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Despite the geographically-situated nature of most sharing economy tasks, little attention has been paid to
the role that geography plays in the sharing economy. In this article, we help to address this gap in the
literature by examining how four key principles from human geography — distance decay, structured
variation in population density, mental maps, and “the Big Sort” (spatial homophily) — manifest in sharing
economy platforms. We find that these principles interact with platform design decisions to create systemic
biases in which the sharing economy is significantly more effective in dense, high socioeconomic status (SES)
areas than in low-SES areas and the suburbs. We further show that these results are robust across two
sharing economy platforms: UberX and TaskRabbit. In addition to highlighting systemic sharing economy
biases, this article more fundamentally demonstrates the importance of considering well-known geographic
principles when designing and studying sharing economy platforms.
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1. INTRODUCTION

In the past few years, consumers have flocked to sharing economy services. UberX
connects “microentrepreneur” drivers to customers needing a ride over 5 million times
a day [Tepper 2016], TaskRabbit’s user base grew by 340% in 2015 [Yeung 2016], and
more than 60 million people have used Airbnb as of mid-2016 [Airbnb 2016]. The
popularity of sharing economy platforms has been attributed to increased convenience
and lower prices for consumers [Silverstein 2014] and new sources of income for
microentrepreneurs [O’Brien 2015]. These and other benefits have led many to
speculate that the sharing economy will become the dominant consumer paradigm of
the 21st century ([Milbourn 2015; Nunberg 2016; Hempel 2016]).

While much attention has been paid to the economics and labor conditions of UberX,
Airbnb, TaskRabbit and similar services (e.g. [Musthag and Ganesan 2013; Ikkala and
Lampinen 2015; Dillahunt and Malone 2015; Raval and Dourish 2016; Rosenblat and
Stark 2015]), there has been much less focus on another factor that is critical in nearly
all sharing economy platforms: geography. Regardless of whether we consider ride-
hailing services (e.g. UberX, Lyft), peer-to-peer rental services (e.g. Airbnb), mobile
crowdsourcing services (e.g. TaskRabbit), or even non-commercial sharing economy
platforms (e.g. CouchSurfing), geography plays a key role. For instance, in the case of
ride-hailing, a driver must travel from his or her current location to the location of the
ride requester and drive the requester to a desired destination. For Airbnb, customers
must decide where to stay, and prices are in part defined by the geographic context of
each option. In TaskRabbit — a well-known platform that allows people to “outsource
household errands and skilled tasks” [TaskRabbit 2016] — a microentrepreneur
(“tasker”) commutes to the task requester’s location and/or to the locations involved
with the specific errand.

The goal of this article is to better understand the role of geography in the sharing
economy. We work towards this goal through two studies that provide evidence that
the following four established principles from the field of human geography are key
factors in the relative success of the sharing economy: (1) residential clustering (i.e. the
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“Big Sort” [Bishop 2008]), (2) structured patterns in the geographic variation of
population density across metropolitan areas [Brunn, Jack Francis Williams, et al.
2003], (3) distance decay (i.e. as the distance between two locations increases,
interaction between them tends to decrease, e.g. [Stewart 1948; Reilly 1931; Bjelland
et al. 2013; Flowerdew and Aitkin 1982]), and (4) mental maps (e.g. [Ladd 1967; Matei
et al. 2001; Gould and White 1986]).

Through our consideration of these four principles, we demonstrate the critical
importance of a geographic lens when examining the sharing economy, showing that
this lens can reveal structural inequalities that would be otherwise invisible. Focusing
on TaskRabbit and UberX in the Chicago region, we find that the four geographic
principles lead to structural geographic biases in which the sharing economy is more
effective in some types of areas than other types of areas. Namely, sharing economy
platforms appear to succeed in areas with high socioeconomic status (SES) and
population density and struggle in areas with low SES and low population density.
Our evidence, for instance, shows that people in poor neighborhoods and outer-ring
suburbs in the Chicago region wait longer for UberX cars and will have a harder time
finding a TaskRabbit worker (“tasker”) to complete a given errand.

Additionally, as in many parts of the world, population density and SES in our
study region (the Chicago area) are correlated strongly with membership in certain
protected classes, in particular those defined by race and ethnicity. This relationship
results in an unfortunate corollary to our findings: in some cases, the sharing economy
appears to be most effective in areas with fewer minorities and much less effective in
black and Latino neighborhoods.

Our work triangulates our high-level findings across multiple methodological
approaches. These approaches include controlled experiments, the analysis of
qualitative survey responses, and (to our knowledge) the first use of an advanced
geostatistical technique known as spatial Durbin modelling in the human-computer
interaction literature. Spatial Durbin models are emerging as a best practice in the
social and natural sciences, and are an approach that we believe can be broadly useful
for studying the sharing economy and in the growing “geographic human-computer
interaction literature” [Hecht et al. 2013] more generally.

While this work focuses on the descriptive analysis of the geography of sharing
economy platforms, our studies also provide evidence for potential solutions to the
challenges we 1identify. For instance, we observe that very few TaskRabbit
microentrepreneurs live in low-SES neighborhoods and that large microentrepreneur-
to-job distances contribute to the higher prices and decreased willingness to accept jobs
in these neighborhoods (a manifestation of distance decay). Since in TaskRabbit,
UberX, and most other sharing economy services, low-SES individuals have a harder
time satisfying microentrepreneur enrollment requirements (e.g. microentrepreneurs
must have a bank account in many cases), this likely reduces microentrepreneur
participation in low-SES neighborhoods and thereby diminishes the effectiveness of
the overall platforms in these neighborhoods. Below, we discuss how our results — in
combination with a geographic perspective on the sharing economy — suggest that
removing or relaxing some of these microentrepreneur requirements may address
some of the problems raised by our findings.

In summary, this article makes the following contributions to the literature on the
sharing economy:

(1) We present a broad examination of the role geography plays in the
sharing economy and solidify the importance of a geographic perspective in
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the sharing economy literature. In particular, our results point to the
influence of four key principles from human geography: “Big Sort”
residential clustering, geographic variation in population density, distance
decay, and mental maps.

(2) We present evidence that the interaction between common sharing economy
platform design decisions and these four geographic principles lead to
structural geographic biases in the sharing economy, biases that
reinforce existing advantages. Specifically, our results suggest that high-
population density, high-income neighborhoods receive the largest benefits
from the sharing economy and poor urban neighborhoods and outer-ring
suburbs receive fewer benefits.

(3) We find evidence that, due to the pervasive correlation between poverty and
race/ethnicity in the United States and many other parts of the world, in many
cases, black and Latino neighborhoods tend to be less well-served by
the sharing economy.

(4) We discuss the design implications of our research, including evidence
from our studies that points to means by which the benefits of the sharing
economy may be more widely distributed.

(5) Finally, this work makes a lower-level, methodological contribution: this
article introduces spatial Durbin models to the human-computer
interaction literature and discusses why spatial Durbin modeling is important
for robustly understanding many sharing economy geospatial processes (and
many geographic HCI processes more generally). To support the wider adoption
of Durbin modeling, we have released our modeling code with this article.

Below, we first describe in detail the work that motivated this article, including
providing brief overviews of our four geographic principles. We then present our
methods and results for our TaskRabbit study. Next, we describe our geographic
analysis of UberX, introduce spatial Durbin modeling, and show how Durbin modeling
can robustly identify structural geographic biases in UberX wait times. We conclude
with a summative discussion that cuts across both studies and provide an overview of
design implications for the sharing economy.

2. RELATED WORK

2.1. Relevant Principles from Human Geography

This article examines the sharing economy with a lens informed by geography, and
specifically the large branch of geography known as human geography (c.f. [Bjelland
et al. 2013]). Four key principles from human geography define our geographic lens:
(1) residential clustering (i.e. the “Big Sort”), (2) structured geographic variations in
population density, (3) distance decay, and (4) mental maps. It is likely that other
principles from human geography also play a role in the variable success of the sharing
economy, a point to which we return in the discussion section. However, we focused on
these four principles because (1) they have been found to figure into many similar
geographic processes (e.g. transportation geography) and (2) they have been observed
to play a role in other online social systems that have geographic footprints (see below).
This led us to hypothesize that these four factors would also have an impact on key
sharing economy processes given the sharing economy’s inherently geographic nature.
Below, we describe each of these four principles in more detail.
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Residential clustering — in which people of similar characteristics reside close to
one another — is a key property of the human geography of nearly all places around the
world, and has been well-known in human geography and related fields for decades
(e.g. [McKnight 1997; Bjelland et al. 2013]). For those familiar with the social networks
literature, residential clustering can be understood as a type of “spatial homophily”,
and indeed this term has been used to describe similar phenomena (e.g. [Zhang and
Pelechrinis 2014; McPherson et al. 2001]). Within North America, residential
clustering occurs along racial, ethnic, and socioeconomic lines, among other
dimensions [Brunn, Jack F. Williams, et al. 2003; McKnight 1997]. As we note below,
clustering in some North American cities has become somewhat extreme, with
tremendous socioeconomic (and other) gradients occurring across a metropolitan area.
For instance, as of 2010, in the New York City metropolitan area, 78 percent of black
residents would have to move to match the geographic distribution of white residents
of the metropolitan area [Frey 2015; Frey and Myers 2005]. The same is true for 62
percent of those of Latino descent. Residential clustering in the United States (along
with its concordant challenges) was the subject of the prominent book “The Big Sort”
by Bill Bishop [2008], which has led to the widespread use of the term “Big Sort” to
refer to residential clustering. As such, we adopt this terminology in this article.

A longstanding subject of interest in the economic and urban geography
communities has been understanding and modeling variations in population density
across urban (and rural) areas (see [Brunn, Jack Francis Williams, et al. 2003] for an
introduction and overview). These variations occur in structured — but diverse —
patterns in cities and regions around the world. In North America, due to the character
of local transportation networks, work/life behaviors and other factors, areas with very
high population density tend to occur in city centers, which can have high
socioeconomic and low socioeconomic status regions (as per the “Big Sort” phenomena).
Outside city centers, density nearly always decreases, and in the suburban areas
around cities (prior to entering rural areas), one usually finds low density, high-SES
regions. These patterns are very much present in our Chicago region study area and
play a key role in explaining the structured geographic biases in the sharing economy
we see below. It is important to note that outside of North America, population density
patterns (and related SES patterns) can vary, resulting in different impacts on the
sharing economy. While we briefly address implications for non-North American cities
below, future work should seek to extend our research to the other metropolitan (and
rural) structures that exist around the world. Brunn et al. [2003] provides an overview
of different metropolitan area structures that may be useful for this investigation.

The third major geographic principle considered in this article is distance decay, or
the tendency for interaction between two places to decrease as the distance between
the places increases [Dennett 2012; Bjelland et al. 2013; Reilly 1931; Stewart 1948].
Distance decay plays a role in a tremendous variety of human geographic process (and
many processes from physical geography as well), with trade patterns [Disdier and
Head 2008] (trade declines with distance), transportation behavior [Reilly 1931]
(destination choice is often largely defined by distance), and information dissemination
[Takhteyev et al. 2012; Odlyzko 2015; Wheeler and Mitchelson 1989] being some of the
most well-known processes in which distance decay is a primary factor. Closely related
to distance decay is the modeling of distance as a cost function in economic geography,
leading to location-allocation problems [ESRI 2016] (e.g. what’s the optimal place to
put my Coca-Cola bottling plant given transportation costs of water, syrup, etc.).
Distance decay has also been observed in communication and collaboration patterns in
online communities. Liben-Nowell, for instance, established that roughly two-thirds of
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friends on Live Journal in 2004 could be attributed to a notion of geographic distance
[Liben-Nowell et al. 2005], and similar phenomena have been observed in other social
networks [Garcia-Gavilanes et al. 2014; Takhteyev et al. 2012; Scellato et al. 2011].
Along the same lines, researchers have also shown that even Wikipedia contributions
are subject to distance decay, with the likelihood of an editor contributing to an article
about a place being a function of distance to the place [Hecht and Gergle 2010; Sen et
al. 2015]. As we will show below, distance decay — when coupled with Big Sort processes
along SES dimensions — makes distance an indirect agent of structural geographic bias
in the sharing economy.

