect and the selected effort variables

throughout all models. We again used DIC and WAIC to establish the most supported model
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among this set. We used the predict function in ‘inlabru’ to predict richness at all points across
the discrete mesh, holding the effort variables constant (Bachl et al., 2019).

Finally, we combined the sampling point process model and the species richness
regression under a single inferential model to jointly model sampling and avian biodiversity. We
used a model similar to the preferential sampling models developed by Diggle (2010) and Pati et
al. (2011) and implemented by Sicacha-Parada et al. (2021) and Pennino et al. (2019) to achieve
this. In this model, each response variable (species richness and observation location) has its own
likelihood, which are linked together via a shared spatial random effect and shared covariates.

We specified this model as,

= %, =1, )
log(A(s)) = Bo + x(8)'Bs + w(s) + v(s), 3)
VY(s) ~ N(u(sy), 7, @)
u(s) = x(s)'By + aw(s), (5)
w(s)~N(0,Z,), (6)
v(s)~ N(0,%,), (7
where A(s) is the intensity of the sampling locations s: (i=1, ..., n) and is modeled as the linear

combination of an intercept, S, spatial covariates x(s) multiplied by a vector of regression
coefficients, 8, and Gaussian random fields w(s) and v(s). The random field w(s) captures the
spatial structure in the intensity not described by covariates that is shared by the sampling
intensity and species richness. The field v(s) captures residual spatial structure in sampling
intensity that is not shared with the estimated species richness process. The square root of species
richness y at location si arises from a normal distribution with mean u and precision 7. The

mean, W, is defined as a linear combination of the spatial covariates and associated regression
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coefficients B,, (which are distinct from the coefficients B in the point process likelihood) and
the shared spatial random field w(s). The parameter a is weight parameter that controls the
strength of the effect of the sampling process on the response. Each of the Gaussian random
fields was specified with a Matérn covariance function with penalized complexity priors on the
hyperparameters (Fuglstad et al., 2016; Simpson et al., 2017). Hyperparameters were specified
with non-overlapping distributions on the range parameters to aid identifiability between the
random effects. T was specified as arising from the default Gamma prior. Due to computational
challenges and the scope of the study, we did not consider all covariates or combinations of
covariates in the preferential sampling model. Instead, we fit the model with no covariates, with
effort covariates in the richness likelihood only, and including the covariates that were supported
in the separate models in the respective likelihoods. We assessed the sensitivity of the model to
mesh and prior specification by refitting the model using a sequence of mesh sizes and

hyperparameter values.

Results

We included 10,253 complete checklists submitted to eBird in Wake and Durham
counties in spring 2015-2019 in our analysis (Fig. 3.1). Random spatial subsampling resulted in
the retention of 3,201 of these checklists. Average species richness across checklists was 18
species (range [1, 78]). The range of median household incomes represented by the locations of
the eBird observations was [$22,000, $232,955] (Fig. 3.2). However, the overall range of median
household incomes present in the study area was [$13,856, $232,955]. Similarly, the eBird data
occur in neighborhoods that are composed of a maximum of 86% Black residents (Fig. 3.2).

However, some block groups within the study area are up to 97% Black. Thus, the available
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eBird data do not contain information about bird communities in the lowest income or
predominantly Black neighborhoods (Fig. 3.3).
Spatial subsampling did not mitigate bias

We found evidence of a relationship between sampling intensity and median household
income before and after spatially subsampling the data. Estimated sampling intensity predicted
from both the un-subsampled and spatially subsampled data show substantial heterogeneity in
sampling intensity across space (Fig. 3.4). The most supported model for sampling intensity for
both the un-subsampled and subsampled data included median household income as the only
fixed effect (Table 2.1). The model did not converge across a range hyper-parameter and initial
values when fit with covariates to the full un-subsampled data. Therefore, we estimated sampling
intensity of this full set using only the model with a spatial random effect and no fixed effects,
and (non-spatially) randomly sampled n=3,201 observations to create un-subsampled data to fit
to the models with covariates. The estimated coefficient associated with income for the model fit
to this randomly sampled subset was £ = 0.309 (95% credible interval [0.208, 0.412], Fig. 2.4B).
The estimated income coefficient for the spatially subsampled model was £ = 0.441 (95%
credible interval [0.341, 0.544], Fig. 3.4A). Fitting the sampling model to data subsampled at
different resolutions (3km, 8km) yielded similar results. Thus, spatially balancing the eBird
dataset by randomly spatially subsampling the data following the analytical guidelines (Johnston
et al., 2021) improved computational stability but did not reduce social sampling bias.
Evidence of inverse luxury effect in spatially sub-sampled data

