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This dissertation examines how algorithmic metrics become sources of labor
control and resistance in the gig economy. Using a qualitative multi-case study
approach, this dissertation investigates (a) how labor platforms use metrics to govern
their distributed workforces and (b) how digitally-enabled service workers encounter,
interpret, and manage metrics as part of their daily work practices and service
interactions. Drawing on the discursive analysis of platforms’ corporate discourses and
in-depth interviews with 50 workers in the United States, this project examines and
compares workers’ practices across three kinds of labor platforms, namely, ride-
hailing platforms, TaskRabbit, and delivery platforms. These platforms are built
around algorithmic metrics that entail constant monitoring and surveillance of
workers’ performance, while platform-based labor processes and the visibility of
metrics vary across the three cases. | argue that metrics, particularly customer ratings,
rationalize and reinforce the management of workers by customers through the
production of work-related uncertainty and anxiety. Meanwhile, | find that workers
learn to strategically manage their customers before, during, and after service

interactions to reduce work-related uncertainty, and thus maintain their autonomy. |



also discuss how worker-to-worker online communities emerge as important social
spaces for workers to share strategies and feel connected. Furthermore, | explore how
socio-technical features of labor platforms and workers’ economic dependence on the
platform shape the disciplinary outcomes of metrics. Taken together, this dissertation
offers a comparative lens for understanding the role of algorithmic metrics in shaping
the trilateral relationship between platform owners, service workers, and customers in
the gig economy. It also underscores the need to rethink how metrics, and more

broadly, digital data transform the service triangle in workplaces.
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CHAPTER 1
INTRODUCTION

Noel' was an Uber driver in Louisville and completed over 4,400 rides
between 2016 and 2018. He started driving for Uber because the platform allowed him
to work on his own schedule and spend more time with his family. He considered
Uber as a part-time job and set a goal to make $100 per day. He maintained an almost
perfect customer rating—4.98 out of 5-star rating for his last 500 rated ride—but he
still paid close attention to his rating. The rating, for him, was “a reflection of the
service that you provide and a reflection of your reputation as a driver amongst all the
other drivers.” He told me, “it will ruin my whole day if I get a bad rating.” Despite
his high rating, he said, “[t]here’s always room for improvement each time ... That’s
my goal to improve my rating as a driver, because that’s my reputation. That’s what
motivates me to be a good driver. It’s my rating.” To this end, he stated, “I try to treat
my customers with the most respect that I possibly can ... I treat them as if they were
my boss.”

Carter was a DoorDash delivery driver in Massachusetts. He began working on
the platform in 2018. His mother and younger brother were also DoorDash drivers.
Alongside his full-time job as a medical biller, he worked for 40 hours on DoorDash
in a typical week. While he enjoyed interacting with the customers, he was under
pressure to maintain the overall customer rating. As he described, the customer rating
was “a very fuzzy number.” He said, “A couple of months ago I was shunted from

4.60 to 4.75. And within a day ... two days later, my customer rating dropped by 4.60,

! 1 assigned pseudonyms to all of the interviewees to protect their identities.



which I couldn’t even explain it.” The platform did not explain the sudden change in
his rating and rarely provided customer feedback. The lack of such information, for
Carter, was “the biggest problem” on DoorDash and prevented him for “improving”
himself “to do better job next time.”

Unlike working for Uber or DoorDash, Kooper and other Taskers can set their
hourly rate and communicate with their prospective clients before accepting a request
on TaskRabbit. While Uber and DoorDash rely on ratings to determine whether one
can continue working on the platform, TaskRabbit’s metrics indirectly affect the
platform’s suggested hourly rate for Taskers and the visibility of their online profiles.
Compared to Noel’s and Carter’s fierce attention to their ratings, Kooper—a nine-year
Tasker who was mainly hired for house cleaning, furniture assembly, moving, and
delivery services in Los Angeles—seemed to care less about his metrics. Many of the
metrics, such as the acceptance rate and response rate, were out of his control.
Specifically, TaskRabbit’s algorithm determines how quickly a Tasker responds to
requests on the platform, whereas customer feedback only affects the Tasker’s
reliability rate and 5-stars rating. Yet, metrics and service interactions remained
important in Kooper’s experience. As he said, “If you have over a certain rating, your
profile is higher in the search engines.” When asked about his strategies for getting
positive ratings, he said, “over-communication has been my trademark.” He worked
hard to manage the expectations of his customers before and during service
interactions, including discussions about the price threshold, the length of the task, and
the details of the task.

Noel, Carter, and Kooper worked for different on-demand labor platforms



where their platform-based metrics, and more broadly, digital data are subject to
distinct design and incentive structures (i.e., rewards and sanctions). Nevertheless,
they had similar struggles to interpret and manage their metrics in their daily work. In
this dissertation, I use “metrics” as an umbrella term to describe the quantitative
outputs about one’s performance that are generated and processed by labor platforms.
Platforms also determine the (in)visibility of metrics; specifically, what metrics make
visible, to whom, and for what purposes. Here, metrics refer to socio-technical
artifacts that classify, commensurate, and discipline workers’ differences at a distance
through the production and distribution of numbers. In the gig economy, the most
common metrics are customer-sourced ratings—such as the one discussed in the
stories from Noel and Carter—which enable service recipients to evaluate workers’
performance, often using a common, numeral 5-stars scale. Yet, metrics do not
necessarily involve a direct input from customers; for example, platforms may rely on
their algorithms to calculate one’s acceptance rate, cancellation rate, and response rate.
As such, all of these metrics | studied in this project are algorithmic, as they are the
outputs generated by algorithms and made visible to workers. In this project, | argue
that metrics are not simply about “subjective” or “objective” representation of one’s
performance. Instead, | focus on processes through which metrics re-shape power-
relations between platforms, workers, and customers, especially when metrics are
connected with algorithmic direction and discipline.

Quantification and evaluation have long been central to labor management in
manufacturing and service workplaces, closely associated with processes of

surveillance discipline (Ajunwa et al., 2017; Ball, 2010; Braverman, 1974; Edwards,



1984; Frenkel et al., 1995; Moore, 2018). The emergence of the gig economy
amplifies labor control through the reliance on algorithmic technologies (Gandini,
2019; Kellogg et al., 2020; Vallas & Schor, 2020). On the one hand, labor platforms
deploy algorithmic metrics to monitor their distributed workforce (Gandini, 2019;
Rosenblat, 2018a; Rosenblat & Stark, 2016; Ticona & Mateescu, 2018). On the other
hand, workers respond to such technologies of evaluation through compliance,
informal collaboration, gaming, and resistance, at individual and collective levels
(Anwar & Graham, 2020; Bucher et al., 2021; Cant, 2020; Chen, 2018; Gray & Suri,
2019; Petre et al., 2019; Rosenblat, 2018a; Scholz, 2017; Ziewitz, 2019).

Against this backdrop, this dissertation explores the tensions between metrics
as technologies of labor control and workers’ reactive practices towards metrics across
labor platforms in the gig economy in the United States. This project focuses on what |
call digitally-enabled service workers. Regardless of working as an Uber driver, a
DoorDash delivery driver, or a TaskRabbit Tasker, their primary tasks are matched
and mediated via digital labor platforms (De Stefano, 2016) and involve direct social
interactions with customers. Workers and customers encounter digital data before
interacting with one another. Hence, digital data, particularly metrics may set their
expectations of social interactions.

There are three reasons for studying metrics and digitally-enabled service
workers in the gig economy. First, theorizations of the “reputation society” (Masum &
Tovey, 2011), “reputation economy” (Gandini, 2016; Hearn, 2010), “metric society”
(Mau, 2019) and “metric power” (Beer, 2016) highlight how metrics become emergent

forms of capital that re-organize our social and economic life (see also Fourcade &



Healy, 2017). Metrics predate the digital era. Taylorism and scientific management
represent a precursor of the quantification of work. That said, not all forms of metrics
are generated by algorithms. Productivity metrics, for instance, can be simply
expressed as the numbers of units a worker produce within a certain time frame. This
does not necessarily involve any computational calculation and evaluation.

Outside of the workplace, credit ratings, censuses, and bestseller lists for
cultural products? have existed for a while (Blank, 2007; Carruthers, 2013; Hearn,
2010; Mennicken & Espeland, 2019). Dating back to the 1990s, e-commerce sites
such as eBay developed online ratings and reviews to build trust among buyers and
sellers (Dellarocas, 2003). In anonymous online marketplaces, buyers and sellers are
total strangers. If there is a lack of trust, economic transactions will not happen. From
an economic perspective, online ratings and reviews—which can be considered
“digitalized word-of-mouth (Dellarocas, 2003)—can hold buyers and sellers
accountable by making their reputational information visible to a community of users
(Tadelis, 2016). Online rating and reviews can also generate implicit and explicit
signals to help socialize new users to conform to the community standard (Lampe,
2012). More recently, we are witnessing a rapid expansion of digital metrics outside of
e-commerce sites (Esposito & Stark, 2019). Popular media narratives—such as the
Black Mirror’s “Nosedive” and coverages about the gig economy (e.g., Dzieza, 2015;
Mahdawi, 2016)—have envisioned dystopian futuristic worlds wherein our life

chances are dependent on how others rate us. An inquiry into gig workers’ practices

2 Consider, for instance, audience measurement ratings which can be used to measure and
represent audiences’ media exposure to a particular cultural product (Buzzard, 2012).



contributes to broader scholarly and popular debates on the impacts of metrification.

Second, the workplace is one of the spheres that is increasingly datafied:
algorithms and the digital data they process affect labor processes from hiring
(Ajunwa & Greene, 2019; Raghavan et al., 2020) to work assignment (Gandini, 2019;
Lee et al., 2015) to performance evaluation and job termination (Kellogg et al., 2020;
Rosenblat, 2018a). The deployment of algorithmic technologies does not only exist in
expert occupations but also service workplaces. Yet, compared to knowledge workers
such as educators (Espeland & Sauder, 2007, 2016; Muller, 2018), medical
professionals (Maiers, 2017), and journalists (Anderson, 2011; Christin, 2018, 2020a;
Christin & Petre, 2020), service workers have less autonomy (Ticona, 2015) to resist
the influences of algorithmic metrics, due to the lack of recourse, organizational
support, and professional expertise.

Third, the emphasis on service workers allows us to situate metrics into a
“three-way contest for control and satisfaction” (Leidner, 1993, p. 22) in service labor
processes. As sociologists of service work have long argued, employers, workers, and
customers have their own interests, which can affect the performance of emotional and
interactive labor (Hochschild, 1983/2012; Korczynski, 2009a; Leidner, 1993; Lopez,
2010). The routinization of service interactions requires the platform, workers, and
customers to coordinate their performance. In theory, metrics not only enable labor
management by customers but also incite the management of customers. As in the
stories of Noel and Kooper, they learned to manage their customers and service
interactions, in part due to the pressure for scoring well. Metrics, meanwhile, are what

Beer (2016) calls “affective measures™: “[m]etrics are communication with purse and



intention” that provokes particular forms of emotional responses to favor productivity
and market competition (p. 197; see also Espeland & Sauder, 2016; Mau, 2019;
Muller, 2018). The feelings of uncertainty and anxiety incite workers to play by the
rules, strategically manage their customers, and resist the influences of metrics.
Although many labor platforms use metrics to transform workers’ performance into
numbers, metrics do not necessarily come with same disciplinary outcomes. Metrics
matter when workers are aware of being measured and take them seriously as part of
their daily work practices.

The primary objective of this project, therefore, is to provide a comparative
assessment of the power dynamics underpinning the management, interpretation, and
uses of metrics in platform-specific calculative spaces. An over-arching question that
guides this project is: How do algorithmic metrics perform as technologies of control
and resistance in gig workers’ everyday work practices? Here, resistance is broadly
defined as workers’ attempts to maintain work autonomy and re-claim a sense of
control over the labor process. An underlying premise is that the powerless groups,
particularly service workers often undertake hidden, offstage, and subtle forms of
resistance to protect themselves from sanctions (Anwar & Graham, 2020; Hodson,
1995; Scott, 1990; Ticona, 2015; Woodcock, 2017). This conceptualization enables
me to examine different moments where workers attempt to claim their agency
(Woodcock, 2017). Based on this over-arching question, | explore the following sub-
questions:

1. How do platforms use metrics to govern their distributed workforces?



2. How do workers interpret and manage metrics as part of their daily service

interactions and work practices?

3. What are the factors that shape workers’ interpretation and uses of metrics

across labor platforms?

To address these questions, | use a multi-case study approach to explore gig
workers’ practices around three types of labor platforms: ride-hailing platforms (Uber
and Lyft); TaskRabbit, an on-demand temporary (temp) work platform; and on-
demand delivery platforms (DoorDash, Uber Eats, and Instacart). Using in-depth
interviews with 50 gig workers and the discursive texts related to these platforms (e.g.,
company documents and popular press articles), | examine and compare (a) how
platforms justify their uses of algorithmic metrics and (b) how workers strategically
interpret and use these metrics for practical purposes. While existing studies have
examined the tensions between platform governance and workers’ practices on labor
platforms discretely, this project offers a comparative assessment of workers practices
across labor platforms. Indeed, a few studies (Gray & Suri, 2019; Ravenelle, 2019;
Schor, 2020; Wood et al., 2019) conduct comparative analysis of labor platforms and
offer valuable insights into the impacts of algorithms on workers. Building on these
studies, | focus on how metrics, and more broadly, algorithmic evaluation takes place
and shape labor processes in the gig economy. This project argues for the need to
rethink how metrics, and more broadly, digital data transform the service triangle in
workplaces. As many of the interviews with workers were conducted during the
COVID-19 pandemic, this project may also contribute to understanding how workers

navigate metrics amidst the time of crisis.



I will describe each case later in this chapter and offer a methodological
justification in Chapter 3. In the three cases, workers must interact with digital data
and their prospective customers in their daily work. Each case represents a distinct
type of service work, incentive structures (i.e., rewards and sanctions that are
connected with metrics), and visibility of metrics. For example, TaskRabbit Taskers’
metrics are visible to their prospective clients, whereas Uber and Lyft drivers’ metrics
remain only visible to themselves in most cases. Moreover, metrics have various direct
and indirect outcomes across these platforms. These differences can be usefully
analyzed as distinct socio-technical assemblages (Ettlinger, 2018; Gillespie, 2014;
Kitchin, 2017) around workers’ interpretation and uses of metrics. All of the platforms
| studied, except Instacart, offer rewards programs that require workers to maintain a
certain level of metrics. The comparative analysis allows us to paint a vivid picture of
why metrics matter and how they may reinforce unequal power-relations in the gig
economy.

The Rise of the “Gig Economy”

I now turn to discuss what | mean by the gig economy and situate it into
broader popular and scholarly debates around non-standard and precarious
employment. Following Woodcock and Graham (2020)’s conceptualization, | define
the gig economy as “labor markets that are characterized by independent contracting
that happens through, via, and on digital platforms” (p. 11). There are various
definitions of platforms, as corporations strategically frame and legitimize their
services and data practices on a discursive level (Gillespie, 2010). According to van

Dijck, Poell, and de Waal (2018), platforms are “fueled by data, automated and



organized through algorithms and interfaces, formalized through ownership relations
driven by business models, and governed through user agreements” (p. 8; italics
original). In the gig economy, labor platforms are firms that provides socio-technical
infrastructures (e.g., mobile applications and algorithms). They rely on such
infrastructures and user agreements for organizing labor processes. Meanwhile,
platforms are the sites where workers encounter digital data and use them for work-
related purposes. In other words, labor platforms’ algorithms match and mediate
economic transactions between independent contractors and service recipients (e.qg.,
Uber/Lyft rides, Uber Eats/ DoorDash/ Instacart delivery orders, and TaskRabbit
tasks) (Vallas & Schor, 2020; Woodcock & Graham, 2020). Under this
conceptualization, work tasks can be performed offline or online, but this project
mainly discusses gig work that involves some forms of in-person service interactions
with customers.® In what follows, | want to briefly discuss popular discourses about
the gig economy to contextualize the project.

Over the past decade, the “gig economy” has emerged as a buzzword to
highlight how the rise of digitally-enabled independent contracting and short-term
work arrangements is “disrupting” our workplaces and potentially becoming “the
future of work” (Horowitz, 2011; Mulcahy, 2019; Schwartz et al., 2016; Volkin,
2020). “Gig”—originally a slang that means “the short-term arrangements typical of a

musical event” (Woodcock & Graham, 2020, p. 11; see also Baym, 2018)—has been

3 Examples of gig work that is performed entirely online include freelancing platforms (e.g.,
Upwork) and on-demand crowdwork or what Gray and Suri (2019) call ghost work platforms
(e.g., Amazon Mechanical Turk). Indeed, the typology of crowdwork is also in flux; for
instance, Howcroft and Bergvall-Kareborn (2019) consider Uber and TaskRabbit as a form of
asset-based crowdwork.
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rebranded as flexible employment opportunities and entrepreneurship (Prassl, 2018) in
popular business discourses: be your own boss and work anytime you want. For
example, Sara Horowitz, the founder of Freelancers Union, wrote in 2011,
It’s been called the Gig Economy, Freelance Nation, the Rise of the Creative
Class, and the e-conomy, with the “e” standing for electronic, entrepreneurial,
or perhaps eclectic. ... No longer do we work at the same company for 25
years, waiting for the gold watch, expecting the benefits and security that come
with full-time employment. We’re no longer simply lawyers, or photographers,
or writers. Instead, we’re part-time lawyers-cum-amateur photographers who
write on the side ... This transition is nothing less than a revolution.
In 2012, Diane Mulcahy, an adjunct lecturer at Babson College and a management
consultant, began to teach a course entitled “Entrepreneurship and the Gig Economy”
(Cheng, 2019; Mulcahy, 2019) and later published a book to advise people on how to
thrive in the gig economy. Cheng (2019), a reporter for Quartz, found that college
career services centers at the University of Texas-Austin (UT Austin) and Wellesley
College started to offer advice on gig work. Not surprisingly, the two quoted career
services centers focused more on freelancing career than digitally-enabled service
work. Yet, UT Austin’s Liberal Arts Career Services suggested students “driving for
ride-hailing companies or working for delivery services like Instacart,” when they
need a part-time job to “make extra money while in school” (Cheng, 2019).
Alongside popular business discourses, “Uber for X” (Schor, 2020; Srnicek,
2017) was once a prominent business model that attempted to pitch for venture capital

funding. As Webb (2016) found on a database for startups and angel investors, “526
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companies included “Uber for” in their listings,” varying from medical services to
legal services to cleaning to dog walking. In 2019, Madrigal (2019) tracked the
development of 105 “Uber for X companies in the United States and found that they
received $7.4 billion investment from venture capital firms. About half of these
startups no longer exist or are acquired by other companies. For instance, TaskRabbit,
one of the cases in this dissertation, was acquired by IKEA in 2017. This is not to
argue for or against the “Uberization” discourse (Scholz, 2017; c.f. Ticona &
Mateescu, 2018), but to highlight that all of these independent and temporary work—
from freelancing to on-demand legal services to ride-hailing—fall under the umbrella
of the gig economy.

The vague definition results in varied estimates about the size of the gig
economy, varying from 0.7% to 40% of the American workforce. Other reasons for
the difficulty in estimation are that gig workers may consider platform work as a side
gig and they work on multiple platforms at the same time (Woodcock & Graham,
2020). The “Gig Economy Data Hub” (2020) collected a variety of data sources about
the gig economy. The largest estimate (i.e., 40%) came from the analysis of the 2010
General Social Survey data, but it included part-time workers, contract company
workers, and independent contractors (US Government Accountability Office, 2015).
Drawing on a sample of 39 million Chase checking accounts between 2012 and 2018,
the JP Morgan Chase Institute found that about by March 2018, 1.6% of adults had
generated income from an online platform at least once in the past month (Farrell et
al., 2018). The transportation platforms accounted for over half of the transactions

(56%; about 150 million dollars). Situating the gig economy into the global context,
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Oxford’s “Online Labour Index” (Ké&ssi & Lehdonvirta, 2018) tracks changes in the
number of freelancing tasks and projects on Fiverr, Freelancer, Guru, and
PeoplePerHour. Between May 2016 and January 2021, the number of new tasks has
grown about 40%. Drawing on a review of existing studies of the gig economy in
North America and Europe, an OECD study found that the digitally-enabled gig
economy accounted for approximately 1% to 3% of employment (Schwellnus et al.,
2019).* A more recent estimate from The Fairwork Project (2020) suggests that there
are up to 55 million gig workers around the world.> The estimated size of the gig
economy has likely gone up during the COVID-19 pandemic.

What do the varying estimates tell us about the gig economy? First, at least
millions of gig workers are, to a certain extent, working on a digital labor platform
where they must make sense of the platform-based algorithms and data. Second, the
rough estimates suggest that the gig economy only accounts for a small portion of the
workforce and it is not yet replacing traditional employment, though it seems to
prevail in corporate discourses about the “future of work™ (van Doorn, 2017). It is out
of the scope of this dissertation to interrogate such discursive work (Prassl, 2018), but
such discourses may speak to a wider concern over the expansion of precarious work

(Ravenelle, 2019; Scholz, 2017; Vallas & Schor, 2020; Woodcock & Graham, 2020)

* The definition of the gig economy in this report is similar to the one that | use in this
dissertation. Schwellnus et al. (2019) define gig economy platforms as “two-sided digital
platforms that match workers on one side of the market to customers (final consumers or
businesses) on the other side on a per-service (“gig”) basis (p. 6).

®> The estimate was ranged from 14 to 55 million gig workers. The Fairwork Project (2020)
suggests “the upper number increases to nearly 440 million workers when country-specific
estimations for the size of local gig economies are incorporated into the calculation” (p. 12). It
claims that the details about the calculations will be provided in a forthcoming paper.
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and potentially the fear of having an “algorithmic boss” (Rosenblat, 2018a).
What is New About the Gig Economy?

Short-term, on-demand, and temporary work arrangements are core
characteristics of the gig economy. Platforms position themselves as digital
intermediaries between the demand and supply of labor rather than employers to
distance to shift risks and responsibilities to workers (Bieber & Moggia, 2020;
Fleming, 2017; McDonald et al., 2020; Stanford, 2017; van Doorn, 2017). From the
perspective of platform owners, labor platforms are “disruptive” innovations that
promise to liberate independent contractors from traditional bureaucratic labor
markets. DoorDash’s (n.d.-a) sign-up page for drivers has the tagline: “Your time.
Your goals. You’re the boss.” What a driver needs “is a mode of transportation and a
smartphone to start making money.” TaskRabbit (n.d.-a) conveys a similar message
and states, “With TaskRabbit, you have the freedom and support to be your own
boss.” While much has been written about how platforms fail to realize such promises
(e.g., Ravenelle, 2019; Rosenblat, 2018a), it is vital to note that people’s desire for job
flexibility is one of the motivating factors that make the gig economy possible
(Woodcock & Graham, 2020). Throughout my research, the interviewees like Noel
frequently mentioned flexibility as a key reason for working on the platform.

Scholars have argued that gig work, or more precisely, precarious work is
neither novel nor innovative. Precarious work, explain Kalleberg and Vallas (2018, p.
1), refers to “work that is uncertain, unstable, and insecure and in which employees
bear the risks of work ... and receive limited social benefits and statutory protections”

(italics original). It has been expanding across occupations since the 1970s, driven by
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de-unionization, financialization (e.g., the emergence of outsourcing and downsizing),
globalization, and digitalization (Kalleberg, 2009; Kalleberg & Vallas, 2018). Indeed,
precarious work has an even longer history than standard employment. As Kalleberg
(2009) argues, “the postwar period (up until the mid-1970s) was unusual for its
sustained growth and stability” (p. 5; see also Neilson & Rossiter, 2008). Much like
other forms of precarious workers (Standing, 2011), gig workers often lack labor-
related protection such as employment, economic, and representation securities
(Gregory, 2021; McDonald et al., 2020; Ravenelle, 2019). The gig economy,
therefore, may simply reveal “a digital version of the offline atypical, casual,
freelance, or contingent work arrangements” (Kalleberg & Dunn, 2016, p. 11).

What distinguishes gig work from other forms of precarious work is that labor
platforms offer “a convenient, readily available infrastructure with which to limit the
firm’s obligation to the workforce on which it relies” (Vallas & Schor, 2020, p. 278;
see also Kalleberg & Dunn, 2016). There are two notable aspects of platforms’
infrastructures in the scholarly literature. First, platforms are “multi-sided” (Rochet &
Tirole, 2003), meaning that their businesses are only valuable when they can attract a
large number of workers and consumers to use their infrastructures. Pinpointing
platforms as “a new type of firm” (p. 48), Srnicek (2017) argues that platforms rely on
the accumulation of network effects and data extraction to achieve market dominance.
As a monopolistic labor platform can reach a massive amount of consumers and
workers, it has the potential to transform the economy sectors they enter and alter

regulatory infrastructures in favor of their operation (Culpepper & Thelen, 2020;
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Pollman & Barry, 2017; Rahman & Thelen, 2019).°
Second, of particular importance in this dissertation is concerned with the role

of algorithms and digital data in transforming labor processes in the gig economy.
Algorithms seemingly replace human managers to direct, evaluate, and discipline gig
workers (Kellogg et al., 2020; Lee et al., 2015; Rosenblat, 2018a), which can in turn
result in workers’ feelings of instability and insecurity (Duffy, 2020; Malin &
Chandler, 2017). Of course, this is not the first time “new” technologies have
reorganized work activities (e.g., Barley, 1985; Hall, 2010; Smith, 2015).
Corporations, for example, often introduce surveillance technologies for monitoring
the pacing of work tasks in the name of care (Sewell & Barker, 2006). Long before the
emergence of the gig economy, workers are reportedly subject to what Frenkel et al.
(1995) call “info-normative control,” meaning that the seemingly “objective”
performance indicators set normative standards for controlling workers’ performance.

Nonetheless, algorithmic management of digitally-enabled service workers
rests upon a trilateral relationship between platform owners, workers, and customers.
On the one hand, platform owners must consider how to measure and evaluate the
performance of their distributed workforces. The evaluation of workers is not just
about labor management, but also about building trust with consumers and
maintaining the quality of services in anonymous marketplaces. On the other hand, it

is true that platform owners can continuously collect workers’ real-time data at a much

® As | focus on gig workers’ daily work practices, I do not plan to discuss the politics of
platform power here. Yet, | want to highlight this strand of literature as they point to a
distinctive feature of platform firms, as compared to traditional consolidated firms (e.g.,
General Motors) (Rahman and Thelen, 2019).
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larger scale than before (Kellogg et al., 2020). Such data, however, do not and cannot
guarantee that all service interactions are under total control and surveillance.
Therefore, platform owners need to enroll workers and customers “in the practices of
algorithmic management without managerial authority having been delegated to them”
(Stark & Pais, 2021, p. 47).

Algorithmic metrics, the objects under study, represent a key mechanism for
platforms to create calculative spaces for workers to modify their behaviors in
response to being evaluated by their customers. The information visibility of metrics
varies across labor platforms (e.g., Ticona et al., 2018). It is against this backdrop that
I examine the disciplinary impacts of algorithmic metrics. Like any forms of
standardization and quantification, metrics are “imperfect systems.” A standardized
evaluation system must define what counts and what does not count to transform
workers’ performance in different service interactions into numerical values that are
commensurable across social contexts (Espeland & Stevens, 2008; Esposito & Stark,
2019; Fourcade, 2011; Lamont, 2012). Nonetheless, gig workers must learn to
navigate such “imperfect” systems and manage service interactions. How, then, do
metrics become a form of social knowledge that enable labor platforms to exercise
uneven influences on workers’ practices? Accordingly, this dissertation considers the
implications of algorithmic labor control and resistance in the gig economy.

Current Trends in the Gig Economy

Throughout my research between 2017 and 2021, there are three important

trends in shaping the development of the gig economy. These on-going trends are

essential for understanding the empirical importance of the gig economy and
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contextualizing this project.

First, several labor platforms have become public companies via an initial
public offering (IPO). Ari Levy (2020) created a list of the biggest IPOs for tech
companies by 2020. Lyft went public in March 2019 and raised $2.6 billion (ranked
no. 8 all-time by 2020). Uber is the second biggest tech IPO (since Facebook in 2012)
and raised $8.1 billion in 2019. DoorDash’s 2020 IPO also raised $3.4 billion (ranked
no. 7). Instacart is also planning to go public in 2021 (Bosa & Batchelor, 2021). Going
public does not necessarily mean that their businesses are profitable. In 2018, 81% of
U.S. companies filing IPOs were unprofitable (Molla, 2019). The gig economy is no
exception. Uber, for example, had a net loss of $1.1 billion in the first three quarters of
2020 (Uber Investor, 2020). Although DoorDash significantly expands its market
share in on-demand delivery services due to the COVID-19 pandemic, its IPO
prospectus revealed a net loss of $149 million in 2020 (Feiner, 2020). Yet, these
companies’ IPO prospectuses help us to better understand their business models: labor
platforms’ anticipated profitability is grounded in the worker classification of
independent contractors (see also Prassl, 2018). For instance, Lyft’s (2019) IPO
prospectus claimed that if drivers are classified as employees, it “could harm our
business, financial condition and results of operation” (p. 28). DoorDash (2020a) also
spent at least $30 million to support the “Prop 22” campaign in California to “obtain
certainty regarding worker classification matters” (p. 148).

This leads to the second trend about employment classification of gig workers.
Although I focus on gig workers’ day-to-day contestation of algorithmic labor

management, there are efforts underway to push for the reclassification of gig
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workers. One notable move is the passage of the California Assembly Bill (AB5) in
September 2019. This bill shall require labor platforms to reclassify gig workers as
employees, meaning that gig workers would have access to employment benefits such
as minimum wage, paid sick leave, and unemployment insurance. As a response, Uber
and Lyft threatened to shut down their services in California (Hawkins, 2020a). Later,
Uber, Lyft, DoorDash, Instacart, and Postmates sponsored the Proposition 22 (Prop
22) campaign, a ballot that pushed back the AB5. The campaign spent over $205
million, making it the most expensive ballot measure in California since 1999. It was
eventually passed in January 2021. While there are on-going lawsuits against the
ballot (Siddiqui, 2021), these series of events reveal the emerging political power of
labor platforms. Gig workers, however, remain classified as independent contractors.
Third, gig workers have been exposed to heightened health and financial risks
during the COVID-19 pandemic (The Fairwork Project, 2020). This situation has
become worse for ride-hailing drivers and gig work that requires a significant amount
of face-to-face interactions (Marshall, 2020; Marshall & Baker, 2020). In March 2020,
the Independent Drivers Guild’s survey found that drivers’ weekly income decreased
60% in New York City (Marshall, 2020). Furthermore, the University of Chicago
Harris School of Public Policy and the Associated Press-NORC Center for Public
Affairs Research (2020) conducted a nationwide survey and found that fewer
Americans used ride-hailing services during the pandemic (from 42% before the
pandemic to 16% after the pandemic). The demand for delivery services remained
largely the same. However, young adults and people with higher incomes reported an

increased frequency of using grocery delivery services. The supply of delivery
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workers, meanwhile, is burgeoning: Uber Eats reportedly had 36,000 new drivers in
New York between March and November 2020 (Freytas-Tamura, 2020), whereas
Instacart had doubled its shoppers to 500,000 since the pandemic (Lavietes & McCoy,
2020). As I will discuss in Chapter 3, this trend may be reflected in the interview
sample: many of the delivery workers I interviewed were newcomers, but they did not
plan to stay long in the gig economy. Workers’ dependence on the platforms,
therefore, shaped their reactive practices towards metrics.
Studying Platforms in a Comparative Perspective: An Overview of the Cases

| study three types of digitally-enabled service work. Table 1 offers an
overview of each case. For each case, | conducted in-depth interviews with gig
workers and drew on company websites and popular press articles to explore the
tensions between algorithmic labor control and resistance.