Finally, mental maps are, broadly speaking, the representations of the world that
each individual has in their minds, both in terms of the geometry of the world and the
attributes of those geometries. Work on mental maps dates back at least to Lynch’s
well-known 1960 book The Image of the City [Lynch 1960], and has continued for many
decades, including prominent works by Gould and White [1986] and Matei et al. [2001].
Matei et al. focused on how communication infrastructures (e.g. mass media), coupled
with “Big Sort” phenomena, has resulted in dramatically varying “comfort” levels
across metropolitan areas. Namely, people from one type of area — e.g. high-SES areas
that tend to be populated by people of certain races and ethnicities — feel unsafe and
otherwise “uncomfortable” in other types of areas, and vice versa. Critically, the mental
maps literature also points to a certain degree of ignorance associated with these
comfort contours. That is, people tend to be less knowledgeable about places they feel
less comfortable, both in terms of important attributes of these areas like crime rates
[Matei et al. 2001], but also in terms of the geometries of these areas [Ladd 1967].
Mental maps and distance decay also have overlap, with knowledge about an area
being in general inversely associated with the area’s distance from one’s home region
[Gould and White 1986]. Our findings below point to mental maps — especially the
associated knowledge and comfort factors — as playing a key role in sharing economy
microentrepreneur decisions. This is particularly true of their decisions about whether
or not to provide service in a certain area.

A key theme present in our human geographic principles is that socioeconomic
status plays an important role: SES is one of the primary dimensions on which a “Big
Sort” occurs in most cities around the world, SES and population density have
important interplay (especially with respect to low-density suburbs), and people’s
mental maps and corresponding comfort and knowledge levels tend to vary across
neighborhoods of differing SES [Ladd 1967; Matei et al. 2001]. As such, below, we adopt
SES as a primary query mechanism with which to explore these geographic factors,
using SES as an independent variable in both studies. As we will see, SES indeed sheds
light on the impact of our human geographic properties in the sharing economy. We
augment SES as an independent variable with other variables of interest, particularly
targeting distance to capture a detailed picture of distance decay and population
density to understand how its variation affects the sharing economy.

It is important to note that there are also other themes present in our geographic
principles, most notably ethnicity and race, which are also important “Big Sort”
dimensions and mental map determinants. Indeed, a number of factors in North
America’s history and present have led SES and race and ethnicity to be strongly
correlated. In our studies below, in addition to using SES, we also discuss implications
for race and ethnicity where we have sufficient data to support this analysis.
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2.2 Measuring Geographic Disparity in Social Computing Platforms

Sharing economy platforms exist in a broader universe of geospatial sociotechnical
systems, which also includes geowikis (e.g. OpenStreetMap and Cyclopath
[Priedhorsky et al. 2010]), physically-situated citizen science projects (e.g. [Sheppard
et al. 2014; Sullivan et al. 2009; Moran et al. 2014]), among others (e.g. location-based
social networks, geotagged social media). Research has shown that these systems can
have substantial variations in geographic coverage (e.g. [Haklay 2010; Mashhadi et al.
2012; Mooney et al. 2010; Quattrone et al. 2014; Zielstra and Zipf 2010]). For instance,
Quattrone et al. show that more egalitarian (measured as a lower Power Distance)
countries with higher incomes (GDP) have better geographic coverage in
OpenStreetMap [Quattrone et al. 2014]. Similarly, Haklay et al. find that within
Britain, the most disadvantaged areas (according to the Index of Deprivation, an
aggregate metric of SES factors) tend to have worse coverage than those areas that are
less disadvantaged [Haklay 2010].

Along the same lines, Li et al. studied geotagged social media platforms (Flickr and
Twitter), and demonstrated that low-SES areas and rural areas both have worse
coverage (less data) than higher SES and urban areas [Li, M. F. Goodchild, et al. 2013].
Similarly, researchers have found that found that people from rural areas produce less
geotagged social media (e.g. posts to Twitter, Flickr, or Foursquare) per capita than
their urban counterparts [Hecht and Stephens 2014] and that this information is less
likely to be produced by locals [Johnson, Sengupta, et al. 2016], and Johnson et al.
identified that peer production crowdsourcing is less effective at describing urban
areas than it is rural areas [Johnson, Lin, et al. 2016]. Even location-based games with
social components (e.g. Pokémon GO) have been found to have similar coverage issues
[Colley et al. 2017]. As we will see below, it 1s likely that many of these findings can be
attributed to the same geographic principles discussed in this article. Exploring this
in more detail is an important direction of future work.

2.3 Sharing Economy Research

Sharing economy platforms (e.g. TaskRabbit, Uber, and Airbnb) have become a subject
of intense public discussion, which has led to increased attention from researchers (e.g.
[Edelman and Luca 2014; Edelman et al. 2015; Quattrone et al. 2016; Tkkala and
Lampinen 2015; Dillahunt et al. 2016; Lee et al. 2015; Raval and Dourish 2016;
Thebault-Spieker et al. 2015; Ge et al. 2016; Hughes and MacKenzie 2016; Ma et al.
2017]). Initial work has focused on addressing non-spatial issues, usually involving the
adaptation of research questions from the virtual crowdwork literature (e.g. [Kittur et
al. 2011; Bernstein et al. 2010; Ipeirotis et al. 2010; Benson et al. 2015]) to the sharing
economy context. For example, Teodoro et al. [2014] conducted a qualitative study to
investigate the motivations of workers in TaskRabbit and Gigwalk (a platform broadly
similar to TaskRabbit but with different primary use cases). They found that monetary
compensation and control of working conditions (time of day, rate of pay, the tasks they
do) were primary factors in workers’ motivation to participate in these platforms as
micro-entrepreneurs. Alt et al. [2010] independently developed an experimental
system similar to TaskRabbit. They asked people to complete tasks using a
smartphone and observed their behavior. They found that workers were more willing
to do tasks that were, for example, relatively straightforward (e.g., taking photos) and
that could be done before and after business hours. Ikkala and Lampinen [2015]
explored the social role that payment plays in an Airbnb study, and discuss how
payment modifies the social relationship between hosts and guests.
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One thread of sharing economy work has focused on non-commercial “peer-to-peer
exchange” platforms (a term used instead of “sharing economy”, which some have
problematized [Schor 2014; Schor and Fitzmaurice 2015]). One prominent example in
the HCI community is the body of work on timebanking, or time-based currency made
possible through technological support (e.g. [Shih et al. 2015; Bellotti et al. 2014]). A
thread of work related to these non-commercial systems focuses on the social
dimension of the commercial sharing economy. This thread suggests that even in
commercial systems, there is a social ‘economy’ between the worker and the person
receiving service, and that this dimension is a critical attribute of what people like
about and expect from these systems [Heyman and Ariely 2004]. While our work here
focuses on large, commercial sharing economy platforms, examining the role of
geography in non-commercial peer-to-peer-exchange platforms is an important
direction of future work.

Another major focus of sharing economy research has involved examining the
challenges associated with being a sharing economy “microentrepreneur”. Lee et al.
[2015] found that tensions arise between supervisory task assignment algorithms and
microentrepreneurs in ride-hailing systems like UberX and Lyft. Rosenblat and Stark
[2015] consider the power structures that arise from the reputation system in UberX,
and what effect his has on drivers. In a similar vein, Raval and Dourish [2016] find
that part of what sets “good” drivers apart in UberX is the emotional labor they carry
out, and argue for the importance of recognizing this labor. Gléss et al. [2016] compare
the differences in work and perspectives between taxi and Uber drivers. Ahmed et al
[2016] consider a very similar juxtaposition to Gloss et al., but focus on a different,
international context: the Ola ride-hailing platform in India. Ola connects passengers
to rickshaw rides, similar to UberX. Ahmed et al. explore the differences between auto-
rickshaw drivers who do not use a sharing economy platform, and those who do.

Recent work has examined the relationship between demographics and worker
participation in sharing economy platforms, and this research played a major role in
informing the research present in this article. For instance, Lee et al. [2015] found that
UberX drivers often turned off ‘driver mode’ in the Uber app when they are near areas
where they feel unsafe or avoided unsafe areas entirely, a finding that provides key
context to some of our results below. Dillahunt and Malone [2015] identified that there
are barriers to participation in the sharing economy for people who live in low-SES
areas. Dillahunt and Malone’s work, in particular, provides important scaffolding for
our design implications as we discuss below. Along the same lines, Edelman and Luca
[2014] found that black Airbnb hosts systemically earn less than non-black hosts, and
that users with stereotypically African American names Airbnb are less likely to be
accepted as guests compared to identical profiles with stereotypically white names
[Edelman et al. 2015]. A similar preliminary set of results was recently identified in
UberX in Seattle and Boston by Ge et al. [2016] with respect to wait times and
cancellations.

Our research is most directly motivated by recent work on the sharing economy
that has begun to identify geographic phenomena as potential factors of interest. For
instance, Teodoro et al. and Alt et al. (as well as others) observed that how far people
would need to travel to a task appears to influence their attitude toward the task. This
is a finding that we both replicate and formalize in a controlled experiment on
TaskRabbit, identifying this phenomenon as a manifestation of distance decay.
Through modeling and qualitative analysis, we are also able to provide the first
evidence that distance decay in the sharing economy — coupled with “Big Sort”
residential self-selection — has substantial effects on the availability of sharing
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economy services and the price of these services (and, subsequently on the bias in the
geographic effectiveness of these services).

Similarly, Quattrone et al. [2016] explore the geographic and demographic factors
that contribute to Airbnb growth and penetration in London. Through this study, they
make policy recommendations based on their findings that would allow regulators to
be more responsive to the changing attributes of Airbnb. Expanding on Diakopoulos’s
past work on UberX surge pricing [2015] (variable prices based on demand) in a recent
blog post for the The Washington Post, Stark and Diakopoulos [2016] describe initial
explorations of UberX availability (with a particular focus on surge pricing) with
regard to socioeconomic and demographic attributes of the Washington, D.C. area.
Hughes and MacKenzie [2016] performed a similar analysis in Seattle. Among other
extensions of this work (see below), we are also able to replicate and formalize the
findings from both of these studies using a robust statistical framework (spatial Durbin
modeling) that can provide new insight given the spatial properties of relevant data.

In summary, this article builds on existing literature by demonstrating that four
geographic principles — “Big Sort” phenomena, structured variations in population
density, distance decay, and mental maps — can play a key role in defining the relative
effectiveness of the sharing economy in a given region. Critically, we also show how
these principles interact with design decisions in sharing economy platforms to create
important structural geographic biases that disadvantage people living in low-density
and poor areas. The robustness of these contributions is supported by this work being
the first to examine multiple sharing economy platforms (and multiple types of
platforms) with a geographic lens and by our adoption of a new statistical framework
from the domain of spatial statistics (spatial Durbin modeling). We believe this
framework will prove useful for other researchers in future examinations of the
sharing economy. Overall, this article, supported by the previous work in this space,
paints a clear two-part picture: (1) when it comes to the sharing economy, geography
matters and (2) one way it matters is that key human geography principles interact
with sharing economy design decisions to create structural geographic biases.

3. STUDY 1: TASKRABBIT (MOBILE CROWDSOURCING SHARING ECONOMY PLATFORM)

We begin the discussion of our empirical work with our analysis of TaskRabbit.
TaskRabbit is a canonical example of the mobile crowdsourcing branch of the sharing
economy. As noted above, it is used by task requesters for the completion of physically-
situated tasks such as delivering flowers, building IKEA furniture, and helping task
posters move large items [TaskRabbit Support 2016].

The goal of our TaskRabbit study [Thebault-Spieker et al. 2015] was to understand
the effectiveness of the TaskRabbit platform in different regions with respect to our
four geographic principles. To address this goal, we first had to define effectiveness
within a TaskRabbit context. We did so by decomposing the notion of TaskRabbit
effectiveness into two basic dimensions: (a) the ability to find a microentrepreneur to
complete a task (i.e. the willingness of a worker to do a task) and, if a
microentrepreneur is willing to do the task, (b) the price at which the
microentrepreneur will complete the task. These dimensions led directly to our two
research questions for this study, each of which we explicate in turn immediately
below.