Variables related to sampling effort were the most predictive of species richness, and we
found minimal evidence that environmental or census variables explained variation in richness

after accounting for effort. The square root of the duration of an eBird sampling event, the square
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root of the distance traveled during a traveling checklist, and whether the checklist occurred at a
hotspot or personal location were the most important effort variables associated with species
richness (Bg,s; = 0.510,95% CI (0.440, 0.579); Bgur = 0.210, 95% CI (0.197, 0.224); Bror =
0.660, 95% CI(0.550, 0.770)) and adding additional effort variables did not increase the amount
of variation explained. There was evidence of a small negative association between income and
species richness (f = -0.082; 95% CI(-0.136, -0.028)), which only slightly improved model fit
based on WAIC and DIC (Table 3.2). The estimated range and standard deviation of the spatial
random effect were p = 1.08 (0.680, 1.60) and & =1.16 (0.866, 1.54), respectively, indicating
very localized residual spatial structure likely reflecting clusters of checklists at the same
locations. The inclusion of additional environmental or census variables did not improve model
fit based on WAIC and DIC, and the 95% credible intervals for estimated coefficients covered O
for all other possible covariates (Fig. 3.5A).

However, limiting our analysis to stationary eBird checklists only and omitting effort
variables from the model resulted in a larger magnitude negative relationship between income
and species richness. Further, when extending our study period to also include data collected in
2020 and 2021, a negative relationship between the proportion of Black residents and species
richness also emerged. We did not explore these patterns further, though note that they suggest
there may be additional relationships between sampling effort, demographics, and species
richness. In particular, we did not ultimately include data from 2020 or 2021 in our analysis
because the COVID-19 pandemic led to anomalous data collection for both the U.S. Census
sampling and eBird sampling (Crimmins et al., 2021; Hochachka et al., 2021; Velkoff and

Hartley, 2022).
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Preferential sampling model

Fitting the preferential sampling model to the eBird data without inclusion of any
covariates showed evidence of preferential sampling (i.e., shared spatial structure) between eBird
sampling and species richness (& = 2.060,95% CI(1.738,2.405)). Including effort variables in
the richness likelihood reduced the strength of preferential sampling by about 25% (& = 1.44,
95% CI (1.096, 1.788)), suggesting some dependence between effort and the spatial distribution
of sampling locations. Essentially, this suggests that sampling intensity is an important predictor
of species richness, and more densely sampled regions are associated with higher species
richness. The spatial random effect associated with preferential sampling had estimated range
Pw = 2.29 (1.485, 3.351) and standard deviation &, = 0.58 (0.469, 0.708), reflecting a residual
dependence between sampling and species richness at a very small spatial distance, likely due to
heavily clustered observations. The spatial random effect capturing the remaining spatial
structure in sampling that was independent of species richness had estimated parameters p, =
7.25 (5.775, 9.158) and standard deviation @, = 1.24 (1.070, 1.437), suggesting autocorrelation
in sampling observations at a larger spatial scale than preferential sampling.