Table 1. Overview of Cases

Platforms  Service Algorithmic Visibility ~ Metrics-related
work matching process  of metrics  rewards and sanctions
for workers
Uber and Ride- Platforms matcha Only Both platforms have
Lyft hailing rider to a driver visibleto  drivers rewards
who is logged the account programs. Platforms
into the app. owners and may deactivate drivers

customers  with a rating lower
during a than a minimum

ride threshold.
TaskRabbit Temporary Workers create Visibleto  TaskRabbit has an
work their online the account  “Elite Tasker”

profile, owners and program for its
availability, and  all “highest rated
rate. Clients can prospective Taskers.” Taskers’
select and hire clients ratings may also
Taskers for a task. influence the visibility

of their online profiles
on the platform.

20



DoorDash, Foodand DoorDash and Only DoorDash and Uber

Uber Eats, grocery Uber Eats match  visible to Eats have delivery
and delivery a customer to a the account drivers rewards
Instacart driver who is owners programs. Instacart
logged into the does not have a
app. Instacart rewards program, but
shoppers can shoppers’ ratings
select batches in affect what batches
real-time. they can view.

Platforms may
deactivate workers
with a rating lower
than a minimum
threshold.

Uber and Lyft, the two major ride-hailing platforms, represent the first type of
digitally-enabled service work. From 2017 to 2020, | conducted in-depth interviews
with 21 Uber and/or Lyft drivers. Uber and Lyft have a similar labor process: using
their mobile apps, drivers can provide ride-hailing services to other users who request
a ride. Uber (2019a) and Lyft (2019) claim that their data-driven matching algorithms
could generate precise predications about the demand and supply of ride-hailing
services in real-time. According to the estimate of Second Measure (Yeo, 2021), Uber
had about 71% of ride-hailing spending in the United States, whereas Lyft had the
remaining 29% by December 2020. Although Uber and Lyft are competitors, the
majority of my interviewees (14 of 21) worked on the two platforms at the same time.
The work tasks of Uber and Lyft drivers are similar to that of taxi drivers, but their
performance is tracked by 5-star ratings, acceptance rates, and cancellation rates. Both
platforms allow drivers and riders to rate each other’s performance on a 5-star scale.
Uber calculates a driver’s average ratings based on the last 500 rated trips, whereas
Lyft only accounts for an average of the last 100 ratings.

Despite the difference in Uber’s and Lyft’s methods of calculation, their driver
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metrics have relatively a low level of visibility. Drivers can see their metrics, whereas
riders can look at their drivers’ 5-star ratings during their ride. Uber and Lyft use
drivers’ ratings to determine drivers’ employment opportunities and information
visibility. Additionally, Uber and Lyft have similar design in terms of their platform
interfaces and rewards program. Lyft’s rewards program has three tiers (Silver, Gold,
and Platinum), while Uber Pro program has four tiers (Blue, Gold, Platinum, and
Diamond). Lyft’s rewards program requires drivers to have a minimum rating of 4.9,
whereas Uber drivers must maintain at least a 4.85 rating to unlock their tier status.
Alongside the minimum rating thresholds, drivers need to earn points to unlock tiers in
a given 3-month period. Drivers can see more trip information before accepting a ride,
as they unlock tiers. However, drivers’ tiers are not directly connected with their pay
on the platform. By contrast, when drivers have an average rating lower than the
location-specific minimum threshold, they may receive a warning message from the
platform or be deactivated.

Founded in 2008, TaskRabbit is an on-demand temporary work platform. |
conducted interviews with 11 Taskers in 2020. As Scholz (2017) argues, “TaskRabbit
is now much closer to the model of a regular temp agency” (p. 48; see also Ravenelle,
2019). Taskers can be hired for a variety of tasks such as moving, cleaning, and
furniture assembly. Some of these tasks are outsourced by corporations. Unlike the
other two cases, the work of Taskers involves a significant amount of communication
with their clients before accepting and completing a Task. This is because clients can
have different expectations about a task; for example, how long a task should take and

what tools a Tasker should prepare for and use for a task. After completing a task,
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Taskers will be rated by their clients on a 5-star scale. Taskers need to create their
online profile, set their hourly pay rate, and post their availability on the platform. A
Tasker’s profile also indicates whether s/he is an “Elite Tasker” and shows individual
reviews and percentage of “positive” ratings (3 to 5 stars out of a 5-star scale).
Therefore, metrics have a high level of visibility to Taskers and their prospective
clients on TaskRabbit. Additionally, the platform controls the visibility of Taskers’
online profile. When customers look for a Tasker for certain tasks, the platform only
shows a recommendation list of potential Taskers. Customers can also select if they
only look for “Elite Taskers” who are active on the platform each month and have a
high rating. In short, metrics have an indirect impact on the search result of Taskers’
profiles.

The third type of platforms | examined is on-demand delivery services,
including Uber Eats, DoorDash, and Instacart. | interviewed 18 delivery workers from
these platforms and the majority of them worked for either DoorDash or Uber Eats (15
of 18). DoorDash and Uber Eats focuses primarily on on-demand food delivery
services, whereas Instacart offers grocery delivery services. As Table 1 shows,
Instacart’s labor process is slightly different from DoorDash and Uber Eats, as
Instacart shoppers’ ratings could potentially determine what batches (i.e., delivery
orders) they can view on the platform. DoorDash and Uber Eats drivers, by contrast,
can only decide whether to accept or decline an order matched by the platforms.
However, at the time when | began to recruit Instacart shoppers for this project,
Instacart (2020a) had already stopped using ratings to determine the visibility of

batches. Additionally, DoorDash and Instacart use a 5-star rating system, whereas
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Uber Eats asks customers to give thumbs up or thumbs down to drivers. Yet, all of
which have a low visibility of metrics; specifically, only delivery drivers can check
their metrics. Similar to ride-hailing platforms, delivery workers’ ratings directly
affect their employment opportunities.

Overall, each of the three cases highlight a distinct type of digitally-enabled
service work (i.e., ride-hailing, temp work, and delivery). Service interactions are
essential for workers to maintain their ratings in the three cases, though the
technological design and incentive structures vary across labor platforms. Generally,
there are two types of metrics across these labor platforms. Customer ratings entail
human assessment of service quality, whereas acceptance rates, cancellation rates, and
other system-generated metrics often focus on behavioral measures. The former incites
workers to manage their service interactions because they are only rated after
accepting and performing a task. Customer ratings are often used to determine one’s
continuity of employment on the platform. Acceptance rates and cancellation rates,
meanwhile, may still impact workers’ practices when considering their autonomy of
accepting a task, in part because platforms do not make clear how metrics may affect
the process of task allocation (Veen et al., 2020) and in part because they can affect
workers’ qualification for the rewards programs.

The ways that platforms use these two types of metrics are somewhat “black
boxed” (Pasquale, 2015), meaning that the inner workings of metrics are opaque. For
example, customer ratings and system-generated metrics are two of the factors that
influence the visibility of Taskers’ online profiles, but there are many other factors in

TaskRabbit’s matching algorithm. Furthermore, platforms can change the visibility of

24



metrics and modify their deactivation policy, without consulting workers. Workers
must tap the in-app button to “agree” on the terms and conditions before working on
the platforms. As platforms change the design and policies about metrics, workers
need to re-acquire the knowledge about metrics and adapt their practices for practical
purposes. This comparative project, therefore, examines the conditions and processes
through which metrics become salient in shaping the power dynamics of platform
owners, workers, and customers in the contexts of digitally-enabled service work.
Dissertation Outline

This dissertation consists of seven chapters. The introductory chapter and
Chapter 2 contextualize the empirical site—digitally-enabled labor platforms in the
gig economy—and introduce the main concepts. The third chapter reflects on my
methodological approach. Chapters 4 to 6 constitute the core arguments of the
dissertation: (a) why metrics are, in practice, “imperfect” systems that exercise labor
control and rationalize the power of customers; and (b) how gig workers navigate
metrics through the management of customers and information-sharing practices. The
empirical chapters are organized by themes rather than cases. As | discussed earlier,
there are differences in terms of the types of service work and the socio-technical
features of labor platforms. However, the findings suggest that the interviewees
experienced similar struggle to manage metrics and their customers. The final chapter
concludes by reflecting on the broader implications of this project.

Chapter 2 reviews the key strands of literature that guided this project,
including the power and reactivity of metrics, quantification and performance metrics

in the workplace, service triangle in service work, and algorithmic labor control and
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resistance in the gig economy. | also define the concepts of labor control and
resistance that will be used throughout the dissertation. Additionally, I discuss the
connections between the literature and my research project.

In Chapter 3, I discuss my methodological approach that guided the data
collection and analysis of this project. | present the rationale for using a qualitative
multi-case study approach. Then, I document the process of gaining access and data
collection as well as the challenges that | encountered during the research process. |
also describe the interview sample. After discussing my approach to data analysis, |
reflect on the challenges and successes of the research process.

Chapter 4, “Algorithmic Labor Management and Metrics in Context,” provides
a brief history of the labor platforms I studied. Drawing on the analysis of discursive
texts related to the labor platforms, | explicate the similarities and differences across
the cases, focusing on the role of algorithmic metrics in the labor processes. Metrics as
a form of algorithmic evaluation, | argue, is connected with algorithmic direction and
discipline. Lastly, I discuss how these platform owners have legitimized their use of
metrics, with upbeat assurances of mutual care and accountability.

Chapter 5, “The Power of Metrics and Customers,” focuses on how metrics
can create work-related uncertainty and feelings of anxiety across the three cases.’

The empirical findings highlight how metrics rationalize and reinforce unequal power-

" Part of this chapter (i.e., the findings about ride-hailing drivers) was adapted from my
published articles:
e Chan, N. K. (2019). The rating game: The discipline of Uber’s user-generated ratings.
Surveillance & Society, 17(1/2), 183-190. https://doi.org/10.24908/ss.v17i1/2.12911
e Chan, N. K., & Humphreys, L. (2018). Mediatization of social space and the case of
Uber drivers. Media and Communication, 6(2), 29-38.
http://dx.doi.org/10.17645/mac.v6i2.1316
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relations between workers and customers. The analysis focuses on the affective power
of customer ratings across the three cases. Nonetheless, not all metrics matter to the
interviewees. | explore the factors that shaped the varying disciplinary impacts of
metrics across the three cases.

While Chapter 5 reveals how algorithmic metrics enable the management by
customers, | discuss how workers strategically manage their customers to navigate the
“imperfect” metrics in Chapter 6.8 I find that workers manage their customers before,
during, and after service interactions. The management of customers allow gig
workers to reduce work-related uncertainty around metrics. Additionally, particularly
in the case of ride-hailing platforms, | document the emergence of worker-to-worker
community as a way to empower workers to rework the labor process. | consider these
practices as moments of resistance for workers to maintain autonomy in the gig
economy.

Finally, in Chapter 7, I reflect on how metrics can be considered as
technologies of control and resistance. After summarizing the findings, I discuss how
this project contributes to understanding the trilateral relationship between platform
owners, gig workers, and customers. I argue that metrics premediate gig workers’
expectations of service interactions and incite them to engage with algorithmic labor
control. Additionally, I discuss the limitations of this project. Moving forward, |

suggest future research areas and connect them with the current trends in the gig

8 Part of this chapter (i.e., the findings about ride-hailing drivers’ strategies and Uber
driver/bloggers’ expertise) was adapted from my published articles including Chan (2019) and
Chan, N. K. (2019). “Becoming an expert in driving for Uber”: Uber driver/bloggers’
performance of expertise and self-presentation on YouTube. New Media & Society, 21(9),
2048-2067. https://doi.org/10.1177/1461444819837736
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economy. Importantly, this project considers how the disciplinary power of metrics

can be extended to other forms of precarious service workplaces.
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CHAPTER 2
LITERATURE REVIEW

The central question of this dissertation asks how algorithmic metrics
constitute emerging forms of labor control and resistance in the gig economy.
Addressing this question requires a clear conceptualization of metrics, labor control,
and resistance. As | discussed in the first chapter, metrics are essentially about
processes of quantifying workers’ performance. It is noteworthy that not all metrics
are algorithmic outputs, and vice versa. As in the history of quantification in the
workplace, metrics such as quantified assessments of workers’ timed performance
have long existed before the digital era. Besides, algorithmic outputs can be the
pricing of work tasks (e.qg., rides or delivery orders) based on a number of factors such
predictive demand for tasks. Such outputs are unrelated to workers’ performance. In
the gig economy, workers’ metrics are either system-generated (e.g., acceptance rates)
or customer-sourced (e.g., 5-star customer ratings), but all of them are processed by
platform-based algorithms. Therefore, when I refer to metrics in this project, they are
the outputs of platform-based algorithms. What distinguishes algorithmic metrics from
previous forms of performance metrics is that the former is often used to automate
employment decisions, which limit the ability for workers to appeal such disciplinary
decisions.

| argue that the deployment of metrics has the potential to enable platform
owners to set rules and norms to organize workers’ activities and concentrate the
ownership of job knowledge (i.e., labor control) (Edwards, 1984; Smith, 2015), while

at the same time leaving room for workers to cope with the demands of their labor
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(i.e., resistance) (Hodson, 1995; Scott, 1990). Therefore, the workplace is a “contested
terrain” (Edwards, 1984) where “employers continuously innovate to maximize value
captured from workers and workers inevitably engage in resistance to staining their
autonomy, dignity, and identity” (Kellogg et al., 2020, p. 369).

In what follows, | review the key strands of literature that informed this
project. | discuss why metrics matter in our social life, and specifically, in the
workplace. Insofar as this project focuses on service workers, the concept of service
triangle is useful for unpacking the trilateral relationship between employers, workers,
and customers. Then, | explicate existing studies on algorithmic labor control and
resistance in the gig economy. Lastly, I discuss how the literature informed my
research questions.

The Power and Reactivity of Metrics

Our daily activities have been increasingly structured around ratings, rankings,
likes, scores, and followers, among other quantified indicators (Esposito & Stark,
2019; Mennicken & Espeland, 2019; Mau, 2019; Muller, 2018). Metrics can
seemingly measure, track, and predict one’s creditworthiness (Carruthers, 2013; Kear,
2017), online influence (Gerlitz & Lury, 2014), reputation (Hearn, 2010; Masum &
Tovey, 2011), and so forth. Metrics are inherently connected with the process of
quantification—*the production and communication of numbers” (Espeland &
Stevens, 2008, p. 8). Quantification transforms objects with different qualities into a
numerical and categorical relationship, making them commensurable (Espeland &
Stevens, 1998, 2008; Fourcade, 2011), by “conceal[ing] certain truths in revealing

others” (Strathern, 2000, p. 315). In recent decades, we are witnessing an explosive
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growth of metrics, metrics of metrics (e.g., the ranking of MBA rankings), and rating
organizations in recent decades (Esposito & Stark, 2019).

There are at least four possible reasons for this trend. First, metrics, and more
broadly, quantification has been developed in the context of political distrust,
aspirating to replace personal and subjective expert judgment with standardized
numbers (Porter, 1995; Muller, 2018). Metrics shall hold the authority accountable by
providing “objective” information and “mak[ing] visible people, objects, or
characteristics that may formerly have been invisible” (Espeland & Stevens, 2008, p.
415). Second, corporations can progressively use digital technologies to score and
rank their customers for market-making purposes (Fourcade & Healy, 2017). Third,
user-generated metrics are often connected with neoliberal discourses of consumer
choice and empowerment (Kuehn, 2013; Mellet et al., 2014; Muller, 2018).
Considered as “digitalized word-of-mouth” (Dellarocas, 2003), user-generated metrics
and reviews have the potential to offer “perfect information” that informs consumers’
decisions. Fourth, against the backdrop of information overflow, metrics can serve as
“a point of orientation from which to navigate an otherwise uncertain decision space”
(Esposito & Stark, 2019, p. 13).

Accordingly, metrics are supposed to be objective, transparent, accountable,
and reliable, at least on a discursive level. It is also against this backdrop that metrics
promise to re-create social order and inform decision-making processes. The ideal of
mechanical objectivity legitimizes the uses of metrics for making “rational” decisions.
As Porter (1995) puts this, “a decision made by the numbers (or by explicit rules of

some other sort) has at least the appearance of being fair and impersonal” (p. 8). Once
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the meanings of metrics are stabilized, they become a form of “mobile collectives”
(O’Connell, 1993) that can be circulated and translated into various social contexts.
Nonetheless, metrics are often “criticized for being simplistic, obscurantist, inaccurate,
and subjective” (Esposito & Stark, 2019, p. 3). For example, people may carry implicit
social biases when evaluating others (Rosenblat et al., 2017; Tadelis, 2016). Metrics as
information signals, meanwhile, can guide people’s expectations about the future, and
therefore, their economic actions (Beckert, 2013; Salganik et al., 2006). Additionally,
metrics define counts and wipe off alternatives. In the case of research assessment
exercise, quantifiable indicators (e.g., publication scores) are devised to measure
research outputs of academic institutions, but the indicators may eventually silence the
social organization of institutions (e.g., the interactions between researchers)
(Strathern, 2000). As such, metrics inevitably simplify complex situations for the sake
of standardization and commensuration. As metrics are about the construction of
anomalies, Star and Lampland (2009) have directed our attention to “what is being
standardized, for what purpose, and with what result” (p. 15).

The power of metrics is more salient when metrics become a dominant mode
of evaluation. Consider, for example, the plurality of rating and ranking systems.
These evaluative systems may have different standards and compete against one
another (Pollock et al., 2018). They also have unequal influences on organizations and
individuals. In a study of organizational response to environmental ratings, Sharkey
and Bromley (2015) found that firms would be more likely to change their behavior in
response to ratings that “will prompt a reaction from consumers, competitors and

regulators” (p. 87). By contrast, when a particular measure becomes a dominant
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model, it can set normative standards for those who are being evaluated (Hoskin,
1996; Fourcade & Healy, 2017; Miller, 2001). Specifically, metrics become
intertwined with responsibility, which prescribes what organizations and individuals
ought to perform to improve their standings. The rankings of business schools
(Wedlin, 2007) and law schools (Espeland & Sauder, 2007, 2016; Sauder & Espeland,
2009) exemplify this process. The rankings codify a “generalized” template for
establishing the definition of “high-quality” education and promote intense
competitions among schools.

What a performance measure intends to measure, in practice, is often not what
is actually measured, in part because of the unintended interactions between the
metrics and the objects being measured. This phenomenon has been explained through
the lens of “reactivity,” “Campbell’s Law,” and “Goodhart’s Law.” As Muller (2018)
explains, “anything that can be measured and rewarded will be gamed” (p. 20).
Metrics are “reactive,” meaning that “people alter their behavior in reaction to being
evaluated, observed, or measured” (Espeland & Sauder, 2007, p. 6). In their study of
law school rankings, Espeland and Sauder (2016) found that the introduction of the
rankings transformed the cognitive map that represents the hierarchical relationships
(a) between law schools; (b) between law schools and the rankings; and (c) between
law schools and external audiences. Law schools accordingly engaged in “reverse
engineering,” a recursive process of deconstructing the calculation of the ranking
system and evaluating how resources could be effectively allocated to optimize their
standing. The disciplinary power is not just about coercive pressures from universities

and the public, but also deeply affective (Espeland & Sauder, 2016; see also Beer,
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2016). Regardless of their rankings, law schools’ reactive practices are driven by “the
fear of falling in rank™ (p. 4) and pressures of social comparison. Yet, the concept of
reactivity suggests that organizations and people have the reflective agency to adjust
their actions to comply with and optimize the perceived expectations of metrics, based
on their understandings of what is being ranked as relevant and which relevant aspects
are amenable in their situations.

Within the context of this project, it is important to consider how metrics can
create disciplinary impacts on workers through the production of uncertainty and
anxiety, on the one hand. On the other hand, the concept of reactivity directs our
attention to how workers interpret a variety of metrics on labor platforms and
strategically adapt their practices to manage metrics.

Quantification and Performance Metrics in the Workplace

The quantification of workers’ performance has a long history. A well-known
endeavor is the movement of “scientific management” initiated by Frederick Winslow
Taylor in the late 19" and early 20" century. For Taylor (1911), “the best management
is a true science, resting upon clearly defined laws, rules, and principles, as a
foundation” (p. 7). This scientific management approach marked a departure from
what Taylor called the management of “initiative and incentive” which had heavily
rested upon giving special incentives and personal consideration for obtaining the
“initiative” of workers (p. 34). Under scientific management, standardization and
uniformity are the key to ensure workers to increase their productivity. To quote
Taylor,

It is only through enforced standardization of methods, enforced adoption of
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the best implements and working conditions, and enforced cooperation that this

faster work can be assured. And the duty of enforcing the adoption of

standards and of enforcing this cooperation rests with the management alone.

The management must supply continually one or more teachers to show each

new man the new and simpler motions, and the slower men must be constantly

watched and helped until they have risen to their proper speed. (p. 83; italics

original)
To put it simply, the management has the responsibility to determine the most efficient
way for distributing and standardizing work tasks. This involves the uses of a piece-
rate system, time and motion studies, division of labor, and scientific selection and
training of workers. As Braverman (1974) aptly argues, scientific management enables
employers to “control each step of the labor process and its mode of execution” (p. 82)
through the collection and abstraction of actionable knowledge about the labor process
as well as the concentration of the knowledge in the hands of employers. In contrast to
craft production, production is divided into step-by-step standardized, low-skill tasks.
In this respect, quantification undermines the autonomy of front-line workers
(Braverman, 1974; see also K. Levy, 2015; Moore, 2018).

Against the backdrop of the movement of scientific management, job
evaluation was developed to determine wages in the United States in the 1920s and
1930s and became widely adopted by large manufacturers in the 1940s (Figart, 2001).
The survey data from the National Industrial Conference Board showed that 75% of
the sampled companies with more than 5,000 employees had job evaluation in 1946

(Baron et al., 1986). Figart (2001) documented that ranking, grade description, factor
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comparison, and point factor were the four most common evaluation methods in the
1920s. The methods of ranking and grade description were rendered more “subjective”
and less “scientific” as “[d]ecision makers considered their impressions of overall job
content in hierarchically ranking or grading jobs” (Figart, 2001, p. 408). Indeed, the
emergence of the other two methods, and more broadly, job evaluation was
rhetorically framed as “equal pay for equal work™ regardless of gender, race, and other
characteristics of employees (p. 417). In practice, however, job evaluation instead
reinforced gender pay inequalities (Figart, 2001; Steinberg, 1992) and helped
corporations to lower the bargaining power of labor unions (Figart, 2001). Job
evaluation carries employers’ assumptions about what counts as “valuable” job skills
(Steinberg, 1992). As such, job evaluation is inseparable from the continued control of
workers.

Following Edwards (1984), a system of labor control includes three elements:
directing work tasks, evaluating workers’ performance, and disciplining workers.
Edwards identifies three systems of labor control, namely, simple control (i.e., direct
and arbitrary power), technical control, and bureaucratic control. The latter two types
of control are particularly relevant to the quantification of work. Technical control
refers to machinery pacing and organization of work tasks, whereas bureaucratic
control entails the institutionalization of rules and hierarchical power-relations in
workplaces. Although Edwards focuses on the systems of labor control in the 19" and
20" century, these two forms of control remain common in many service workplaces.
Gottfried (1991), for instance, found that employers used a point system to allocate

work tasks in the temporary help service industry. Points became intertwined with
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what employers classified as “good conduct”; specifically, workers could earn points
if they continuously work and accept every work assignment. The points could also be
translated in retail value for purchasing items from the selected department stores. As
such, the point system would reward those who frequently accepted tasks. Employers,
meanwhile, relied on computers to monitor the pace of work. Likewise, managers rely
on checkout operators to track the pacing of work tasks in an Australian supermarket
chain (Price, 2016). Retail chains, such as Macy, also uses scorecards to monitor
workers’ behavior and incorporate such metrics as part of workers’ annual
performance reviews (lkeler, 2016).

In contrast to Braverman’s (1974) emphasis on the degradation of work,
Edwards (1984) contends that labor control and resistance are “two-way movement.”
As quantification de-skills workers, workers can also re-skill themselves to resist the
systems of labor control. Moreover, labor process involves both conflicts and
coordination (Hyman, 1987). On the one hand, employers constantly reduce labor
costs and optimize the labor process to maximize their earnings. On the other hand, an
effective production cycle cannot operate without the coordination of workers.
Therefore, labor control is not executed simply through coercion but an endeavor to
win workers’ consent (Burawoy, 1979; Mears, 2015). This suggests the importance of
considering how gig workers can maintain a sense of autonomy in the digitally-
enabled labor process.

While the quantification of work is hardly new, the current trend of
quantification places a greater emphasis on automated and algorithmic technologies

(Moore, 2018). As Moore describes, “we are symbolically asked to “serve” the
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machine” (p. 59). In the context of this project, gig workers, in most cases, are no
longer monitored by human supervisors in the same location, but the algorithmic
manager at a distance (Curchod et al., 2020; Lee et al., 2015; Rosenblat, 2018a).
Algorithms automatically collect and analyze workers’ performance per unit time and
consumer-sourced feedback (Levy & Barocas, 2018). In doing so, it creates a gap of
information visibility between platform owners, workers, and consumers (Beer, 2016;
Curchod et al., 2020; Rosenblat & Stark, 2016). As Beer (2016) explains, “If there 1s
one characteristic of metric power that we might want to take as central ... it should be
that of visibility and invisibility, attention and non-attention, recognition and non-
recognition. It is such divisions that metric power gains its leverage” (p. 183).

In communication studies, scholars have directed attention to how workers
interact with and manage metrics, particularly in newsrooms (e.g., Anderson, 2011;
Christin, 2018, 2020a; Christin & Petre, 2020). Journalists are under organizational
pressure to adopt quantitative data about audiences (e.g., ratings and the number of
clicks and shares) in work settings. The click-based evaluation is often considered a
threat to journalists’ professional value and editorial autonomy. Journalists, therefore,
develop relational strategies to resolve these tensions, for example, by drawing moral
boundaries between “good” and “bad” metrics (Christin & Petre, 2020). Other studies
examine how journalists’ practice vary across organizational (Anderson, 2011) and
national contexts (Christin, 2018, 2020a). Drawing on his ethnographic study of two
newsrooms in Philadelphia and Newmark, Anderson (2011) found that journalists
were less likely to rely on audience metrics to make news decisions, when there was a

strong organizational culture against the dependence on metrics. Christin (2018,
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2020a) demonstrates how national culture and the division of labor within newsrooms
may affect journalists’ reactive practices.

While these studies offer valuable insights into the interplay between metrics
and worker autonomy, there is a major distinction between journalists and the gig
workers | interviewed for this project. Journalists are considered “expert occupations”
(Christin, 2017) with a relatively high level of professional autonomy and
organizational support. Gig workers, by contrast, often work individually and lack
organizational resources to adapt to the influences of metrics. This may suggest a
different terrain of control and resistance in the gig economy. As on-demand labor
platforms are built around performance metrics that enable algorithmic labor
management (e.g., Gandini, 2019; Stark & Levy, 2018), they are valuable avenues for
understanding the power and resistance of metrics in workplaces.

Service Triangle in Service Work

As this dissertation focuses on digitally-enabled service work, the concept of
service triangle is helpful for considering power dynamics underlying the interactions
between employers (i.e., platform owners), workers, and customers. Service work,
explains Wharton (2015), is “inseparable from the person who produced them,”
meaning that “production and consumption can occur almost simultaneously in service
encounters between workers and customers (or clients)” (p. 331). In other words,
customers become part of service labor processes.

Leidner (1993), accordingly, introduces the concept of service triangle to
understand the three-way interest alliance. To put this simply, employers, workers, and

customers have their own interests. These interests can sometimes align with or
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against one another, so they can affect the performance of emotional labor and service
encounters (Leidner, 1993; Hochschild, 1983/2012). In order to routinize interactions,
employers must consider how to script the role and actions of both workers and
customers. As Leidner (1993) explains,

In interactive service work, as in other kinds of work, understanding

employers’ designs for routinization is only the first step in understanding how

the routines function in practice. We must also examine how employers try to
persuade or coerce the relevant actors (in this case, service-recipients as well as
workers) to cooperate and how the behavior of these actors, and other

contingencies, alter the routines in action. (p. 8)

While managers often require workers to follow the script and fulfill the needs of their
customers during service interactions (Bélanger & Edwards, 2013; Leidner, 1993;
Sallaz, 2002)—and beyond (Sherman, 2011), customers may lack incentives or
intentionally do not follow the scripted interactions for their interests (e.g., Bolton &
Houlihan, 2005). As such, routinization of service interactions requires the
management of workers and customers.

Korczynski (2004, 2007, 2009b) put forward the concept of “customer-
oriented bureaucracy” to describe how labor control is exercised through the dual
logics of bureaucratic measurement and customer-related norms in service
workplaces. Service workers are required to complete a task efficiently, while
maintaining a high quality of customer service. Managers often rationalize the
authority of customers (Bélanger & Edwards, 2013; Bishop & Hoel, 2008; Fuller &

Smith, 1991; Leidner, 1993), as evident by an infamous marketing slogan “The
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customer is always right.” This can also be considered a form of normative control in
which workers are incited to engage in emotional labor to meet the needs of their
customers. Yet, recent studies also draw attention to contextual factors that influence
worker-customer relationship (Korczynski, 2009a, 2013; Lopez, 2010). For example,
depending on the types of emotional relationship (instrumental or caring), power-
relations (high customer power or egalitarian relationship), and repetition of service
interactions (short-term or long-term), workers can find their interactions with
consumers fulfilling, instrumental, or alienating (Korczynski, 2009a, p. 957).
Another line of research focuses on the role of technologies in shaping the
power dynamics in service workplaces, particularly in call centers (e.g., Bain &
Taylor, 2000; Callaghan & Thompson, 2001; Ellway, 2013; Woodcock, 2017).
Woodcock (2017) argues that the integration of telephones and computer-enabled call
centers accelerates the labor process and expands the monitoring of individual
workers’ performance and the scope of data collection. Each phone call is recorded
and stored for protecting the interests of call centers and assuring the quality of
services. As he describes, “Every call encounter is preserved for eternity, every
mistake might be punishable in the future” (p. 66). Additionally, call centers rely on
normative control through value-based team training exercises (Fleming & Sturdy,
2011). Surveillance, however, elicits worker resistance. Many forms of worker
resistance are relatively hidden and expressed in a covert manner, in part because of
the powerless position of call center workers (Woodcock, 2017). Examples of worker
resistance include humor (Taylor & Bain, 2003) as well as “cheating, work avoidance,

absence and resignation” (Woodcock, 2017, p. 98; see also Mulholland, 2004). From
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the perspective of the management, these practices may be considered “misbehaviors.”
However, these moments of resistance temporally enable workers to disrupt the labor
process and gain a sense of autonomy (Woodcock, 2017; see also Ticona, 2015). In
this project, | follow this conceptualization of resistance to focus on the moments
where workers attempt to claim their agency in their daily work.