Research Question #1: RQ-Willingness: Where will participants in TaskRabbit be
willing to go to complete tasks?
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As noted above, SES plays a key role in three of our human geographic principles:
the “Big Sort” (i.e. people of similar SES cluster together), population density variation
(i.e. some parts of metropolitan areas like the suburbs tend to be wealthier than
others), and mental maps (e.g. people who live in higher SES areas tend to know less
about low-SES areas and have low comfort levels in these areas). As such, in this study
and in the UberX study below, we used SES as a straightforward probe into the
function of these principles in the sharing economy. This was a decision that turned
out to be supported in our results (see below). In particular, the human geography
literature on our principles suggests that workers would be less willing to complete
tasks in low-SES areas, which amounted to our first hypothesis: H-Willingness-SES.

The one principle that is not directly addressed through an investigation of SES in
this context is distance decay. As such, we also included distance to a task (from a
worker’s frequently visited areas) as an independent variable. Distance decay suggests
that as this distance increases, willingness to complete a task should go down: H-
Willingness-Distance.

Research Question #2: RQ-Price: How does geography affect how much
participants in TaskRabbit request in payment?

At the time of data collection, TaskRabbit had a straightforward auction system for
tasks in which workers would bid on tasks posted by users. As such, we believed that
the amount workers would charge for a task would be subject to similar processes as
their willingness to do the task. Specifically, we hypothesized that distance and task
price would be positively correlated (indeed, cost can be a primary mechanism for
distance decay, e.g. [Cochrane 1975]) (H-Price-Distance) and SES and price would
be inversely correlated (H-Price-SES).

It is important to note that TaskRabbit’s pricing model is subject to frequent
iteration, as is the case with many aspects of most sharing economy platforms. As of
this writing, TaskRabbit’s model has changed to a more complex approach that
involves several options for workers and requesters. However, the model still
incorporates relatively significant user input in some cases, making it more liable to
principles from human geography, something that is in theory not the case with UberX
(although driver behavior with respect to surge pricing problematizes this notion
[Diakopoulos 2015]). We highlight the role of pricing model design, the differences
between UberX and TaskRabbit with respect to pricing, the relationship between
willingness and pricing, and innovation in this area in our Discussion section below.

3.1 TaskRabbit study design

To address the above research questions and evaluate the corresponding hypotheses,
we developed an experiment and recruited TaskRabbit workers as participants. This
recruitment was done in an organic fashion by posting tasks to TaskRabbit’s Chicago
metropolitan area site just as a typical task requester would post a task. Only
TaskRabbit workers local to the Chicago area could participate in our experiment, for
which we paid participants $5 in 15-minute intervals, capped at an hour (e.g. a person
who took more than 15 minutes but less than 30 would receive $10).

To add context to our results, we first asked participants a number of questions
about themselves, covering topics such as gender, preferred mode of transportation,
and activity level on TaskRabbit. We also asked participants to select their home
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census tract' on a map we provided, and to do the same for census tracts that they
visited at least once a month.

After participants answered questions about themselves, they began the main
portion of the experiment. This portion of the experiment involved prompting
participants with census tracts in Cook County, Illinois, which contains Chicago and
many of its suburbs®. For each census tract, the participant had the option to either
check a box labeled “I would not do this task at this location” (RQ-Willingness) or to
name what they felt would be a fair price to complete the task (RQ-Price). We did not
ask TaskRabbit workers to complete the tasks, only to say if they would complete them
and at what price. Figure 1 shows an example of the experiment interface.

Each tract was randomly assigned one of three hypothetical tasks designed to vary
the level of engagement with the local area (Table I), an important variable considering
the mental maps literature and its findings relating to geographically-variable comfort
levels (e.g. [Matei et al. 2001]). These tasks ranged along an engagement spectrum
from a task that could be done without leaving a vehicle to a task that required
interaction with a person in the area. Tasks were designed so that they would not take
more than five minutes.

Each participant received 20 census tracts. Fourteen of the tracts were randomly
selected (without replacement), and these tracts were the tracts that were considered
in our quantitative analysis below. In order to enrich our qualitative understanding of
the geography of mobile crowdsourcing markets, we also considered four special-case
tracts: the highest-income and the lowest-income tracts in our study area and, in
according with Matei et al.’s work on mental maps [2001], the highest-crime’ and the
lowest-crime tracts. The remaining two tracts were repeated from the randomly chosen
set of 14 tracts to verify intra-rater reliability. Each repeated tract was presented no
fewer than 5 tracts after the original.

Upon seeing and responding to all 20 of the tracts with either a price or by stating
that they would not complete the task, we asked participants several open-ended
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Fig. 1: An example of what participants saw in our TaskRabbit experiment. The green census tract is the
worker’s self-reported home tract and the blue tracts are those that the worker reported visiting at least once
a month. The red tract is the tract about which the worker is currently being questioned (Note: the image is
cropped for space and, for privacy reasons, the figure does not depict an actual worker’s responses).

' Census tracts are geographic areas defined by the U.S. census and “generally have a population size
between 1,200 and 8,000 people, with an optimum size of 4,000 people” [US Census Bureau Geography
2010].

? Cook County has a total of 1,317 census tracts.

? As reported by the Chicago Police Department (Cook County-wide crime data is not available).
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questions whose answers were entered into text boxes. Specifically, we asked
participants about how they made their pricing decisions and why they would not
complete certain tasks (if they checked that box at least once).

3.2 TaskRabbit Results

Forty participants completed the experiment (20% of active TaskRabbit workers in
Chicago at the time of the study), which we ran during Spring 2014. 57.5% of
participants identified as women (42.5% men), which aligns well with gender
distribution in the platform overall [TaskRabbit 2016]. The median participant
performed a task on TaskRabbit between once a week and once every two weeks. 30%
of participants indicated that they complete multiple tasks per week, while only 20%
of participants indicated that they complete a task once a month or less.

3.2.1 RQ-Willingness. Because price is irrelevant if a worker will not complete a task,
we first sought to understand the geography of worker willingness. To do so, we built
a logistic mixed effects model with three fixed effects:

e Distance to task from the closest census tract visited by the participant at least
once a month (as indicated in the experiment) [This helped us understand the
role of distance decay].

e Median household income of the task tract, as an indicator of socioeconomic
status (e.g. [Li, M. Goodchild, et al. 2013; Steward 2009]). As noted above,
many other socioeconomic variables are well known to be correlated with
income (e.g. educational attainment, occupation). To reduce the effect of the
long-tailed distribution of wealth, we log-transformed this variable. Median
household income data was gathered from the United States Census’ American
Community Survey 2006-2010 dataset. [This helped us see the effect of the
“Big Sort”, population density effects, and mental maps]

e Task ID, to make sure we understand the effect of distance and median income
in the context of a given task.

The model’s random effects were intercepts for participant and by-participant
slopes for the effects of income and distance. The model’s dependent variable was
whether the participant had checked the “I would not do this task at this location” box
for a given tract. It is important to note that this model used standard mixed effects
techniques rather than our more advanced spatial Durbin modeling approach, which
is employed in our analysis of UberX data. We discuss the relationship between these
two models and their appropriateness for each setting in Section 4.

Table I. Experiment Tasks and Their Hypothesized Engagement Level

Task Engagement Level

Task 0: Suppose you were asked to travel to an intersection in the region

shown (in red) on the map, and photograph all of the signs at that Low
intersection. This should take no more than 5 minutes.

Task 1: Suppose you were asked to travel to the region shown (in red) on

the map, and take close-up photos of leaves and bark of a tree in the area. Medium
This should take no more than 5 minutes

Task 2: Suppose you were asked to travel to the region shown (in red) on

the map, visit someone's home, and ask the owners to respond to a single High
question about local politics. This should take no more than 5 minutes

ACM Transactions on xxxxxxxx, Vol. xx, No. xx, Article xx, Publication date: Month YYYY



39:12 Thebault-Spieker et al.

To operationalize distance, we used travel time rather than Euclidean distance to
better match actual mobility in Chicago. We used the Google Distance API to calculate
the off-peak travel time between the centroid of the task tract and the centroid of the
nearest tract (to the task tract) that the participant indicated visiting frequently (more
than once a month). The API supports multiple transportation modes, and we
calculated travel time with participants’ self-reported preferred mode of
transportation.

Overall, participants indicated that they would not do 34% of the tasks. The few
census tracts that had a reported median income of zero (e.g. the tract that consists of
O’Hare International Airport and a few hotels*) were excluded from further analysis.

Table IT shows the results of our model. All fixed effects are significant and we find
that both H-Willingness-Distance and H-Willingness-SES are supported.
Socioeconomic status of the task location and distance to the tract both have an effect
on whether a worker is willing to complete a task, with SES having a significant
positive relationship and distance having a significant negative one.

The effect sizes are relatively large. According to the model, for every doubling of
task area median income, there is a 2.38x increase in likelihood that a worker will
accept a task. In other words, holding the other variables constant, our model suggests
that the likelihood of a worker accepting a task will more than double if the task is in
a tract with a median income of, for instance, $60K rather than a tract with a median
income of $30K. As shown in Figure 2, $60K is a relatively standard median household
income in northern Chicago and the Chicago suburbs, with $30K median household
incomes common on the “South Side” (as the southern part of Chicago is commonly
known).

With respect to travel time, our model indicates that for every hour of travel time
there is a substantial decrease in willingness to complete a task. In this case, the
geographic interpretation is clear: this result directly validates a rather large presence
of distance decay. Specifically, TaskRabbit workers are about 4.3% as likely to
complete a task an hour away than they are tasks in their immediate vicinity.

Examining our willingness results in more detail, we found an interesting result
with regard to gender. While 78% of women said they would not complete at least one
task, the equivalent number for men was 53%. In addition, the grand mean willingness
(mean of the means for each participant) for women was 57.1% but for men it was
77.7%. Our qualitative results below suggest that both distance and crime factors play
a role in willingness decisions by women (in part mediated by mental maps), but these

Table II: The results of our Willingness model

Fixed Effect Estimate p-value

Travel time (in hours) -3.15 (0.99) 0.001

logs[Task tract income in $10Kk] 0.87 (0.36) 0.014
L 1: 0.37 (0.40)

Task ID (baseline = Task 0) 2: -0.92 (0.40) 0.003

Constant 1.81 (0.82) 0.028

* One participant indicated living in this tract. While we did not consider samples where the proposed task
was in this tract (and other zero-income tracts), we did include this user’s responses about tasks in other
tracts because there are reasonable residential options in this tract (though temporary ones).
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Table Ill: The results of our price model

Fixed Effect Estimate p-value

Travel time (in hours) 10.10 (2.27) <0.001

logz[Task tract income in $10k] 0.40 (0.52) n.s.
L 1:-1.73 (0.85)

Task ID (baseline = Task 0) 2: 0.28 (0.87) 0.024

Constant 16.92 (2.90) <0.001

are the same factors also indicated by men. Although further research is needed, it is
likely that women have a lower threshold for one or both of these factors.

3.2.2. RQ-Price. We now turn our attention to our analysis of the price participants
indicated that they would charge for a task (assuming they were willing to complete
the task). We began this analysis by ensuring that it had sufficiently high intra-rater
reliability. We did so by calculating the Pearson’s correlation coefficient between the
first and second price judgments for the repeated tracts. The coefficient was r = 0.96
across all participants, indicating that participants’ pricing decisions were very
consistent. To understand the effect geography has on task prices in TaskRabbit, we
built a linear mixed effects model with identical independent variables as our
willingness model but with reported task price as the dependent variable.

The results of this price model can be seen in Table III. This table reveals that travel
time was positively associated with price, supporting H-Price-Distance and the
distance-as-cost-function view of distance decay. Indeed, the model suggests that for
every hour of travel time, the price goes up at a rate of $9.97/hour. Task tract income,
on the other hand, was not significant; the median household income of the tract does
not have a significant effect on price. In other words, H-Price-SES was not supported.