Including median household income in both the sampling and richness process models
(Fig. 3.3, 3.5) indicated a positive relationship between income and sampling intensity (f =
1.101, 95% CI (0.868, 1.435), Fig. 3.5B). There was no estimated relationship between income
and species richness (95% CI (-0.066, 0.043)); however, including income as a fixed effect in
both the sampling and richness likelihoods reduced the estimated weight of the shared spatial
random effect by about 20% (& = 1.123, 95% CI (0.812, 1.098)). Therefore, median household
income explains some of the spatial dependence between sampling intensity and richness,

because including it as a covariate in the model reduced some of the unexplained shared
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dependence, despite not being an informative predictor of species richness (Fig. 3.6). Including
income as a covariate in the sampling and species richness likelihoods did not have a meaningful
effect on the estimated spatial random effects (p, = 1.888 (1.13, 2.87), 6, = 0.807 (0.606,
1.03); p, = 6.202 (5.01, 7.55), o, = 1.747 (1.489, 2.06)). Altogether, these results suggest that
sampling intensity is positively associated with median household income, and when this is
included in the model for species richness, there is no longer a relationship between richness and
income that would suggest the presence of the luxury effect or its inverse in Raleigh-Durham,

N.C.

Discussion
We found evidence of a small inverse luxury effect (i.e., income negatively associated

with species richness) in spring eBird data in Raleigh-Durham, North Carolina between 2015-
2019, before including the effects of sampling bias on observed richness. By combining models
for sampling and species richness, we found spatial dependence between sampling and species
richness that indicates that patterns of sampling intensity are positively associated with bird
species richness. Sampling intensity was also positively associated with median household
income, and there was no longer evidence of an inverse luxury effect when the relationship
between sampling and income was reflected in the model for species richness.

Although not the primary focus of this study, our finding that random spatial subsampling
did not mitigate socially biased sampling is notable because it underscores the importance of
specific, tailored techniques for addressing social sampling bias analytically and moreover, the
importance of correcting the biases in data collection that lead to socially biased data in the first
place. Emphasizing subsampling data after collection to mitigate bias centers areas that are
overrepresented in data, which assumes that there is adequate but more sparse data elsewhere

and fails to address the implications and causes of where data is missing. As Steen et al. (2021)
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point out, using subsampling techniques in instances like this where there are a mix of common
and more rare observations, it is important to consider retaining rare observations. Otherwise,
subsampling schemes can be ineffective or can influence results (Steen et al., 2021).

In cases like urban eBird data where sampling reflects social geography, a focus on
mitigating oversampled areas rather than addressing sampling gaps centers privileged
neighborhoods, and reflects the idea that contributory crowdsourced biodiversity data and
platforms are created by and for affluent, white people who have the financial means,
background, and leisure time to collect bird observations (Sieber and Haklay, 2015; Mahmoudi
et al., 2022). The inefficacy of subsampling for reducing sampling bias highlights the importance
of considering what areas and demographics are missing from the dataset and the impacts of the
absence of sampling in some neighborhoods, which cannot be remedied via subsampling the
data.

The absence of a luxury effect in our results may reflect the true pattern of avian
biodiversity in Raleigh-Durham, or may be due to biased data collection. Studies of the luxury
effect often occur in arid climates, where supplemental watering may play a large role in
observed patterns of biodiversity and trends towards higher biodiversity in areas with greater
financial resources (Kuras et al., 2020). Thus, the humid climate and high forest cover in
Raleigh-Durham may mediate the impacts of income on vegetation cover and subsequent avian
biodiversity. Alternatively, or in combination, the area’s unique history and patterns of
development may explain the observed pattern between species richness and income, as was
found in the distribution of trees in Baltimore, Maryland. Shifting priorities among powerful
communities over time have resulted in heterogeneity in canopy cover that reflects the opposite

of what would be expected under the luxury effect (Grove et al., 2020). Previous work in the
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Research Triangle region found that bird communities were more strongly influenced by
landscape level environmental factors than local factors, and composition but not richness varied
between predominantly urban and rural landscapes (Minor and Urban 2010). Thus, future work
could investigate luxury effect using data from the systematically sampled Triangle Bird Count
and explore avenues to integrate TBC and eBird data to investigate luxury effect.