Overall, this line of research informs my analytical focus on the interplay
between platform owners, workers, and customers. Situating in this three-way contest
for control, metrics can be considered managerial efforts to coordinate both workers
and customers. On the one hand, metrics provide employers tools to not only monitor
workers’ performance (Fuller & Smith, 1991), but also manage consumers’
complaints. When consumers were dissatisfied with service interactions, managers
could simply direct them to make a complaint by giving workers a low rating. On the
other hand, the uses of metrics may attribute the responsibility of customer
management from employers to workers. As the managerial role of platform owners is
much more invisible than managers in traditional service work, this raises questions
about the tensions between labor control and resistance in the gig economy.
Algorithmic Labor Control and Resistance in the Gig Economy

The three cases of this project, ride-hailing platforms, TaskRabbit, and delivery
platforms, are part of the larger gig economy. A defining characteristic of these labor
platforms is the role of algorithms—which are defined as “encoded procedures for
transforming input data into a desired output, based on specific calculations”
(Gillespie, 2014, p. 167)—in distributing work tasks and managing distributed

workforces (Vallas & Schor, 2020). The uses of performance metrics are considered
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an essential aspect of algorithmic labor management (Gandini, 2019; Lee et al., 2015;
Rosenblat, 2018a; Rosenblat & Stark, 2016; Ticona et al., 2018; Stark & Levy, 2018;
Wood et al., 2019), or what Moore and Joyce (2020) call the platform management
model (PMM). PMM identifies several common aspects of labor control, including
algorithmic allocation and tracking of work, uses of customer ratings, classification of
independent contractors, extraction of commission on every service transaction (p.
930). Specifically, by classifying gig workers as independent contractors, labor
platforms disavow employment obligations (van Doorn, 2017) and shift work-related
risks to workers (Bieber & Moggia, 2020; McDonald et al., 2020; Gregory, 2021). In a
study of food couriers in Scotland, Gregory (2021) found that workers bear physical,
financial, and epistemic risks at work. Meanwhile, platforms rely on its algorithms and
user agreements to govern and prescribe workers’ expectations and behaviors
(McDonald et al., 2020; Shestakofsky & Kelkar, 2020).

Existing studies have examined how the design and construction of algorithms
facilitate labor management of on-demand delivery workers (Cant, 2020; Gregory,
2021; Griesbach et al., 2019; Shapiro, 2018; Veen et al., 2020; Wahl, 2020), ride-
hailing drivers (Lee et al., 2015; Mosseri, 2020; Rosenblat 2018a; Rosenblat & Stark,
2016), careworkers (Ticona & Mateescu, 2018), and workers on microwork platforms
(Gray & Suri, 2019; Lehdonvirta, 2018; Irani, 2015), among others. Accordingly,
algorithmic control becomes what Kellogg et al. (2020) call “the new contested terrain
between employers and workers” (p. 372). There are three key elements of algorithmic
labor control, namely, algorithmic direction, evaluation, and discipline (Kellogg et al.,

2020; see also Edwards, 1984). Algorithmic direction relies on the restriction of work-
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related information and personalized recommendations to direct work tasks. An
underlying premise is that the control over work-related information is central to a
platform’s labor management as well as workers’ decision-making capabilities.
Workers’ autonomy is dependent upon what and how much work-related information
is available to them through the platform interface (Curchod et al., 2020; Rosenblat &
Stark, 2016; Shapiro, 2018). Hence, platforms can govern workers through the
selective revelation and withholding of information from workers.

Algorithmic evaluation entails constant monitoring and assessment of workers’
performance. The uses of performance metrics are essential to this mechanism of labor
control, which focuses on algorithmic surveillance, or what Christin (2018) calls
“quantification as discipline” (p. 1386; italics original). Metrics can facilitate platform
surveillance, as workers are being continuously monitored and evaluated by
algorithms and their customers. Following our previous discussion of the reactivity of
metrics, when workers are aware of being monitored—whether by the platform or
customers—they feel anxious, self-monitor themselves, and modify their behavior in
response to what is perceived to be measured. In fact, algorithmic evaluation is closely
associated with rewards and sanctions (i.e., algorithmic discipline). Workers,
therefore, are incited to score well to earn rewards and reduce the risk of being
punished (e.g., warning, deactivation, and other effects on employment opportunities).

Labor control and resistance go hand in hand. Gig workers always find ways to
navigate and resist algorithmic labor management, at individual and collective levels.
In a study of remote gig workers in Africa, for example, Anwar and Graham (2020)

found that workers may exercise agency through practices of resilience (e.g., buying
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reviews), reworking (e.g., using multiple accounts and monitors), and resistance (e.g.,
filtering clients and jobs) on and off the platform. While platforms can use
recommendations and offer incentives to encourage when and where workers should
work, ride-hailing and delivery workers may simply ignore such algorithmic direction
and set their own schedule to strategize their efforts (Rosenblat, 2018a; Rosenblat &
Stark, 2016; Veen et al., 2020). Others may proactively use bots and multiple mobile
phones to game the algorithms (Chen, 2018). During service interactions, workers
may also actively manage their customers by performing emotional labor (Raval &
Dourish, 2016; Rosenblat, 2018a; Rosenblat & Stark, 2016) and initiating direct and
personal communication with customers (Curchod et al., 2020) to maintain their
autonomy. In short, as workers become familiar with the platform’s policies and
socio-technical features, they may feel empowered and develop their own calculative
practices (Shapiro, 2018).

Alongside the day-to-day contestation of algorithmic labor control, gig
workers create informal communication networks for exchanging work-related
information with their peers on online forums and social media platforms (e.g.,
Maffie, 2020a; Gray et al., 2016; Sutherland et al., 2020; Ticona et al., 2018; Wood et
al., 2018). At the collective level, there have been strikes and demonstrations against
labor platforms (e.g., Cant, 2020; Moore & Joyce, 2020; Lei, 2021; Tassinari &
Maccarrone, 2020; Woodcock & Graham, 2020). These modes of individual and
collective resistance can potentially create “moments in which algorithms do not
govern as intended” (Ferrari & Graham, 2021, p. 13), though gig workers meanwhile

are at risks of being punished by platform owners.
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As this section shows, there are already a number of studies on algorithmic
labor control and resistance in the gig economy. In Uberland, Rosenblat (2018a), for
example, presented an extensive ethnographic study of Uber and Lyft drivers in North
America and identified the key mechanisms of algorithmic labor management (e.g.,
information asymmetries, surge pricing, and ratings). There are also comparative
studies of labor platforms. Ravenelle (2019) highlights the precarious nature of gig
work in the contexts of Airbnb, Uber, TaskRabbit, and Kitchensurfing. Studying
workers on thirteen platforms (e.g., Airbnb, TaskRabbit, Uber, Lyft, Postmates, and
Stocksy), Schor’s (2020) recent book problematizes the term “sharing economy” and
discusses the extent to which these platforms fail to realize their promises. Indeed, all
of these studies provide valuable insights into the theoretical and analytical framing of
this project. Nonetheless, this project has a narrower focus on algorithmic metrics and
evaluation in the context of service work. This contributes to understanding how
metrics can mediate and reshape the service triangle on and off labor platforms.
Moreover, with a few exceptions (Gray & Suri, 2019; Ravenelle, 2019; Schor, 2020;
Wood et al., 2019), many of the existing studies focused on a discrete labor platform.
This project, therefore, can offer a comparative perspective of algorithmic labor
control and resistance by examining workers’ convergent and divergent reactive
practices towards metrics.

Research Questions

The over-arching research question of this dissertation is to explore how

metrics become sources of algorithmic labor control and resistance across the three

cases. Metrics as a form of evaluation that become intertwined with algorithmic
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direction and discipline in various ways. One important dimension of algorithmic
evaluation has to do with the visibility of metrics. Specifically, how do labor platforms
use metrics to govern their distributed workforces? What are the kinds of metrics
involved in platform-based labor processes and with what purpose? How do labor
platforms legitimize their uses of metrics as part of the labor processes? An
examination of these questions contributes to understanding the role of metrics in
enabling algorithmic labor control in the gig economy.

Drawing on the literature around the power and reactivity of metrics, the
second set of questions has to do with how gig workers encounter, interpret, and
respond to metrics. Indeed, there are different kinds of metrics (e.g., customer ratings,
acceptance rates, and cancellations rates), with various degrees of visibility to workers
and customers across labor platforms. Customer ratings, for example, represent
customers’ assessment of service quality. Acceptance rates and cancellation rates, by
contrast, are system-generated behavioral measures. Do they exercise the same kind of
control over workers? How do gig workers interpret and manage different metrics?
Meanwhile, the three case studies represent different types of digitally-enabled service
work which have their distinct labor processes. In these cases, metrics can directly or
indirectly affect workers’ employability. Customer ratings on ride-hailing and delivery
drivers can determine their continuity of employment on the platforms, whereas such
ratings affect the visibility of workers’ online profiles on TaskRabbit. Workers’
metrics also become intertwined with their qualification for platform-based rewards
programs. To what extent are workers’ interpretation and management of metrics

similar and different across the three cases? What is the potential for labor resistance
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across the labor platforms? Overall, this project considers metrics as an emerging form
of evaluation in the contexts of digitally-enabled service work. By comparing
workers’ interpretation and management of metrics across the three cases, this project
can deepen our understanding of how metrics shape the trilateral relationship between

platform owners, service workers, and customers in the gig economy.
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CHAPTER 3
METHODOLOGY

This dissertation is a qualitative multi-case study of digitally-enabled service
work in the gig economy in the United States. In this chapter, | start by defining the
case study approach and explaining the logic of casing. | argue that this comparative
approach is particularly useful for studying workers’ practices around algorithmic
metrics across labor platforms. Then, | describe the process of data collection,
including issues about access, recruitment, and the interview process. | also document
the challenges that unexpectedly shaped the process of data collection, and therefore,
the interview sample. After that, | discuss my general approach to data analysis.
Finally, I reflect on the challenges and successes throughout the research process.
A Multi-Case Study Approach

Before discussing the case study approach, it seems important to point out
methodological issues in studying social construction of and practices around
algorithms. Drawing on the work of Burrell (2016), Christin (2020b) identifies four
dimensions of algorithmic opacity: intentional secrecy, technical illiteracy,
unintelligibility of machine learning, and the massive amount of data that algorithms
process. Both users and researchers, therefore, may have difficulties in knowing
algorithms. Accordingly, this raises a key methodological issue: how might we study
something that is seemingly “black-boxed” and inscrutable (Christin, 2020b; Kitchin,
2017; Seaver, 2017; Ziewitz, 2016)? To answer this question requires an
understanding of (a) what an algorithm is (Ziewitz, 2016) and (b) how we “know” that

we are studying the impacts of the algorithm. Therefore, scholars have advocated for
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ethnographic approaches (Christin, 2020b; Seaver, 2017) and mixed-methods
approaches (Kitchin, 2017) ° to unpack socio-technical assemblages of algorithms.
Analytically, scholars have turned to users’ “algorithmic imaginary” (Bucher, 2017) or
“folk theories” (Toff & Nielsen, 2018; Ytre-Arne & Moe, 2020). These analytical
approaches focus on how users construct social representations of algorithms
(Christin, 2020b). From the perspectives of platform owners or designers, such
representations may not be the “correct” understandings of algorithms. However, these
representations can drive users’ practices around algorithms.

This project, similarly, analyzed how gig workers encountered, interpreted, and
managed algorithmic metrics in their daily work. Indeed, algorithmic metrics are
objects that are visible to the interviewees. That said, the kinds of metrics | studied in
this project are generated and processed by platform-based algorithms. In the three
cases, workers can view their metrics in their platform profiles. Platform owners
sometimes send emails and in-app messages about the tips for scoring a 5-star rating.
In this sense, the objects of analysis seemed clear to the participants, though they
might still have difficulties in understanding the inner workings of algorithms.

To study workers’ reactive practices towards metrics, I adopted a multi-case
study approach. The case study approach is useful for generating an “in-depth

understanding of a single or small number of “cases,” set in their real-world contexts”

° Here, mixed-methods approaches do not mean the combination of using quantitative and
gualitative methods. Instead, Kitchin (2017) outlines six methodological approaches for
studying different aspects of algorithms (e.g., examining source code, interviewing designers,
conducting ethnographies and discursive analysis, etc.). Kitchin, meanwhile, proposes that
these approaches have their strengths and weaknesses, so it is useful to employ “two or more
of the approaches in combination” (p. 22).

50



(Yin, 2012, p. 4; see also Eisenhardt, 1989; Schwandt & Gates, 2018). This approach
draws on multiple sources of data—which can be qualitative or quantitative—to better
understand “how” and “why” a social phenomenon works in a particular context (Yin,
2012). Following this approach, | relied on multiple sources of materials to explore the
tensions between platforms’ corporate discourses and workers’ practices within wider
socio-technical assemblages (Kitchin, 2017).

A case is the unit of observation, which can be “a person, an organization, an
event, a decision, an action, a location like a neighborhood, or a nation-state”
(Schwandt & Gates, 2018, p. 600). Cases can be found or made: the former refers to
an empirical and bounded unit, whereas the latter considers cases as theoretical
constructs (Ragin, 1992). Regardless of the units or assumptions about cases,
researchers must consider the logic of casing, which refers to an iterative process of
defining and bounding their cases (Ragin, 1992, 2009). To compare the findings of
each case, cases must be “similar enough and separate enough to permit treating them
as comparable instances of the same general phenomenon” (Ragin, 1992, p. 1).

When | began working on this project, | decided to examine the cases of ride-
hailing platforms, TaskRabbit (as an example of temp work platforms), and platform
cooperatives (co-ops). The first two cases were chosen to maximize the variation and
explore the impacts of labor processes and socio-technical features on workers’
interpretative practices around metrics. The case of platform co-ops was intended to
serve as a negative case because many of them intentionally do not use customer
ratings. Yet, as | will discuss in my research process, | was unable to recruit any

interviewees who had worked for platform co-ops. Therefore, | adjusted my casing
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logic to select the three cases based on their types of digitally-enabled work (ride-
hailing, temp work, and delivery platforms) and the visibility of platform-based
metrics. On ride-hailing platforms, workers’ ratings are visible to themselves and the
riders who request their services. Other forms of metrics remain only visible to
workers. On TaskRabbit, workers’ metrics are visible to all prospective clients on the
platform. On delivery platforms, the visibility of workers’ metrics is similar to that of
ride-hailing drivers, but DoorDash and Instacart do not allow drivers to rate their
customers. In short, the three cases are “positive cases” (i.e., using metrics for labor
management), but they are varied in terms of their algorithmic matching processes, the
visibility of metrics, and metrics-related rewards and sanctions (see Table 1 in Chapter
1). The three cases, therefore, are similar because of the nature of service work. But
they are also different enough to capture how different socio-technical design of labor
platforms can influence workers’ reception of metrics. In this sense, the cases were
chosen “on the basis of expectations about their information content,” with an aim of
maximizing the variation (Flyvbjerg, 2006, p. 230). Although this project did not use
an ethnographic approach, it echoed the strategy of “algorithmic comparison” that
“uses a similarities-and-difference approach to identify the distinct features of the
technical instruments and their related uses” (Christin, 2020b, p. 912).

In each of the three cases, | drew on multiple sources of empirical materials to
make sense of workers’ uses of metrics. First, I primarily relied on the interview data
to understand how gig workers encountered, interpreted, and used metrics. As it was
difficult for me to directly observe workers’ actual practices in a rather naturalistic

setting, this method allows for exploring participants’ cultural frames of their practices
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(Lamont & Swidler, 2014). Second, | analyzed discursive texts related to the platforms
| studied. This involved the company websites and blog posts and popular press
articles. The primary objective of the discursive analysis was to understand how
platform owners narrated and legitimized algorithmic labor management. This strategy
also helps to compare gig workers’ practices with platforms’ discourses. Third, I drew
upon the discussions from worker-to-worker online communities to supplement the
analysis and provide background to the interview data. As I will discuss below, |
encountered these communities during the process of data collection. These
communities are important social spaces for workers to share work-related knowledge,
complain about workplace conditions, and discuss platform policies (e.g., Maffie,
2020a; Gray et al., 2016; Ticona et al., 2018). Taken together, interrelating multiple
sources of data can help to explore and complement overlapping yet distinct facets of
algorithmic labor control and resistance (Greene et al., 1989; Small, 2011).

| largely followed an interpretive orientation to the case study approach
(Schwandt & Gates, 2018). That said, the research process, including the moments of
interviewing and analyzing data, was a form of social construction (Denzin & Lincoln,
2011; Fortner & Christians, 1989; Kvale, 2002). I aimed to explore participants’
understandings of metrics from their perspective, rather than to generalize the findings
from the case studies.'® | mainly recruited participants via social media platforms
(e.g., Twitter), worker-to-worker blogs, and Reddit as well as using a snowball

sampling method via participants’ networks. This sampling strategy potentially limited

19 Scholars who adopted a realist approach would focus on generalizing causal mechanisms
and effects from an individual case or multiple cases (Schwandt & Gates, 2018; see also
Flyvbjerg (2006)’s discussion of the misunderstandings about case study research).
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the sample to those who were more vocal about the labor platforms. Nonetheless,
these groups of participants were arguably sensitive to the workings of the platforms. |
received IRB approval for this project (see Appendix 1-1 to Appendix 1-8 for the
recruitment materials and interview guides) before recruitment and data collection. |
also assigned pseudonyms to anonymize the identities of the interviewees to comply
with the IRB’s requirement.

Overall, I conducted in-depth interviews with 50 gig workers in the United
States, including 21 ride-hailing drivers, 11 TaskRabbit Taskers, and 18 delivery
workers. While 1 collected the majority of the interview data for the case of ride-
hailing platforms between 2017 and 2018, | conducted interviews with workers for the
other two cases in 2020.
Data Collection as a Research Process: Access, Recruitment, and Interviews

In qualitative research, the researcher is the key instrument to gather and
interpret “relevant” information (Creswell, 2014); therefore, it is vital to explicate the
research process and methodological choices in detail (Humphreys, 2020; Roy et al.,
2015). Indeed, this project did not go exactly as | had planned. For example, | had
originally planned to include a “negative” case—service worker-owned platform co-
ops which explicitly do not use any forms of ratings—to “offer theoretically decisive
contrasts with positive cases” (Ragin, 2009, p. 525). I attended the 2019 annual
consortium of platform cooperativism in New York City and found it a great resource
for understanding the principles and practices of platform cooperatives. Unfortunately,
however, | was not able to recruit any participants who worked for a platform co-op.

Therefore, | eventually decided to study delivery platforms as my third case.
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Additionally, | originally planned to recruit at least 20 participants for each case (in
total 60 participants) and potentially conducted my fieldwork in New York City, one
of the major cities for platform businesses. However, the COVID-19 pandemic has
exposed gig workers to heightened economic and health risks. It also affected my
research and travel plan. I raised these unplanned issues here not only to highlight the
constraints, but also to consider how these constraints might shape the methodological
choices | had made.

In what follows, I will discuss issues about the study populations (when the
data were available), access, recruitment, and interviews for each case. It is
noteworthy that access and recruitment occurred almost at the same time because there
were no physical workplaces or field sites. The project can be roughly divided into
two phases. | began by studying ride-hailing platforms in the early phase of my
research in 2017 and 2018. | continued recruiting interviewees who were Uber and
Lyft drivers in January and November 2020. Additionally, | collected the interview
data for the cases of TaskRabbit and delivery platforms between September and
December 2020.

Ride-hailing Platforms: Uber and Lyft

Uber and Lyft are the two major ride-hailing platform companies in the United
States. There were other local ride-hailing companies such as Juno in New York City
between 2016 and 2019, but the interviewees for this project worked for Uber and/ or
Lyft. By February 2021, Uber’s ride-hailing service is available in 265 cities, whereas
Lyft’s service is available in over 600 cities in the United States. Yet, Uber has a

stronger global presence and a larger market share (71%) than Lyft (29%) in the
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United States (Yeo, 2021). There are no official statistics about the demographics of
workers who work for Uber and Lyft. It was estimated that Uber had about 750,000
active drivers, whereas Lyft had about 700,000 active drivers in the United States in
2017 (Rosenblat, 2018a). Uber (2020) claimed that one million Americans used Uber
to generate income in 2019, but this number included those who offered ride-hailing
services and delivery services (i.e., Uber Eats).

The two platforms also did not clearly define the term “active drivers.” Lyft’s
(2019) IPO prospectus estimated that 91% of the drivers worked fewer than 20 hours
per week. Based on the administrative data from Uber in over 20 U.S. cities from 2012
to 2014, Hall and Krueger (2018) found that 83% of drivers drove fewer than 35 hours
a week. The majority of the working population was male (86.2% of the respondents)
and in the age range from 30 to 64 (78.2%). They also found that Uber drivers’
average net hourly income (before vehicle expenses) was $19.35, as compared to taxi
drivers ($12.56). However, Berg and Johnston (2019) have criticized that the
calculation did not account for self-employment taxes, licensing costs, location-
specific mileage costs, vehicle ownership costs, and the changes in Uber’s fare (pp.
47-48). There were other unofficial estimates. Since 2016, “The Rideshare Guy,” one
of the most popular blogs about the ride-hailing industry, collected and published
survey data from Uber and Lyft drivers who subscribed its email list on an annual
basis. Its 2019 survey suggested that Uber and Lyft drivers made $13.47 and $11.55
per hour after expenses, respectively (Campbell, 2021). Drivers who drove for both
Uber and Lyft reported making $12.66 per hour after expenses. This survey did not

use a random sampling method. The lack of official data about gig workers also
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represents a common challenge for studying the gig economy (Klawitter, 2020).

Access and recruitment. Although I did not aim to recruit a “representative”
interview sample, gaining access remained a key challenge. This is in part because
recruiting participants on the platforms could potentially violate the terms of service
(see also Humphreys (2020)’s discussion of the Bumble study). When I first started
my research on Uber drivers in December 2017 and the early 2018, | tended to recruit
participants during my Uber rides. At the time, | was interested in understanding Uber
drivers’ performance of emotional labor (see Appendix 1-1 for the interview guide). |
initially planned to conduct interviews with Uber drivers during a ride, if they agreed
to do so. However, there were concerns from IRB that conducting interviews during a
ride might distract drivers from driving. In order to comply with IRB’s requirements, I
eventually recruited drivers during rides, but then set up another time to interview
them later when they were not working.

This strategy, however, did not work quite well. When | tried to recruit drivers
for the interviews, they often wondered why the interview could not be done during
the ride. Although a few drivers agreed to be interviewed and gave me their phone
number, only one interview was scheduled. There are two possible reasons. First, as |
did not provide any compensation for their time, interviewing took time and placed an
extra burden for them. Second, though | mentioned that the research would not affect
the ride during the recruitment (see Appendix 1-2 for in-person recruitment message),
it was possible that drivers were under pressure to accept my interview request
because | was the customer during the ride.

Then, | changed my research strategy to recruit drivers in driver-to-driver

57



online communities, in part because | learned that drivers share work-related
information and strategies online from a news article by Rosenblat (2018b). YouTube
was one of the sites where | tried to recruit participants. In early 2018, | used a
keyword search (e.g., “Uber” and “Ridesharing”) on YouTube’s search engine. Then I
relied on YouTube’s recommender system to do a snowball sampling to identify more
YouTubers who shared content about Uber. | looked at the profiles and videos of these
channels (n = 61) and excluded 26 of them because they had not published videos for
more than a month and did not include a description of the channel. Many of the
sampled channels posted email address in their description; therefore, I mainly used e-
mail to solicit participants (see Appendix 1-3 for the sample recruitment email). In
addition to YouTube, I contacted Uber drivers who blogged about their experiences to
see if they were interested in being interviewed. Nine of the interviewees were
recruited through publicly found information on their YouTube channels or blogs.
Some of them shared my research to their subscribers and viewers. | also asked
whether the interviewees could introduce other participants to me, using a snowball
sampling method (Humphreys, 2020). A few of the interviewees gave me email
addresses of their friends or subscribers who might be willing to chat with me. |
followed up with email to arrange interviews with two participants.

In January 2020, | planned to recruit more participants for my dissertation. But
at this point, | decided to offer a $20 gift card to compensate for the time of
participants. | posted a recruitment message on Twitter (see Appendix 1-4 for the
screenshot of the recruitment material) and reached out to the driver/bloggers to see if

they could spread the information about my study. Harry Campbell, the founder of

58



“The Rideshare Guy,” shared the information about my research with his followers on
Twitter. | scheduled five interviewees after posting the message. From November 18
to December 1, 2020, | posted five Reddit advertisements to recruit participants who
worked for Uber, Lyft, TaskRabbit, Instacart, or Uber Eats. | will discuss the Reddit
advertisements later in the next sub-section because I only recruited two Uber or Lyft
drivers via Reddit (see Table 2 for the number of members of the subreddits where |
posted an advertisement). | stopped the advertisement on December 1 because no
Reddit users contacted me about my research in this week.

Table 2. The Number of Members of the Subreddits

Subreddit Members of the Subreddit
r/uberdrivers 135,000

r/lyftdrivers 19,200

r/TaskRabbit 2,200

r/UberEATS 30,000

r/InstacartShoppers 46,400

Interview Data Collection. I interviewed a total of 21 Uber and/or Lyft
drivers. 14 of them worked for Uber and Lyft. All of the interviews were semi-
structured (Stewart & Cash, 2003). The main topics included participants’
background, uses of the platform in general and the rating system in particular;
interactions with their customers; acquisition of work-related information; and
reflections on their work. As | did not have access to the worker version of the
platforms | studied (except for the screenshots the platforms posted on their websites),
| also asked participants to walk me through the app they used during the interviews.
As previously discussed, | used different versions of the interview questions at

different stages of the research (see Appendix 1-1, Appendix 1-5, and Appendix 1-6).
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For example, when I conducted interviews with those who created content on
YouTube or their blogs (9 of 21),!* I included questions about their performance of
expertise and self-branding activities. Nonetheless, a major part of the interview
protocol was about their Uber work experience. The interview guide | used for the
dissertation project (see Appendix 1-5) was adapted from the previous project about
Uber drivers’ performance of emotional labor. Therefore, most of the questions were
consistently asked throughout the research period.

Before the interview, | checked with the participants whether they would
prefer using phone, Skype, or other software (e.g., Zoom) for conducting the
interview. I sought participants’ oral consent to participate in my research and audio-
record our conversation at the beginning of the interviews. At the end of each
interview, | asked them if they could introduce anyone who might be interested in
chatting with me. Finally, I sent an email to thank the participant and included the
information sheet about my research for their reference.

The majority of the interviews (14 of 21) were conducted between 2017 and
2018, whereas the rest of them were conducted between January and November 2020.
The interviews lasted from 18 minutes to 2 hours. As | mentioned before, | began
offering compensation for participants in 2020; therefore, seven interviewees received

a $20 gift card after the interviews. Table 3-1 in the Appendix offers a brief profile of

1 I'interviewed 11 driver/bloggers who drove for Uber and created content about the ride-
hailing industry on YouTube or their blogs and published a paper about this topic.
Unfortunately, however, | had to exclude two of the interviews from this project because the
interview recordings and transcripts were lost. | stored the files in my old laptop, but I could
not find them as | began to re-look at the files for conducting the analysis in November 2020. |
could only find the email and Facebook conversations I had with the two participants.
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the ride-hailing drivers I interviewed. The sample included 17 men and 4 women.
Geographically, eight of them worked in California (Los Angeles, San Diego,
Monterey, and San Mateo). The rest of them worked in Chicago (n = 4), Syracuse (n =
2), Ithaca (n =1), Louisville (n = 1), Charlotte (n = 1), Miami (n = 1), Baltimore (n
=1), Georgia (n = 1), and Washington, DC (n = 1). The length of working on the
platform(s) varied from 3 months to about six years. Their average weekly working
hours also varied. For example, Lincoln and Timothy did not have a stable working
schedule for Uber and Lyft, as they had a full-time job. Daniel, Noah, and Clayton told
me about the typical working hours per day. For others, the average weekly working
hours ranged from 10 hours to 72 hours. | did not include age into the table because I
did not ask about the participants’ age during the majority of the interviews (except for
delivery workers).
Temp Work Platform: TaskRabbit

TaskRabbit is a temp work platform where individual clients and organizations
can hire Taskers for over 45 categories of tasks such as moving, cleaning, home
repairs, furniture assembly, and personal assistants. Since IKEA acquired TaskRabbit
in 2017, the platform’s furniture assembly service is available in IKEA stores in the
United States and other key markets in Canada and Europe. The platform currently
operates in 53 cities in the United States. The most popular categories of tasks,
according to TaskRabbit’s (2020) “Fact Sheet,” are furniture assembly (1.3 million
over the last decade), moving (825,000), home cleaning (579,000), and home repairs
(438,000). TaskRabbit states that over 4 million tasks were completed over the last

decade. Like the other two cases, TaskRabbit does not frequently release the official
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data about workers’ demographics. In 2013, the company reported that 70% of the
Taskers had a Bachelor’s degree, 20% had master’s degrees, and 5% had a PhD
(Newton, 2013). By October 2018, TaskRabbit (2018) claimed that “there are more
than 140,000 Taskers on the network. 60% are Millennials” (emphasis original). In
January 2020, TaskRabbit (2020) estimated that Taskers’ average hourly earnings
were $36 in the United States. Crawling data from all worker profiles (N = 3,707) on
TaskRabbit in December 2015, Hannék et al. (2017) identified gender and race based
on profile images. 88% of the profiles were identified. Women accounted for 42% and
men accounted for 58%. In terms of race, 73% were White, 15% were Black, and 12%
were Asian. The demographics data only served as a reference point as they were
crawled in 2015.

Access and recruitment. The recruitment process for Taskers was similar to
that for ride-hailing drivers. | mainly recruited participants from worker-led online
communities and snowball sampling. While I primarily looked at YouTube for
recruiting ride-hailing drivers, there were very few active YouTube channels for
Taskers. | also did not recruit any participants during the tasks, primarily because
TaskRabbit was not available in Ithaca, and even it was available, face-to-face
communication would be significantly limited during the COVID-19 pandemic. My
recruitment strategies were also slightly different from existing interview-based
studies about Taskers. Schor (2020), for example, recruited Taskers by posting the
interview as a task on the platform between 2013 and 2015. Nonetheless, TaskRabbit
has changed its labor process since July 2014, meaning that it no longer allows me to

post a task publicly for Taskers to bid on the task. Instead, I could only request a
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specific Tasker and hire them for the task. “Research” is also not a common task
category (i.e., usually under the category of “Personal Assistant”).

Therefore, | recruited my participants outside of TaskRabbit. First, | registered
a “Recruiter” account on LinkedIn in September 2020. This allowed me to send
“InMail” messages to people whom I did not have any connections on LinkedIn. This
function, however, only enabled me to contact those who chose to receive an “InMail”
message. Then, I used LinkedIn’s search function to look for people who claimed
themselves as a current or former Tasker on their profiles. In the “InMail” message, |
simply stated that “I’m conducting a study on how Taskers use mobile technologies
and interact with clients” and asked whether they would be interested in participating
in the study (i.e., similar to the sample recruitment material in Appendix 1-3). | was
able to conduct an interview with Kuzma, and he later posted my research in some of
the closed Taskers-related Facebook groups. This helped me to expand my interview
sample, using a snowball sampling method.