This, however, is where the important role of “Big Sort” phenomena becomes clear:
due to these phenomena, even though SES is not a significant predictor of price, we
found that people who live in large low-income areas are indeed likely to be charged
more for the same task. To understand how this works, consider Figure 2, which shows
the self-reported home tracts of all 40 participants on top of a map of income by census
tract in Cook County. Immediately visible in Figure 2 is that very few participants live
in the heart of low-income areas. Indeed, most participants seem to live in middle-
income areas next to the very high-income portions of northern Chicago (the “North
Side”). Only a single participant lives well within the lower-income South Side of
Chicago. As a result, low-income residents on the South Side are almost always a large
distance away from any given TaskRabbit worker, making distance an agent of higher
prices for these low-income neighborhoods. In other words, a low-income resident of
the South Side would have to pay more to receive a given TaskRabbit service, for
instance someone to take care of errands to make time for longer-term goals
[Venkatraman 2010; Blow 2015]. Moreover, as per our findings above, South Side
residents also likely have a harder time finding a TaskRabbit worker to accept a
request for services in the first place.
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Number of
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Fig. 2. Experiment participants’ self-reported home census tracts and median income in Cook County,
Illinois. Very few participants live in low-income tracts. Note that the low-SES “South Side” of Chicago
(Chicago is outlined in black) has only one participant, and no participants live in the poorest parts of the
South Side. Median income color classes are determined via the quantile method, meaning each class
represents a quintile of the household income dataset. Participant are displayed at the centroid of their
home census tract.

This result suggests a specific character for the effect of the Big Sort on the sharing
economy. We found that most sharing economy workers live near (but not in) high-SES
regions. If this result generalizes, people who live in large, low-income districts like
the South Side will need workers to travel greater distances to get to their task
locations, resulting in longer travel times, and, ultimately, higher prices. Where low-
SES pockets are much smaller (e.g. the lower income pockets in the suburbs just north
of Chicago), the effect on travel time, and therefore price, will be more minimal.
However, these smaller pockets may get rarer and rarer in a “Big Sort” world.

It is also important to point out that these “Big Sort” effects also play a role in
willingness decisions. Since distance and willingness were found to be inversely
associated, the fact that TaskRabbit workers live far away from large low-SES areas
means that this inverse association will disproportionately affect people who live in
these areas. Moreover, since we identified a separate effect in which willingness and
SES are positively associated (as SES goes up, willingness goes up), the distance effects
and SES effects likely compound each other to make the task willingness in large low-
SES areas particularly low.

Lastly, although our consideration of population density largely lies in our UberX
study, we do see an important effect for population density here. Figure 2 shows that
workers are concentrated in the high-density city of Chicago rather than the low-
density suburbs. As such, distance not only reduces availability of TaskRabbit and
increases the price of TaskRabbit in lower SES areas, but does the same in suburbs.
However, the situation in suburbs is generally quite different: as can be seen in Figure
2 (and 1s discussed in related work), suburban people have higher incomes than people
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on the South Side of Chicago, and thus they can potentially afford the increased costs.
In addition, in some cases, even people in somewhat remote suburbs are closer to one
of our participants than a person in southern Chicago. That said, while United States
suburbs tend to be relatively wealthy, the opposite is true in many cities around the
world (e.g. France and Latin America [Brunn, Jack F. Williams, et al. 2003; Bjelland
et al. 2013]). Where this is the case, services like TaskRabbit will likely be drastically
more expensive and less available in these areas. As we note above, investigating these
phenomena in cities with different socioeconomic segregation patterns is an important
direction of future work.

3.3 TaskRabbit Qualitative Results

Thus far, our quantitative models have revealed evidence for the importance of
distance decay, “Big Sort” phenomenon and, to a lesser extent, structured variations
in population density, when considering the effectiveness of TaskRabbit. We have also
seen these principles manifest in structural geographic biases in TaskRabbit, biases
that lead TaskRabbit to be both more expensive and less available in low-SES regions
in our study area. We now turn to our qualitative results to attempt to help understand
why these dynamics exist. To do so, a single investigator looked for themes in the
textual survey responses, focusing on ideas related to our four geographic principles.
Below, we outline the results of this analysis, which identified qualitative data
relevant to mental maps (and their interactions with “Big Sort” phenomenon) and
distance decay.

3.3.1. Mental Maps. A theme that was very clear in our participants’ answers to why
they ticked the “will not do [a task]” box is the importance of mental maps, and
specifically a large region of low comfort levels in their mental maps corresponding to
Chicago’s South Side (and to a certain degree the “West Side”). Participants reported
that these low comfort levels were driven mostly by perceptions of high crime. Indeed,
some participants’ responses read as if they came directly out of Matei et al.’s study
that examined the role of crime in neighborhood-level comfort assessments in mental
maps. For example, consider this response from P27:

“I think the high incidence of gang-related crime makes many Chicagoans too
nervous to visit some parts of the city. We always refer to Chicago as being a “city
of neighborhoods” but the truth is that many Chicagoans feel uncomfortable
visiting a huge portion of our city. The nature of the crimes that occur on the South
and West Sides (gang-related) makes me particularly nervous because there's
nothing you can do to prepare/protect yourself. I realize that I might have some
biases but it's less about location for me and more about crime rate. I do wish
Chicagoans (and visitors) could feel more comfortable exploring and enjoying
more neighborhoods without worrying about crime." (P27)

P9 is a member of the TaskRabbit Elite. This is a designation one can earn within
TaskRabbit after earning an average rating of 4.9 stars (ratings are given by task
requesters upon completion), completing a large number of tasks, and not violating
any of TaskRabbit’s policies. P9 offered similar feedback to P27:

“I am an Elite member of TaskRabbit and I do a lot of tasks. I do not do tasks

anything below the loop of Chicago [i.e. the South Side] so it has to be on the
north side for me to work. It is purely for safety concerns.” (P9)
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P4, a relatively new resident of Chicago, wrote that the comfort level overlay in her
mental map also led to similar decisions about whether or not to accept a task. In this
case both poverty and crime are mentioned:

“I only moved to Chicago last May, so I don't know much about the city except
that there are large pockets of poverty, inequality and high crime. In terms of
general areas of the city I understand that large swaths of the south side and west
side include these pockets of poverty and high crime. Without specifics about
which neighborhoods/blocks/streets are safe I essentially ruled out anything on
the south or west side of the city. For the most part, I think the western suburbs
are safe but I know nothing about the southern suburbs so I erred on the side of
safety and avoided those areas as well.” (P4)

P39 specifically addressed her gender as part of the reason she did not consider certain
tasks, saying:
“I wouldn't feel safe in some areas as a female by herself.” (P39)

P16 was very explicit about how he makes decisions between the contradictory signals
from his comfort layer and the desire to increase his income:

“Whether or not my assumptions of lack of safety were correct, I wouldn't put
myself in danger for a few dollars” (P16)

The quotes above make it clear that a key sharing economy decision-making process
— whether or not a microentrepreneur agrees to accept a task — 1s subject to classic
mental map effects. These are effects that have been observed in geography and related
fields for decades (e.g. [Gould and White 1986; Matei et al. 2001]). As has been observed
by Gould and White [Gould and White 1986], Matei et al.[2001], and others, humans
tend to ascribe large regions of their mental maps with positive and negative emotions,
with Matei et al. [2001] specifically focusing on comfort levels assigned to
neighborhoods in mental maps as a function of perceived crime in those areas. Our
qualitative results suggest that this is a primary driver behind the results of our
willingness model.

These findings also dovetail with recent findings by Lee et al., who, as noted above,
did qualitative work with UberX drivers. Lee et al. identified that UberX drivers often
manually disable their availability to the UberX platform when they are traveling
through what they perceive to be unsafe neighborhoods, a finding that can be easily
understood through a mental maps lens. This is also the direct UberX analogy to a
TaskRabbit worker not accepting tasks in specific neighborhoods, and is a point to
which we return in our UberX study.

Another theme in the above responses that is also present in Gould and White’s and
Matei et al.’s results is a lack of geographic nuance in mental maps. While the South
and West sides do indeed experience much higher levels of crime than other parts of
Chicago, there are pockets of these areas that are quite safe [Chicago Tribune 2016].
However, “Big Sort” processes have driven most people of higher SES out of the South
Side and the West Side (as well as many people of White, non-Latino descent; see
below), likely leading to large regions that are unknown to people who do not live there,
both in terms of geometry and personal comfort levels. This is roughly analogous to a
finding observed in mental maps of another major urban city, Boston [Ladd 1967]. The
mental maps of our participants clearly are not sufficiently nuanced to support
knowledge of the lower crime pockets on the South and West side.

Before moving on to our analysis of the presence of distance decay themes in our
qualitative results, it is important to point out that prior work (e.g. [Matei et al. 2001])
suggests that, even though SES and crime are the only two attributes directly cited by
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our participants in their willingness decisions, race and ethnicity may also be involved.
This is a point we address in our discussion below.

3.3.2. Distance Decay. Participants’ qualitative feedback supports the finding from
our quantitative modeling exercise that proximity of the task location is a very
important factor in task willingness and pricing decisions. Here, P4 explicitly discusses
the role of distance decay in her pricing decisions:

“Mostly how much of a pain it was going to be to get there. If it was a place I

could stop by on my way to or from work or the gym= cheap. Ifit required getting

in my car=more. If it required an extensive drive to a far flung suburb=more.”

(P4)
Our qualitative data also shed some of light on the specific form of distance decay in
TaskRabbit pricing and willingness decisions. Distance decay can take many and
multiple forms (e.g. gravity models (e.g. [Reilly 1931; Flowerdew and Aitkin 1982;
Stewart 1948]), thresholds (e.g. [Agarwal 2001]), and our qualitative results suggest
that distance decay in this context contains a threshold component. Four participants
explicitly or implicitly mentioned thresholds in explaining why they said they would
not complete a specific task:

“The distance was too far to justify any fair price for completing task. The price

would have to be higher/greater than 25 dollars to justify it.” (P31)

“Getting there would take me longer than actually completing the task.” (P39)

“Other areas were too far from the Metra [the commuter rail system in Chicago]
to make it worth my while. Others were still close to the Metra but far enough
away where the ticket round trip would be a bit pricy.” (P16)

“I didn't think any price would be worth the commute and risk while still offering
even a marginally fair price.” (P23)

More specifically, these participants suggested that when the cost of commute time
(either in raw time or money) rises above a certain level (in two cases the financial or
temporal cost of the task), they would no longer be willing to accept the task. This
feedback should help guide future work involving modeling distance decay’s role in
willingness decisions in the sharing economy.

3.4 Summary of TaskRabbit study

Above, we have seen that three of our human geographic principles — the “Big Sort”,
distance decay, and mental maps — play a key role in the effectiveness of the sharing
economy. We have also shown that these principles manifest in structural geographic
biases in TaskRabbit, in which people who live in high-SES regions in the urban core
gain most of the benefits of TaskRabbit’s rendition of the sharing economy (at least in
the Chicago area). These biases also mean that TaskRabbit is both more expensive and
less accessible to people in low-SES areas. We have also observed a smaller role for our
fourth geographic principle, structured variation of population density, observing that
prices are also higher (and to a lesser extent, service is less available) in high-SES,
low-density suburbs as well. Below, we explore whether these same trends persist in
an entirely different rendition of the sharing economy: the well-known ride-hailing
platform, UberX.

4. STUDY 2: UBERX (RIDE-HAILING SHARING ECONOMY PLATFORM)

As noted above, the goal of our UberX study is to identify whether the key findings
from our TaskRabbit study — the importance of the four geographic principles and their
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manifestation through specific geographic biases — generalize to UberX. Most (if not
all) studies of the sharing economy thus far have focused on a single sharing economy
platform. By taking this multi-platform approach, we aimed to gain a more general
understanding of the role of geography in the sharing economy (rather than a platform-
specific understanding).

We focus our attention in this section on an analysis of UberX wait fimes, a
dimension of effectiveness related to our willingness variable in TaskRabbit. In UberX,
drivers can show their willingness to pick up a passenger by accepting or rejecting a
fare, by avoiding (or spending time in) certain areas or by selectively turning on and
off their availability as they approach certain areas (as was mentioned above). All of
these expressions of willingness manifest in the amount of time a potential customer
has to wait before an UberX driver arrives at her/his location. Moreover, these wait
times can be automatically obtained, affording a quantitative understanding of
geographic effectiveness just as was the case with TaskRabbit. It is important to note
that we do not analyze price in UberX, as this is determined automatically by a basic
formula in all cases (a point to which we return below).

More specifically, we structure our investigation of UberX wait times around the
following research question:

Research Question #3: RQ-Wait Times: How does human geography affect UberX
wait times?