However, the portions of the cities represented in the eBird data have a narrower range of
median household incomes than is present in the study area overall, leading to limited
representation of the true heterogeneity in income across the landscape. Thus, the luxury effect
(or its inverse) may be more pronounced in Raleigh-Durham than we observe with crowdsourced
data, because existing crowdsourced data do not capture the lower tail of the income gradient.
Comparing the range and distribution of incomes reflected in the eBird data (before and after
spatial subsampling) with the distribution of income in the region overall illustrates the
importance of considering the implications of participation inequality and under-sampled
neighborhoods, as our results are not reflective of Raleigh-Durham overall (Fig. 3.3). Thus,
findings related to the luxury effect informed by eBird data must be interpreted with caution, and
continued work in this same study area should explore the impact of integrating systematic
Triangle Bird Count data to fill in data gaps and explore alternative subsampling schemes that
mitigate oversampling while retaining all observations from under-sampled neighborhoods
(Steen et al., 2021).

In contrast to the evidence of a negative relationship between median household income
and species richness reflected in the spatial regression (no sampling model), there was no
evidence for a relationship between income and species richness when richness and sampling

were modeled jointly in the preferential sampling specification. However, observations are more
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likely in areas with greater species richness (i.e., preferential sampling), and the unexplained
spatial dependence between sampling intensity and richness decreased when income was
included in both likelihoods. Thus, we found that eBird sampling in the Research Triangle is
biased toward areas with higher median household incomes, and this biased sampling
subsequently influences the estimated relationship between income and species richness. In our
case, the estimated inverse luxury effect disappeared when accounting for sampling inequity,
corroborating concerns raised by Grade et al. (2022), Mahmoudi et al. (2022), and Ellis-Soto et
al. (2023) regarding the validity of results from crowdsourced biodiversity data that do not
account for inequitable sampling.

Although this study has extended the work on social sampling bias and its implications in
crowdsourced biodiversity data, considerable additional work is needed to explore alternative
modeling approaches and try to resolve ongoing identifiability, confounding, and computational
issues, both specific to this study and related to preferential sampling and complex crowdsourced
sampling processes more generally. Spatial confounding between the fixed and random spatial
effects remains a challenge, especially when combined with the extent of covariation between
our two primary processes of interest and in our spatial covariates. Several methods have been
proposed to mitigate spatial confounding, including restricted spatial regression or transformed
Gaussian Markov Random field models (Hanks et al., 2015; Urdangarin et al., 2022; Fink et al.,
2023), and continuing to explore these approaches in the INLA context is worthwhile. Another
potential approach for alleviating some of the computational and identifiability issues is
respecifying the model as a discretized LGCP model (Sgrbye et al., 2019) or a conditional
autoregressive model (Banerjee et al., 2015). A discretized approach may facilitate more

straightforward interpretation because it reflects the areal structure of the demographic data, and
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may be better suited to alleviating confounding via prior specification in INLA than the
continuous case (Sgrbye et al., 2019). The drawbacks of a discrete approach are primarily
concerned with the influence of the discretization scheme and alignment of different spatial data
on the results, because given the resolution of the eBird data and the irregular census block group
areal units.

We chose to model sampling intensity as a continuous process because aligning the
several spatial datasets would be challenging. eBird observation locations are reported as point
locations, but the precision of these locations may vary and many checklists reflect observations
collected while the observer is walking (up to Skm) though are reported as a single location.
Further, census block groups are delineated such that demographic variation within a block
group is minimized and population size is relatively consistent across block groups (U.S. Census
Bureau, 2020). Therefore, block groups vary substantially in area; in our study region, block
group area ranged from 0.13 km”2 to 87.6 km”2 (median 4.92 km”2), and block group area was
correlated with other demographic variables. As a result, some block groups are smaller than the
maximum possible distance encompassed by a single eBird checklist, and the overlap between
block groups and the hexagonal grid used to subsample the data is not consistent throughout the
study area. We made a simplifying assumption that these data could be combined at the precision
available, though acknowledge that scale and precision misalignment may influence results.