Second, as | mentioned previously, | posted a series of Reddit advertisements
on different subreddits from November 18 to December 1, 2020. Appendix 1-7
showed the sample of the advertisements for participant recruitment. I used “Looking
to interview Taskers for a paid research project (Remote interview)” to incentivize
participation. Depending on the target groups and subreddits, | slightly changed the
title and content (e.g., from “Taskers” to “Uber Eats drivers). The users who were
interested in participating in the project contacted me either by replying to the posts or
sending me a private message on Reddit. I then followed up with them to describe the

interview process and schedule the interview time.
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Reddit allowed me to define the target audience and specify when to show the
advertisements. I chose to focus on the United States and set the “Communities” to a
specific subreddit (see Appendix 1-8 for an example). The advertisements were pinned
posts and available from 9:00 am to 11:00 pm in the selected period. This strategy was
more successful in recruiting delivery drivers rather than Taskers and ride-hailing
drivers. | was only able to recruit two Taskers from Reddit. However, one of them did
not work in the United States, so | excluded him from the project. | failed to recruit
many Taskers via Reddit, possibly because the subreddit had a much lower number of
members, compared to other subreddits | posted advertisements.

To summarize, though I tried to recruit participants via LinkedIn and Reddit,
the interview sample for this case was primarily based on snowball sampling (9 of 11).
The participants knew about my research either from their friends or Kuzma’s and
others’ social media posts.

Interview Data Collection. In total, | conducted semi-structured interviews
with 11 Taskers (see Table 3-2 in the Appendix for the interviewees’ profile). The
interviews were conducted over the phone or Zoom. | used a similar semi-structured
interview guide for each interview (see my previous discussion on the interview
process for the first case and see Appendix 1-6). Because Taskers could set their
schedule and hourly rate, | asked them how they created online profile, managed their
schedule (e.g., back-to-back appointments), and set their rate. As the interviews were
conducted during the COVID-19 pandemic, I also added a question “How does the
pandemic affect your work in general?” during the interview. After each interview, |

provided them a $20 gift card to compensate for their time.
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I conducted the interviews between September and December 2020. The
interviews lasted from 31 minutes to 1 hour and 40 minutes. Although previous study
suggested that women accounted for 42% of TaskRabbit’s workforce (Hannak et al.,
2017), men (n = 8) were overrepresented in my interview sample. The interviewees
reported working in Los Angeles (n = 2), Denver (n = 2), Cincinnati (n = 1), Atlanta (n
= 1), Dallas (n = 1), Portland (n =1), San Diego (n = 1), Dallas-Fort Worth area (n =
1), and East Coast (n = 1). Their TaskRabbit working experience varied from six
months to nine years. Additionally, their average weekly working hours ranged from 6
hours to 45 hours.

Delivery Platform: DoorDash, Uber Eats, and Instacart

DoorDash and Uber Eats are two of the largest on-demand food delivery
platforms in the United States. According to DoorDash (2020a), DoorDash and Caviar
(i.e., a delivery platform owned by DoorDash) had about 50% of the market share in
the United States, whereas Uber Eats had about 26% in October 2020. DoorDash’s
IPO prospectus explicitly addressed the opportunities and challenges of the pandemic:
the pandemic has contributed to its skyrocketing growth rate (i.e., 226% between 2019
and 2020). The actual number and demographics of Dashers and Uber Eats drivers in
the United States remain unclear. Uber does not release any data specifically about
Uber Eats drivers’ demographics and earnings.'> According to DoorDash, the total

number of Dashers has increased from 100,000 in 2017 (in the U.S. and Canada)

12 Uber discusses the delivery fees for Uber Eats drivers in the UK because the company is
required to pay the minimum wage to its drivers. For example, the minimum fee (before Uber
service fee) is 3.5 pound in London. But such information is not available in Uber’s U.S.
website.
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(DoorDash, 2017b) to over 1 million (in the U.S., Canada, and Australia) in 2020
(DoorDash, 2020a). In 2019, DoorDash estimated that Dashers’ could earn $18.54 on
average per hour in October 2019, but this hourly rate included customer service tips
(DoorDash, 2019). While the pandemic may increase the demand for delivery
services, drivers’ pay remains unstable. Drawing on interviews with food delivery
workers in New York City, reporter Kimiko de Freytas-Tamura (2020) wrote, “food
delivery apps say drivers can earn as much as $22 per hour, including tips, though
many drivers said they never earned anywhere close to that much.”

Instacart primarily offers grocery delivery and had an explosive growth in its
market share during the pandemic (from about 30% in April 2019 to 57% in April
2020) (Damiani, 2020). Before April 2020, Walmart was the leading market player in
online grocery delivery market. Instacart’s service is currently available in over 5,500
cities in the United States and Canada (Mascarenhas, 2020). There are two types of
shoppers in Instacart. Full-service shoppers are independent contractors and account
for the majority of Instacart’s workforce. Their pay is dependent on the batches and
customer service tips. In-store shoppers are Instacart’s part-time employees who help
to shop and pack the items in a specific store, but not all stores have in-store shoppers.
Also, in-store shoppers have a flat hourly rate!® and do not receive any tips. As |
discussed earlier, Instacart has been expanding its workforce to over 500,000 shoppers

during the pandemic (Lavietes & McCoy, 2020), but the expansion only applies to

13 Sociologist Chelsea Wahl (2020) conducted an ethnographic study of Instacart and worked
as an in-store shopper at a Wegmans store in a suburb of Philadelphia in 2018. She noted that
“in-store shoppers earned $10 per hour with an additional “service bonus” that was typically
5% of each order” (p. 85), but Instacart frequently changes its pay structure.

66



full-service shoppers. CNN Business reported that there were about 12,000 in-store
shoppers before the pandemic, but some in-store shoppers reportedly lost their jobs in
California, Illinois, Texas, and Chicago (O’Brien, 2020).

Access and recruitment. | mainly recruited delivery drivers via Reddit. As |
discussed earlier, | advertised my research on two subreddits where delivery workers
shared their work-related experiences (i.e., r/InstacartShoppers and r/UberEATS). |
originally had not included DoorDash into the advertisements mainly due to budget
concerns. But later | found that almost all of the replies to my advertisements—
including the posts on r/uberdrivers and r/lyftdrivers—asked me whether |1 would be
interested in interviewing DoorDash drivers. Indeed, the majority of the interviewees
(12 of 18) worked for DoorDash in some capacity (see Table 3-3 in the Appendix for
the list of the interviewees). | was able to schedule a number of the interviews and
received fewer requests as time went on, so | did not place another advertisement on
the subreddit for DoorDash drivers (i.e., r/doordash_drivers). Like the other two cases,
| used a snowball sampling method to ask participants for recommendations for other
potential interviewees, but | recruited the majority of the interviewees (16 of 18) via
Reddit.

There was also one notable instance during the process of recruitment. After
posting the advertisement on Reddit, an administrator from a closed worker-to-worker
online group invited me to share the information about my research with the members.
The online group was designed to provide a space for platform-based delivery drivers
(e.g., DoorDash, Postmates, and Uber Eats) to share their stories and chat with others.

The administrators were not associated with any of these platforms. After | posted the
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recruitment message for members who self-identified themselves as DoorDash

drivers, one of the members replied to my message and shared a news article about
how Amazon might spy on its workers’ online profiles to prevent workers from
participating in collective actions. This member warned others that participating in any
research interviews might threaten their interest in remaining an independent
contractor. As a response, | clarified how | would protect and use the interview data
for research purposes only. However, none of the members eventually contacted me
later. This instance may reveal gig workers’ fear of surveillance.

Interview Data Collection. | conducted 18 interviews with people who
worked on DoorDash, Uber Eats, or Instacart (see Table 3-3) between November and
December 2020. The interviews were conducted over the phone or Zoom. The
interview guide was similar to that in the other two cases, but I modified the wordings
to correspond to the platform interfaces (e.g., the rating systems these platforms
deploy). The interviews lasted between 11 minutes and 44 minutes.

In the interview sample, only three of the interviewees worked for Instacart.
Adele worked as an in-store shopper, whereas the others were full-service shoppers.
Therefore, the analysis was primarily based on the interviews with DoorDash and
Uber Eats drivers. | conducted interviews with 15 male and 3 female drivers. For this
case, | asked the age range of all interviewees. The interviewees’ age ranged from 18
to 53. Thirteen of the interviewees were under the age of 30. They worked in
Massachusetts (n = 4), Chicago (n = 1), Los Angeles (n = 1), Maryland (n = 1),
Pennsylvania (n = 1), New York (n = 1), Central Indiana (n = 1), Mississippi (n = 1),

Atlanta (n = 1), Arlington (n = 1), Portland (n = 1), New Mexico (n = 1), Southwest
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Virginia (n = 1), Columbus (n = 1), and Washington, DC (n = 1). Their length of
working on the platform was between two to three months and two and a half years.
Eight of the interviewees began working for DoorDash since March 2020 (i.e., the
time when COVID-19 was declared as a national emergency in the United States).
Their average weekly working hours varied significantly. Among the interviewees,
Sofia spent the least time working for DoorDash. She only worked for DoorDash for
15 minutes to three hours per week. By contrast, Lorenzo worked for Uber Eats and
DoorDash for about 35 to 45 hours per week.
Data Analysis

In this project, I followed LaRossa’s (2005) framework to analyze the
interview transcripts. Drawing insights from the grounded theory (Glaser & Strauss,
1967), LaRossa proposes the principles that guide the three phases of coding, namely,
open coding, axial coding, and selective coding. One of the key principles that | found
particularly useful was to constantly make “empirical and conceptual comparisons”
(LaRossa, 2005, p. 855). Since | started the project about ride-hailing drivers in the
early phase of this project, I compared the similarities and differences between
drivers’ practices and the empirical materials for the other two cases. For example, as
Uber uses its rating system to evaluate workers’ performance and the quality of
service interactions, | considered how the other platforms might evaluate their
workforces and frame such technologies of evaluation in similar and different ways.
The analysis of the interview data and the discursive texts concerning the labor
platforms also provided the comparative basis for thinking through the tensions

between algorithmic labor control and resistance.
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The analysis began with open coding, which identified emerging indicators
(e.g., the key terms used by the participants) and associated concepts (LaRossa, 2005).
| read the interview transcripts to look at how the interviewees described their uses of
the labor platform(s) and metrics; their interactions with their customers; rewarding
and frustrating experiences with the platforms; and their communication with the labor
platform(s). Axial coding stresses the relationship between different emerging codes
(LaRossa, 2005). For instance, | considered the factors (e.g., information asymmetries,
limited communication with platform companies, and the negative ratings they
received, etc.) that might contribute to the interviewees’ affective feelings of metrics. |
also compared how platform-based social-technical features—such as the rewards and
sanctions of metrics—might influence drivers’ reactions to metrics. The final phase of
selective coding helped to craft the main story about how labor control and resistance
were connected with the management by and of customers in workers’ daily practices.

During the data analysis, | reflected on the similarities and differences between
the interview samples for the three cases. First, all of the interviewees might generally
be more vocal about the labor platforms than other workers because they participated
in worker-to-worker online communities. Nonetheless, some of the interviewees for
the case of ride-hailing platforms were arguably active members of these online
communities. They not only sought work-related information but also created content
for other workers. Second, the majority of the interviewees were men (40 of 50).
There are two possible reasons. First, driving and delivery work are male-dominated
industries. Second, female gig workers might be in a more vulnerable position to

accept a stranger’s interview request in these online communities. The analysis,
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therefore, was skewed to the perspectives of male gig workers. Third, the interviewees
for the case of delivery platforms might be considered “newcomers” to the gig
economy, compared to the interviewees for the other two cases. They started working
on the delivery platforms due to the pandemic. This might serve as an analytical point
to consider how these newcomers learned to navigate labor platforms’ algorithms and
metrics.

Methodological Reflection: Challenges and Successes

Before presenting the empirical analysis, | would like to reflect on (a) the
methodological challenges | encountered and (b) the ways that my research strategies
might influence the validity—which is defined as “a kind of accuracy or correctness”
(Humphreys, 2020, p. 81)—of the findings.

One of the major challenges for this project was that gig workers do not have a
bounded workplace where | could conduct observational fieldwork and recruit
potential participants. The platforms I studied also have limited or no services in the
place 1 live (i.e., Ithaca). While | was able to recruit participants via worker-to-worker
online communities, it was difficult to sample gig workers based on their
demographics. | also did not include questions about age and income level during
most of the interviews; therefore, the analysis did not account for how these factors
might influence workers’ reception of metrics. To address these issues, I should have
included these interview questions and recruited more participants in a major city.

Moreover, as | discussed earlier, the pandemic might result in a higher demand
and supply for delivery services. In the case of delivery platforms, many of the

interviewees were newcomers. On the one hand, it enabled me to analyze why they
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decided to work in the gig economy and how they learned to navigate the work
process. On the other hand, these newcomers might not plan to continue working on
the platform after the pandemic. Therefore, they might not have a strong incentive to
dive into platform-based socio-technical features. The interviewees who had a longer
working experience tended to provide “richer” data than the others.

There were also constraints of the interview format. All of the interviews were
conducted over the phone or video conferencing tools (e.g., Zoom, Skype, and Google
Hangouts). This interview format was effective in recruiting participants because the
interview could take place anywhere. Nonetheless, the lack of face-to-face
communication made it difficult for me to view workers’ profiles on the platform and
ask follow-up questions. To address this issue, | asked the participants to walk me
through the platform as well as their profiles and metrics. This allowed me to gain a
better understanding of workers’ routine use of the platform.

Overall, there are potential biases from my sampling strategies. The interview
sample was skewed to male gig workers and those who were likely to have a stronger
opinion about their work experiences. In order to gain a deeper understanding of the
labor platforms and workers’ perspectives, I also relied on other sources of materials

(e.g., news articles and company websites) to complement the interview data.
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CHAPTER 4
ALGORITHMIC LABOR MANAGEMENT AND METRICS IN CONTEXT

This chapter situates the role of metrics in algorithmic labor management in
the contexts of the platforms I studied. First, I briefly review each platform’s
development trajectory. The goal is not to offer a comprehensive historical account of
the labor platforms, but to contextualize this project. Then, I describe platform-based
labor processes; specifically, the steps workers must take to complete an order.
Platforms as socio-technical infrastructures enable and mediate workers’ experience.
As Daniel, an Uber driver, told me, the Uber app “is the Uber experience. I can’t do
what I do without it.” Taskers and platform-based delivery drivers, similarly, need to
login their accounts and turn on the app in order to chat with their clients and receive
the information about the delivery order, respectively. I also focus on how metrics
become intertwined with algorithmic direction and discipline. Then, | offer a synthesis
of these platforms’ development trajectories and labor processes.

Lastly, I discuss how platform owners legitimize their uses of metrics on a
discursive level. Metrics are imbued with an array of meanings, with specific aims.
Platform owners framed metrics as boons for the “entire community” rather than a
means to manage workers. An inquiry into platforms’ discursive work around metrics
can help to explore how they articulate the meanings of metrics.

Ride-hailing Platforms: Uber and Lyft
A Brief Overview of Uber’s Development Trajectory
In 2008, when Garrett Camp and Travis Kalanick first pitched the idea of

“UberCab” (i.e., the original name of Uber), the company envisioned itself as the
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“NetlJets of car services” and only offered luxury limo-hailing services for
professionals who were members of the company (Bhuiyan, 2017). UberCab began its
operation in San Francisco in June 2010. Its service costed about 1.5 times more than a
typical taxicab (Issac, 2019). UberCab initially had used a website (see Figure 1-1)
and soon developed a mobile app for allowing people to request ride-hailing service
through iPhone and SMS (Issac, 2019). At that time, UberCab already considered
drivers as “partners” to distance itself from employment responsibilities.

Figure 1-1. Screenshot of UberCab’s Website on July 12, 2010 (Source: The

WayBack Machine)
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Note. | used a black box to hide the personal information of the people who tweeted
about UberCab.

In October 2010, the company renamed itself “Uber,” in part because the San
Francisco Municipal Transportation Agency denounced the company for offering
unlicensed taxi services. According to Issac (2019), Travis Kalanick, a co-founder of
the company, stated in the company’s office: “We ignore it ... We’ll drop ‘Cab’ from
our name” (p. 112). Ignoring and challenging the regulations, in fact, has been key
strategies for Uber and many labor platforms to expand their businesses (Pollman &

Barry, 2017). After the rebranding, Uber began expanding its business to New York in
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2011 and other major cities (e.g., Chicago) in 2012.

Figure 1-2. Screenshot of Uber’s Website on May 7, 2012 (Source: The WayBack

Machine)
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Note. | used a black box to hide the personal information of the people who tweeted
about Uber.

Figure 1-2 is a screenshot of Uber’s website on May 7, 2012 from the
WayBack Machine. Uber’s motto became “Everyone’s Private Driver” and rolled out
a cheaper non-limo hailing service called “UberX” which cost 35% cheaper than
Uber’s luxury service (Tsotsis, 2012). This service significantly expanded Uber’s
workforce, as it allowed cab drivers and drivers with no business licenses to offer
services. In this vein, driving for Uber might become illegal, but the company offered
monetary incentives to recruit new drivers in every new market they entered, as
evidenced by Craigslist advertisements such as “Let drivers know they get $500 cash
when they take their first ride on UberX” (Issac, 2019, p. 19). Recalling his experience
driving for Uber in 2014, my interviewee Eddie said,

I was waiting to pick someone up at union station ... My car was in the wrong

place. | should have driven it down a different lane, but the person who pulled
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me over once he asked me if | was an Uber driver and | just said yes, and he
wrote me a ticket for driving an illegal taxi. | contacted Uber when that
happened and they did reimburse me for the cost of the ticket. It definitely
scared me when that happened.
Although Uber covered the fine, Eddie’s reflection revealed the risk of driving for
Uber in its early days.

Alongside Uber’s violation of transportation regulations, there have been
lawsuits against Uber’s employment classification of drivers since 2013 (Hawkins,
2019a). Drivers are supposedly independent contractors, but they are subject to socio-
technical control; for example, they cannot see the destination before accepting a ride.
Yet, Uber has insisted on its framing and classification of drivers: they are self-
employed “driver-partners” and “consumers” of its technology and digital
intermediary service (Rosenblat, 2018a). Whenever the government requires Uber to
re-classify drivers as employees, or provide certain employment protection, the
company threatens to limit or shut down its business.

In 2017, Uber faced a string of scandals such as its false advisements about
drivers’ earnings, its use of software for identifying police and deceiving law
enforcement, and sexual harassment in its workplace (Levin, 2017). In August of
2017, Dara Khosrowshahi became Uber’s new CEO to replace Travis Kalanick. Uber,
meanwhile, kicked off a campaign called “180 Days of Change” and stated in its email
to drivers: “You’ve told us what you want and now it’s time we step up and give you
the driving experience you deserve, because simply put, Uber wouldn’t exist without

you” (Uber, 2017). Of relevance to this project, Uber has redesigned its mobile app to
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incorporate a tipping option, ratings protection, and allow drivers to earn “badges”
(Hawkins, 2018). Riders are required to select a reason from Uber’s list (e.g., “Too
many pickups”, “Route by Uber” and “Navigation”) when they rate a driver below 5
stars. If the selected reason is out of drivers’ control, the rating shall be automatically
removed from drivers’ average ratings. Another relevant change is the launch of Uber
Pro program since November 2018. This program strengthens the connection between
drivers’ ratings and rewards. However, as | explain in Chapter 5, these changes did not
seem to address the interviewees’ frustrations about ratings.

In early 2021, ride-hailing services remain one of Uber’s key businesses, but
the company is also expanding its scope of personal mobility market (e.g., e-scooters)
and offering delivery (Uber Eats) and logistics (Uber Freight) services.

A Brief Overview of Lyft’s Development Trajectory

Lyft was initially a “ride-sharing” service offered by a carpooling company
called Zimride in 2012 (Cutler, 2012). In 2007, Logan Green and John Zimmer
launched Zimride through Facebook at Cornell University (i.e., Zimmer’s alma
mater). The company aimed to connect drivers with passengers (i.e., college students)
who needed long-distance and school-specific carpooling services. As Facebook was
the platform where people could request for Zimride, passengers could know drivers’
identities. Six months after Zimride was launched, 20% of Cornell students signed up
for the service (Schomer, 2011). Later, the company developed its business to
different college campuses (e.g., Stanford University) and collaborated with
corporations like Walmart (Sullivan, 2009).

In June 2012, Zimride officially started Lyft in San Francisco. What
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distinguishes Lyft from Zimrides’ carpooling service is that the former focused on
short-distance trips. Its marketing campaign was different from Uber’s early
campaign: while Uber focused on luxury services, Lyft emphasize the vision of
building a community (Olanoff, 2012). The vision of community was reflected in
Lyft’s slogan “Lyft is your friend with a car” and symbolized by a fuzzy pink
mustache (see Figure 2) on the front of every Lyft’s vehicle. As Zimmer recalled the
reason for adopting this iconic symbol in a media interview, “We originally thought of
doing this just for women, as a safety kind of service and a very particular clientele.
It’s partially because of that” (Olanoff, 2012). Compared to Uber, Zimmer suggested
that Lyft is “a more jovial and interactive social experience than simply getting into
the back of a slick black car” (Olanoff, 2012). Additionally, Lyft’s early business
model rested upon what the company called “donations.” After each ride, riders would
be asked to “donate” to their drivers. Lyft’s app would have a “suggested donation”
amount calculated based on the location and length of the trip, but riders could adjust
their “donations.” Lyft drivers received 80% of the donation, whereas Lyft took the
remaining 20%. The donation-based model attempted to evade taxi regulations.
Nonetheless, Lyft reportedly sent a warning message to riders who paid less than the
suggested amount—-“low donations may make it hard for you to get rides in the
future” (ABC7, 2013). Lyft drivers could also reject riders’ requests based on the
latter’s payment history. As a response to public criticism, the company eventually

replaced the donation-based model with a mandatory pricing model in 2014.
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Figure 2. Screenshot of Lyft’s Website on January 26, 2015 (Source: The
WayBack Machine)
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Lyft gained traction and became the main business of Zimride. In May 2013,
the company renamed itself Lyft, and later sold its carpooling business to Enterprise
Rent-A-Car. Similar to Uber, Lyft incorporated a two-way 5-star rating system at the
beginning of its business. Passenger ratings, explained Lyft, were a means to protect
drivers: “Drivers rate passengers after every ride, and you’ll be able to see their rating
before accepting a pickup. Every passenger also signs up for Lyft using Facebook and
provides valid credit card information for identity purposes.” Passengers, meanwhile,
could rate their drivers and their ratings mattered in two ways. First, if a passenger
rated a driver below 4 stars, they would never be matched on the platform. Second,
Lyft would deactivate drivers with an average rating lower than 4.5 stars. The rating
system, as Lyft advertised on its website, was “all about community.”

Despite Lyft’s emphasis on community, Lyft and Uber shared similarities in
terms of their business models. For example, both Uber and Lyft claim to target
drivers who want to be their own boss and enjoy flexibility. Drivers are classified as
independent contractors. Lyft developed “Lyft Line” (or “Shared rides”; c.f.
UberPool) and “Lyft Lux” (c.f. Uber Lux). In 2016, Lyft replaced its iconic pink

mustaches with a new device called “Amp”—*"a two-way beacon the company claims
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will help riders and drivers find each other faster and more easily than ever—after
Uber tested a similar color-matching system (Stinson, 2016). As Uber has
implemented its rewards program for drivers since 2018, Lyft accordingly expands its
rewards program to drivers in 2020. Additionally, Lyft and Uber have offered bonuses
(e.g., Lyft “Prime Time” versus Uber’s “surge”) to attract and retain drivers.

Yet, there were a few key differences between Lyft and Uber in the past. First,
Lyft has allowed riders to tip their drivers on the app since 2012, whereas Uber had
long opposed the idea of tipping (Uber Under the Hood, 2016) and only incorporated
this function as part of its “180 Days of Change” campaign in 2017. Lyft (2018)
further changed its app interface to incorporate a default tipping option in 2018. The
suggested tips were calculated based on the percentage of the total fare, rather than a
preset tip amount (e.g., “$2”). Second, Lyft (2019) has emphasized its “driver-centric”
approach by offering 24/7 phone support for drivers and establishing in-person local
Hubs. In 2016, Lyft also established a “Driver Advisory Council” to invite drivers
who exemplified its community guidelines to share their opinion with Lyft. In fact,
Lyft (2018) referenced the Council when incorporating the default tipping option.
Third, since 2018, if a rider does not rate a Lyft driver, the latter’s rating is by default
a b-star rating. As a result, it seems that drivers had a higher level of satisfaction with
Lyft than Uber, according to a non-probability sampling survey conducted by “The
Rideshare Guy” in 2018.

Lyft has become a public company since 2019. Compared to Uber, Lyft’s
(2019) future business plan—what it calls “multimodal platform”—remains largely

focused on transportation. Lyft’s multimodal platform includes ride-hailing services,
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bikes and scooters, public transit, and autonomous vehicles. Its ultimate goal is to
“simplify travel decision-making and expand the potential uses for our platform, such
as subscription plans, commuter services, first-mile and last-mile services and
university safe rides programs” (Lyft, 2019, p. 9).
Algorithmic Labor Process and Metrics on Ride-hailing Platforms

Uber’s and Lyft’s labor processes are largely similar. Drivers needs to log onto
the worker-facing app and wait for a ride request. Usually, the interviewees waited for
their first ride either in their house or an area in which they anticipated a high demand
of ride requests. Drivers can see a colored map (Uber’s surge map or Lyft’s “Personal
Power Zones”) that claims to visualize areas with a high demand of ride requests and
more earning opportunities. The two platforms also offer other on-demand bonuses
such as Uber’s “Quest” and Lyft’s “Ride Streaks.” Once drivers receive a ride request,
they can see limited information about the trip, including the rider’s name, fare
upfront, and pickup estimated time arrival (ETA). Depending on drivers’ working
location and rewards program status (Uber Pro or Lyft’s rewards program), drivers
may have access to the trip duration, pickup location, and trip time. After the passing
of ABS5 in California, both companies made available the details about trip information
to drivers in California. As Uber (2019b) said, such information could help these
drivers to “earn on their own terms” and “make informed decisions.” Drivers have 15
seconds to accept the request. Then, drivers commute to the pickup location and
navigate to the destination. During the ride, drivers can rely on the platform’s
navigation system or other navigation apps. After the ride, the driver and rider can rate

each other’s performance on a 5-star scale. The driver must rate their rider before
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accepting another ride, whereas the rider can decide whether they want to rate the
driver. Additionally, both Uber and Lyft charge service fees on each ride (excluding
customer tips), but the amount varies per trip.

Table 4 in the Appendix offers a summary of (a) the kinds of worker-related
metrics that the platforms currently incorporate into its platform; (b) methods of
calculating customer ratings; and (c) dispute process. There are three main differences
between Uber’s and Lyft’s design of their metrics. First, Uber calculates drivers’
average ratings based on their last 500 rated trips, while Lyft only accounts for the last
100 trips. Second, Lyft automatically removes the single lowest rating from drivers’
account for every 100 rides. Third, if riders do not rate their drivers within two hours,
Lyft drivers will automatically receive a 5-star rating.

Both companies have used 5-star rating systems since their inception. In 2014,
Uber sent a guide to the drivers to explain the methods of calculating ratings, the goals
of using the rating system, and strategies for getting a good rating. The official guide
stated, “Your [drivers’] average rating is the first thing that Uber uses when evaluating
your [drivers’] partnership and the system” (Uber, 2014, p. 2). Uber may deactivate
the “lowest-quality drivers” to protect “the quality of the Uber system as a whole” and
ensure that riders can enjoy an efficient and safe ride-hailing service (p. 3).
Accordingly, Uber encourages drivers to offer additional amenities (e.g., water,
snacks, and cell phone chargers), keep their vehicle clean, and dress professionally.
Lyft, by contrast, generally suggests drivers to consider ways to improve their
performance if their average ratings fall below 4.8.

The improvement of user experience has been a commonly used rhetorical
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justification for Uber and Lyft to change the design of their rating system. In 2015, for
example, both companies allowed riders to check their ratings to increase the
“transparency” of the system. Lyft also notified riders when drivers gave them a 5-star
rating (Soper, 2015). Yet, Lyft drivers were used to receive a copy of all customer
feedback (Ince, 2017), but now they only receive Lyft’s weekly feedback summary
(Avedian, 2019). After Uber’s “180 Days of Change” in 2017 and Lyft’s
implementation of ratings protection in 2018, their rating systems became very
similar. Both companies require riders to briefly explain why they would give a rating
below 5 stars. Nonetheless, the two companies do not disclose much information
about their dispute process. Uber also explicitly mentions that no individual ratings
can be removed upon drivers’ or riders’ requests.

Both companies have offered rewards programs for drivers. The rewards
programs can be considered a form of gamification: “following rules, accumulating
points, obtaining prizes” (Turow, 2017, p. 167). In Turow’s (2017) analysis of loyalty
programs for customers, he found that retailers might consider such programs as
means to establish emotional connections with “high-value” customers and incentivize
them to stay tuned for the stores. Through loyalty programs, retailers can collect and
track customers’ personal data. Within the context of this project, gig workers have
already given up personal data to labor platforms when they work on the platforms.
But the rewards programs may still be useful for retaining workers on the platform. A
worker’s reward status is dependent on how many rides they offer and how well they
perform in accordance with platform-based evaluative standard. In this vein, platform

owners can use rewards programs to incentivize workers to stay active on the platform
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and incite them to meet the needs of their customers. The programs, meanwhile, can
set normative standards about “good” workers who may receive better treatment on
the platform.

Uber has begun its Uber Pro program in 2018, while Lyft has extended the
scope of its rewards program to cover drivers. Uber and Lyft drivers are automatically
enrolled into the rewards program. Each program period lasts for three months. For
Uber drivers, they begin at the “Partner” tier and collect points to ascend to the
“Gold,” “Platinum”, and “Diamond” tiers.}* For each ride, drivers can earn one point
for every trip they complete, but they may earn extra points when they drive in
designated times and areas. At the Diamon tier, drivers can “unlock” the premiere
level of benefits such as “100% tuition coverage” through Arizona State University’s
online platform, priority status for airport pickups and preferable reimbursement on
fuel charges. All Uber Pro points will be reset after the three-month period. To
maintain the status, drivers must provide “quality service,” represented by a customer
rating of 4.85 or above, a cancellation rate of no more than 4%, and an acceptance rate
of at least 85%.%

Lyft’s rewards program, similarly, has three tiers: “Silver,” “Gold,” and
“Platinum.” Lyft drivers can earn one Qualifying point for each dollar they earn

during busy hours, but the eligible earnings do not include cancellation fees, ride

14 Uber sets different points thresholds in different cities and may modify them in different
program periods. For example, a Chicago driver may need to get 600 points to unlock the
“Gold” tier, 1200 points to unlock the “Platinum” tier, and 1800 points to unlock the
“Diamond” tier. A driver in Denver, by contrast, may need to get 300 points for “Gold,” 600
points for “Platinum,” and 1200 points for “Diamond.”