Motivated by the geographic principles considered in this paper and in analogy to our
TaskRabbit study, we made two hypotheses with respect to this question. First, we
hypothesized that, all other factors being equal, wait times would be higher in low-
SES areas than in high-SES areas (H-Wait Times-SES). Secondly, we also
hypothesized that structured variations in population density would be a significant
factor in wait times, with denser areas having more convenient access to UberX (H-
Wait Times-Population Density).

In addition to highlighting the similarities and differences in the geography of
UberX versus that of TaskRabbit — as we will see, there are far more similarities than
differences — this section also makes a methodological contribution to the sharing
economy literature. Specifically, to test our hypotheses, we adapt spatial Durbin
modeling, an advanced spatial statistical technique from the natural and social
sciences, and show how it is often critical for conducting robust geographic sharing
economy analyses. To our knowledge, this study represents the first use of spatial
Durbin modeling in the human-computer interaction community’, and we expect that
this work can provide statistical assistance for other sharing economy researchers and
researchers in other domains who encounter similar types of spatial data. As such, we
dedicate a significant portion of the methods section below to explaining the character,
intuition, and proper execution of spatial Durbin modeling.

The remainder of this section will proceed as follows: we first introduce the datasets
we utilize in our analysis of UberX wait times. Next, we describe spatial Durbin
modeling and explain why it is essential for understanding the geography of the

* A search for “spatial Durbin” in the ACM Digital Library returned no results, although we also employed
the same Durbin modeling approach in work that will be published at ACM SIGCHI 2017 [Colley et al. 2017]
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Fig. 3. Average UberX wait times in Cook County, Illinois. In grey are tracts excluded from our analysis
because (a) they were not within UberX’s operating area (the large block to the south) as of time of data
collection or (b) the Uber API did not provide a single ETA value for these tracts.

sharing economy in many cases. Following our discussion of methods, we then present
the results of our models, highlighting similarities and differences with our
TaskRabbit results and discussing connections to our four geographic principles.

4.1 Datasets

In every metropolitan area where UberX provides service, there i1s a defined region
where the service is available. At the time this analysis was performed (late 2014), this
region did not encompass all of Cook County. Specifically, there are 275 census tracts
(shown in Figure 3) on the southern end of Cook County that were outside of UberX’s
operating area. Thus, we excluded these tracts from our study. It is important to note
that UberX’s service area has since expanded. We return to this issue in the Discussion
section, in which we highlight potential “early access” benefits provided to certain
types of areas over others in geographic social computing systems.

The tracts in which UberX did not provide service at the time of analysis are
systematically poorer than the tracts in which it did offer service. This provides our
first evidence that some of the factors associated with effectiveness in TaskRabbit —
particularly the “Big Sort” along the SES dimension — play the same role in UberX.
More specifically, tracts excluded from UberX’s service area had an average median
household income of $53,122 (sd = $19,247), whereas the tracts served by UberX have
an average median income of $56,369 (sd = $29,761).

We used Uber’s Time Estimate API (available through their developer website) to
measure wait times in the 1,041 Cook County census tracts within the UberX
operating area. We sampled the centroid of each census tract every hour for a period
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of 7 days, leaving us with 168 samples per tract in the ideal case. Uber’'s API never
provided wait times for the three census tracts containing the Chicago area airports,
which is likely due to Chicago city ordinances that prohibited Uber from providing
service at airports at the time [Hilkevitch 2014]°. Thus, we excluded these tracts from
our data, leaving us with 1,038 census tracts for our analysis.

In some cases, Uber’s API did not provide a wait time every time a tract was
sampled, the reasons for which are unclear. However, ninety-eight percent of tracts in
our sample received a wait time more than 80% of the time, and the census tract with
the fewest samples received valid responses approximately 60% of the time (100 of
168). We compute the mean of all wait times for each census tract, and use this average
wait time as the core dependent variable in our analysis of UberX.

To examine H-Wait Times-SES, we used the same SES data as we did for our
TaskRabbit study: median household income (MHI) (in $10K increments) from the
United States Census’ American Community Survey 2006-2010 dataset. Again, we log-
scaled this variable to reduce the effect of a long-tailed wealth distribution. To examine
H-Wait Times-Population Density, we utilized United States census data on the
number of people per square kilometer in each tract. We also log-scaled this variable,
again to reduce the skew of a long-tailed population density distribution.

Finally, we note that while the methods we used to study TaskRabbit enabled us to
compute a “distance from home region” variable, this was not the case for our UberX
work: UberX’s API does not give a regular starting point for a given UberX driver. As
such, in this study, our ability to speak to distance decay directly is limited (although,
as 1s discussed below, our results below do suggest several indirect findings).

4.2 Spatial Modeling

If the datasets we considered in this study had not been not geospatial, our modeling
task would have been straightforward. Specifically, using standard regression
modeling techniques like ordinary least squares (OLS), we could have assessed
whether there were significant relationships between MHI and population density
(independent variables) and UberX wait times (dependent variable), as well as
determined the effect sizes of these relationships.

However, the geospatial nature of our datasets demand that our methods be
considerably more sophisticated. For instance, let us consider a wealthy census tract
that is surrounded by less wealthy census tracts (e.g. as is the case near the University
of Chicago on the “South Side”). One might imagine that this tract’s UberX wait times
may be affected by the fact that its neighbors are less wealthy. After all, UberX drivers
might not want to drive through poorer areas to get to this tract, which they may
perceive to be less safe (as we saw in the case of TaskRabbit), or they may prefer to
stay in an area that has consistent and widespread high incomes. Conversely, a poorer
tract near richer tracts may see opposite effects. However, traditional regression
modeling assumes that all samples (tracts) are independent and cannot incorporate
potentially critical information about a tract’s neighbors’ income in its estimates of
wait times for the tract. In other words, one can think of traditional regression
modeling as failing to account for Big Sort effects when applied in many types of
sharing economy analyses (and other types of analyses in geographic HCI).

More generally, when a dataset consists of specific geographic locations associated
with attributes — which is the case for UberX wait times — it is common for individual
data points to be affected by other nearby data points, or to be spatially autocorrelated

¢ These ordinances have since changed [Coale 2016].

ACM Transactions on xxxxxxxx, Vol. xx, No. x, Article x, Publication date: Month YYYY



Towards a Geographic Understanding of the Sharing Economy: Systemic Biases in UberX and TaskRabbit 39:21

[Anselin 1988]. The Big Sort is an instance of spatial autocorrelation in which the
variables of interest are demographic in nature.

The presence of spatial autocorrelation, including in the Big Sort case, means that
the data from one location often is not independent of data from neighboring locations,
violating a core assumption of traditional regression modeling techniques like OLS.
The output of these techniques — significance, effect sizes, etc. — are all conditioned on
the assumption of independence of observations in the independent and dependent
variables, something that often will not be true with geographic sharing economy data.
As such, specialized techniques are needed, not just to acquire more statistical power
and understanding, but also simply to gain reliable insight on the associations in
question and the role of spatial relationships in these associations.

When engaging in spatial statistics, a frequent first step is to model the spatial
structure of the study area. A common approach to generating a representation of this
structure — and the approach we use in this work — is called a Queen’s weights matrix
(there are also other distance-based schemes, e.g. k-nearest-neighbors). With a Queen’s
matrix, the neighbors of a given census tract (or polygon more generally) are assumed
to be all the tracts (or polygons) that are directly adjacent through either an edge or a
vertex (similar to the moves available to a queen in chess).

Once the spatial structure has been encoded, we can turn our attention to modeling
spatial effects between neighbors. These effects can be of three distinct types [Manski
1993]:

1. A correlated spatial relationship: unknown factors lead to similar
outcomes (e.g. wait times) between two neighboring locations.

2. An endogenous spatial relationship: an outcome (e.g. wait time for a given
census tract) for one location is dependent on the outcomes (e.g. wait times) of
neighboring locations.

3. An exogenous spatial relationship: an outcome (e.g. wait time for a given
census tract) for one location is associated with the predictors of neighboring
locations (e.g. the median income of its neighboring tracts).

In the context of our modeling exercise, this means that a given census tract’s UberX
wait time may be (1) similar to its neighbors because of some unmeasured factors,
and/or (2) dependent on the wait times of its neighbors, and/or (3) dependent on the
population density and median income of its neighbors (our predictors / independent
variables).

Until recently, the majority of the focus in geostatistical modeling has fallen into
two camps: modeling the correlated relationships (#1 above) by accounting for any
spatial relationships using the error term (known as a spatial error model), and
modeling the endogenous spatial relationship (#2 above) using the weights matrix to
lag (or spatially weight) the dependent variable (known as a spatial lag model). The
third type of spatial relationship — exogenous spatial relationships — had until recently
largely been ignored in the natural and social sciences, let alone in the human-
computer interaction literature. While most treatments of spatial data in the human-
computer interaction literature do not consider spatial autocorrelation at all and
instead utilize standard regression techniques for spatial data, to the extent that
spatial models have been used, they have been the more traditional spatial lag and
spatial error models (e.g. [Johnson, Sengupta, et al. 2016; Johnson, Lin, et al. 2016;
Malik et al. 2015]).
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Spatial error models may be sufficient when model interpretation is unimportant
and addressing independence assumptions while maximizing predictive power is the
only consideration [Elhorst 2010]. However, recent work in the spatial statistics
literature has argued that both endogenous and exogenous relationships need to be
examined when using spatial modeling to shed light on the underlying spatial
processes [Elhorst 2010; Yang et al. 2013], as we are doing here (and as is common in
the HCI community’s consideration of spatial data more broadly). In this vein, a more
generalized modeling approach — the spatial Durbin model — that accounts for both
endogenous and exogenous relationships has begun to be recommended as best
practice [Elhorst 2010; LeSage and Pace 2009].

A spatial Durbin model can be understood as having multiple versions of each
variable corresponding to the endogenous and exogenous spatial relationships
discussed, supporting better interpretation of the spatial relationships in the data. In
our case, a spatial Durbin approach models the average UberX wait time for a given
tract as a linear combination of (1) the values of the independent variables in that tract
(as 1s typical in OLS regression), (2) the average of the values of each independent
variable (MHI and population density) in neighboring tracts according to the Queen’s
matrix (spatially exogenous relationships), (3) the average of the wait times in
neighboring tracts calculated in the same fashion (spatially endogenous relationships,
1.e. spatial lag term), and (4) an error term, which functions similarly to the error term
in a traditional OLS. So, in other words, whereas a traditional OLS regression for our
experiment would involve two independent variables and an error term, a spatial
Durbin approach applied to our problem would have 2 + 2 (spatially exogenous) + 1
(spatially endogenous) = 5 independent variables and an error term.

In light of the tremendous interpretative advantages of spatial Durbin modeling —
none of the key distinctions between the “direct” and “indirect” effects below would be
possible without Durbin modeling — we employed spatial Durbin modeling as our
primary analytical tool for understanding our UberX data. We were not able to apply
spatial Durbin modeling to our TaskRabbit analysis for one critical reason: our
TaskRabbit experiment required the employment of mixed effects models and, to our
knowledge, mixed effects models have not yet been integrated with spatial Durbin
approaches. Indeed, spatial Durbin approaches have only recently become feasible; up
until several years ago, they were too computationally demanding for common practice
[Elhorst 2010]. In the TaskRabbit case, mixed effects models were required to control
for the lack of independence between observations gathered from the same individual.
In concert with our university’s statistical consulting center, we determined that the
violations of independence that are due to observations coming from the same
participant (which are handled by mixed effects modeling) were more serious than
those due to spatial autocorrelation (thanks in large part to the fact that we were not
considering many immediate neighbors in our TaskRabbit observations). Because no
existing modeling approach (to our knowledge) allows us to account for both types of
independence assumption violations, we used the mixed effect models discussed above.
As we will see below, we found nearly identical high-level results in our TaskRabbit
and UberX analyses, adding credence to both the high-level results and the modeling
choices in each.

The majority of future geographic sharing economy research will likely not face the
challenges we did with TaskRabbit and will be able to gain the advantages of spatial
Durbin modeling as we do here with UberX. Indeed, the two studies that most directly
resemble our research — Quattrone et al. [2016] and Stark and Diakopoulos [2016] —
did not face the statistical challenges associated with our TaskRabbit study. To
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facilitate easier adoption of spatial Durbin modeling, we are releasing our modeling
code along with this article (see below).