Further, there are several extensions to our current modeling approach that will be
important for gaining a fuller understanding of the relationships between sampling dynamics and
resulting data and inference. First, given evidence that hotspots and personal locations are driven
by different underlying sampling intensities and factors, our future work will include an

investigation of how relationships between estimated species richness and sampling vary at these
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two types of eBird locations. Additionally, using species richness as our response variable was a
useful starting point for beginning to understand the dynamics between sampling and eBird
observations, but considering alternate response variables, such as richness of native species only
and single-species occupancy, may reduce some noise in the dataset and refine the relationships
between avian biodiversity and environmental factors that we seek to understand. Next steps also
include working to integrate eBird data with systematic survey data as available, including in
Raleigh-Durham. Finally, given the wide variability in eBird participation and findings related to
the luxury effect, future work should explore a larger set of cities with different demographics
and climates, including extending work beyond cities in the United States.

While continuing to investigate analytical approaches to alleviate social sampling bias in
existing crowdsourced biodiversity data is worthwhile to a point, addressing inequitable
participation and systemic under-sampling in program design and data collection is ultimately
the most important future direction for crowdsourced biodiversity data. It has long been
acknowledged that sound sampling design is preferable to analytically accounting for sampling
effects across a range of sampling methodologies (Cochran, 1977; Albert et al., 2010), because
results can still be biased by sampling even after statistically accounting for sampling (Edwards
et al., 2006; Irvine et al., 2018). Though there are a wealth of quantitative techniques for
accounting for sampling and observational processes in ecological data, minimizing complexity
through design is optimal wherever possible (Conn et al., 2017; Williams and Brown, 2019).
Given increasing prevalence and reliance on contributory science platforms and crowdsourced
data for biodiversity monitoring, conservation, and management, it is irresponsible and
counterproductive to continue to ignore participation inequality and its implications for social

justice and data quality (Haklay, 2016; Mahmoudi et al., 2022). Ultimately, advanced statistical
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techniques cannot help us in cases where we have consistent patterns of missing data, especially
when these patterns mirror the social-ecological dynamics we seek to understand (Grade et al.,
2022).

Going forward, it is critical that we understand the consequences of societal inequity, for
people and wildlife, so that we can understand how systems that oppress and disenfranchise
people also work against sustainability and biodiversity conservation (Schell et al., 2020).
However, we cannot gain this understanding when sampling reflects similar inequity and fails to
capture the full range of outcomes and relationships present on the landscape. Then, sampling
bias reinforces inequity by biasing knowledge creation and informed conservation decisions
toward privileged neighborhoods, resulting in a feedback loop that perpetuates environmental
injustice and inequitable access to environmental amenities and ecosystem services (Haklay,
2016; Montanari et al., 2021). Assuming participant identity does not influence data overlooks
meaningful social processes in contributory science in all settings, but is especially limiting in
urban landscapes where histories of systemic segregation and inequity strongly influence
ecological landscapes and processes (Schell et al., 2020). Improving equity in our research
methods is vital for understanding urban ecological processes, conserving urban biodiversity,
and addressing the distributional and environmental inequities that are realized in our physical

landscapes.
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Tables and figures

Table 3.1. Marginal log-likelihoods (MLL) for LGCP point process model of sampling intensity
fit to a spatially subsampled set of eBird checklists (n=3,201) collected between April-June
2015-2019 in Wake and Durham counties, N.C. All models included a spatial random effect. The
most supported model also included a fixed effect of median household income.

Model fixed effect(s) Marginal log likelihood (MLL)
Median household income -23077.29
Spatial random effect only -23109.19
Localized diversity index -23109.2
Prop. impervious cover -23110.93
Med. housing age -23113.84
Prop. canopy cover -23115.05
Prop. Black residents -23115.62
Prop. non-Hispanic white residents -23115.68
Income + impervious cover -23116.53
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Table 3.2. Deviance information criterion (DIC), Watanabe Akaike information criterion
(WAIC), the associated estimates of effective numbers of parameters (Eff. Pars.), and marginal
log-likelihood (MLL) for spatial regression models of avian species richness fit in INLA to
spatially subsampled eBird data collected between April-June 2015-2019 in Wake and Durham
counties, N.C. ‘Effort’ includes the fixed effects of the duration of sampling (minutes) and the
distance traveled (km) during sampling. All models also include a spatial random effect to
account for spatial autocorrelation. The most supported model included the fixed effect of
median household income, the effort variables, and the spatial random effect.