1> Uber has removed the acceptance rate requirement in California as a way to demonstrate
that the company is not controlling the workers.
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bonuses, and other bonuses. The Qualifying points will be reset at the end of each
program period. In addition to unlocking tiers, Qualifying points can also be redeemed
for ride credits (“Silver” tier) and cash (“Gold” and “Platinum” tiers). In this sense, the
rewards program can provide a monetary incentive for drivers to continue working on
the platform. Yet, having a high Qualifying point is only one of the criteria for
unlocking tiers. Lyft, meanwhile, calculates drivers’ driving score, based on their
ratings, acceptance rates, and cancellation rates in their last 100 rides. Lyft does not
disclose the exact formula for calculating one’s driving score. Drivers can look at their
score on the rewards program screen of Lyft’s app. This driving score is only relevant
to the rewards program. Drivers must maintain at least 60% of driving score to unlock
“Silver” and 80% of driving score to unlock the other tiers. In order to unlock the tiers
of “Gold” and “Platinum,” drivers need to have a rating higher than 4.90 and a 90%
acceptance rate. The acceptance rate is required in all cities, except for California.
Considering algorithmic labor control through the lens of direction, evaluation,
and discipline (Kellogg et al., 2020), metrics as a form of evaluation influences
algorithmic direction and discipline in at least three ways. First, ratings, cancellation
rates, acceptance rates, and rewards points matter for Uber and Lyft drivers to
maintain and unlock their tier. Here, the rewards programs can be seen as a form of
algorithmic discipline by offering “rewards” for drivers. One of the important
“rewards” for Uber and Lyft drivers is the increased visibility of trip information (e.g.,
pickup location and trip time). This leads to the second point about the direction of
work tasks. Drivers could possibly make use of the details about trip information to

organize their work schedule and spatial movement. But with the implementation of
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the rewards programs, such information becomes only available to drivers who
continuously provide ride-hailing services and receive a high rating from their riders
Third, metrics, particularly ratings can affect drivers’ continuity of employment on the
platforms. If drivers’ average ratings fall below the location-specific minimum
threshold, they are at risk of being deactivated.
TaskRabbit

Among the platforms | studied, TaskRabbit has significantly altered its
organization of work tasks throughout its history—from a bidding marketplace system
to an on-demand matching system. TaskRabbit is also different from the other
platforms in two ways. First, it allows Taskers to set their own hourly rates, which
according to Stacy Brown-Philpot—the former CEO of TaskRabbit—contributes to
the building of “relationships and community bonds” on TaskRabbit (Wired, 2018).
Second, Tasker-related metrics can determine the visibility of their online profiles.
A Brief Overview of TaskRabbit’s Development Trajectory

TaskRabbit was formerly named “RunMyErrand” between 2008 and 2010. As
the founder Leah Busque envisioned, the company would have “incredible underlying
power” to build “a sense of community” (Truong, 2011). The core idea of the
company is that “neighbors would come to your rescue — they would do your daily
errands” (Scholz, 2017, p. 47). From the company’s perspective, daily errands were
essentially the tasks that people “don’t have the time, ability, or desire to do
themselves.” Using its “errand sharing model,” the company promised to “save time,”

99 ¢

“save money,” “contribute to green living,” and “support your local community.” At

that time, RunMyErran was a web-based and mobile marketplace (see Figure 3-1) that
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connected “senders” (i.e., service recipients) with “runners” (service providers).

Figure 3-1. Screenshot of RunMyErrad’s Website on June 18, 2009 (Source: The
WayBack Machine)
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Specifically, senders could post any small tasks and set the rates on the
platform. Once a task was posted, a group of “prequalified” runners who passed the
company’s background check would receive an alert via e-mail or text messages.
Runners could then accept the task or counteroffer the price. To inspire senders,
RunMyErran created a list of “top errand ideas” such as “wait in line for sports
tickets,” “address and mail holiday cards,” and “pick up a 40-Ib bag of dog food.” On
the website, people could see lists of runner profiles with star ratings (5-star scale) and
reviews, available tasks (“running now”) and recently completed tasks. The list of
recently completed tasks included the content and price of the tasks as well as
customer ratings and reviews. The ratings and reviews, or what Leah Busque called
“reputation engine” distinguished the company from Craigslist (Truong, 2011).

As the company grew and received over $1 million investment from venture
capital funds in 2009 and 2010, Leah Busque decided to rebrand the company as

TaskRabbit in April 2010. With this rebranding campaign, TaskRabbit launched a
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series of changes in its platform (see Figure 3-2 for a screenshot of TaskRabbit’s
website on February 2, 2011). First, it began focusing on a predefined category of
tasks beyond errands. In 2011, the categories included shopping, donation pickup,
misc. pickup/drop-off, moving help, house chores, and something else (e.g., restaurant
pickup, writing, and computer help).

Figure 3-2. Screenshot of TaskRabbit’s Website on February 2, 2011 (Source:

The WayBack Machine)

: P02 [8 1
TR ol s el L

Life is busy. TaskRabbit can help.

© Postatask © “Runners” do the Task “3 Pay when It's done

u Pay w craait card onty wnen
o you il
Pe
.

Second, TaskRabbit reframed “senders” as “TaskPosters” and “runners” as
“TaskRabbits” (and more recently, “Taskers”). The company also considered runners
or TaskRabbits as “entrepreneurs” who were “in charge of their own schedules and
work environments” (The Hutch by TaskRabbit, 2010). Third, TaskRabbit launched
its iPhone app in July 2011. The app enabled service recipients and providers to find
the tasks based on location and provided them with suggested pricing for tasks (The
Hutch by TaskRabbit, 2011). TaskRabbit, meanwhile, remained using its bidding
system. TaskPosters could assign a price for their task or leave the task open for bids.

If they chose the latter option, the system would allow them to take the lowest bid. At
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this time, TaskRabbit’s transaction fee was between 12 and 30 percent of workers’
wage (Scholz, 2017).

Of particular relevance to this project, there were two major changes in
TaskRabbit in 2014. First, TaskRabbit has introduced a rewards program—
“TaskRabbit Elite program”—for highly active workers with at least a 4.9 star rating
(The Hutch by TaskRabbit, 2014a). This program does not offer monetary rewards;
instead, it recognizes workers via “the special badge on their profile and offers.”
Second, TaskRabbit has shifted from a bidding system to a task matching algorithm
(The Hutch by TaskRabbit, 2014b). While TaskRabbit claimed to introduce this
change “based on months of user research” (The Hutch by TaskRabbit, 2014b), the
company reportedly adopted this model because of the decline in bids (Newton, 2014).
Specifically, TaskRabbit’s matching algorithm would show clients a list of suitable
Taskers, based on the latter’s availability and past behavior (e.g., ratings, experience,
and hourly rates) on the platform. TaskRabbit also requires all Taskers to set their
hourly rates in advance, so as to reduce “pricing anxiety”” (The Hutch by TaskRabbit,
2014b). Taskers are no longer allowed to view all the available tasks.

In April 2016, Stacy Brown-Philpot became the new CEO of TaskRabbit, as
Leah Busque had decided to step down.'® Between 2016 and 2017, Stacy Brown-
Philpot significantly expanded TaskRabbit’s presence from 19 cities to 40 cities
(Wolfe, 2017). She also oversaw the sale of TaskRabbit to IKEA in 2017 and

described this action as “opportunistic” to expand TaskRabbit to be a “larger

% This is the second time Leah Busque stepped down as TaskRabbit’s CEO. In October 2011,
she decided to focus on product development and hired former Hotwire CEO Eric Grosse to
work as TaskRabbit’s CEO. However, she soon resumed the CEO in June 2012.
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platform” (Brown, 2017). After IKEA’s acquisition, she remained the CEO until
August 2020. TaskRabbit is still an independent company, while partnering with
IKEA to offer furniture assembly services.

Since August 2020, Ania Smith—the former head of the Courier Operations at
Uber Eats—has become TaskRabbit’s CEO. In 2020, the company has introduced 12
categories of tasks such as smart home installation, room measurement, and snow
removal (The Hutch by TaskRabbit, 2020). Due to the COVID-19 pandemic, the
company has also introduced contactless and virtual tasks. Yet, the impacts of the
pandemic on the company’s development remain unclear.

TaskRabbit’s Algorithmic Labor Process and Metrics

Among the Taskers | interviewed, Kooper and Zoey were the only
interviewees who had experienced TaskRabbit’s bidding system. Both of them had
positive attitudes towards TaskRabbit’s change. Zoey described the previous bidding
process as a “horrible” experience because many people would apply for a task and
the client would only take the lowest offer. Kooper, similarly, considered the change
as “a win-win because ... you can also set your prices at a higher threshold if you have
more experience.”

That said, the rest of the interviewees had never used the bidding system.
Currently, the first step for working on TaskRabbit is to set up an online profile.
Taskers’ online profile shall include their personal information and specify the skills,
schedule, and hourly rates. Taskers can set different hourly rates for different
categories of tasks. Taskers can also decide whether they would accept same day

requests. Some of my interviewees also mentioned the tools they had for home repairs,
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mounting, and furniture assembly on their profiles. However, it is noteworthy that all
of the interviewees told me that they did not update their profiles frequently, except
for their weekly schedule and hourly rates. On the clients’ side, they need to input
their address and briefly describe their tasks. Then they will be able to see a selected
list of Taskers sorted by TaskRabbit’s algorithm. As previously discussed,
TaskRabbit’s algorithm accounts for Taskers’ availability, experience, and ratings.
Clients can also select the options to narrow the search results to a list of “Elite
Tasker” and “Great Value” (i.e., Taskers with a high rating and a low rate). They can
view Taskers’ profiles and ratings before selecting a specific Tasker.

After the client selects a Tasker, the Tasker will receive a notification on the
worker-facing app. Before accepting the task, the Tasker needs to communicate with
the client to confirm the details about the task, using the “chat” function. After that, if
the Tasker decides to accept the task, s/he needs to confirm the time and estimate the
length of the task. There is a one-hour minimum for all tasks. After completing the
task, the Tasker need to create an invoice on the app to confirm the hours s/he worked
and specify any additional expenses for completing the task. The Tasker can also leave
a closing message for the client. After the Task is invoiced, the client can leave a
rating and a public written review for the Tasker. Unlike Uber and Lyft, TaskRabbit
charges a 15% service fee of the total price on clients rather than Taskers.

There are four kinds of worker-related metrics on TaskRabbit, including 5-star
customer ratings, response rates, acceptance rates, and reliability rates (see Table 4).
In the early days of RunMyErrand and TaskRabbit, service recipients and providers

could rate one another’s performance on a 5-star scale. Yet, as TaskRabbit has
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transitioned to the current task matching system, Taskers are no longer able to rate
their clients. Taskers’ 5-star ratings are categorized as “positive” (3 to 5 stars) and
“negative” rating (1 to 2 stars). Yet, prospective clients can look at all individual
ratings and reviews. Taskers can dispute an unfair rating to the company if they
provide valid documentation. Additionally, the other three types of metrics are
expressed as percentages. If Taskers accept all the request and complete those tasks,
they have perfect metrics (i.e., 100%) in these three categories. TaskRabbit suggests
that Taskers should maintain at least 75% acceptance rate, but they do not deactivate
any Taskers based on metrics. While TaskRabbit renders all kinds of metrics visible to
workers and customers, the company does not clearly explain how such metrics
influence the matching algorithm. Put another way, Taskers know that their metrics
are one of the key factors that influence the visibility of their online profiles but do not
understand how TaskRabbit actually uses their metrics in the matching process.
Metrics are connected with the visibility of Tasker profiles on the platform in
two ways. First, Taskers’ metrics can affect their standings in search results, but they
do not affect what work-related information Taskers can see before accepting a task.
Second, Taskers’ metrics, particularly ratings, are basic requirements for qualifying
the platform’s “Elite Taskers” program. Taskers need to maintain at least 98% of
positive ratings and complete at least 10 tasks in the previous month to participate in
this program. This program provides “Elite Taskers” with a badge on the platform, a
higher suggested hourly rate, priority support, and access to the company-led “Tasker
Elites” Facebook group. Yet, even if Taskers lose their “elite” status, they will not be

removed from the Facebook group.
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Delivery Platforms: DoorDash, Uber Eats, and Instacart
A Brief Overview of DoorDash’s Development Trajectory

Originally named as “Palo Alto Delivery,” DoorDash was found by four
Stanford students—Tony Xu, Stanley Tang, Andy Fang, and Evan Moore— in 2013
(Luce, 2020). As Tony Xu and Evan Moore recalled, the four co-founders started
brainstorming the idea in Fall 2012, because “most restaurants in the area [i.e.,
downtown Palo Alto] didn’t deliver” (Luce, 2020). The four co-founders, accordingly,
conducted interviews with small business owners in the Bay Area and found that
delivery infrastructure was unavailable for these owners (How to Start a Startup,
2014).

In January 2013, they decided to experiment their delivery service by
launching Palo Alto Delivery’s website (see Figure 4). As Stanley Tang reflected in
2014, “We didn’t have any drivers; we didn’t have any algorithms; we didn’t have a
backend; we didn’t spend six months building a fancy dispatch system” (How to Start
a Startup, 2014). They found the PDF menus of the restaurants and uploaded them on
the website. The four co-founders were the delivery drivers. Six months after founding
the business, they completed 217 deliveries and decided to apply for the seed funding
from Y Combinator—a seed money accelerator program for start-upst’ (Buchheit,
2020). They eventually received $120,000 and scaled up DoorDash to offer delivery

services “in Palo Alto and Mountain View in an average time of 45 minutes” on its

7Y Combinator’s program is essentially about funding start-ups (in exchange for future
equity), offering advices to the start-ups, and providing networking opportunities. In addition
to DoorDash, Instacart, Airbnb, and Dropbox are some of the companies that participated in
the program.
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website or via a mobile app (Gallagher, 2013). DoorDash, meanwhile, developed three
separate apps for its customers, drivers, and restaurants.

Figure 4. Screenshot of Palo Alto Delivery’s Website on May 17, 2013 (Source:
The WayBack Machine)
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DoorDash has positioned itself as a technology and logistics software company
since 2013. The company advertised delivery drivers, or what they called “Dashers” as
either part-time or full-time independent contractor positions, while promising that the
company “promoted drivers in the past to other positions within DoorDash.” It also
required drivers to have an iPhone, car, insurance, clean driving record, and friendly
attitude. DoorDash, nonetheless, was sued over its misclassification of worker status,
in part because the company required Dashers to red T-shirts with DoorDash logo for
delivering order and relied upon independent contractors as its major workforce (S.
Levy, 2015). The company eventually paid $3.5 million to settle class-action lawsuit

and updated its deactivation policy to clarify the conditions under which Dashers
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might be deactivated in 2017 (DoorDash, 2017a)*8. In the deactivation policy, we can
see that maintaining at least 4.2 customer rating (out of 5-stars) and 80% completion
rate is essential for Dashers to stay on the platform. Yet, DoorDash has framed that
such metrics are crucial for ensuring the success of the platform and maintaining a
high-quality customer service. The deactivation policy still insists on the company’s
classification of independent contractors.

There are two notable changes in DoorDash’s rewards and metrics for delivery
drivers. First, DoorDash tested a pilot monthly rewards program—the “Top Dasher
Program”—for delivery drivers in 2019. It required delivery drivers to have at least
4.70 customer ratings, 95% completion rate, 100 completed deliveries, and 200 life-
time deliveries by the last day of each month. A “top Dasher” can dash anytime and
receive more deliveries. Notably, DoorDash requires delivery drivers to schedule their
working time in advance, particularly in a market where the demand for delivery
services is low. However, the scheduling did not seem to be relevant to my
interviewees, possibly because the COVID-19 pandemic has significantly increased
the demand for DoorDash’s service. The rewards program has currently been
implemented in the United States. Additionally, DoorDash (2020b) has attempted to
“make ratings more actionable” since December 17, 2020. Accordingly, the worker-
facing app allows delivery drivers to “see how many ratings have been excluded
because of factors outside of your control, like longer wait times at restaurants.” The

app also provides more detailed written feedback from customers and customer

'8 This is only one of the class-action lawsuits against DoorDash. DoorDash (2020a) listed at
least 18 lawsuits against the company and Caviar (another delivery platform acquired by
DoorDash in 2019) between 2017 and 2020.
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compliments (i.e., “Quotes from customers”) as well as “tips from expert Dashers” on
how to strengthen the ratings. However, DoorDash’s deactivation policy remains
unchanged. It is also noteworthy that the changes in ratings have been implemented
after | conducted the interviews with DoorDash delivery drivers.

A Brief Overview of Uber Eats’ Development Trajectory

Uber launched Uber Eats (formerly named “UberFresh”) in August 2014. In
2014, “UberFresh” was built into Uber’s app—much like other ride options—and only
available in San Monica and Los Angeles. Uber renamed the service as Uber Eats in
April, and launched a separate app for its delivery service in August 2015 (Tepper,
2015). At the time, Uber Eats focused on lunch and dinner options in a set time period.
It charged a flat delivery fee ($3 in all cities except New York; $4 in New York)
(Tiku, 2015). But the company has decided to change its pricing model to charge a
delivery fee based on distances in 2018 (Lee, 2018). Currently, Uber Eats charges
their customers a distance-based delivery fee and a 15% service fee of the order
(between $2.5 and $4). It also has a one-time activation fee ($350) and marketplace
fees (from 15% to 30% of each order) for restaurants. It takes about 25% service fee
from drivers’ earnings (excluding customer tips).

Indeed, Uber Eats was initially an experiment of what Uber called “Uber
Everything”—*a startup within a startup” (Goldin, 2016). The company envisioned
that Uber Eats would become “the fastest, easiest way to start earning,” because
delivery drivers do not even need a vehicle. The delivery drivers “can deliver with a
bicycle, a scooter, or even deliver on foot” depending on where they work. In March

2016, Uber Eats experimented a new option called “instant” delivery in New York
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City, promising to delivery pre-set lunch options within 10 minutes from the time of
ordering, but this option was abandoned four weeks later (Griswold, 2016). As the
platform developed, Uber used an aggressive approach to expand its food delivery
service. In 2017, Uber Eats has become available for 24/7 in major cities such as New
York (Mascali, 2017). Uber Eats also reportedly only “operate[s] in markets where it
could be one of the top two delivery services, and exit all the others” (Abril, 2020).
Uber Eats has become the faster growing part of Uber’s business.

Despite such growth, the design of Uber Eats’ app remains largely the same
over the course of three years.!® Customer ratings, acceptance rates, and cancellation
rates have been adopted on the platform since 2015. However, Uber does not use a 5-
star rating system on Uber Eats; instead, it uses a “thumbs up/ thumbs down” rating
system. The Uber Pro program | discussed earlier also applies to Uber Eats delivery
drivers.

A Brief Overview of Instacart’s Development Trajectory

Apoorva Mehta, a former Amazon engineer, found Instacart in San Francisco
in May 2012. Its main service was to “allow customers to order groceries from their
favorites stores and have them to deliver to their door within one hour” (Y
Combinator, 2018). The company charged a flat delivery fee ($3.99 for any orders
above $35. Akin to the other labor platforms I studied, Instacart does not have its own

grocery delivery infrastructure. Consider the counterexamples of Amazon Fresh and

19 In September 2019, Uber’s “main” ride-hailing app has enabled drivers and customers to
use Uber Eats in order to become “the operating system for your everyday life” (Hawkins,
2019b). However, drivers and customers can remain using the Uber Eats app. The labor
processes of Uber and Uber Eats remain unchanged.
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Walmart grocery delivery services which were Instacart’s main competitors. Both
Amazon and Walmart have warehouses for selling and storing groceries; however,
Instacart directs what it calls “personal shoppers” to buy groceries for their customers
via its mobile app (see Figure 5 for the company’s website in 2012). As Mehta stated,
“Our goal is to offer an Amazon-like experience without building any the
infrastructure, using crowdsourcing” (Kirsner, 2013). Instead, Instacart provided
shoppers with flexible employment opportunities. Hence, Mehta suggested that
Instacart “can launch new cities within days,” as opposed to the warehouse model
(Frank, 2013).

Figure 5. Screenshot of Instacart’s Website on October 13, 2012 (Source: The
WayBack Machine)
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While Instacart emphasized its ability to allow customers to order from any
local grocery stores (Frank, 2013), the company—Ilike DoorDash—initially did not
have formal partnership with many stores it listed on the app. One such example is
Trader Joe’s which was listed as one of Instacart’s offerings between 2012 and 2013.
As Mehta recalled in a Y Combinator (2014)’s talk,

There is no API or website which had the item catalog for Trader Joe’s, so the
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only way we could actually get all of the item information was to buy one of

every single item at Trader Joe’s, take it to a studio, take pictures of all those

things, and then put them into our catalog.
In October 2013, Trader Joe’s required Instacart to remove it from the offering until a
formal agreement could be reached (Frank, 2013). In San Francisco, similarly,
Instacart was denounced for its lack of formal agreements with grocery stores
(Somerville, 2014). This led Instacart to focus on building partnerships with retailers
(Narula, 2015). Yet, such partnerships are not permanent, which might threaten
Instacart in-store shoppers’ employment opportunities. As I described in Chapter 3, in-
store shoppers are Instacart’s part-time employees and mostly work in a specific
grocery store. After Amazon acquired Whole Foods Market, the grocer subsequently
announced to stop partnering with Instacart in December 2018. At that time, there
were 1,415 in-store shoppers at Whole Foods Market (Instacart, 2018). As a result,
over 200 in-store shoppers would have lost their jobs in February 2019, unless they
were willing to work at a different store in their area.?

The hiring of in-store shoppers also distinguishes Instacart from the other labor
platforms | studied. Instacart is the only platform that recruit both part-time employees
(i.e., in-store shoppers) and independent contractors (i.e., full-service shoppers).
Before June 2015, all of the shoppers were full-service shoppers. Instacart provided

full-service shoppers in Chicago and Boston with an option to become part-time

20 As Instacart had to close all of their in-store shopping operations at Whole Foods Market,
1,415 in-store shoppers would be at risk of losing their jobs. The first phase of the transition
impacted 243 in-store shoppers. Instacart (2018) also expected to place over 75% of the
impacted shoppers in another store. Yet, it is unclear how many shoppers eventually lost their
jobs.
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employees, possibly because there was a class-action lawsuit against the company’s
misclassification of worker status (Alba, 2015). Currently, in-store shoppers only
account for a small portion of Instacart’s workforce. Their employment status,
however, enables them to unionize themselves. In February 2020, ten Instacart in-store
shoppers at a grocery store in a suburb of Chicago voted to form a union (Gurley,
2020). Yet, Instacart fired nearly 2,000 in-store shoppers—including the shoppers who
voted to unionize—in January 2021 to accommodate the growing demand for grocery
pickup services, as the company stated (Schiffer, 2021). As Instacart expands its
workforce of full-service shoppers during the pandemic, in-store shoppers are at risk
of being fired.

In addition, Instacart has been criticized for its pricing model. Here, | focus on
full-service shoppers’ earnings, rather than in-store shoppers who receive a flat hourly
rate, or customers.?! Initially, shoppers earned a 40-cent commission per item and
100% of customer tips (Lieber, 2019). The app also suggested a 10% customer tip per
order (Glaser, 2019). In September 2016, Instacart (2016) replaced the customer tips
with an optional “service fee.” The main difference was that Instacart—rather than the
shopper—would collect all of the service fees. As Del Rey (2017) reported, “The
startup’s explanation was that Instacart workers were too reliant on tips — around 80
percent of orders had one — and that the service fee would allow the startup to pay

everyone a more reliable wage.” Due to the strong opposition from shoppers, Instacart

1 The main criticism of Instacart’s pricing model for customers is the ambiguous makeup
percentage. It was until 2015, Instacart showed the price difference between the app and
stores. The markup percentage is estimated to be about 15% to 23%, but it also varies across
stores and products (Deng, 2016). Yet, Instacart reportedly would deactivate shoppers who
give the store receipt to their customers (Lieber, 2019)
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added back the tipping feature, but put the feature under the option of service fees and
made it more for customers to find the feature (Del Rey, 2017). In 2018, Instacart also
changed the customer suggested tip from 10% to 5% per order (Glaser, 2019).

Starting from 2018, Instacart has used an algorithmic pricing system to replace
the piece-rate commission system (Griesbach et al. 2019). The baseline pay of each
full-service batch was between $7 and $10 (Lieber, 2019). Instacart also provided
shoppers with a $3 “quality” bonus for every 5-star rating they received (Karls, 2019).
However, Instacart does not specify the factors that determine the final earnings
(Griesbach et al. 2019; Lieber, 2019). In January 2019, a group of full-service
shoppers denounced Instacart for its “black-box pay algorithms” (Working
Washington, 2019). As they complained, the deployment of the algorithmic pricing
model did not provide a clear breakdown of the earnings and encouraged shoppers to
accept low-paying batches. They also noted that “some of us have seen wages lowered
by 30—40% overall” and demanded for “a predictable, transparent pay structure.”

As part of the change in the pricing system, Instacart has also hidden the
delivery address before full-service shoppers accept a batch to protect customer
privacy (Captain, 2019). Yet, shoppers found it more difficult to determine which
batch they should accept due to the limited information about the delivery order
(Captain, 2019). The changes in the algorithmic pricing system and tipping feature
eventually led thousands of shoppers to go on a 3-day strike between November 3"
and 5" in 2019 (Glaser, 2019). Two days after the strike, Instacart cut the “quality
bonus” because it “did not meaningfully improve quality,” as the company claimed

(Gurley, 2019). Instead, Instacart decided to implement other kinds of bonuses that
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encouraged shoppers to work in “busy areas” and during “busy hours” (Instacart,
2020b). Full-service shoppers’ ratings affect their access to batches and continuity of
employment on the platform. As the COVID-19 pandemic has significantly increased
the demand for delivery services, Instacart is planning to become a publicly traded
company.
Delivery Platforms’ Algorithmic Labor Processes and Metrics

The labor processes on delivery platforms are similar to that of ride-hailing
platforms. Delivery drivers log onto the worker-facing app and wait for delivery
request. DoorDash and Instacart delivery drivers may need to schedule their working
hours on the app in advance. When they receive a request, they can see the minimum
amount of earnings, customer tips, and restaurant address. Then, delivery drivers have
a limited time (e.g., 15-30 seconds on Uber Eats and 45 seconds on DoorDash) to
accept an order. Then they need to go to the restaurant to pick up the order. After that,
they commute to the customer’s address and deliver the food. Due to the COVID-19
pandemic, delivery drivers and customers can request contactless delivery. In this
case, delivery drivers follow customers’ delivery instructions to leave the food in a
specific location. After that, delivery drivers take a photo to show where the food is
placed and submit the photo to the app.

The labor process on Instacart is slightly different from that on DoorDash and
Uber Eats because Instacart full-service shoppers can see a list of available batches,
with the information about the order (e.g., what to shop and where the item is stored in
the grocery store) and estimated earnings. A full-service shopper with a higher rating

can see batches before other shoppers. Then, they compete with one another to pick
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which batch they accept. If they do not want to accept any batches, they need to wait
until the app generates another list of batches. Once they accept an order, they go to
the selected grocery store to shop for the customers. If there are in-store shoppers in
the grocery store, the full-service shoppers may skip the shopping process and directly
pick up the order. Otherwise, they need to use the shopper card for checking out with
the order. Like DoorDash and Uber Eats delivery drivers, Instacart shoppers can opt to
conduct contactless delivery. After each order, customers can rate their delivery
drivers on a 5-star scale (DoorDash and Instacart) or thumbs up/thumbs down scale
(Uber Eats) (see Table 4 for each platform’s method of calculation).

Platform-based delivery labor processes generally have three main
characteristics. First, all of these platforms’ algorithmic pricing models are opaque and
arbitrary (Griesbach et al., 2019). Specifically, these platforms claim to account for a
variety of factors—such as real-time demand and supply as well as delivery drivers’
and customers’ location—when calculating the rate for each order. Delivery drivers
cannot anticipate what order they would receive and how much they could earn.
DoorDash and Uber Eats drivers can only estimate the value of the order based on the
minimum earnings. For instance, delivery drivers may receive “$3.75 to drive 30
miles” for completing an order (Gebel, 2020). Delivery drivers must evaluate the
value of an order within a short period of time. While Instacart shoppers can look at a
list of batches, they need to quickly accept a batch to compete with others.

Second, restaurants and grocery stores become important actors in the labor
processes. The interviewees often mentioned “waiting” as an essential part of their

work experience. It is not just about waiting for an order, but about waiting in lines for
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picking up the order. ldeally, restaurants should begin preparing for the food after
customers place the order. Therefore, delivery drivers can immediately pick up the
food once they arrive at the restaurants. However, some restaurants may prioritize in-
store customers than delivery orders (Gebel, 2020), or only start preparing for the food
after delivery drivers’ arrival. Delivery drivers then may need to spend additional time
at the restaurants. Instacart full-service shoppers, like regular customers, wait in line
for check-out. The platforms, however, do not compensate for the waiting time. While
customer tips may partly compensate for the waiting time, it is noteworthy that
customers are not required to tip their delivery drivers. As in the case of Instacart, we
can also observe that platform owners can easily change their in-app tipping features
and policies, which would immediately affect workers’ earnings.

Third, metrics are connected with rewards and sanctions. Uber Eats Pro
program is similar to the one for Uber drivers, but the program period is one month
rather than three months. Uber Eats delivery drivers can earn one point per trip and
have additional points during peak meal times (e.g., 3 points for lunch hours). As Uber
Eats uses a thumbs up/thumbs down system, the rewards program requires drivers to
maintain at least a 95% of satisfaction rating (i.e., thumbs up). DoorDash’s Top
Dasher program, similarly, requires drivers to complete at least 100 deliveries and
maintain a minimum rating (4.7), acceptance rate (70%), and completion rate (95%) in
each month. Instacart does not offer any rewards program, but shoppers’ ratings are
connected with their priority access to batches. What distinguishes these rewards from
that on ride-hailing platforms is that the former does not influence the availability of

work-related information. As for sanctions, all of these delivery platforms may
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deactivate delivery drivers if their ratings are below the minimum threshold.
Synthesis of the Labor Platforms

To summarize, we can observe similarities and differences among these labor
platforms’ development trajectories and labor processes. First, all of these platforms
have insisted on their classification of workers as independent contractors, despite
facing class-action lawsuits. Additionally, Uber’s and Lyft’s operation might violate
local transportation regulations. DoorDash and Instacart also offered delivery services
without establishing formal partnerships with restaurants in their early days.

Second, these platforms changed their interfaces and labor processes over time.
Yet, the changes were often about the implementation of algorithmic pricing systems,
the display of work-related information on the worker-facing app, and the introduction
of rewards programs. These changes can directly influence workers’ earnings and their
decision-making capabilities. The rewards programs, in theory, shall provide
incentives to motivate workers to accept more orders and provide services that meet
the needs of their customers. Such programs shall also recognize “good” workers who
are active on the platform and have high ratings, which may create hierarchies among
workers. When we look at platform-based metrics and rewards programs by the types
of labor platforms, their design and rewards are similar, possibly because these
platforms compete with one another.

Third, while algorithmic direction, evaluation, and discipline constitutes
algorithmic labor control (Kellogg et al., 2020), these three aspects are interconnected.
In the case of ride-hailing platforms, metrics become intertwined with algorithmic

direction and discipline. On TaskRabbit, workers’ metrics matter in affecting the
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visibility of their online profiles. Finally, delivery drivers’ metrics are mainly
connected with algorithmic discipline. I will explore how such differences might
shape power-relations between platform owners, workers, and customers in the next
two chapters.

The Promises of Platform-Based Metrics

Much like anonymous online marketplaces (Dellarocas, 2003), workers and
customers are total strangers in the gig economy. In order for platform owners to
attract customers to use their service, they must build trust between workers and
customers. Here, metrics seem to become technological solutions because they hold
workers accountable. In this final section, I briefly examine how platform owners
attempted to legitimize their use of metrics through the appeals to accountability and
mutual care on a discursive level.

The companies claim that metrics, particularly customer ratings, can promote
accountability. Here, the questions are accountability to whom and for what purposes?
As in Uber’s and Lyft’s framing of their “two-way” rating systems, metrics can hold
both workers and customers accountable because both parties can rate one another’s
performance. In the 2015 Federal Trade Commission workshop on the “sharing
economy,” Uber articulated its design rationale for the rating system:

This rating system does three critical things: it (1) incentivizes high quality

service, (2) establishes accountability, and (3) promotes courteous conduct,

and helps to mitigate the discrimination that is all too common in traditional

for-hire transportation (Uber, 2015, p. 5).