4.2.1 Interpreting Spatial Durbin Models. In general, when examining the results of
Durbin models, traditional outcome metrics like the value and significance of
coefficients (betas) are far less useful for interpretation than a series of specialized
metrics, in particular the Rho term, indirect effect values, and direct effect values.

The Rho term captures the effect of spatial diffusion in the dependent variable (wait
times) as one neighbor’s value affects another neighbor’s value, which then affects
another neighbor’s value, and so on. More specifically, the Rho term encapsulates
endogenous spatial relationships and in the context of our work, describes how a given
tract’s wait time should be affected by the wait times of its neighbors (endogenous
spatial relationships). This term is not interpreted like a traditional model coefficient,
but instead is multiplied by the spatially-weighted average of neighbors’ measured
wait times.

The need for direct and indirect effect values arises out of the fact that spatial
dependence invalidates the interpretive benefits of model coefficients in traditional
regression (e.g. OLS). Traditional approaches compute regression coefficients through
partial derivatives of the regression formula with respect to each independent variable.
Because of spatial dependence, however, when these partial derivatives are computed
in a spatial model that incorporates data from the neighboring area, any given partial
derivative will in turn be dependent on the values of the neighboring tracts’ partial
derivatives. These feedback loops, caused by the spatial structure, get built into the
models. This means that the variable coefficients in a spatial model cannot be
interpreted directly because the partial derivatives are not orthogonal [Elhorst 2010].

On the surface, these feedback loops seem like a challenge to the interpretative
power of spatial Durbin modeling. However, LeSage and Pace [2009] introduced direct
effects and indirect effects to explicitly address this issue. Indirect and direct effects
are calculated by averaging across all of the relevant partial derivative values at every
location (calculated based on the lagged value of the variable in question). We follow
Yang et al. [2013] and use a Markov Chain Monte Carlo (MCMC) approach to randomly
permute input data in order to estimate the average effects and generate an average
over the permuted output’.

Direct effects describe average relationships between the dependent and
independent variables that are analogous to the relationships modeled in traditional
regression approaches. Specifically, a direct effect for a given independent variable
describes the average impact the value of that variable at a specific location has on the
value of the dependent variable at that location. In the context of our work, this means,
for instance, the effect the median household income of a given tract has on the wait
times of that specific tract. Each independent variable has its own direct effect.

Conversely, indirect effects model the relationship between the value of a
dependent variable at a given location and the values of independent variables at
neighboring locations (spatially exogenous relationships). In our analysis, indirect
effects capture, for instance, the effect of the average median household income of
neighboring census tracts on a given census tract’s wait time. Like is the case with
direct effects, each independent variable has its own indirect effect value (so each

" Computed using the impacts command in the spdep R package [Bivand and Piras 2015; Bivand et al.
2013]
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independent variable in our model has both a direct effect value and an indirect effect
value).

When describing the results of a spatial Durbin model, it is considered best practice
[LeSage and Pace 2009] to present the Rho term (endogenous effect), the modeled
coefficients, and the direct and indirect effects (exogenous effects), but interpret only
the endogenous and exogenous spatial relationships. This is due to the unclear
meaning of the standard modeled coefficients. We follow this best practice below.

4.3. UberX SES Results

Table IV shows the model coefficients for our UberX wait times model. In our model,
the endogenous relationship between a tract and its neighboring wait times is quite
strong: 92% of the average wait time of immediate neighbors is contributed to the wait
time of a given tract. This is intuitive: a tract should not have drastically different
UberX wait times than its neighboring tracts due to the nature of wait times. For
instance, if a tract has five neighbors and the sum of their average wait times is 1,500
seconds (mean = 300 seconds), the neighboring tracts would contribute 259 seconds
(92% of the 300 second mean) to the predicted wait time of the tract in question.

Table V shows the direct and indirect effects of our independent variables. The table
reveals that, when examining the entirety of UberX’s service area across Cook County,
population density is significant in both its direct and indirect effects (supporting H-
Wait Times-Population Density). The indirect effects for population density suggest a
strong and inverse relationship between population density and wait times (note that
the indirect effect for population density in Table V is both large and negative).
Specifically, if the average population density across all of a tract’s neighbors were to
double, we would expect a decrease in average wait time of approximately 70 seconds
for that tract. This is not an extreme scenario: the mean population density in our
study region is 6,183 people/km? and the standard deviation is 7,616 people/km?2. This
means that tracts in a very dense area should expect much lower wait times than areas
where there are fewer people per km?2.

While significant, the direct effects of population density — i.e. the role played by
the population density of the tract in consideration itself — had a much smaller effect
size. A doubling of a specific tract’s density would only lead to an average decrease in
wait time of approximately 3 seconds, for that tract. This is a trend that we will see
repeated below: the characteristics of a tract’s region appears to matter more than the
characteristics of the tract itself.

More generally, the results in Table V substantiate the importance of the principle
of structured variation of population density that we observed in our TaskRabbit study.
Specifically, the sharing economy seems to be significantly less effective in the suburbs
relative to the central city. For UberX, this finding is quite visible in Figure 3, where
we see wait times of over 10 minutes in the very-low-density distant suburbs and under
3 minutes in dense urban cores.

While Table V strongly suggests that structured variation in population density is
a prominent factor in UberX wait times, it displays less clarity about income’s role.
Table V shows no significant direct effects for income and only marginally significant
indirect effects (providing little support for H-Wait Times-SES at this stage). With
regard to these indirect effects, it appears that if a tract’s neighboring region became
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Table IV: The Results of our Cook County UberX Spatial Durbin Model

Fixed Effects Estimate p-value
Rho (Weighted effect of neighbors’ wait times) 0.92 <0.001
logz[people / km?] (population density) -0.37 n.s.
lagged logs[people / km?] (lagged population density) -5.63 0.002
logz[Tract income in $10,000] (median income) 6.09 0.09
‘/(rggoa’ logz[Tract income in $10,000] (lagged median 10.21 0.02
income)

Intercept 114.88 <0.001

Note: Coefficients in grey are commonly reported, but not interpreted.

Table V: The Direct and Indirect Effects of our Cook County Model

Direct Effects Estimate p-value
logz[people / km?] (population density) -3.01 0.03
logz[Task tract income in $10,000] (median income) 4.02 n.s.
Indirect Effects Estimate p-value
logz[people / km?] (population density) -69.09 <0.001
logz[Task tract income in $10,000] (median income) -53.68 0.08

more wealthy, UberX wait times would decrease in that tract. However, at least at this
point, we only have marginal confidence in this relationship.

Table V shows results for a model that considered the entirety of Cook County.
However, many sharing economy decisions and debates occur at the municipal (city)
level (e.g. [D’Onofrio and Thomas 2016; Gaines 2016; Byrne 2016]), where there tends
to be less variation in population density. To understand the relationships between
income, population density, and wait times within a central city itself — rather than an
entire metropolitan area that includes suburbs and exurbs — we re-ran our model
focusing only on census tracts that fall within the borders of the city of Chicago. We
present the coefficients of this model in Table VI and the average direct and indirect
effects in Table VII. Table VI shows that, as expected, in our Chicago model, the
endogenous interaction between a tract’s wait time and its neighboring wait times is
quite high, just as it was for our Cook County model. A tract’s immediate neighbors
contribute 95% (Rho = 0.95) of the average of the neighboring wait times to the
predicted wait time (as opposed to 92% in the Cook County model).

Table VII shows that we identified no statistically significant direct effects in our
Chicago-only model. That is, the income and density values of a specific tract in
Chicago do not seem to play a role in that specific tract’s wait time. However, we do
see a significant and substantial indirect effect for median income: if the income of an
area goes up, wait times go down by a large margin (supporting H-Wait Times-SES).
To be more specific, our model suggests that if a Chicago census tract’s neighbors
experienced a doubling in their average median household incomes, we would expect
to see that tract’s UberX wait time decrease by over 3 minutes and 10 seconds (190.6
seconds) on average. This suggests that while individual poor census tracts surrounded
by higher-income tracts should benefit from the wealth of their neighbors, UberX is
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Table VI: The Results of our Chicago UberX Spatial Durbin Model

Fixed Effects Estimate p-value
Rho (Weighted effect of neighbors’ wait times) 0.95 <0.001
logz[people / km?] (population density) -0.07 n.s.
lagged logs[people / km?] (lagged population density) 0.52 n.s.
logz[Task tract income in $10,000] (median income) 5.29 0.04
/aggpa’ ‘l()gg[lusk tract income in $10,000] (lagged 14.55 <0.001
median income)

Intercept 33.29 0.05

Note: Coefficients in grey are commonly reported, but not interpreted.

Table VII: The Direct and Indirect Effects of our Chicago UberX Model

Direct Effects Estimate p-value
logz[people / km?] (population density) 0.19 n.s.
logz[Task tract income in $10,000] (median income) -0.41 n.s.
Indirect Effects Estimate p-value
logz[people / km?] (population density) 8.95 n.s.
logz[Task tract income in $10,000] (median income) -190.61 <0.001

less effective in regions of Chicago where there is more widespread poverty. This can
be seen in Figure 3, in which the low-income neighborhoods in the southern and
western areas of Chicago have much higher wait times. We discuss how this may be
related to mental maps in Section 5 below.

The results in Table VII can be read as strong support for the Big Sort’s influence
on the sharing economy within regions of similar population density (e.g. within the
city limits of Chicago). While the SES of a specific tract does not seem to have an impact
on sharing economy effectiveness in that tract (as instantiated by UberX wait times),
the SES of a tract’s neighborhood has a substantial impact the tract’s wait times. This
leads to high wait times in large low-SES areas (e.g. the South Side) and low wait times
in large high-SES regions (e.g. northern Chicago). This also means that even if a
neighborhood in a low-SES area begins to improve its SES, there will likely continue
to be a damper on sharing economy effectiveness in this neighborhood. If those who
argue that the sharing economy will become a dominant economic paradigm are
correct, this is a troubling implication.

In the section that follows immediately below, we provide further discussion of
these results in the context of our TaskRabbit results and four geographic principles.

5. DISCUSSION

In our investigation of the geography of the sharing economy, we examined two
different sharing economy platforms using diverse methodologies that ranged from
quantitative and qualitative analyses of survey results to the application of spatial
Durbin autoregressive models on data gleaned from APIs. In both cases, however, we
found very similar high-level findings regarding the geography of the sharing economy:
the sharing economy is more effective in dense, wealthy neighborhoods and
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significantly less effective in suburbs and low-income urban neighborhoods. Moreover,
our results pointed to the underlying geographic principles responsible for these
structural geographic biases: the Big Sort, structured variations in population density,
distance decay, and mental maps.

In this section, we discuss the implications of these findings along several key
dimensions: the role of race/ethnicity, suggested improvements to the design of sharing
economy platforms, and directions for future work.

5.1 Examining our findings with a lens informed by race and ethnicity

As noted above, due to the tremendous economic inequalities that occur across racial
and ethnic lines in the United States (and elsewhere), SES and race and ethnicity tend
to be closely linked. Indeed, we observed that the percent of the population that self-
identifies as white (non-Latino) has a strong correlation with income in our study area
(r = 0.67). White (non-Latino) i1s a demographic variable provided by the U.S. census
whose inverse (the percent of the population that does not identify as white or Latino)
is often interpreted as the percent of the population that identifies as a racial or ethnic
minority [US Census Bureau 1999].

Because of this correlation, we hypothesized that many of the patterns we saw with
SES and the Big Sort would also occur with race and ethnicity and the Big Sort. To
test this hypothesis, we replaced SES as an independent variable in both the
TaskRabbit and UberX models. For TaskRabbit, we found that the percentage of the
population that is white (non-Latino) was a marginally significant predictor of
willingness (p = 0.06). As was the case with SES, we did not observe an explicit effect
for white (non-Latino) with respect to price. However, due to the correlation above,
poor neighborhoods tend to be minority neighborhoods in Chicago (and in many other
places in the world), so we also observed the same distance decay effects with respect
to white (non-Latino) as we did with SES.