DIC Eff. Pars. WAIC Eff. Pars. MLL

Income + effort 8645.64 340.36 8645.26 299.5 -4504.55
Loc. div. index + effort 8648.03 342.31 8647.6 300.95 -4506.98
Prop. impervious + effort 8649.12 342.93 8648.23 301.07 -4507.67
Effort only 8649.47 342.11 8648.87 300.66 -4501.99
Prop. canopy + effort 8649.55 342.83 8648.93 301.19 -4507.54
Prop. non-Hispanic white

residents + effort 8649.99 342.7 8649.38 301.12 -4508.45
Prop. Black residents +

effort 8650.26 342.93 8649.65 301.28 -4508.71
Median housing age 8650.45 342.8 8649.83 301.18 -4509.02
Spatial random effect only ~ 10231.12 407.09 10244.23 360.91 -5344 .91
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Figure 3.1. Map of study area encompassing Wake and Durham counties, North Carolina. Black
outlined polygons are U.S. Census block groups. Shaded areas are the city limits of Durham
(orange) and Raleigh (blue). All complete eBird checklists (n=10,253) and spatially subsampled
checklists (n=3,201) collected in Wake and Durham counties, North Carolina, USA in April-
June 2015-2019 are shown in black and green, respectively.
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Figure 3.2. U.S. Census American Community Survey 5-year estimates of (A) Median household
income (thousands of dollars) and (B) proportion of Black residents per U.S. Census block group
in Wake and Durham counties, North Carolina, USA from 2015-2019.
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Figure 3.3. Histograms of (A) median household income and (D) the proportion of Black
residents per US Census block group across the study region encompassing Wake and Durham
counties, North Carolina, versus (B, C) the median household incomes and (E, F) proportions of
Black residents associated with the locations of eBird locations from April-June 2015-2019. Top
panel (A, D) shows demographics for full study area; middle panel (B, E) shows demographics
associated with all eBird locations (n=10, 253); and bottom panel (C, F) shows demographics
associated with eBird locations following spatial subsampling on a Skm hexagonal grid of the
study area (n=3,201). Relative to the study area overall, median household income is skewed
toward higher incomes and proportion of Black residents is skewed towards lower proportions
for both spatially subsampled and un-subsampled eBird data.

113



16800 1600

1580 1580

log(A)
4
2 | lug
©
0 -
2 1560
-4

1540

log(A)
4

Lat

Apom

1560

1540

1510 1520 1530 1540 1550 1560 1570 1580 1510 1520 1530 1540 1550 1560 1570 1580
Lon Lon

Figure 3.4. Sampling log-intensity predicted from log-Gaussian Cox Process (LGCP) model for
eBird sampling based on complete checklists collected between April-June 2015-2019 in Wake
and Durham counties, N.C., using (A) n=3,201 observations spatially sub-sampled using a Skm
hexagonal grid, with one location per grid cell per week, and (B) n=3,201 randomly sampled
(nonspatial) observations. For both datasets, sampling intensity is positively associated with
median household income. Thus, spatially subsampling eBird observations prior to analysis did
not mitigate social sampling bias.
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Figure 3.5. Bird species richness predicted from two models investigating the relationship
between species richness and median household income in the Research Triangle metropolitan
area, North Carolina. Both models were fit to n=3,201 spatially subsampled eBird checklists
collected between April-June 2015-2019. (A) Estimated species richness from a spatial
regression with median household income, checklist duration, and checklist distance traveled as
fixed effects and an SPDE spatial random effect. Estimates reflect a small negative association
between median household income and species richness. (B) Estimated species richness from a
joint sampling intensity-species richness model with a fixed effect of income in both sampling
and richness, checklist duration and checklist distance traveled in richness, and a shared spatial
random effect capturing the relationship between sampling intensity and richness. Estimates do
not reflect a relationship between income and richness, beyond the influence of sampling bias on
richness estimates. Accounting for sampling via the joint model results in a smoother estimate of
species richness across the study area that is larger, on average, than the estimates from the
model that does not account for sampling.
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Figure 3.6. Estimates from joint sampling-bird species richness with fixed effect of income and
shared spatial random effect, fit to n=3,201spatially subsampled checklists collected in the
Research Triangle, N.C. between April-June 2015-2019. (A) Estimated sampling log-intensity
for eBird checklists. (B) Estimated relationship between median household income and sampling
intensity. Sampling intensity was positively associated with income. (C) Estimated spatial
dependence between sampling intensity and species richness that is not explained by income. (D)
Estimated residual spatial structure in sampling intensity that is not explained by median
household income or shared with species richness.
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CONCLUSION