Uber considered that the “two-way” rating system can establish accountability because
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riders “can expect highly rated drivers to provide polite and helpful service,” whereas
drivers “can feel comfortable picking up a highly rate [sic] rated rider” (p. 5). An
underlying premise is that both drivers and riders may feel vulnerable because they are
total strangers, especially at night or after drinking. Uber (2015) concluded that the
rating system could promote “a safe and respectful work environment” (p. 5). As Lyft
(2019) similarly put this, the rating system “helps promote the safety and comfort of
the Lyft community by offering a channel for drivers and riders to provide instant
feedback on their Lyft experiences” (p. 148).

By contrast, TaskRabbit, DoorDash, and Instacart do not allow workers to rate
their customers. Yet, they similarly convey the ideal of holding workers accountable.
TaskRabbit has long used the language of “social reputation” to frame its rating and
review systems. In the early days of TaskRabbit, Leah Busque (2012) advocated that
ratings and reviews could contribute to one’s “social reputation” and “inspire more
trust.” Her idea was somewhat inspired by online reviews on e-commerce sites such as
eBay: customers need to believe that an unknown service provider is “trustworthy”
before “deciding whether to transact with someone online.” When customer reviews
are “honest, factual and focus on the performance of the ask” (TaskRabbit, n.d.-c),
such information can help other customers to select the best Taskers for their task.
Instacart (2020c) suggests that the rating system “helps shoppers continue to provide
high-quality service” by allowing customers “to share details on what could have been
better.” By connecting shoppers’ ratings with priority access to batches, the system
also “celebrates high-quality shoppers who continuously provide great customer

experiences.” DoorDash (n.d.-b) also argues that “[r]atings are critical to the success
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of the DoorDash platform because they allow [c]ustomer to help ensure that the
deliveries completed through the platform are high in quality.” DoorDash explicitly
states that delivery drivers who typically have low customer ratings “are consistently
late, deliver orders with missing items, or behave unprofessionally”; therefore, the
platform needs to deactivate these drivers.

Inherent in all of these discourses is that customer ratings can promote high-
quality services simply because customers can rate their workers and such ratings or
reputation matter for workers. An underlying premise is that customers rate their
experience with workers in “honest” and “fair” manner. This is in line with how
platforms may strategically frame themselves as “neutral” actors in public discourses
(Gillespie, 2010). Customer ratings, together with constructive feedback, should
ideally provide trustworthy assessment of service quality and hold workers
accountable, especially considering that platform owners cannot monitor all service
interactions. From the perspective of platform owners, the deployment of customer
ratings seemingly results in a self-regulated environment where workers are motivated
to improve their performance and provide safe and reliable service in anonymous
marketplaces. Ratings become proxies for trustworthiness and service quality.

One might wonder how platform owners framed other kinds of behavioral
metrics such as acceptance rates and cancellation rates. Indeed, platform owners
describe the methods of calculation, but do not go further to explain why they are
implemented. The general idea of these system-generated behavioral metrics is to
facilitate efficient service transactions. For example, Lyft (n.d.) suggests that

acceptance rate can “help keep passenger wait times short,” whereas TaskRabbit
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encourages Taskers to accept task invitations to avoid having clients to “start their
search all over again” (The Burrow, 2018). Together with customer ratings, or what
Uber and Lyft call “two-way” ratings, all of these metrics are framed as boons for the
“entire communities” rather than a means to manage workers. TaskRabbit, for
instance, suggests that metrics can allow the platform to match and recommend the
“right” Taskers to the customers (Wired, 2018). From the perspectives of Uber, Lyft,
and DoorDash, metrics can eventually promote a safe and secure environment for both
workers and customers. Additionally, metrics can enable workers to identify
opportunities for improvement, while allowing customers to enjoy high-quality
experiences. As metrics can satisfy the needs of workers and customers, they can
ensure the success of the community.

Of course, platform owners can incorporate metrics as part of labor processes
with good intentions. Yet, while metrics may ideally promote mutual care for workers
and customers, platform owners simultaneously distribute the duties of evaluation and
management to customers. Labor platforms ostensibly are not responsible for
generating metrics, but invite customers—and occasionally workers (i.e., Uber and
Lyft drivers)—to monitor service interactions. This is exemplified by DoorDash’s
(n.d.-b) deactivation policy, delivery drivers “are responsible for monitoring” their
ratings and completion rates. Overall, this section shows how metrics might address
the needs of platform owners, customers, and workers.

Summary of the Chapter
In this chapter, | have briefly described the development trajectories of each

labor platform and explained the role of metrics in shaping platform-based labor
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processes. Specifically, | tried to detail the steps workers must take in order to
complete an order on each of the platforms to help contextualize workers’ daily
practices. | also paid attention to how platform owners designed their platforms in
ways that might affect workers’ earnings and uses of the platforms.

| have also offered a more detailed comparison between the three cases, by
describing (a) the types of platform-based metrics; (b) the methods of calculating
customer ratings; (c) dispute process; and (d) the connections between metrics and
algorithmic direction and discipline. At the same time, I briefly discussed how these
platforms framed their metrics in similar ways. This discussion reveals the promising
aspects of metrics on a discursive level. The next two chapters instead focus on how
workers interpret and manage metrics and demonstrate how metrics are “imperfect” in

practice.
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CHAPTER 5
THE POWER OF METRICS AND CUSTOMERS

As | discussed in the previous chapter, labor platforms cast metrics as
techniques of promoting accountability and mutual care. The management by
customers through metrics, particularly customer ratings seemingly create a “win-win-
win” situation for platform owners, workers, and customers. This discourse paints a
typical image of service management, that is, evaluation enables customers to receive
the best service, empowers workers to uphold customer service values, and allows
companies to attract customers (Korczynski, 2009b). Management is a conflictual and
co-operative process (Hyman, 1987), especially when considering that gig workers
lack organizational support. To put this simply, employers always encounter a
“dilemma of achieving a balance between managerial control and worker self-
direction” (Fuller & Smith, 1991, p. 4). How do, then, gig workers make sense of the
metrics they encountered and received in their daily work practices?

In this chapter, | focus on the power of customer ratings, but I also discuss why
other forms of metrics about behavioral measures (e.g., acceptance rates) seemed less
important to my interviewees. First, | engage with the affective power of metrics
(Beer, 2016; Espeland & Sauder, 2016) to describe and explain how metrics could
create affective feelings across the three cases. Specifically, participants expressed
frustration and anxiety over their metrics, especially when they received unfair or
negative customer ratings. As | discussed in Chapter 4, customer ratings are often
connected with algorithmic direction and discipline. Participants, therefore, were

under pressure to score well, even though they did not see “real” benefits or monetary
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compensation for maintaining a good rating. Workers, especially in the cases of ride-
hailing and delivery platforms, can lose their ability to continue working on the
platform, if their ratings fall below a certain threshold.

Yet, interviewees often lacked sufficient actionable information to make sense
of their ratings. They also had limited power to control the factors that might influence
their ratings and dispute the unfair ratings. As such, customer ratings may rationalize
and reinforce power imbalance between platform owners, workers, and customers.
Indeed, not all metrics mattered from the interviewees’ perspective. Therefore, I
discuss the possible reasons why certain interviewees paid less attention to particular
forms of metrics. Lastly, | summarize the findings and reflect on how metrics become
a form of algorithmic labor control in the digitally-enabled service workplaces.

The Affective Power of Metrics

Following Beer (2016), I consider metrics as “affective measures” that “are
aimed at stimulating anticipation and uncertainty—often coupling these with senses of
insecurity and precarity” (p. 210). Metrics are affective because they create social
pressure for the subjects of evaluation to compete with their peers and improve their
performance (Espeland & Sauder, 2007; 2016; K. Levy, 2015). Compared to rankings
(e.g., law school rankings in Espeland & Sauder, 2007), platform-based metrics do not
explicitly result in comparison and competition because they are largely invisible to
their peers and customers. None of the interviewees discussed how they would directly
compete with other gig workers in their everyday life. Nevertheless, metrics still
create hierarchies among workers by setting normative standards about “average” and

“above average” ratings, which further discipline workers’ behavior.
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During the interviews, participants expressed affective feelings about the
ratings they had received because they considered them as representation of their
service quality. To be sure, such affective responses could be positive or negative,
depending on the ratings they received. Kuzma who worked on TaskRabbit, for
example, told me that he always wanted to read the positive reviews and ratings
immediately because he considered as “instant gratification.” Jeffery and Maverick
both worked on TaskRabbit and considered their status of “Elite Tasker” as a
recognition of their services. Similarly, Ronnie, a DoorDash delivery driver, appraised
the “Top Dasher” status as “a true recognition of your performance” and “it gives you
a satisfaction that you’ve done well.” Here, the status is equated with a “good” worker
across these platforms.

Such positive affective responses often came with their assessment of the
“usefulness” of metrics. For Jeffery, he appreciated the “Elite” status in part because
his profile “will show up for the clients to hire” him. This assessment of TaskRabbit
ratings and rewards program was common for the Taskers | interviewed. Murdock, for
instance, suggested that “With TaskRabbit, the metrics are very important. [ have to
have really good reviews ... And I’ve had clients choose me because of the kindly
written review that was left by a previous job.” While the Elite status did not
necessarily lead to higher earnings, Scarlett believed that “people who are experienced
with TaskRabbit” would filter “Elite Taskers,” so her profile could come up in the
search result. Renee was an “Elite Tasker” specializing in cleaning tasks and also told
me: “I have a built up profile with reviews and really high metrics. So it becomes ...

just an opportunity for me to make money and let clients come to me.” Renee had 4.9

113



ratings and 100% of acceptance rates, reliability rates, and response rates. Yet, she still
paid attention to her ratings to hold herself to “a high standard” because she believed
that when her metrics are higher, she is more likely to get hired on TaskRabbit.

Alongside the increased visibility of their online profiles, the interviewees who
worked on TaskRabbit suggested that metrics and rewards program did not have any
“real” benefits. It means that they could not help workers to make more money.
Kooper, for instance, mentioned that “there’s no real incentive getting to be part of
this program” because “I don’t get more money.” Maverick, Kuzma, and Audrey also
did not notice any financial benefits from participating in the rewards program. As
Kuzma stated, “My rates don’t automatically go up. I still have to manually do
whatever | want.” Even without the “Elite Tasker” status, Taskers could still adjust
their rates. Kuzma added that TaskRabbit has a Facebook group for all “Elite
Taskers,” but the company did not seem to respond to any posts in the group. Even
without the financial incentives, the interviewees were still expressed the importance
of maintaining their ratings to enhance the visibility of online profiles because they
were under the impression that their ratings and visibility of their profiles were
essential to clients’ hiring decisions.

Ride-hailing drivers and delivery drivers shared similar concerns over the
“usefulness” of metrics and rewards programs. Harvey was the only delivery drivers
who suggested “when customers see that their driver has a high rating, there’s a
possibility that you receive a tip.” The rest of the delivery drivers, by contrast, stated
that metrics and rewards programs did not have any “real” benefits. Carter, for

example, stated, “Top DoorDasher is no different than the regular Dasher ... At first, |
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thought it was like, you will earn more money, but unfortunately you’re not earning
more money than you should be.” Inherent in Carter’s comment is that DoorDash
should provide monetary rewards for delivery drivers who maintain a high rating to
recognize their efforts. Lorenzo found that many of the benefits of Uber Eats Pro
program were not available to his area and said, “It doesn’t really affect me. We’re
supposed to get free food and drinks, but it’ll pop up and I'1l click on it and there’ll be
nothing.”

Likewise, when asked about Uber’s rating system and virtual compliments
(e.g., badges), Austin shared, “I pay attention to it. You know these compliments on
the app, every once in a while, | get a compliment, it just kind of makes me smile. It’s
love. It’s good to have them, but it doesn’t really make a difference.” Here, Austin had
a more critical view of the “usefulness” of such metrics. He added, “The rating system
is more or less kind of useless. It doesn’t really serve a purpose.” This is because even
if he maintained a high rating, he would not get higher pay per rides. Noel echoed,
“The most frustrating thing is that I can please all my customers, and I go above and
beyond, and don’t want no pat on the back from Uber, but I’'m never recognized for
it.” The comments from Austin and Noel reveal their critique of not getting recognized
for outstanding service which was exemplified by their high customer ratings.

Additionally, other interviewees felt anxious about their ratings, in part
because they were well-aware of metrics-related rewards and sanctions. When asked
about his experience of Uber’s 5-star ratings, Dominic connected ratings with the Uber
Pro program. He explained,

The two biggest things that matter are if you’re diamond, you get preferred
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pickups at the airport. If you take someone to the airport, you get matched on a
ride faster and you get the destination. If we’re closer to the end of the ratings
year, which actually one just ended January 31st, | would be more anxious
about it. Because you need 4.85 to get it. So I’'m generally above it, but I just
want to make sure that | can at least be, especially with Uber, be able to see
every big event for maximizing my earnings. So | want to keep that.
Being a “diamond” driver enabled him to get more information about the estimated
direction and time. He considered such information as “the only real tangible benefit”
to maximize his earnings. He was under pressure to maintain a 4.85 average rating to
keep him qualifying for the rewards program.

Jeremy—an Uber driver working on the platform for four months—discussed
the disciplinary outcomes of ratings. He did not frequently check his average customer
ratings, unless his ratings decreased. As he described,

I did look at them [i.e., customer ratings] when I’ve noticed that my ratings

start to go down for some reason. Two months ago, my rating went down from

4.7 to 4.6 and | was freaking out because | knew if my rating kept going down,

| could potentially be deactivated.

Jeremy paid attention to his ratings, as Uber sent him a text message to warn him that
he had a low rating and, therefore, was at risk of being deactivated. Recalling his

feelings of receiving the warning message, he shared, “I was extremely confused, and
| was panicking because well if they deactivate me, it kind of makes me screwed.” In
addition to his customer ratings, he talked about the problems of acceptance rates. He

said, “So, in a way, it’s kind of like I should be an independent contractor as an Uber
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driver but if I reject too many ride requests, that could put my standing on the platform
in jeopardy.” Inherent in Jeremy’s comment is the fear of being punished by the
platform due to his metrics.

Indeed, the risk of being deactivated was the primary reason driving the
interviewees, particularly those working on ride-hailing and delivery platforms to
monitor their metrics. Shawn, for example, only looked at his customer ratings on
DoorDash “because if [I] get under a certain rating, then that’s when they terminate
me.” Dylan, too, was concerned with the satisfaction rate on Uber Eats to avoid being
“eligible to be kicked off.” Like Shawn and Dylan, Sean mostly monitored his
completion rate on DoorDash to avoid being deactivated, but he also expressed
frustration over the tension between maintaining a good completion rate and
maximizing his earnings. He offered an example:

So, for example, something I do pretty often is I’ll accept an order to see how

much money the order was because people who order more money worth of

food are usually going to tip more. If | accept an order and because it says it
has 12 items and I pull open the order and I accept it and it’s 12 water bottles,
it’s not a big order, it’s probably not going to be a big tip. So it probably won’t
be worth the time. I’1l cancel that order. That affects my completion rate. Like
| said, if the completion rate drops under 80%, you could be deactivated. The
one thing | monitor pretty constantly is my completion rate, just to make sure |
don’t dip under that number when I’m trying to be more strategic.

As DoorDash withheld actionable information about delivery orders from delivery

drivers, Sean had to accept an order to look at his actual earnings. Yet, once he
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accepted the order and decided not to perform the unprofitable order, he would need to
relinquish his completion rates. His experience exemplifies how metrics become
intertwined with other parts of labor process; specifically, even though platform
owners did not provide sufficient information about the order (i.e., algorithmic
direction), he must accept most of the orders he had received to maintain the
completion rates.

Unlike ride-hailing drivers and delivery drivers, Taskers would not be
deactivated because of their customer ratings, but they still expressed frustrations
when receiving a negative rating. Audrey worked on TaskRabbit for one year and
mainly performed cleaning tasks. Similar to Jeremy, she looked at ratings when they
went down. She stated, “while it’s down, when it looks bad, that reflects or impacts
your ability to get hired. So that can be super frustrating.” Here, ratings mattered
because they could affect one’s employability on TaskRabbit. Kooper, similarly,
talked about the pressure of maintaining his ratings and reliability rates. For him,
working on TaskRabbit was similar to running a business. He had to manage his
availability and know his “own threshold limit.” He stated, “

There were times to where | might have burned myself out on a day or two.

You can’t anticipate the depth or the level of work or certain tasks, but there

are definitely times where | might have booked myself wall to wall over a

weekend ... The consequences of do I still do those tasks because the money is

needed, or do | suffer? Ratings dip and reliability dip if I cancel it.
Kooper’s narrative focused on the work of scheduling tasks on the platform. When he

was over-scheduled, he still had to perform all of them not only for the earnings, but
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also for maintaining his ratings and reliability rates. It is noteworthy that scheduling
tasks is a key component of Taskers’ everyday life, which distinguishes Taskers from
workers in the other two cases. Taskers can schedule their tasks and communicate
with their customers in advance, whereas ride-hailing drivers and delivery drivers can
only accept jobs that are assigned by the platform. As I will discuss in more detail in
Chapter 6, Taskers must communicate with their clients to manage their expectations
about the tasks, which also allows Taskers to manage their customer ratings directly.
While Taskers’ clients would estimate the length of their tasks, such estimates were
often inaccurate. Yet, even they did so, customers could be late or suddenly change the
time of the tasks. Therefore, all of the interviewees avoided scheduling back-to-back
appointments because if they were late on the previous task, they would need to
contact the next customer to reschedule or even cancel the appointment. This could
negatively affect their customer ratings and reliability rates.

Taken together, customer ratings became “affective measures” (Beer, 2016;
see also Espeland & Sauder, 2016), even though workers did not find any monetary
benefits associated with their ratings and participation in the rewards programs. While
Beer (2016) offers a conceptual discussion of how metrics exercise power by
provoking people’s feelings, this project provides empirical evidence to demonstrate
how customer ratings could induce anxiety, even without direct competition among
workers. Although none of the interviewees had a low average rating that could lead
them to lose employment opportunities, the linkage between ratings and discipline
generated affective responses. What distinguishes this project from previous studies of

law school rankings (Espeland & Sauder, 2016) is that gig workers often lack
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resources to navigate ratings and platform-based customer ratings lack clear amenable
aspects.?? Situating into the three-way contest for control, the presence of customers
further complicate workers’ affective responses. From the perspective of platform
owners, ratings could motivate workers to make customers happy, or to provide what
they considered ‘“high-quality service.” But the presence of customers itself is a source
of uncertainty because platform owners cannot require all customers to use the same
evaluative standard to rate workers. As | explicate below, even though workers wanted
to improve their ratings, they had difficulties in interpreting and managing their
ratings, in part because of the lack of feedback from their customers.

Information Asymmetries and Metrics: “I don’t really know ...”

The visibility of actionable information matters for workers’ decision-making
capabilities and autonomy (Braverman, 1974; K. Levy, 2015; Moore, 2018). As in
Sean’s comment about the tensions between maintaining completion rates and
maximizing his earnings, we can observe how frustration over metrics could arise
from the lack of actionable information before accepting an order. In this section, I
focus on the lack of information about metrics for workers.

In an ideal scenario of service management, workers could learn from
customer feedback and the direction of their managers. Yet, both feedback and
direction were largely absent across the three cases. One way of thinking about this

issue is whether customers tend to leave positive or negative feedback. Previous

22 This is not to suggest that law school rankings do not induce uncertainty and anxiety. But
law schools could hire administrators to monitor the rankings of themselves and their
competitors (Espeland & Sauder, 2016). Meanwhile, law schools could strategically manage
their graduate employment data, enrollment data, and faculty leave schedule to increase their
rankings.
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research on online review systems on eBay and other marketplaces identified a
positive bias of feedback as the other party would retaliate against negative comments
(Askay, 2015; Dellarocas & Wood, 2008). This may not be useful for explaining the
case of labor platforms, in part because workers cannot rate their customers
(TaskRabbit, DoorDash, and Instacart) and in part because even if workers can (Uber,
Uber Eats, and Lyft), customers would not see an immediate change in their ratings.
Nevertheless, when | asked interviewees to describe their metrics, they claimed that
many customers did not rate them. Scarlett, for example, commented, “I can go a
week where it’s like everybody is suddenly giving me a review and then go another
week where nobody gives me a review. So, it seems pretty random.” Kuzma also told
me that he had 59 five-star reviews on TaskRabbit, but he had done hundreds of tasks.
Noah, similarly, completed over 2,000 rides, but 1,000 of them had no ratings on
them. Daniel, another Uber driver, also stated, “Not everybody rates me. I would say,
probably 40% to 50%, maybe even less than that.” Comments like this indicate that
workers seldom got reviewed.

As non-rated tasks do not count towards workers’ overall ratings, this does not
seem to be a problem. Nevertheless, even when workers did get reviewed, the
information was seldom actionable. What becomes problematic, as exemplified by
Renee’s observation, is that “a lot of people will just give you a star rating and not
take the time to actually leave a review, but it still shows up and still counts.” For
Taskers, a rating counts towards their total as long as they remain working on the
platform. When asked about his experience with negative ratings on TaskRabbit,

Kuzma shared,

121



Particularly the ones that don’t offer an explanation, those are the most

frustrating because I’m a person to admit that I don’t know everything or I’'m

not the best of everything. There was something that you didn’t like and

especially if you didn’t communicate it to me verbally in person. The least you

could do is to say why you weren’t happy with this particular service.
Neyland, too, expressed that his frustration because he had never received any written
feedback on his 4-star reviews. Timothy, an Uber and Lyft driver, also stated that he
did not really know why he received a 1-star rating because the rider did not provide
any explanations for the rating. These comments indicate that the lack of qualitative
feedback from customers made it difficult for workers to make sense of their ratings.
That said, workers wanted to have customers’ explanations for the ratings below 5
stars because platform owners set a high rating threshold for the continuity of
employment (e.g., Uber’s 4.6/5.0 threshold for deactivation) and platform-based
rewards programs.

Another way of thinking about information asymmetries is that workers did not
have sufficient actionable information to interpret and manage their metrics. There
was a common refrain among the interviewees that they “don’t really know.”
Dominic’s observation about Uber’s rating system exemplified this epistemic
uncertainty:

You don’t really know because a lot of times I won’t even know when I got

negative ratings until later. The only negative ratings, because sometimes when

someone rates you low, sometimes they’ll send you emails to say, “This

passenger said you were rude,” or, “This happened, the fact that you were
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driving aggressively” ... I don’t even know specifically why I got a negative
rating. Also, a lot of times they’re just confusion because a lot of the comments
will be like, “A rider said that you were driving aggressively. Do you
remember this incident?”
Uber drivers cannot see the individual rating for each ride; instead, they can only see
changes in their average ratings and riders’ compliments for their positive ratings in
the driver app. But such changes may be delayed because riders are not required to
rate drivers immediately after the ride. Also, when drivers look at the “rider feedback”
in the driver app, they may only see the “top reported issue” such as “cleanliness”
without any further explanations. Hence, Dominic did not know whether riders left
any specific feedback for a particular ride. While Uber sent weekly email to
summarize the performance of drivers, Dominic only received a brief explanation
about his ratings. This brief explanation, however, was not useful for understanding
why he had received a particular negative rating. Here, it remained unclear how Uber
processed customers’ written feedback and made them visible to workers. Recalling
his experience as an Uber driver in 2014 and a Lyft driver in 2017 and 2018, Eddy
shared, “When I got low ratings, I very often had no idea why. You’d see your average
drop and you’d wonder what happened. I don’t like the anxiety of that.” Austin,
meanwhile, reflected on the negative rating and complaints he received on the Uber
app: “I’ve gotten emails from Uber saying that you’ve been flagged for discrimination
or something, and I don’t really know. I’m a very friendly driver, so sometimes I’'m
just like, ‘I don’t really know.’”” Noel added that there may be time lag between

customers’ act of rating and the reflection of ratings on drivers’ app, because “our
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ratings don’t always show up till maybe two or three days, or even a week later.”
Carter’s critical reflection on DoorDash’s rating system further suggested that
it should be the platform’s responsibility to make clearer the signals of metrics, rather
than relying on workers themselves to figure them out. As he offered:
One thing that I’'m very concerned about it is I understand that DoorDash gives
us the ratings, I understand that they’re telling us what is the range between
4.60 is medium, or 4.80 is high. 5.0, it’s higher, above average. But what |
really would like for them to do one thing, and this is what I requested
numerous times. Please, if our customer ratings drop, they should be giving us
a list to know, what was going on, why did our rating drop? For example, I’d
like to know, if maybe one of the orders was not complete, so | know how |
can do [a] better job next time. And that’s a big problem because for us to
figure out what’s really going on, DoorDash is not giving us that hint.
Inherent in Carter’s comment is the difficulties in following the evaluative standard set
by the platform. Throughout the interview, Carter seemed to agree that customer
ratings could maintain service quality and suggested that there should be “ratings for
customers” to hold them accountable. While DoorDash asks customers to rate the
worker and restaurant separately, as | illustrate below, the interviewees were under the
impression that customers did not do so in practice. For Carter, DoorDash should take
a step further to give workers detailed feedback to improve their performance.
So, what should such “detailed feedback™ look like? During their expositions,
participants mentioned that they would like to know more about who gave them a

negative rating (i.e., the cases of ride-hailing and delivery platforms) and why they did
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so (i.e., the three cases). For reasons of privacy, it might not be feasible for platform
owners to disclose the identities of customers. But from workers’ perspective, they
wanted to know the identities of customers in order to recall specific service
interactions. This would also help workers to better understand the reasons behind
negative ratings and even to consider disputing unfair ratings. That said, workers did
not necessarily oppose all forms of evaluation. As in Carter’s earlier comment about
DoorDash’s evaluative standard, he would agree that ratings could promote
accountability, but it was difficult to realize the full potential of ratings without
actionable feedback from the platform and customers. It is against this backdrop that |
argue metrics, particularly ratings, are “imperfect” in practice. The epistemic opacity
of metrics could be unintentional when considering that customers simply do not leave
any qualitative feedback. Workers’ autonomy is constrained by the difficulties in
understanding their ratings.

Out of Workers Control: “There’s nothing I can do about it”

Even though the interviewees did not have much feedback about the negative
ratings they received, they would speculate possible reasons based on their work
experiences and the hints from the platform. Here, the speculation was more about
their service interactions with customers and the ways that customers used metrics to
evaluate their performance, rather than about the inner workings of algorithmic
metrics. As in the stories of Carter, Jeremy, and Kooper, they were keenly aware of
disciplinary outcomes of metrics. Carter’s comment made it clear that he did follow
DoorDash’s evaluative standard to think about average and above average ratings.

This is not to suggest that interviewees fully understood the intended design of
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metrics, but to highlight how they attempted to find ways to interpret their negative
ratings to avoid sanctions. Nonetheless, many of the factors my interviewees—and
online discussions from worker-to-worker communities—identified were out of
workers’ control, or as Lorenzo put it, “there’s nothing I can do about it.” What is at
stake here, as I illustrate below, is the limited worker power to modify their
performance to play by the anticipatory rules of ratings.

Of course, anticipatory rules of ratings evolve as platform owners change their
policies and technological design of the infrastructures. As | began studying ride-
hailing platforms in early 2017, Uber and Lyft had not implemented what they called
“ratings protection”; that is, platforms would automatically remove negative ratings if
riders selected a reason that is out of drivers’ control. This kind of ratings protection,
as | discussed in Chapter 4, becomes commonly adopted by ride-hailing and delivery
platforms. But back in early 2017, discussions from ride-hailing drivers’ online
communities—such as UberPeople?®>—often referenced bad weather, heavy traffic,
and navigation. My interviewee Noah echoed this and considered them as “false
ratings” because, for example, drivers could not make sure that Uber’s in-app GPS
system would provide the most accurate location and route. Howell, too, suggested
that some of his negative ratings had to do with Uber’s navigation system, but Uber
eliminated such ratings as the company implemented the “180 Days of Change”
campaign.

The interviewees working for ride-hailing platforms suggested that the

28 Although the online forum is called “UberPeople,” participants can discuss all of the ride-
hailing platforms, including both Uber and Lyft, on the forum. This is also one of the largest
online forums for ride-hailing drivers.
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platforms, particularly Uber should educate riders about their rating. As Uber drivers
are at risk of being deactivated if their ratings are below 4.6. One to four stars are
considered failing grade. Cohen, for example, considered that ratings could hold
“drivers and even riders accountable,” but he proposed that “there’s a component of
education that passengers need to understand what’s a good rating, what’s [the rating]
drivers can potentially be deactivated for.” Noah further denounced the unfairness of
Uber’s rating system. As he explicated:
The average person, they think that three stars is average, four stars is good,
five stars is excellent. So if you just give a basic ride to somebody, you don’t
do anything over and beyond, you pick them up, you take them somewhere,
you drop them off, the ride is over, you’re given three stars, it was an average
ride. The problem is if you receive 100 four-star rides, you would be kicked
off the platform because it’s not 4.6. You would have to consistently deliver
five-stars every single time.
Noah’s comment, again, indicates how disciplinary outcomes direct drivers to
continuously monitor their performance and consistently get 5-star ratings. His
criticism of Uber also reorients the responsibility for oversight from customers to the
platform. While riders are tasked with rating drivers, they are not instructed on the
evaluative standard for doing so. Additionally, it is noteworthy that my interviewees
were concerned less with Lyft’s rating system, in part because Lyft would
automatically rate drivers 5-stars if riders do not leave any ratings and remove the
single lowest rating for every 100 rides. Considering that many of the riders do not

rate drivers, it becomes easier for Lyft drivers to maintain their ratings.
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Perhaps not surprisingly, as customer ratings are essentially about evaluation
of service interactions, many of the interviewees speculated why customers might be
dissatisfied with their service, even though the situation was out of their control. In the
case of delivery drivers, interviewees stated that customers might give them a low
rating primarily because customers had a long wait for the order or there were missing
items. While these reasons seemed fair at first glance, it is noteworthy that not all
restaurants prepare for delivery order in a timely manner. As Melvin shared, “in terms
of being on time or early, that’s somewhat out of my control.” He explained that drive-
throughs at Burger King and McDonald’s usually took longer than other restaurants,
especially when their lobbies were closed. He tended to go to restaurants where their
lobby were open to “speed up the process” but it depended on the order and place.
Sean, too, said, “There are restaurants that I definitely avoid because they aren’t quite
honest with me about when the food will be ready, and I end up waiting there for a
long time.” Dylan suggested that “Uber Eats drivers may receive lower priority at
certain restaurants and they will focus on other customers even if they arrive
afterwards.” As a result, delivery drivers may have a long wait time at a restaurant.
The waiting time, meanwhile, is not compensated.