We identified a similar finding for UberX wait times as we did for TaskRabbit
willingness: in a version of our Chicago-only spatial Durbin model with SES replaced
by the percent of the population that is white (non-Latino), we saw a significant
indirect effect for percent white (non-Latino). If the area around a given tract changed
from 0% white (non-Latino) to 100% white (non-Latino), we would expect to see that
tract’s UberX wait time decrease, on average, by 317 seconds (5 minutes and 17
seconds). In other words, if an entirely non-white area in the city of Chicago were to
see a complete demographic shift towards being entirely white, our results suggest
that tracts in that area may see UberX wait times decrease drastically, making the
UberX service much more effective. This suggests that while individual non-white
census tracts surrounded by white neighbors should benefit from better UberX service,
UberX is less effective in regions of Chicago where there are large minority populations.
Interestingly, these results dovetail with very recent findings by Ge et al. [2016] that
suggest that people with African American-sounding names wait longer for UberX
service in Seattle.

It is important to note that in the above results, the core geographic principles at
work are no different than is the case with SES, they are simply manifest in race and
ethnicity rather than SES. For instance, just as was the case for low-SES
neighborhoods, many minority neighborhoods also see reduced TaskRabbit
effectiveness due to the Big Sort and due to distance decay interacting with the Big
Sort (with respect to the location of TaskRabbit workers’ residences, which tend to be
farther away from large minority districts than from large white (non-Latino)
districts). Similarly, the Big Sort has the same effect on large minority neighborhoods
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in UberX as it does on large low-SES neighborhoods. Indeed, as per the correlation
mentioned above, many minority neighborhoods and low-SES neighborhoods are one
and the same and thereby suffer from identical lower sharing economy effectiveness.
More generally, a sharing economy platform that does not serve low-income people
will, in general, also fail to serve non-white populations, at least in North America (a
key concept in the sociological theory of intersectionality [Crenshaw 1989]). Similarly,
it is likely that if we investigated sharing economy effectiveness across other
demographic properties affected by the Big Sort (e.g. educational attainment, religion,
age, political affiliations), we would identify similar findings.

However, regardless of the geographic mechanisms at work, just as was the case
for SES, the structural racial and ethnic biases in the sharing economy identified in
this section are quite important in their own right. Groups defined by race and/or
ethnicity are protected classes in the United States [United States Congress 1964]. If
these results are found to generalize across other cities — with sharing economy
systems working better in white (non-Latino) neighborhoods than minority
neighborhoods — this could become an important data point in the ongoing debate
about the sharing economy occurring across the U.S. and around the world.

5.2 Additional Relevant Geographic Principles

In this article, we have discussed how four geographic principles play a key role in
the sharing economy and result in structured geographic biases along SES lines (and
those defined by race and ethnicity). However, these four principles are almost
certainly not the only aspects of human geography that are important to consider when
examining the sharing economy. For instance, two human geography principles worthy
of exploration are border effects and edge cities.

Border effects are a well-known human geography principle that describe what
occurs when two neighboring places that are on the opposite sides of an administrative
boundary have tremendously different circumstances with respect to a variable of
interest. Our results suggest that as some municipalities like Austin, Texas begin to
place restrictions on sharing economy services (especially Uber and Lyft) [Burger 2015;
Olsson 2016], border effects will become increasingly important in the sharing
economy. Specifically, we (unsurprisingly) found that a census tract’s wait times were
highly dependent on neighboring tracts’ wait times. This means that adjoined
municipalities will likely suffer reduced sharing economy effectiveness when one
municipality places restrictions on sharing economy services. For instance, our results
suggest that Austin’s suburbs are going to be severely affected by Austin’s sharing
economy-related decisions, even if they have no say in these decisions. Examining the
effect of differing sharing economy regulations within the framework of border effects
is an important direction of future work.

Our results also suggest that if and when the sharing economy becomes prominent
in suburbs, “edge cities” [Garreau 1992] will lead the way and become secondary
sharing economy hubs. An “edge city” is a concentration of work and leisure resources
in a suburb that has good vehicle accessibility with respect to the rest of the
metropolitan area, usually due to a nearby intersection of multiple freeways (e.g. a
“ring road” and an intersecting highway) [Garreau 1992]. Common examples include
Tyson’s Corner, VA, Bloomington, MN, and the Rosslyn-Ballston Corridor in the
Washington, D.C. metro area. Edge cities emerged in the second half of the twentieth
century, becoming competitors with central business districts for shopping,
employment, and entertainment services. The vehicle accessibility advantages that led
to the agglomeration of traditional services in edge cities should also apply to sharing
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economy services. Namely, relative to other suburbs, edge cities will be significantly
less affected by the negatives associated with distant decay due to these accessibility
advantages. Moreover, in the ride-hailing space, there is reason to believe that the
limited availability of mass transit options in edge cities makes them even more suited
to the sharing economy. Another more uncomfortable potential advantage for edge
cities in the sharing economy is that they and their surrounding residential areas tend
to be relatively high SES and populated by non-minority racial and ethnic groups.
Overall, given the numerous properties of edge cities that interact with properties of
the sharing economy, many branches of sharing economy research — e.g. work on
improving sharing economy effectiveness in new regions, work seeking to understand
its long-term impact on urban areas — should likely consider edge cities as in important
near-term direction of inquiry.

5.3 Implications for “Geosociotechnical” Design

As noted above, in almost every case, the siructural geographic biases that are the
result of the four geographic principles are not destiny for the sharing economy: they
are the outcome of interactions between these principles and the “geosociotechnical”
design of existing sharing economy platforms. In other words, given the design choices
in these platforms and the inherently geographic nature of the sharing economy, it is
not a surprise that these principles manifest in the biases we observed. Indeed,
awareness of these principles led us towards our SES-related hypotheses.

Fortunately, the important role of geosociotechnical design in the structural biases
identified in this article means that there is an opportunity to address these biases with
design changes. In the remainder of this sub-section, we outline a number of
geosociotechnical improvements that could lead to the reduction of the SES, racial, and
ethnic biases we identified in the sharing economy.

5.3.1. Using Design to Improve the Geographic Distribution of Microentrepreneurs. Our results
suggest that the Big Sort residential geography of sharing economy workers — coupled
with distance decay — is a primary causal factor behind the geographic variation in the
effectiveness of sharing economy systems that we observed. For instance, in our
TaskRabbit study, we found that workers were not willing to travel long distances for
a task. This would not result in geographic disparities in the effectiveness of
TaskRabbit if TaskRabbit workers were evenly distributed across the Chicago area.
However, as noted above, TaskRabbit workers are heavily clustered in relatively
wealthy and dense parts of the region (as per Big Sort processes), leading to higher
prices and fewer jobs accepted in other types of areas. One might call these
‘(commercial) sharing economy deserts’ as an analogy to ‘food deserts’ [Breneman and
Ver Ploeg 2016], which tend to occur in similar types of areas. Along the same lines,
with respect to UberX, Dillahunt and Malone [2015] found that few participants in a
workshop on the sharing economy for job-seekers were even aware of sharing economy
services.

These results suggest that recruiting new sharing economy workers in areas that
suffer from the wrong end of the structural biases we identified would go a long way to
eliminating these biases. For instance, it is likely that a relatively small number of
TaskRabbit microentrepreneurs who live on the South Side of Chicago could have
substantially diminished any price and willingness disadvantages in these areas. With
respect to Dillahunt and Malone’s findings, the same may be true for UberX wait times.
Moreover, service quality improvements in disadvantaged areas could lead to a larger
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(and more diverse) customer base, increasing the incentive to recruit more workers
from disadvantaged areas.

The question then becomes: how can sharing economy platforms do such
recruitment? Making different design choices can likely contribute to the answer. For
instance, TaskRabbit requires that workers have a bank account to participate on their
platform, with low-income and minority neighborhoods having a much greater
percentage of the population that is “unbanked” [Sullivan 2013], inherently reducing
the potential working population in these places. UberX additionally requires workers
to own a car and have active insurance, among other requirements®, which likely has
a similar effect (Dillahunt and Malone [2015] found that two-thirds of people in a
sharing economy workshop for disadvantaged communities did not have a car that met
Lyft’s requirements). Other worker restrictions may also play a role: both TaskRabbit
and UberX require that workers pass a background check, and it is unclear if minor
prior offenses would result in rejection (e.g. a minor drug possession arrest). Low-
income neighborhoods have a higher rate of these minor offenses [Harris and Kearney
2014].

Some sharing economy platforms have begun to make design changes in this
direction. For instance, recent efforts by Uber to provide banking services to its drivers
[Leberstein 2016] and to make obtaining car leases easier for potential drivers
[Business Wire 2016] could potentially address some of the problems that we identified
in this article. Of course, these initiatives could also lead to new problems, including
the serious risk of exacerbating debt-related challenges in disadvantaged areas, and
these leases have been accused of being predatory [Newcomer and Zaleski 2016]. Our
results suggest that research into these and other mechanisms for increasing worker
participation rates in ‘sharing economy deserts’ should be a top priority for future
work.

5.3.2. Addressing Workers’ Mental Maps. Our TaskRabbit results showed that comfort
levels in workers’ mental maps played a key role in their willingness to accept tasks
and specifically made them less likely to accept tasks in wide swaths of southern and
western Chicago. A similar finding was identified by Lee et al. [2015], who found that
UberX drivers turned off their availability when they were in neighborhoods they
perceived as undesirable. In both cases, workers cited perceptions of crime as the
reasons for their discomfort in certain areas. The mental maps literature, however,
suggests that in many cases perception does not match reality. For instance, Matei et
al. showed that comfort levels associated with regions in the Los Angeles metropolitan
area were effectively uncorrelated with crime levels. Additionally, as noted above, our
mental maps generally struggle to incorporate sufficient detail to be able distinguish
pockets of low-crime areas in unfamiliar high-crime districts.

The gap between perception and reality in mental maps presents a potentially
powerful opportunity for geosociotechnical design. One straightforward design
improvement would be to provide workers with geographically-linked crime statistics
in an easily-digestible format that would allow for design-making on-the-fly. In most
areas, crime statistics are public information and could be surfaced via a map in a
microentrepreneur app quite easily. A more interesting and likely more useful
approach would be to provide this information in the context of a given task, e.g. when
a TaskRabbit worker is deciding whether to accept a task or when an UberX driver is
driving through a specific neighborhood. This information could take the form of basic

¥ https://www.uber.com/driver-jobs
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crime statistics or, matching the norms of the sharing economy, could be reported as a
“geographic reputation score”. This score could take into account both public crime
information as well as geographically-linked incident reports privately held by a
sharing economy platform. Based on the work of Matei et al., it is likely that many
areas that currently are associated with high discomfort would have high geographic
reputation scores (and perhaps vice versa). If this information were made available to
workers, it could address some of the TaskRabbit willingness and UberX wait time
bias that we observed in this study’.

5.3.3. A Role for “Sociotechnical Auditing”. Our results add to evidence that auditing has
an important role to play in protecting the sharing economy from bias, just as has been
argued in more explicitly algorithmic domains (e.g. [Kay et al. 2015]) and for other
sociotechnical platforms (e.g. [Sandvig et al. 2014; Annany et al. 2015]). Fortunately,
the geographic techniques we developed and adopted here — especially our spatial
Durbin modeling approach — can provide a useful lens in this process. The relative
geographic effectiveness of sharing economy platforms in a given administrative
district likely would be a valuable data point for the many sharing economy debates
that are occurring around the world. Our experiments outlined above should be
replicable in most (if not all) areas in which TaskRabbit and UberX are active, and our
techniques should relatively easily generalize to similar platforms (e.g. Lyft).

To make repeating our work in other areas as straightforward as possible, we are
releasing our UberX data collection and spatial Durbin statistical framework under an
MIT license'®. This package should allow someone with technical training to quickly
repeat our UberX experiment in their area with relatively little effort. Moreover, it
should be relatively straightforward to adapt our code to other outcome metrics besides
wait time and to other similar sharing economy platforms.