Quantitative ecology can help us do more with data by understanding the complex
processes influencing and underlying those data. Unifying this dissertation is the relationship
between quantitative techniques and the inextricable interactions between the observer, the
observation process, and the observed. Although we often strive for generalizability in our
methods, each chapter of this dissertation explores how tailoring statistical or computing
methods to specific observational contexts is important for advancing ecological knowledge. In
the first chapter, the computational technique that we present parallels the process of data
collection — first considering each individual separately, then combining information across
individuals in a second stage of model fitting — to speed computation while promoting
interpretation at both individual and population levels. This technique can facilitate inference not
only related to variation in individual behavior, but can also be used to account for distinct
sources of observational noise that vary across individuals.

While Chapter 1 highlights an example of a quantitative technique to extend what we can
do with large, multi-faceted datasets, Chapters 2 and 3 explore sampling bias in crowdsourced
ecological data and highlight many future directions and open questions, including what we
should do with ecological data in some cases. eBird and other crowdsourced data are a valuable
tool for ecological research and a major facet of big data ecology. However, these chapters
highlight the critical importance of understanding and remedying the sampling bias that
influences crowdsourced data, bringing together quantitative techniques to seek solutions to the

systemic inequity woven throughout the design and fabric of these programs.
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Though I set out to analytically mitigate social sampling bias in crowdsourced data to a
greater extent, the limitations I encountered underscore the importance of addressing these issues
in the design and implementation of crowdsourced projects. Crowdsourced and contributory
science projects must prioritize more equitable participation in their platforms, both to move
toward more ethical, equitable practice and because current participation inequity negatively
impacts data quality and project goals. Although analytical mitigation of sampling bias is
helpful, it is a single component of a much larger, multifaceted effort to reduce the inequity and
bias in ecological data. Chapters 2 and 3 lay the foundation for additional quantitative work
related to social sampling bias in eBird data, including data integration with spatially balanced
data, the exploration of additional modeling frameworks, and the investigation of relationships
between urban ecological hypotheses and sampling bias across more cities. However, none of
this additional research can mitigate missing data in low-income communities and communities
of color, and addressing these data gaps must be a priority for crowdsourced biodiversity science
programs.

The societal context we all work in informs how we interact with and observe ecological
processes, despite narratives from the western scientific academy that attempt to separate
humans from ecological processes. We are trained to believe that through quantitation and
mathematics, we can remove ourselves from the systems we study to act as objective observers.
However, we are all participants actively shaping the ecological processes we observe, and the
actions, approaches, and assumptions used in our research reflect societal systems and biases.
Data are never objective, and it is dangerous and false to assume that quantitative techniques can
take data out of the contexts in which they were collected. Instead, quantitative frameworks that

embrace, reflect, and seek to improve the ways in which social and observational contexts inform
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what is observed can elevate analytical techniques to tools towards more just, inclusive, and
transparent ecological research and conservation. We must improve equity in our research
methods, participation, and scope because we cannot gain the knowledge we need to develop just
solutions to climate change and biodiversity loss from biased datasets and inequitable systems. In
the current context of technology and automation, including increases in computing, artificial
intelligence, and remote sensing, it is more important than ever that we maintain a connection to

the people, places, and organisms that data represent.
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