The interviewees, meanwhile, attributed the responsibility of missing items to
restaurant staff, especially during COVID-19. Before COVID-19, DoorDash and Uber
Eats suggested delivery drivers to check if the items inside the bag were accurate.
During the pandemic, many restaurants seal their delivery bags for safety reasons.
Hence, it would be inappropriate for delivery drivers to open the sealed bags to check

the order. My interviewees like Ronnie, Clara, and Nelson encountered this situation
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and received a negative rating accordingly. As Ronnie described,
Almost all of the orders are bagged, and they’re sealed, and we cannot open
those orders. And so, sometimes the restaurants fail to include an item that the
customer had requested, or fail to complete a specific request that the customer
requested. Like, they didn’t want any onions on their burger and their burger
has onions. So, the costumer will in turn, when they’re asked by DoorDash
how they felt about their delivery experience, they will rate us negatively based
on what happened at the restaurant, which was beyond our control. That can be
discouraging at times, and that can have a negative impact, because it’s not a
reflection of the DoorDashers ability to deliver the order in a timing manner.
Comments like this show that customers might misattribute the responsibility to
delivery drivers through their ratings. Ronnie’s experience is also telling of the
distinction between evaluation of delivery experience and of restaurants. Indeed,
DoorDash and Uber Eats have two separate rating systems for delivery drivers and
restaurants, but they seem to be ambiguous in practice. When asked about his negative
ratings on Uber Eats, Charles stated that he did explain to a customer who was angry
about the wrong order that his rating was different from the restaurant’s one. But
immediately after he had completed the order, his rating dropped. Then, he contacted
Uber to dispute this unfair rating, but Uber refused to remove it. In line with the
previous discussion about ride-hailing platforms’ ratings protection, delivery platforms

claim that these unfair ratings would be automatically removed, but it is still
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dependent on whether and how customers select their rating reasons.?*
Like the other two cases, Taskers do not have full control over their work
schedule, which might threaten their ratings. As I discussed previously, my
interviewees tended to avoid scheduling back-to-back appointments because a client
could be late or request for changes in the task at the last minute. In addition,
(mis)communication between Taskers and their clients can significantly affect
Taskers’ ratings. As Kooper put it, “it was just impossible to make every client
happy,” especially when his clients did not communicate their expectations clearly. He
offered an example of working “remotely”:
They might leave the keys under a mat or with a concierge. You never see the
client in person. So, you do the job and then you leave and then they come
and write a bad review, but then you’re not able to communicate what was
going on. They didn’t communicate to you how you could assist. You
couldn’t defend yourself ... For example, like maybe there’s a scratch or a
mark that I just cannot get out, I’ll go say that, that, “Hey, I tried everything. I
cannot get this dirt out for whatever reason.” So they are aware of the
problems as I go forward. That’s as far as negative reviews.

The narrative signals the importance of communication between Taskers and their

clients because each client can have very different expectations. Even when a client

agrees on the task details, they can be dissatisfied. Zoey, for example, shared:

They [i.e., TaskRabbit] sent me last week to go to a store and buy someone a

% DoorDash, more recently, makes visible how many “unfair ratings” has been excluded from
their delivery drivers’ profile on the worker-facing app. But this change is implemented after |
conducted interviews with DoorDash delivery drivers.
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plunger that was 15 miles away from me. And I’m like, “What? You have a
one-hour job to buy a plunger 15 miles away?” So I told the lady I couldn’t
do it unless you pay me for hours that thing. That’s like 50 bucks, and she
said yeah, she was desperate. But she didn’t tip me, and she didn’t give me a
good ranking, she didn’t give me anything because she didn’t want to pay
$50 for someone to go buy her a plunger.
For Zoey, distance mattered because clients could hire her to do small tasks (e.g.,
purchasing a plunger) for one hour. When she accounted for the travel time, such tasks
were not profitable. In the above example, she explicitly told her client that she would
need to charge $50 and make it a two-hour task. Her client accepted the request, but
eventually gave her a negative review. In short, the two examples from Kooper and
Zoey affirm that Taskers cannot control how their clients rate them because the
platform delegates managerial authority to customers.

According to TaskRabbit, clients can only rate their Taskers after the tasks are
completed and invoiced. Yet, Easton and Neyland told me that they received ratings
from the tasks they had declined. Neyland, for example, said “On TaskRabbit, even if
you don’t complete the task, they can still rate you. TaskRabbit’s perspective or reason
behind this is that it also matters on how you communicate.” He recalled that one of
his 4-star ratings was given by the client “who wanted me to have a pickup truck,” but
he declined this task because he did not have the truck. Easton suspected that this may
be a technical glitch in TaskRabbit’s app. On the subreddit for Taskers, I also found a
few discussions about this issue, which were generally in line with Easton’s suspicion.

The members of the subreddit also suggested that Taskers might be able to dispute
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these negative reviews, if they reported them to TaskRabbit.

Overall, the findings from the three cases suggest that there are factors that
may affect workers’ ratings, though they are beyond workers’ control. This may speak
to a wider concern over how customer ratings place workers in a vulnerable position
where they must rationalize such unfair ratings and customer-oriented rules.

Power Imbalance Between Platform Owners, Workers, and Customers

Using the term “customer-oriented rules,” I highlight how customer ratings
reinforce and rationalize power imbalance between platform owners, workers, and
customers in two ways: (a) the experiences of dealing with “difficult” customers and
(b) workers’ limited power to dispute unfair ratings.

The experiences of dealing with “difficult” customers emerged as a prominent
theme about the interviewees’ frustrations over their platform-based work. The
“difficult” customers generally refer to those who have “unreasonable” expectations
about gig workers and do not respect the jobs of gig workers. In the case of ride-
hailing platforms, examples of unreasonable customer expectations include requesting
drivers to pick them up in places where drivers cannot park and stop, squeezing too
many people in the backseat of the vehicle, and asking drivers to go over the speed
limit. These requests, meanwhile, can place workers at risk of legal consequences
(Maffie, 2020b). Lyndsey’s comment exemplifies how ratings could enable customers
to punish ride-hailing drivers. She provided an example:

The lady was late for work. | was there on time and she wanted me to run red

lights, make right turns on red when you’re not supposed to, [and] wanted me

to speed up. You know, breaking laws to get her to work on time. In other
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words, she wanted me to make up [for] lost time. I couldn’t do that, so she

gave me a low rating.

When encountering such unreasonable requests, my interviewees told me that they
would refuse to do so. Lincoln, for instance, stated that he would refuse having riders
to squeeze four people in the backseat to avoiding getting into trouble. The riders,
however, might still insist on their request for a while, and eventually treated him
impolitely (e.g., slamming the car door).

To be sure, not all unreasonable requests are beyond the legal limit. Most of
my interviewees talked about how they had attempted to follow all of the customer
requests, but still did not receive a 5-star rating. Noah, for instance, told me that he
had a rider who gave him a wrong pickup location, which led him to spend a while to
communicate with the rider to get the accurate address. During the ride, the rider
continuously gave him commands of navigation. He shared, “I felt more like a robot
and like somebody being ordered around that someone providing some transportation
on where you had to go.” He followed all the requests, but eventually received a 3-star
rating. He added, “That whole scenario was completely unfair, in my opinion, because
| was given faulty information and | was put in a situation where | was highly
dependent upon him to give me correct information to provide him the service.”

Meanwhile, Collin, an Uber Eats delivery driver, suggested that “the worst
customers I get are the customers who don’t understand what the job of the driver is.”
For instance, customers may ask him to “make sure they [i.e., the restaurant] did this
to my sandwich,” but he could not open the sealed bags to do so. As a result,

customers might give him a low rating because of the restaurant’s oversight. Or, as
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Zoey explained, “the worst thing is the people that rate you because you always have
to do whatever they say.” Specifically, she was hired for an hour to pick up balloons
and a cake for a birthday party, but she eventually had to set up the party and clean up
afterward. She was paid $20 and received a 1-star review on TaskRabbit. Reflecting
on this experience, she continued, “people can misuse you, and you can’t get out of it
... because they have the right to rank you.” Inherent in their reflections is the power of
customers through their rating practices.

A potential counterargument, particularly from Uber and Lyft, is that drivers
can and should use their “two-way” rating systems to hold these customers
accountable. From the interviewees’ perspective, the so-called “two-way” systems did
not seem to address the issue, but rather to rationalize power imbalance between
workers and customers. Platforms seem to rarely punish customers, as illustrated by
Noah’s observation: “A customer can have a rating as low as possible, and still get a
ride. I mean, I’ve picked up somebody who had a 3.2 rating ... You’ll never see a
driver with a 3.2 rating.” Tellingly, he added, “Why is it customers can basically do
whatever they want to do, but the drivers can’t? Well, the reason why is simple: The
customer is the person who has the revenue ... not the drivers.” While Uber’s business
model remains an interesting empirical question, his critical observation highlights
how the company tends to favor customers over workers. Reflecting on his ratings on
restaurants and customers on Uber Eats, Collin noted, “the thumbs up and down for
the drivers has a very real effect, but I don’t think it has much of an effect on the
restaurants and the customers. I don’t even think the customers know they get rated.”

Despite the unequal disciplinary outcomes for workers and customers, a small subset
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of the interviewees would use riders’ ratings as a reference point before service
encounters, which | will discuss in Chapter 6.

One might also reasonably wonder why gig workers do not dispute unfair
ratings to labor platforms. Except for platforms’ weekly emails, workers have limited
communication with platforms. Recalling his experience of contacting Uber and Lyft,
Adrian shared that the help desk simply read “you a basic script they have followed,
which they don’t understand day-to-day” operation. Collin also raised this issue even
though he had Uber Eats’ priority support number, due to his rewards program status.
He stated, “Uber Eats support, I think, is meant more the customer than for the driver
because when | talk to the support, | describe my problem to them and they have no
idea what I’m talking about.”

The interviewees’ attitude towards platform-based dispute process, by contrast,
was quite positive on TaskRabbit. They were generally satisfied with the outcomes of
the platform’s support, which | will explicate in the next section. But, as Audrey and
Kooper pointed out, the process itself took a long time because they had to use email
to communicate with the company. There is no phone number for Taskers to report
problems in real-time. Kooper explained that TaskRabbit usually would respond to his
email within 48 hours, but it might take several emails to tackle the problems.
Therefore, he learned to “become very detail-oriented” to document the issues to
prevent any confusion in this process. All these experiences are indicative of the
additional, unpaid time and efforts workers must spend if they want to dispute an
unfair rating and report problems to platform owners.

Importantly, platform owners seemed to always take the side of the customers.
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This response emerged from the interviewees’ reflection on how platforms handled
their complaints. For instance, Clara once received a negative rating from the
customers because of a missing delivery order, even though she remembered that she
had delivered the order. She checked the app and found that DoorDash reimbursed the
customer. She told me that DoorDash might check with the customer and restaurant to
investigate if the order was missing, but this process did not involve her. As she
shared:
You are in the middle because there’s nobody who will be stand behind you.
You have no testimony. You have no witness. You have nothing. It’s your
word against two of them [i.e., restaurants and the customer]. It’s not too many
merchants who they’re [i.e., restaurants] going to recognize when they make
[a] mistake.
Inherent in Clara’s reflection is a sense of powerless for workers to dispute unfair
ratings. Or, as Collin put this, “I can afford to fight a restaurant worker because Uber
sees both of us as sorts of equals, but if I fight a customer, forget it, even if I’'m right,
Uber will deactivate me.”
Derek, meanwhile, condemned Instacart for enabling “customers do anything”
to “hurt the shopper.” He offered an example:
We do take pictures when we deliver. And many times, we take pictures of
delivery or the good, and then if a customer claim they have a wrong item,
totally fraud, and we can report it in the app, but that doesn’t remove the
rating. So Instacart will say, “Well, we will look into it,” but the rating is not

removed for the time being. So, let’s say Instacart spends five days to
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investigate, but that 1-star rating will remain on your record and people will

need to do another hundred orders to remove that fake 1-star rating.

As Instacart shoppers’ ratings determine their access to batches, it would take a long
time for Derek to recover from the 1-star rating. Tellingly, he added, “the customer
has total privilege to give you any ratings they like.”

What is at stake here is that customer ratings—and, relatedly, the ways that
labor platforms manage their workers and customers—may rationalize and reinforce
the logic of following customer-oriented rules. Customer ratings, therefore, are
imperfect systems that incite workers to accept any ratings from their customers, even
though such unfair ratings could threaten their employment opportunities.

The Varying Disciplinary Power of Metrics

Much of the previous discussion focuses on the convergent themes about the
power of customer ratings. It would be too simplistic to assume that all forms of
metrics affect gig workers equally. Two questions, therefore, remain unanswered:
How about the power of other forms of platform-based metrics? Are there any
differences across the three cases? To address these questions, it is vital to pay
attention to those who were less responsive to metrics.

The interviewees paid less attention to system-generated behavioral metrics for
two possible reasons. First, these metrics generally have limited disciplinary outcomes
Derek, for example, explained that cancellation rates and speed metrics on Instacart
“are not important” because they do not “impact how many batches you will see.”
Nelson, meanwhile, only looked at his ratings to avoid being deactivated by

DoorDash, but he did not care much about his acceptance rate, competition rate, and
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on-time/early rate. He told me that his acceptance rate was about 30%, meaning that
he would not be qualified for the “Top Dasher” program. But he also did not think
“the benefits of being a Top Dasher outweigh of just being critical with what orders
you accept.” For him and all of the interviewees, making money was the primary
reason driving them to work on these labor platforms. The second possible reason is
that these metrics were easy to maintain, particularly in the case of TaskRabbit. In this
case, the majority of the interviewees (7 of 11) had 100% of acceptance rates,
reliability rates, and response rates. Such metrics do not involve human assessment
and seem to be easy to maintain. This is also because Taskers can specify their skills
and communicate with customers before accepting a task.

To be sure, a small subset of my interviewees told me that they had cared less
about their customer ratings over time, or never looked at their metrics. Brandon and
Dominic explicitly articulated why they still looked at their customer ratings but
tended to care less about them. Brandon tended to care about negative customer
ratings in his early days of work, but he later found that a few negative ratings would
not hurt his status as a “diamond” Uber driver (i.c., his current rating was 4.9).
Dominic’s reason, by contrast, was related to his economic dependency on the
platform. He explained, “Now I care less about my ratings. Now that my livelihood
doesn’t depend on it [i.e., Uber] ... I don’t look at it [i.e., ratings] as much.” When he
first started driving on ride-hailing platforms, he was in the graduate school and this
platform-based work became his primary source of income. As he graduated in 2019,
he decided to continue working on the platform as a flexible, part-time job.

Among all of the interviewees in the three cases (n = 50), Joseph and Sofia
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never looked at their metrics, whereas Shawn, Roger, and Harvey monitored their
customer ratings but were not familiar with the rewards programs on their platforms.
Except Roger who worked on Uber Eats and DoorDash for one year, the rest of them
began working on as delivery drivers after August 2020. At the time I interviewed
them, Roger, Harvey, Shawn, and Joseph were students, whereas Sofia had a full-time
professional job. None of them considered working on the delivery platforms as their
long-term job. They (except Roger) were arguably newcomers in the gig economy and
did not plan to stay in the future. This may explain why they were less familiar with
platform-based metrics and rewards programs. Joseph, for example, did not know
there were metrics about his performance on Instacart. This is consistent with existing
research in which workers’ economic dependence on the platform could inversely
influence their degree of autonomy (Schor, 2020).

Lastly, my interviewees who worked on TaskRabbit seemed to be more
satisfied with the platform than those who worked for the other two types of platforms.
This is similar to Schor’s (2020) finding that TaskRabbit workers had a high
satisfaction level. Five of the interviewees explicitly considered TaskRabbit as a
“good company,” primarily because the company had relatively good communication
with them. As previously discussed, email exchange between TaskRabbit and workers
may take a while. Nevertheless, Jeffery also said that TaskRabbit would help him to
remove an unfair rating. As Zoey described, “they always fix,” as long as she sent all
the documentation to TaskRabbit. This is also in line with Kooper’s narrative in which
he learned to be “very detail-oriented” during his communication with the company.

By contrast, the other two types of platforms generally had stricter dispute policies.
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Uber clearly claims that no individual ratings can be removed upon workers’ request,
whereas the other platforms seem to allow workers to dispute an unfair rating based on
their policies. None of my interviewees, except for those who worked on TaskRabbit,
said that the platforms removed the unfair ratings they had disputed. Yet, TaskRabbit
is a relatively small platform in terms of the workforce?® and customers, compared to
other platforms. In this vein, the size of the workforce and customers may explain why
it would be easier for TaskRabbit to process and handle complaints from workers.
Despite the distinction between TaskRabbit and the other two cases, all of these
platforms retain the right to decide how to handle workers’ complaints and do not
disclose much about the dispute process. Moreover, as | demonstrated previously,
Taskers still expressed frustration over their customer ratings.
Summary of the Chapter: Metrics as a Form of Algorithmic Labor Control

In this chapter, | have discussed how metrics, particularly customer ratings
become a form of algorithmic labor control through the production of uncertainty and
anxiety in the three cases. The deployment of customer ratings led gig workers to feel
anxious and frustrated, which might further incite them to continuously monitor and
maintain their ratings. In this vein, customer ratings facilitated platform surveillance
over workers. The affective power of customer ratings became intertwined with
algorithmic discipline. Although labor platforms offered rewards programs to workers,
the interviewees seemed to focus more on sanctions rather than such virtual rewards

(e.g., ratings, badges, and elite status). Workers” employability—including the

% This may also be reflected in the number of members of the subreddit for TaskRabbit
(r/TaskRabbit; i.e., 2,200), whereas the subreddits for the other platforms I studied had much
more members (e.g., 19,200 members in r/lyfdrivers and 135,000 members in r/uberdrivers).
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opportunities of getting hired (TaskRabbit) and the risk of being deactivated (ride-
hailing and delivery platforms)—produced the affective power of customer ratings.
Inherent in this form of platform surveillance is that a high customer rating and
worker’s rewards status signal their “good” and “professional” service on the labor
platforms. That said, metrics and their associated rewards and sanctions set normative
standards for service interactions and create hierarchies among workers, even without
direct competition among workers.

Moreover, | have explicated how the power of metrics was exercised through
the creation of information asymmetries. The interviewees were aware of the
disciplinary outcomes of customer ratings, but they did not have sufficient qualitative
customer feedback to interpret any low ratings they received. The lack of feedback
made it difficult for workers to improve their performance and even dispute unfair
ratings. The lack of actionable information also led workers to speculate the factors
that might result in a low rating. Many of the factors were, however, beyond their
control. Customer ratings not only delegated the managerial authority to customers but
also placed workers in a vulnerable position to rationalize customer-oriented rules.
The interviewees were conscious of platform owners’ unequal treatment of themselves
and customers, especially when considering their service interactions and limited
communication with platform owners.

In the last part of this chapter, | have identified the factors that might
contribute to divergent disciplinary outcomes of metrics across the three cases. First,
system-generated metrics seemed to be less important for workers because they were

relatively easy to maintain and less connected with algorithmic discipline. Second,
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when workers were less dependent on labor platforms as their primary source of
income, they would be more likely to ignore customer ratings and rewards programs.
Third, the case of TaskRabbit is different from the other two cases because Taskers
were quite satisfied with dispute outcomes.

Taken together, customer ratings as a form of algorithmic labor control may
exemplify the concept of customer-oriented bureaucracy (Korczynski, 2004, 2007,
2009b). On the one hand, customer ratings enable platform owners to monitor and
discipline their distributed workforces at a low cost. On the other hand, workers are
under pressure to score well and normalize the punishment of customer ratings. In
other words, customer ratings entail both technical and normative control. Situating in
the service triangle, platform owners seem to be much more invisible than managers in
the traditional service workplaces. The invisibility of platform owners indeed
reinforces unequal power-relations between workers and customers. From a practical
standpoint, platform owners cannot monitor all service interactions. Assuming that
platform owners want to investigate an unfair rating, they must rely on the input from
different actors (e.g., customers, restaurants, and workers). The narratives of workers,
especially those in the cases of ride-hailing platforms and delivery platforms, indicate
how platforms might favor customers (and restaurants) over workers. Despite the
difference in the types of service work and the visibility of metrics, workers in the
three cases were subject to a certain degree of algorithmic labor control through
customer ratings. This contributes to understanding the affective power of metrics in
action (Beer, 2016)—even without direct competition among workers, customer

ratings can still make workers feel and undermine workers’ sense of autonomy in
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digitally-enabled service workplaces.

143



CHAPTER 6

MOMENTS OF RESISTANCE: MANAGING THE “IMPERFECT” METRICS

This chapter examines how workers manage the “imperfect” metrics in their
daily work practices. On the one hand, metrics are “imperfect” because they do not
provide sufficient actionable information for workers to interpret the meanings, as |
illustrated in the previous chapter. On the other hand, metrics can also be viewed as
“imperfect” systems for labor control because platform owners cannot monitor all
service interactions. This provides space for workers to contest and resist the
management by metrics and customers through the management of customers during
platform-based labor processes and information-sharing practices outside of the
platform. The moments of resistance may seem subtle and sometimes comply with the
calculation logic of labor control, in part because of the risk of being punished by
platforms. From the perspective of platform governance, reactivity can certainly be
anticipated and scripted (Gerlitz & Lury, 2014). This is in line with the underlying
mechanism of affective metrics (Beer, 2016) in which uncertainty and insecurity
pressure the evaluated to self-monitor themselves and proactively optimize their
ratings (Espeland & Sauder, 2016). Nevertheless, such reactive practices can also
enable workers to exercise their agency over platform-based labor processes. Put
another way, workers strategically manage their service interactions and the platform
to advance their interests.

The moments of resistance involve the management of customers before,
during, and after service interactions. Specifically, I will discuss how workers may

filter customers before service interactions and manage customers’ expectations
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during and after service interactions. Workers carry out the set of practices to
routinize their communication with customers and reduce work-related uncertainty
around metrics, while performing platform-based work. I also discuss the limits and
constraints of these moments of everyday resistance. Then, | document the emergence
of worker-to-worker communities. While I largely draw on the findings from the case
of ride-hailing platforms, particularly Uber, I also examine how and why the
interviewees might take part in online communities for sharing work-related
information outside of labor platforms. Finally, I discuss how these moments of
everyday resistance may disrupt algorithmic labor control.
Management of Customers in the Gig Economy

There are different ways of approaching the relationship between management
of customers and workers’ autonomy in interactive service work. From the perspective
of labor control, managers attempt to routinize service interactions by scripting
workers’ performance and regulating their emotional display (Leidner, 1993;
Hochschild, 1983/2012). In this vein, the routinization of service interactions often
seems to diminish workers’ autonomy and job skills. The performance of emotional
labor may also lead workers to suppress their inner self (Hochschild, 1983/2012).
Resistance may be referred to subversive practices that refuse to follow the script; for
example, flight attendants refuse to smile, a form of emotional labor required by their
companies, to resist organizational demands. Nevertheless, service workers do not
necessarily feel alienated and may instead accept their service routines (Leidner, 1993;
Korczynski, 2009a, 2013; Lopez, 2010). Workers can find scripting and emotion work

useful for them to manage their customers (Leidner, 1993) and even to get customers
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to tip (Davis, 1959; Thompson, 2015). A notable example is taxi drivers who have
long strategically profiled their customers to maximize their earnings (Davis, 1959). In
this vein, workers opt to manage their customers for practical benefits, even though
they may still be subject to strict organizational control (Leidner, 1993).

Scripting is much more invisible in the gig economy than traditional service
workplaces, largely because platform owners rarely provide training to workers. After
the interviewees signed up and got approved to work on the platforms, the only
training they had was to watch a series of short videos. Austin, for example, described
that Uber asked him to watch an eight-minute video on how to use the app. On
TaskRabbit, Kuzma, similarly, shared that “the video sessions are really focused on
teaching you how to use the app ... because they expect you to know how to do all the
skills that you say that you can do when you start the job.” That said, metrics,
particularly customer ratings become the primary scripting device in mediating
workers’ expectations of service encounters through their modes of evaluation and
discipline. Central to workers’ reactive practices, therefore, is workers’ understanding
of what is being evaluated as relevant and what relevant aspects are more amenable in
their situation.

While platform owners use customer ratings to script workers’ performance,
this chapter directs attention to how workers strategically follow and adapt such
scripts to manage customers in order to resist algorithmic labor control. | explicate the
management of customers by temporal order and discuss how such practices enabled
the interviewees to gain a sense of autonomy over platform-based labor processes. Put

simply, the management of customers is about filtering and avoiding what the
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interviewees considered “difficult’ customers before service interactions as well as
managing customers’ expectations and needs during and after service interactions.
Crucially, my goal is not to argue that all interviewees engaged with such practices,
but rather to highlight the potential for these practices to resist labor control.
Managing Customers Before Service Interactions

As I discussed in Chapter 5, dealing with “difficult” customers was a common
frustration among the interviewees. The “difficult” customers had unreasonable
expectations on workers and tended to rate them low. Central to workers’ agency,
therefore, is the extent to which they could filter these customers in advance and
decide not to accept their order. Labor platforms, however, discourage workers to
decline too many orders. In Uber’s community guidelines, for example, the company
suggests that drivers should not discriminate customers based on their demographic
characteristics as well as destination and delivery location. Their rewards programs,
meanwhile, often have a minimum threshold for acceptance rates.

Ride-hailing Platforms. For ride-hailing drivers, a common strategy was to
refuse taking any UberPool rides. The interviewees suggested that UberPool—shared
rides—remained a key reason for receiving a low rating, though Uber’s rating
protection had included “co-rider” as one of the qualifying options for removing
negative ratings. Clayton, for example, denounced UberPool as “a bad product”:

| hate UberPool because you consistently get rated lower on UberPool than

you do on UberX, because it’s a bad product, not because you’re a bad driver.

No one likes to share a car with somebody. Everyone picks UberPool because

it’s cheaper, but it takes longer to get to their destination, so they miss their
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movie, they miss work, they’re late to work ... If you miss your airplane
because you took UberPool, you’re going to one-star your driver, even though
it’s not the driver’s fault ... Or you’ll get in the car with somebody you don’t
like ... Because you’re mad about Billy, who’s arguing with you about politics
or whatever, you had a bad experience on your drive, you’re going to rate your
driver lower, even though it’s not his fault. It’s Billy’s fault.
Clayton’s comment reveals why ride-hailing drivers strategically avoided providing
carpooling services, as evident in existing studies (Ferrari & Graham, 2021; Reid-
Musson et al., 2020). As there are more riders during UberPool rides, it becomes more
difficult for drivers to manage all riders. Accordingly, Clayton decided to “never take
an UberPool unless ... the surge is so high [that] I don’t a choice.” Here, the surge
refers to Uber’s pricing model, meaning that drivers could get a higher rate, when
Uber signals that demand for rides increases in real-time. However, Clayton
acknowledged that “the surge would only last for 10 or 15 minutes”; therefore,
experienced drivers like him would predict surge areas and wait until the surge starts,
rather than chase the surge. The technique of predicting surge areas has to do with
one’s knowledge about the city (e.g., when and where big events start).

Like Clayton, Alexis had negative experience with UberPool. She believed that
riders might purposefully not choose UberPool (or “co-rider”) as a reason for giving
her a low rating. As she explained,

A lot of the passengers don’t understand UberPool ... Uber says they put it in

their apps to try to protect us from this, but it still happens. UberPool

passengers will get in my car, and then they will be mad because they have to
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share the car with other people ... They’ll be like, “Can you bring me to this

place? But we need you to bring us to another place.” I can’t bring them to

another place because it’s UberPool. I’m already bringing all these other

people to their other destinations. Then they will get in app and they will rate

me poorly ... They don’t say it was an UberPool. They won’t say it’s because

it’s an UberPool. They’ll just say, “We didn’t like her,” for whatever reason.
Inherent in Alexis and Clayton’s observations is the power of customers in the process
of evaluating drivers’ performance. Drivers, meanwhile, had limited ability to manage
service interactions during shared rides. Perhaps more importantly, drivers had done
more work but made less money from shared rides because they had to pick up and
drop off multiple riders at different locations. As Brandon put this, “it’s a lose-lose for
the driver.” In order to avoid this problematic situation, the interviewees decided not
to provide any carpooling services. This strategy, meanwhile, does not violate ride-
hailing platforms’ guidelines because drivers can select the type of ride-hailing
services they want to provide.

Another strategy has to do with how drivers decided whether to accept a ride
request based on riders’ ratings. This strategy can be considered “gaming” (Sauder &
Espeland, 2009), or “manipulation” (Ferrari & Graham, 2021) because Uber and Lyft
do not encourage drivers to select their riders based on ratings. Terms like “gaming”
and “manipulation” may entail the ethical work of drawing moral boundaries between
legitimate and illegitimate practices (Petre et al., 2019; Ziewitz, 2019). | use the terms
here simply to suggest how this strategy may break the rules of platforms, but it also

simultaneously enables drivers to gain control over labor processes. This strategy was
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more commonly discussed on driver-to-driver forums and YouTube channels, but less
obvious during my interviews with ride-hailing drivers. On UberPeople, one of the
largest online forums for ride-hailing drivers, forum participants contended that
drivers should not accept riders with a rating below 4.7/5.0 because these riders are
usually “trouble-some” and less likely to tip the drivers.

Harry Campbell—who has operated one of the largest driver-to-driver blogs
“The Rideshare Guy” and published a book entitled The Rideshare Guide (Campbell,
2018)—also shared his own evaluative standard about riders (Campbell, 2015). For
him, 5-star passengers mean “someone who comes out within 1-2 minutes of my
arrival, has the destination entered into the GPS and is courteous,” whereas examples

29 ¢c

of 1-star passengers are “the puker,” “the racist,” and “the troublemaker” (Campbell,
2015). He would also give riders 4-star ratings if they made him wait, did not enter a
destination, or slam the doors. Ultimately, as he put this, drivers should pay attention
to riders’ ratings “to take advantage of what little information we get” and “it’s
advisable to only pick up 4.7 rated and up passengers.” Similarly, Bowman (2019), an
Uber and Lyft driver in South Florida, also wrote in the Business Insider that riders
with a rating below 4.7 were likely to be “bad” passengers and he would never accept
a ride request from anyone with a rating below 4.6. As he put this, “The lower the
number, the exponentially worse a passenger is — rude, louder, dirtier.”

I will explain how my interviewees rated their Uber and Lyft riders in the later
sub-section about the management of customers after service interactions. When asked

about their uses of riders’ ratings, only Dominic, Rodrigo, and Sadie said that they

would explicitly use riders’ ratings as a guideline before service interactions. As
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Dominic shared, “On weekends I don’t take low-rated customers because it’s busy
enough on Saturday that you don’t really have to. I’ve learned those tend to be the
drunker people, the people have the 4.6, or whatever.” Rodrigo and Sadie considered
riders’ ratings as proxies for their behaviors but did not use them to determine whether
they took a ride. Rodrigo, for instance, reasoned, “I personally use a rider’s rating as a
guideline. So if a rider has a really low rating, it kind of is [that] my antennas are up so
I will pay attention to behaviors that may be of concern that another driver has
marked.” For him, a rating below 4.4 stars was “a really low rating,” so he might be
more attentive to their behavior “just to make sure they’re not sneaking alcohol or
things like that.” Comments like this reveals an internalization of the standard
embedded in ratings: a high rating is equated with a “good” passenger.