Additionally, our approach here has been to examine system-wide effects, but the
auditing of the sharing economy should also likely occur at the worker-specific level.
By examining the geographic history of a given worker, it should be possible to
determine if that person is exerting implicit or explicit bias in their pricing and
willingness decisions. If the worker has a long enough history with a platform,
techniques similar to those we described above can be employed (e.g. adapting wait
times to job history-specific attributes). In more traditional workplaces, “substantive
oversight of decision making” is one facet of minimizing workplace gender and racial
bias [Bielby 2000], and it is intuitive that the sharing economy could learn from this
body of literature. Correcting for implicit bias may sometimes be as simple as making
decisions more legible, e.g. “98% of your completed jobs have been in areas that are at
least 95% white (non-Latino)”.

Lastly, while the term “algorithmic auditing” has been adopted for doing this type
of auditing work in a technological context, this term is not ideal for the sharing
economy. Algorithms play a role — especially in the case of UberX — but sharing
economy platforms are sociotechnical, not just technical. As we have seen, it is human
biases — in the form of the Big Sort, mental maps, etc. — that are the drivers of many
of the structural geographic disadvantages that we observed in this study. As such,
auditing in the sharing economy is “sociotechnical” auditing (and even perhaps

o1t is important to note, however, that all attempts to create a geographic reputation score should be fully
transparent, lest other forms of bias get implicitly or explicitly incorporated.

' https://github.com/jtsmn/uber_data_spatial_durbin_model
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“geosociotechnical auditing”) and needs to adopt approaches from both the algorithmic
auditing literature and the large literature on detecting bias in human decision-
making, e.g. the implicit bias reduction technique mentioned immediately above.

5.3.4. Task-specific vs. Global Pricing. Our results above suggest that UberX’s decision
to fix prices globally as a function of distance may have reduced pricing-related bias in
its platform relative to TaskRabbit, which at the time of our analysis allowed for per-
task pricing. Namely, whereas in TaskRabbit both price and willingness were entirely
dependent on human decision-making processes that are subject to bias, in UberX, this
is only true of willingness (manifest in wait times). TaskRabbit’s pricing model has
changed since our study and now more closely aligns with that of UberX. Specifically,
in most cases, workers now define hourly wages for categories of tasks, and are
algorithmically presented to task requesters. As such, it is likely that the price-related
biases we identified above are either reduced or manifest differently in the design of
the TaskRabbit platform that is current as of this writing (like many sharing economy
platforms, TaskRabbit is frequently changing its pricing structure).

However, basic economics tells us that price and willingness are not independent,
and the relationship between the two was specifically addressed by a number of our
TaskRabbit participants above. Specifically, when price controls are employed,
shortages can emerge [Taylor 2006]. As such, if a sharing economy platform uses fixed
pricing, and these prices are set too low for tasks in a specific area for whatever reason
(e.g. distance, mental maps), willingness will likely drop in this area. This could,
indeed, be a factor behind some of the relatively large wait time effect sizes observed
in our UberX models. Better understanding the relationship between price and
willingness in the context of the geosociotechnical design of pricing models is an
important area of future work. Reimagining our work under a variety of different
pricing models would be a good place to start.

5.4 Other Areas of Future Work

5.4.1 Gender and the Sharing Economy. One critical area of future work highlighted by
this research is further examination of the relationship between gender and the
sharing economy. We found in our TaskRabbit research that women were significantly
less likely to be willing to do a task than men (willingness rates were about 20% lower).
While we hypothesized that the effects associated with discomfort and mental maps
may be exacerbated for women, resulting in the 20% difference, future studies will be
necessary to (1) confirm this difference in other sharing economy contexts and (2)
isolate its cause. The import of investigating these two points cannot be understated:
if willingness is lower for women, it could have important effects on women’s ability to
earn comparable amounts as men in the sharing economy: with less competition in
areas perceived to be unsafe, men could charge higher rates. There have also recently
been high-profile developments associated with the relationship between gender and
the sharing economy that are worth studying and that may provide key sources of
qualitative and quantitative data with regard to these issues, e.g. a ride-sharing
service designed explicitly to serve the safety needs for women passengers by
specifically hiring women drivers [Farivar 2016].

5.4.2. Temporal Bias in Access to Sharing Economy Services. In our UberX analyses, we

observed that UberX was launched in a higher SES portion of the Chicago region before
it became available to the metropolitan area more widely. This is a pattern we see at
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a more global geographic scale as well, with many sharing economy platforms
launching first in relatively high-SES, high-density metropolitan areas (e.g. San
Francisco, New York) before their developers open them up to other metropolitan
areas.

Relative to some of the other challenges associated with the sharing economy
identified in this article, this ‘temporal bias’ is likely less significant, assuming wide
launches eventually occur. However, one concern we have is that this temporal pattern
may lead to higher SES individuals gaining first mover advantages both as consumers
and microentrepreneurs, e.g. with regard to reputation socres. Better understanding
the launch patterns of sharing economy platforms (and other geographic technologies,
more generally) and their possible follow-on effects could be a valuable direction of
future work.

5.4.3. Putting Sharing Economy Bias into Context. This article 1s interested in
understanding the relative effectiveness of the sharing economy in different areas and
the geographic mechanisms behind this variation, not in comparing the effectiveness
of sharing economy platforms with their traditional economy equivalents. It may be,
for instance, that UberX has significantly lower wait times than traditional cab
companies in all areas of Chicago, regardless of the demographic makeup of a
neighborhood. Similarly, TaskRabbit may open up new opportunities for acquiring
low-cost paid help in small low-SES areas near high-SES regions.

Given that it is widely believed that sharing economy services will substantially
displace their traditional economy equivalents in the near- and mid-term future
[Milbourn 2015; Bernstein 2015], understanding the geographic variation in the
effectiveness of these services is critical. However, many sharing economy-related
debates have been framed as a comparison with traditional economy competitors. As
such, it is important that future work provide much-needed robust data points with
respect to this comparison. The methodological frameworks we developed above can be
used for studies of this type. For instance, one could adopt our TaskRabbit experiment
to collect data from taxi drivers. Similarly, our spatial Durbin modeling approach could
be used with large-scale trip data collected by taxi companies and obtained by
municipal governments [New York City Taxi & Limousine Commision 2016]. Indeed,
we have completed early work comparing UberX to New York City’s green and yellow
cabs. This research suggests that UberX provides better service to areas with large
minority populations compared yellow cabs. However, green cabs, which serve outer
boroughs, significantly outperform UberX in this respect.

Of the comparisons between sharing and traditional economy services that have
been made [Rivoli 2016; Avila 2016; Love 2016], one important factor has tended to be
excluded: the informal economy services that often arise to address limitations in
traditional economy services (e.g. [LeBlanc 1999; Resnick 2004; Suzuki 1985]). For
instance, ‘vernacular cabs’ [Suzuki 1985] — ride-hailing services that are informally
organized and have “fares based on negotiations or ‘gentlemen’s agreements™ — have
existed in many low-income areas in the United States for years [Suzuki 1985]. In
many ways, vernacular cabs (and related systems like sluglines [McDonald and
Shubert 2016]) can be considered “peer-to-peer UberX” and their relationship to
(digital) sharing economy services and traditional economy services should be a
consideration in any comparative analysis of the sharing and traditional economies.

Vernacular cabs also present several intriguing possibilities for sharing economy
researchers and practitioners. Can we develop technologies to support these networks
in addition to (or instead of) attempting to adapt centrally-run commercial sharing
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economy platforms to be more effective in low-SES areas? What would be the effect of
having separate platforms for low-SES and high-SES areas? Would a peer-to-peer
model work well in high-SES areas? Given the limited amount of information about
vernacular cabs, likely the first step in this research direction is formative qualitative
work on vernacular cab networks with an eye towards implications for design.

5.5. Limitations

The sharing economy is currently the subject of much political debate (e.g. [Foroohar
2016; O’Connor 2016; Craver 2016; Mihalopoulos 2016; Cornfield 2016]) and there are
many sensitive issues associated with the socioeconomic and demographic factors
examined in this work. As such, it is critical that readers consider the limitations of
our research, especially when utilizing our research to inform their opinions about the
politics surrounding the sharing economy. We outline the most important of these
limitations below.

First and foremost, as is noted above, this work focuses exclusively on comparing
the relative effectiveness of sharing economy platforms across various geographies; it
does not examine the effectiveness of these platforms with respect to competing, non-
sharing economy industries. This consideration is most important for our UberX
results: although we showed that, for instance, within the city of Chicago (and possibly
Cook County-wide) wait times are higher in poor neighborhoods, additional research
needs to examine whether these wait times are higher or lower than that of taxis.
However, regardless of the current geographic effectiveness of the sharing economy
relative to traditional economy competitors, this paper has identified structural
geographic biases in the sociotechnical design of multiple sharing economy platforms.
This suggests that unless these biases are addressed directly, they will persist in a
world in which the traditional economy competitors to sharing economy platforms no
longer exist.

Secondly, in this paper, we have limited our focus to two specific commercial
sharing economy systems. Researchers have also studied non-commercial sharing
economy systems [Bellotti et al. 2014; Shih et al. 2015], and it is unclear whether the
removal of explicit financial incentives would alter geographic dynamics in the sharing
economy. Similarly, while this article furthers efforts in the HCI community to
consider more than one platform when examining a new sociotechnical phenomenon
(e.g. [Antin et al. 2011]), it was not possible to study all major commercial sharing
economy platforms (let alone ones that may become prominent in the near future).
Moreover, both TaskRabbit and UberX are frequently changing their geosociotechnical
designs, creating variation even within these two platforms. Fortunately, the
methodological frameworks outlined in this article provide guidance in engaging in
further geographic sharing economy studies, whether these involve comparing
commercial and non-commercial platforms, examining the effects of a design change,
or investigating other related research questions. Researchers can also use our open-
source geostatistical modeling infrastructure from our UberX analysis to examine a
variety of sharing economy platforms in a variety of urban areas around the world
(assuming spatially-referenced demographic information is available).

Third, although the sharing economy has spread to thousands of cities in dozens of
countries, this study focused on one metropolitan area in a single country. Future work
should seek to explore our research questions in other U.S. metropolitan areas and in
metropolitan areas around world, especially those with significant different urban
structures than exist in the United States [Brunn, Jack Francis Williams, et al. 2003].
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Fourth, now that we have established a foundation for the role of the four
geographic principles considered here, researchers should likely consider these
principles on an individual basis in more detail than we have done here. For instance,
repeating some of the early work done on mental maps and the factors behind them
(e.g. crime rates, perceptions of crime rates, media exposure) with sharing economy
microentrepreneurs would shed a more detailed light on our findings.

Fifth, our TaskRabbit results relied on self-reported data rather than behavioral
data. That is, we asked workers to indicate how much they would charge and whether
they would do a task, rather than observing outcomes. Future work could seek to
replicate our experiment with tasks that are fully completed. Similarly, our
TaskRabbit study did not differentiate between ‘preferred mode of transportation’ and
‘most common mode of transportation’ (i.e. a person could ‘prefer’ a mode of
transportation that they did not often utilize). Although this was unlikely to be an
issue, future studies could improve upon ours by measuring the mode of transportation
that participants actually use to complete tasks.

Finally, we believe that longitudinal analyses that expand the static snapshots in
this paper are important directions of future work. The sharing economy is an
incredibly fast-moving space: adoption rates are growing both on the consumer and the
microentrepreneur side, policy is shifting, and (as noted above) geosociotechnical
designs are constantly changing. It is unlikely that geography’s role in sharing
economy effectiveness will decline. However, the character of geography’s role may
change as the sharing economy develops.

6. CONCLUSION

In this article, we have demonstrated how four geographic principles — the “Big
Sort”, variation in population density, distance decay, and mental maps — result in
structural geographic biases in the effectiveness of the sharing economy. These biases
lead sharing economy services to be both more expensive and less available in low-SES
areas and suburban areas than in high-SES and high-density urban areas. Moreover,
SES and race/ethnicity are often strongly correlated in many parts of the world, and
we observed that, at least in the city of Chicago itself, areas in which the population is
more white (non-Latino) have better access to sharing economy services.

Overall, this article provides evidence that (1) in the sharing economy, geography
matters, and geographic principles should be strongly considered in examinations of
the sharing economy and (2) one way in which the importance of geography manifests
is that key geographic principles interact with common design decisions in sharing
economy platforms to create important biases in the effectiveness of the sharing
economy. As discussed above, engaging with both of these takeaways can lead to
‘geosociotechnical’ design improvements in sharing economy platforms that reduce
these biases, among other benefits.
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