It was more common for my interviewees to dismiss riders’ ratings for two
reasons. First, declining a ride simply means that drivers have to wait for another ride.
Kimberly’s comment exemplified this point: “When you’re driving, if that car is
empty, you’re wasting money. That car has to be full, so you want somebody in that

seat the entire time ... I’m not going to be picky about who I pick up.”
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Figure 6-1. Screenshot of Uber’s Ride Request on the Driver-facing App (Source:
Hartanto & Attwell, 2019)
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Note. I circled the rider’s rating in red.
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Figure 6-2. Screenshot of Lyft’s Ride Request on the Driver-facing App (Source:
Lyft, 2018)
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Second, Uber and Lyft drivers only have 15 seconds to accept a ride request,
meaning that they do not have much time to evaluate a rider based on her or his
ratings. Crucially, not all the drivers could see riders’ ratings before accepting a rider.
Austin, for instance, told me that drivers in Chicago “don’t get to see the ratings of
passengers.”?® Uber does not disclose the information about where and why it decides
to withdraw certain work-related information (i.e., riders’ ratings) from drivers. Even

if drivers could see riders’ ratings, the interfaces of Uber (see Figure 6-1) and Lyft

%6 | also found a post about this issue on the subreddit for Uber drivers, but it is unclear
whether Chicago is the only market where drivers cannot see this information.
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(see Figure 6-2) matter in shaping drivers’ attention. As Lyndsey explained:

The way it’s set up is you have this black window that shows up, and the

wording [of riders’ ratings] is so small that you really ... That doesn’t really

stick out. You see this black window here, and then you see the small white

writing, and the biggest thing you see is accept, and then you accept it.
Alexis echoed this claim and suggested that “it flashes on the screen and we don’t
have enough time to look and study.” Daniel, too, ignored riders’ ratings because he
only had a few seconds to respond to ride requests. Once he accepted a ride, he could
not look at the ratings again. Hence, the temporal visibility of ratings may constrain
how drivers could utilize such information for practical purposes.

TaskRabbit. Unlike the other two cases, TaskRabbit workers can
communicate with their prospective clients before accepting and performing a task.
They can also set their availability in advance and have longer time to respond to a
client’s request. Generally, there are two types of clients: new clients and repeat
clients. While I will discuss how Taskers developed relationship with their clients in
the next sub-section, the strategy | describe is mainly about the management of new
clients.

All of the interviewees told me that they would ask a lot of questions about a
task before accepting it to make sure that they and their clients would have the same
expectations about the length and details about the task. For example, Scarlett was 71
years old and mainly performed the tasks of delivery and shopping. Before each task,
she would ask questions about the delivery and pickup addresses, time expectations,

the delivery items and their size, and whether any stairs would be involved. She
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learned to ask all these questions after receiving a negative review because the client
had hired her to organize for moving, packing, and unpacking delivery items, which
required her to stand for long periods at work. She could not perform this task due to
physical limitations; therefore, she had to clarify all of her limitations and understand
her clients’ expectations as clear as possible. As she explained, “more often than not,
the clients are not very clear with what they want, and sometimes it’s because they’re
poor communicators and sometimes it’s because they’re not clear themselves.” During
this process, she could also “profile” her clients before confirming the task.

Likewise, Easton focused on the pre-hiring process. He usually began by
looking at clients’ initial task explanation and figuring out whether they were
“demanding” during the chat. As he offered,

If they’re very demanding or if they know how long something should take

even though they’re hiring someone to do it, that’s when I say, “Yeah, this is

not the person I want to work with.” Because from my experience, when you
get to the site, they’re constantly trying to pressure you or check up on you ...

Especially if you’re doing a job that you need to concentrate on. So I try to

look for clients who overestimate the project length. Like for example, “Hey,

can you put up a TV? I think it’s going to take like two hours or something or
one to two hours.” They’re being reasonable.
Put another way, this process of filtering helped Easton to look for “understanding and
flexible clients” who were also likely to leave positive reviews and ratings.
This process of communicating expectations must take place via TaskRabbit’s

chat, even though clients may call Taskers to discuss their tasks. All of the
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interviewees maintained that using the chat function was to document and protect
themselves against unreasonable clients after completing tasks. As Neyland stated,
Actually in each step with the client, it’s very important to have the
expectations set pretty clearly. So that if anything does go wrong or if they try
to ask more or cause a dispute in regard to the job, then it’s very clear in
writing that nothing’s going on.
He mainly performed moving tasks which might involve a second Tasker. As many
clients did not make it clear, he had to make sure whether there would be another
Tasker and what their responsibilities were. This is also to avoid miscommunication
with the other Tasker because they would meet one another during service
interactions. Kooper, too, shared:
I’ve made sure to document everything in the chats ... Everything that I talk
about on the task and do [and put] it the in the chat. It [i.e., the chat] is a
document piece in writing. If anyone has tried to or will try in the future to not
10 years say there’s something wrong, we clearly discussed it in the chat.
The documentation was crucial for Taskers to dispute unfair ratings and file
complaints to TaskRabbit. Additionally, some clients preferred phone calls over
TaskRabbit chat. In this case, Audrey would write a summary of the call and ask
clients to confirm it; otherwise, she would not show up to work for a task. For tasks
like home repairs and furniture assembly, Taskers had to know what tools their clients
could provide. As Murdock mentioned, some clients might be willing to cover the
expenses of purchasing a tool if both of them did not have the tool. The chat allowed

Taskers to document such additional expenses. Likewise, Kooper and Zoey both
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encountered situations where their clients had payment issues such as declined credit
card transactions. The documentation eventually helped them to show TaskRabbit that
they did accept and perform the tasks in order to receive payment from the platform.

Indeed, the pre-hiring process is an essential way for both Taskers and their
prospective clients to clearly communicate their expectations. It is likely that either
Taskers or clients find that one another are not the best fit for the tasks. Cancelling
tasks, however, would lower Taskers’ acceptance rates. Murdock, for instance, did not
want to accept tasks that were deemed “sketchy” when the initial task explanation did
not provide much information. He reasoned, “the client can just use anybody’s credit
card and debit card and just sign up and hire somebody,” compared to Taskers who
need to pass background check. In response to “sketchy” requests, he would simply
tell clients that he might not be “a good fit” and asked them to cancel the tasks. As he
said, “If the client cancels, there is no risk on my half or my metrics. If I cancel,
there’s a risk of me losing that acceptance rates.” Audrey, meanwhile, would directly
inform clients about the negative consequences of cancelling a task on her end, if her
clients requested her to do so. In doing so, she could avoid cancelling tasks to protect
her acceptance rates.

Before discussing the practices of delivery workers, | would like to reflect on
why the interviewees did not seem to focus too much on their online profiles. One of
the key distinctions between TaskRabbit and the other two cases is that the former
allows clients to look at the profiles of Taskers and hire a particular Tasker. Therefore,
| initially expected that Taskers would engage in self-branding practices to showcase

their expertise and maximize their earnings. However, the majority of the interviewees
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(8 of 11) did not regularly update their online profiles except for their rates and
availability. Easton, Maverick and Kooper were the only three interviewees who
updated their online profiles to include the skills they had recently acquired and their
work experiences on TaskRabbit, but they did so on a monthly basis. Easton, for
example, updated his profile to include photos of his handyman services once a month.
He told me that almost one third of his clients hired him because these photos
showcased his expertise. By contrast, Maverick and Kooper mainly wanted to make
sure that the description of their skills and experiences were accurate; therefore, they
updated the profiles every three (Maverick) or six months (Kooper).

There are two reasons that explain why they did not engage in self-branding
activities. First, the interviewees still got hired, even though they rarely updated their
online profiles. Second, they already posted a lot of information—including the photos
of themselves and their work as well as their tools, skills, and experiences—when
signing up their Tasker profiles. Kuzma and Renee, for instance, spent a lot of effort in
the online profile when they had started working on TaskRabbit. They wrote a long
description for each category (e.g., landscaping and cleaning experiences) and they
remained largely the same over time. Furthermore, it is difficult for them to
demonstrate their expertise in delivery, moving, and personal assistant services.
Highlighting the differences between his profiles on TaskRabbit and Upwork, Neyland
noted,

You have to prove yourself more on Upwork or any type of technological

abilities ... I would say I’ve updated my Upwork profile more because ... it’s

pretty easy within a year to get exponentially better at programming while it’s
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difficult to get exponentially better at moving a couch.

His comment is indicative of how different types of platform-based work might
influence the management of online profiles.

In a nutshell, the strategies of Taskers were similar to that of ride-hailing
drivers, which both focused on filtering “difficult” customers before service
interactions. Yet, the platform’s chat function also enables Taskers to exercise their
agency by documenting their interactions with customers.

Delivery Platforms. The delivery drivers were selective about the orders they
accepted, but they did so largely because of earnings rather than customer ratings.
Sean, for instance, shared, “DoorDash hides what the final payout is going to be for
any order over a certain amount ... If you get an order that is $8.50, you know that is
going to be order that DoorDash is hiding the tip from you.” Therefore, he tended to
accept the $8.5 orders or above. Lorenzo and Connor deployed a similar strategy to
accept orders. Other interviewees drew attention to the amount of customer tips as
well as the restaurants. When Shawn started on DoorDash, he basically accepted all
the delivery orders, but he soon found that some orders (e.g., driving nine miles for
$3) were not worth his time. Therefore, he only accepted orders above $6 and
customers who tipped. He, meanwhile, noted that customers who did not tip tended to
give him a low rating. Collin added that he would look at which restaurant the
customers ordered. If the restaurant was too far away or tended to have a long wait
time, he would decline the order.

AKkin to ride-hailing platforms, delivery drivers only have several seconds to

accept an order. But compared to ride-hailing platforms, delivery drivers have even
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less information about their customers before accepting orders because DoorDash and
Instacart do not allow drivers to rate their customers. This might explain why the
interviewees had limited ability to filter their customers to protect their metrics on
delivery platforms.

Managing Customers During and After Service Interactions

Almost all interviewees, regardless of the platforms they worked, considered
that being a “people person” was a required skill for them to navigate their work. It
means that gig workers need to be patient and willing to communicate with their
clients. As I illustrate below, my interviewees attempted to manage their customers’
expectations and even their rating practices during and after service interactions.
Taskers and delivery drivers, meanwhile, learned to document their services to protect
themselves against difficult customers.

Ride-hailing Platforms. Ride-hailing drivers endeavored to allocate resources
and perform emotional labor during service interactions and rate their “difficult” riders
low after service interactions. First, the allocation of resources concerns the additional
amenities the interviewees offered to their riders. Eddy, for example, offered Apple
and Android chargers in his vehicle. Timothy, too, offered “extra amenities such as
tissues, charger cables, the ability to play their music in my car, water bottles, gum,
mints, and extra things like that.” Clayton also gave out water and allowed his riders to
use his tablet to watch videos and play video games. He tellingly added, “To me, the
water is fundamentally setting a mindset for the customer of the difference between,
“You’re just a transportation service,” and then, ‘You’re a more elite service.”” Alexis,

meanwhile, attributed her positive ratings to the offering of additional amenities and
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shared,
I have Wi-Fi in my car. If you know my ratings, | have a lot of compliments on
mine, and there’s a reason for that. When people get in the back of my car, |
have gum, candy. | have chocolates, even. | provide water. | have magazines. |
have an umbrella for the elderly people.
While offering additional amenities may be ride-hailing platforms’ intended outcomes
of implementing rating systems, this strategy helped my interviewees to showcase
their customer services.

Nevertheless, the interviewees recognized the additional expenses when they
offered amenities to their riders. Noah, for example, shared, “What the customers
don’t realize with the charging the phone is that charge creates drain on the battery in
my car. | have a $300 battery inside my vehicle.” Despite the additional expenses,
Noah continued to offer amenities to get good ratings. Lyndsey, by contrast, initially
had offered such additional amenities, but then decided not to do so. As she explained,
“In the beginning, | used to offer candy and water, but that began to become an
expense ... A lot of them, they won’t finish the entire bottle, and they won’t take it
with them. So then that’s added trash.” For her, offering additional amenities created
not only monetary costs but also manual labor to clean the vehicle.

The second strategy for managing customers was to perform emotional labor.
This is analogous to the findings of extant studies (Raval & Dourish, 2016; Rosenblat,
2018a; Rosenblat & Stark, 2016). To begin, the interviewees had to make sure they
had a correct destination address when their riders got into the car. Although riders

had already input their destination when requesting the ride, the interviewees wanted
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to check with them to correct for when customers entered the wrong address. In this
process, Lyndsey would also ask her riders whether there was a particular direction
they wanted to, or if they simply wanted her to follow the GPS. Then, she would
inform riders about the estimated time arrival based on the GPS and check if they
wanted to turn on the air conditioner or need anything.

During their expositions, interviewees recurrently used the terms—being
“professional” and offering “good services”—to describe their service interactions to
maintain a high rating. Charles, for example, reasoned, “What it takes to make a
customer happy is good service.” Good service, he continued, means “speaking to
them professionally and providing them with everything that they need to get to their
destination, and getting them there safely.” Other interviewees attempted to spread
“positivity” to their passengers. Alexis never made any complaints about Uber during
service encounters. She explained,

Because they [passengers] do not want to get into an Uber car and hear me

complain about my job. If you got in the car and they would hear, ‘Ah, I hate

my job, blah, blah, blah,’ if they heard me complain, they would rate me lower

... I want to them to give me the best rating possible.

Her comment is indicative of the self-management of emotional displays during
service encounters. She could not show her “authentic” feelings about Uber to her
riders in order to maintain a good rating.

While Charles and Alexis focused on the ways of interacting with their
customers, a small subset of the interviewees attempted to “game” or manipulate the

rating system. I use the term “gaming” here because Uber and Lyft prohibit drivers
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from asking for a 5-star rating. Figure 7 is a sign about ratings in one of my
interviewees’ vehicle, which is telling of this gaming practice. The sign states, “TIP
NOT REQUIRED BUT GREATLY APPRECATE. DON’T FORGET TO RATE 5
STARS.” The sign also asks riders to “enjoy the ride” and let the driver know if they
need anything, which served as a signal to convey friendliness and remind riders to
give the driver a 5-star rating.

Figure 7. A Sign about Uber’s Ratings in An Interviewee’s VVehicle

TIPS NOT REQUIRED aous mow | GURLRSLE
B
GREATLY Fo 8
APPRECIATED
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After service interactions, Uber and Lyft allows drivers to rate their riders. As
previously discussed, the interviewees believed that the platforms would not punish
riders who had a low rating. Yet, Lincoln, Rodrigo, Dominic, and Clayton knew that if
they rated their riders 3-stars or below, Uber and Lyft would not match this rider with
them in the future. While Clayton considered this was a loss of employment
opportunities, other interviewees suggested that this would allow them to avoid having

the difficult customers in the future. Lincoln, for instance, rated a rider 3-stars because
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the rider slammed the door of his car. Rodrigo, meanwhile, articulated his evaluative
standard. As he explained,
The only time that | will rate a customer a one is if I am going to flag account,
meaning the customer, meaning the customer tried to sneak alcoholic
beverages into the vehicle ... A two star is generally everything went wrong in
that call, but you didn’t break any Uber rules. So maybe you were rude, [or]
you weren’t courteous ... That’s when you’ll either get a two or three
depending on how severe it was ... Usually, a four star is something like where
everything was good, but you know, the time period for you to get to the car
was six or seven minutes so | had to pass complete ... Five star obviously, that
kind of speaks for itself. That means that the customer was really good and it’s
not necessarily that they had to have a great interaction or anything because
some customers, they just want to be left alone.
When Rodrigo articulated this evaluative standard, he was aware that Uber and Lyft
might not punish riders because of his ratings. But he still wanted to rate the
interactions based on his actual experience, in part because he would also reference
riders’ ratings when picking up riders. The articulation of evaluative standard might
not directly affect riders’ eligibility on the platforms, but it allowed Rodrigo to gain a
sense of autonomy in this process.
TaskRabbit. In line with the earlier discussion about Taskers’ practices before
service interactions, interviewees attempted to manage their clients’ expectations,
document their service outputs, and develop long-term relationships with their clients.

Recalling Kooper’s quote I mentioned in the introductory chapter: “over-
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communication” enabled him to maintain his ratings. On the day he performed any
tasks, he would double-check with his clients about whether they would be at the
apartment and the address, and more specifically, “where to park or how to access the
building, especially if it’s a condominium or a private community.” This was a
common practice for the Taskers | interviewed. As clients could book a task up to 15
days in advance, this strategy helped to remind clients that they would be coming for
performing the task. Kooper, meanwhile, tried to get to the place earlier to avoid
taking too long to access to the property because it could delay the tasks, and
therefore, lower his ratings. This may seem subtle, but he had received negative
reviews because he was unable to discuss with the client in person. During and after
service interactions, Kooper would take photos of his work and uploaded them in the
chat. As he shared, “The client can see the progress of your work. This has helped
immensely with getting higher ratings.” Zoey, meanwhile, tried to make sure that her
clients were at places where she performed the tasks. If the client would not be there,
she would document the details about the tasks via TaskRabbit’s chat for the purpose
of documentation. As she put it, “I try to make sure everything is in the chat, so if
something goes wrong, I have proof.” As previously discussed, such documentation
allows Taskers to dispute unfair ratings.

Although the interviewees attempted to gauge the scope of tasks before
confirming them, clients’ description might be different from the actual situation.
Kuzma offered an example:

Sometimes, the clients will hire me for an hour and a half or for a two-hour

job. And I’1l get there, and I’ll see four bookshelves, and a bed, and two
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dressers, and I’'m like, “Okay. That’s like a four-hour job.” So once I realize
that, I’ll discuss that with the client. I’1l say, “Hey. Looks like this will
probably take me a little bit longer than two hours. Are you okay with it taking
about four hours if I’'m here?” ... But obviously, for my schedule, that pushes
things back a little bit. So once I realize that happens, then I’ll try to schedule
my clients with a little bit of a buffer between, but I also want to maximize
how many jobs I’m working in a day ... I don’t want to be standing around for
an hour doing nothing.
Kuzma told me that his clients were usually “very understanding” in this situation, but
it was vital for him to manage the expectation about the length of the tasks
immediately after he arrived. The interview quote also pointed out that this situation
might delay other tasks he needed to perform on the same day. Hence, while he tried
to not schedule any back-to-back appointments, he would tell clients whether he had
any tasks before their appointment so as to manage their time expectations. Maverick,
meanwhile, typically scheduled at least half an hour in between tasks “to account for
any possible contingencies.” If he completed a task earlier, he would inform the next
client to see whether they wanted him to start the task before the scheduled time. He
found this scheduling strategy useful to make his clients happy.

Similar to the case of ride-hailing drivers, Scarlett, Easton, and Kuzma
explicitly asked their clients to rate them after completing tasks. None of them had
explicitly asked for a positive rating; instead, they only reminded clients to review
their performance. Scarlett, for example, described, “My closing phrase, which I

haven’t changed for a couple of years probably, I do ask people and I say, ‘If you want
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to help me out, please leave a review’ ... I do have that little blurb when I close out an
invoice asking for a review if they have the time.” Yet, she added that not every client
would eventually rate her even after the reminder. Easton, similarly, would ask clients
to rate him because as he put this, “it sort of pressures them to not put a bad rating in.”
Kuzma, by contrast, determined whether he would ask for a review, depending on how
his interactions with clients went. When he believed that the interactions went well, he
would remind the clients to tip and review him when sending an invoice to them. He
figured out that about 75% to 80% of his clients would review him positively after
using this strategy. However, he would avoid reminding clients to review him when he
thought that he “had a weird relationship with the client,” or that the client was not
responsive. As he reasoned, “I just don’t say anything about the review. So I guess, in
a way, if I’'m not reminding people about a review, then I might be avoiding people
giving me bad reviews.”

What distinguishes Taskers from the other types of gig workers is that the
former could develop long-term relationships with clients. In the case of ride-hailing
platforms, only Noah told me that he could potentially solicit riders as his private
clients during Uber Select rides (i.e., a luxury ride-hailing option on Uber), but he
chose not to do so because he could earn more money on Uber. Indeed, ride-hailing
platforms may deactivate drivers who have contacts with riders outside of the
platforms. By contrast, TaskRabbit encourages Taskers to do so, but such transactions
must take place on the platform. The repeat clients usually were more flexible and
gave Taskers positive ratings. Eight of the interviewees had repeat clients. As

TaskRabbit offers discount to repeat clients, repeat clients might simply hire the
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interviewees again on the platform. The only pitfall of having repeat clients on the
platform is that Taskers could not automatically increase their rates for repeat clients.
As Audrey described, “Whatever they hired you for, they will keep that rate for as
long as you worked for them.”

Accordingly, four of the interviewees tried to develop long-term relationships
with the clients outside of TaskRabbit. When asked about his strategies for
establishing such relationships, Jeffery shared,

| have a business card, and | put 10 or 20 of them in my wallet, and after each

job, I would give them the business card and say, “If you want to hire me for

anything else, please text me or call me at this number, and we’ll schedule it

right there. No need to hire me through TaskRabbit.”
In doing so, repeat clients did not need to pay the 15% service fee to TaskRabbit. If
the clients agreed to do so, he would charge them in cash or Venmo. Audrey,
similarly, had long-term clients outside of the platform, but she would only accept
requests from the “trustworthy” clients and avoid discussing any of these transactions
within the app. Likewise, Kuzma pointed out that having transactions with clients
outside the platform is a “gray area.” As he explained, “I’m not supposed to take my
clients off the app, but if my clients request that they work for me in the future, I’'m
not going to say no, and obviously I personally prefer it that way.” Therefore, he
would only give his business card to clients who explicitly asked him to do so.
Importantly, when such transactions occur outside of TaskRabbit, Taskers no longer
need to concern about their metrics and can negotiate their hourly rates with the

clients.
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Delivery Platforms. Compared to the other two cases, delivery drivers had
limited interactions with their customers, due to contactless delivery during the
COVID-19 pandemic. Collin, for example, said, “Many customers now only want you
to leave the order in front of their door, they don’t want you to wait for them to give it
to them or anything.” Ronnie, too, shared, “Especially with COVID, there’s very
limited customer interaction.” But when asked about his strategies to get a good rating,
Ronnie emphasized the importance of communication:

You want to provide the utmost best customer service. Usually what I do is,

when I receive the order, and let’s say for instance, when I arrive at the

restaurant and the order’s not ready, I’ll message the customer and I’1l tell

them, “Hi, this is Ronne. I am your DoorDasher, I’'m here at McDonald’s

picking up your order however, your order’s not ready at this time. Once I do

receive it, I’ll let you know and I’ll get that to you as soon as possible.”
Roger, meanwhile, added that, “If they [i.e., customers] want me to give it [i.e., the
order] to them, I’ll make sure to smile and say their name as I give it to them.” Both
Ronnie and Roger wanted to convey their friendliness to their customers during
service interactions, even though such interactions were limited.

As such, contactless delivery simplifies the delivery process, but it meanwhile
creates another form of work-related uncertainty, as exemplified by Connor’s
comment: “Negatively, you have to trust that the customer will take their order off
their own doorstep, which sometimes can lead to the order disappearing altogether or
them claiming they never received the order.” Connor, meanwhile, added, “there’s a

lot of scamming going on now with customers.” As I discussed in Chapter 5, Clara
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had received a negative rating because a delivery order was claimed to be missing. In
order to reduce this form of uncertainty, delivery drivers learned to document
photographic evidence of delivery. Indeed, DoorDash, Instacart, and Uber Eats also
required delivery drivers to do so. But this strategy helped delivery drivers to protect
themselves. Lorenzo, for example, shared, “I take a lot of pictures of things that I’ve
dropped off just as protection because I’ve had people report that [ haven’t delivered
things when I have.” Sean echoed this and shared, the “picture proof” resulted in “a lot
less issues with people claiming that I didn’t deliver the food when I actually did.”

Overall, the pandemic has significantly reduced the amount of service
interactions between delivery drivers and customers. In other words, most of the
interviewees did not seem to feel the necessity to manage their service interactions.
The Emergence of Worker-to-Worker Communities

Taking a step back, one might wonder how workers learned to manage their
customers and metrics as forms of everyday resistance, especially when considering
the atomized nature of platform work. I argue that worker-to-worker communities
emerge as key social spaces for workers to seek advice and socialize with one another.
Due to my sampling strategies, it is not surprising that the majority of the interviewees
(42 of 50) had consumed content via worker-to-worker online forums or social media
groups. Only a small subset of the interviewees (9 of 50) actively created and shared
work-related information in the case of ride-hailing platforms. | consider these content
creators as “driver/bloggers” to indicate their dual identity: they were driving for Uber,
while also creating content about work-related tips and tricks on their blogs or

YouTube channels. Before discussing these driver/bloggers, | will first explain how
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and why the interviewees participated in worker-to-worker communities to learn to
navigate the opaque labor platforms. Then, I turn to discuss the practices of
driver/bloggers who might be considered the active members of these communities.
The goal of this section is to demonstrate the potential of these online communities for
individual and collective empowerment.

How and Why Participating in Worker-to-Worker Communities?

Before discussing the aspirations of driver/bloggers, it seems important to
address how and why the interviewees came across these networked communities.
When asked about where they got advice about their platform-based work, the
interviewees commonly referenced online forums (e.g., Reddit), social media, and
blogs as their primary information sources. As previously discussed, this is in part
because platform owners do not provide any organizational training to workers and in
part because platform-based help desks did not seem to understand workers’ daily
activities. The interviewees started taking part in these worker-to-worker communities
because they had questions about taxes, changes in platform policies, and tips and
tricks for maximizing their earnings and navigating labor platforms. Collin, for
example, browsed through the subreddit for Uber Eats drivers when he ever needed
advice because as he put this, “Uber customer service isn’t really great, so | honestly
avoid them whenever possible.” As Uber classifies drivers as users of its technological
service rather than employees, the company encourages drivers to seek “help” or
contact its “driver customer service” when drivers have any questions. Murdock,
meanwhile, described, “When I’m browsing through Reddit, I look for advice on how

to improve my work for Tasks and adding categories.” Derek also checked the
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subreddit for Instacart shoppers to “get experience from others” every day.

Roger, similarly, considered the subreddits for delivery drivers as a place for
him to look for solutions to a specific problem or question such as “how certain ratings
affect my ability to get orders.” Roger learned from Reddit’s discussions that
“acceptance rate means nothing” to Uber Eats and DoorDash drivers because the two
platforms would not deactivate their employment. As he stated, this “was probably the
most valuable thing for me” because “if the acceptance doesn’t ruin it [i.e., the
continuity of employment], then I can choose what I want to do.” Connor, too, learned
from online communities that “the real way to make money on DoorDash was to not
accept everything they throw at you.” He considered Reddit as a “perfect” place for
him to have “firsthand discussions with other drivers.” Their reflections indicate the
potential for workers to be empowered through information seeking and sharing
practices.

Crucially, these worker-to-worker communities provide social spaces for gig
workers to interact with their peers and to feel connected. When the interviewees such
as Eddy, Adrian, Melvin, and Nelson had work-related questions, they would look at
these online communities because they wanted to know their peers’ opinions. As
Nelson put this,

On the subreddit, it gives you a more real look. Whatever DoorDash is going

to say, it's going to be putting them in a good light in trying to make certain

things seem a certain way according to them, while getting information from
actual users of the app will give them unbiased type of look at it.

Similar to Connor’s reflection above, Nelson took part in worker-to-worker online
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communities because other participants were “actual users of the app” who could
provide firsthand and realistic perspectives of the platform.

To be sure, as gig workers become familiar with the worker-facing app, they
might not feel the need to continuously look for advice within these online
communities. Jeremy, for instance, said, “They were very useful when I was starting
out. Now that | have more experience, I don’t feel the need to use them as much. But I
do think that they are a valuable resource for people who need them.” He tellingly
explained the importance of these online communities:

One of the things about not just being an Uber driver, but also being a driver in

general ... is that you’re not really interacting with other drivers per se, unless

you do it through the internet ... Using Grubhub as an example. There’s this
one Facebook group for Grubhub drivers that’s dedicated to Grubhub drivers
and they’ll share stories, they’ll have jokes, they’ll go socialize on the internet.

It’s basically the online water cooler space for other drivers. There’re Lyft and

Uber driver Facebook groups that are similar to that.

As Uber and Lyft drivers, and more generally, gig workers do not have co-workers in
a physical workplace, these communities were crucial for them to share stories and
form social networks. This may explain why Melvin and Sofia followed the subreddit
and meme pages for DoorDash drivers for “entertainment” purposes because these
communities allowed them to know the positive side of their peers’ work experiences.
When Scarlett reached 500 reviews in her 1,000 tasks, she posted this accomplishment
in both official and unofficial Facebook groups for Taskers. As she recalled, “I posted

that just bragging, just saying how proud | was in myself. And you get a lot of positive
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feedback in that time.”
Interestingly, TaskRabbit creates an official Facebook group for “Elite
Taskers.” A TaskRabbit’s community manager moderates this group. The community

99 ¢

guideline for this Facebook group encourages Taskers to “help each other,” “refer

99 ¢

great Taskers,” “use all your resources,” “keep it professional,” “update the
community,” and share “best practices” and “Tasking stories” (TaskRabbit, n.d.-b).
The moderator may also remove posts that disclose clients’ information and share
“inaccurate information about the platform that could misinform Community
members.” In practice, the interviewees who were part of this Facebook group were
aware of TaskRabbit’s moderator, but they added that this moderator never responded
to any posts in this Facebook group.

Indeed, the interviewees told me that Taskers shared complaints about
TaskRabbit in the official Facebook group. Kuzma offered some examples of the posts
in this group: “A lot of people [were] complaining about the jobs that they’ve had that
they just didn’t like, or problems with the app that just no one ever really help us
with.” He initially had thought that the moderator from TaskRabbit would look at the
Facebook group and fix the problems, but in fact they did not. Jeffery, too, shared,
“TaskRabbit doesn’t actually watch what we’re saying in TaskRabbit. Thank
goodness, because we talk about ways to cheat the system.” By “cheating the system,”
he referred to the practices of forming long-term relationships with clients and asking
these clients to use their service outside of the platform. Scarlett, by contrast, recalled
that TaskRabbit’s moderator participated more in the past, but now “it’s pretty rare.”

This official Facebook group, for my interviewees, eventually became a virtual place
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for them to get to know other Taskers’ stories. At the same time, almost all of them
took part in unofficial Facebook groups for Taskers for information-seeking purposes.
Renee and Scarlett noted that the unofficial groups had more members and posts than
the official one, but if they ever had work-related questions, they would go to both
official and unofficial groups to seek help.

Taken together, the interviewees primarily consumed content and sought work-
related information within these worker-to-worker communities. These communities
emerge as online occupational communities (Schwartz, 2018) where workers are
socialized to adapt to navigate labor platforms.

Uber Driver/Bloggers: A New Cast of Experts in the Gig Economy

What distinguishes what I call “driver/bloggers” from the other interviewees is
that the former actively created content about Uber and positioned their expertise
regarding the inner workings of the platform. Taking a step back, there exists a new
cast of self-proclaimed experts offering “how-to-succeed” resources aimed at coaching
and inspiring gig workers, as evidenced by self-help books such as The Gig Economy:
The Complete Guide to Getting Better Work, Taking More Time Off, and Financing
the Life You Want (Mulcahy, 2016) and Thriving in the Gig Economy: How to
Capitalize and Compete in the New World of Work (McGovern, 2017). The
driver/bloggers | discuss in this sub-section can be considered a group of these
experts. By April 2018, the most subscribed Uber-related YouTube channels had
about 64,000 subscribers, but most of the channels only had several hundred or a few
thousand subscribers. The driver/bloggers (n = 9) I interviewed had a network of

subscribers ranging from 100 to more than 20,000. Regardless of the number of their
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subscribers, they actively created videos on YouTube on a weekly or bi-weekly basis.
Below, I focus on their vision of collective empowerment and individual aspirations.

All of the driver/bloggers I interviewed had a vision of empowering their
audiences through the distribution of actionable information about Uber’s labor
platforms. Indeed, they started their YouTube channels or blogs because they could
not find the relevant information when they had worked as an Uber driver. Here,
relevance refers to a particular angle to approach the information from drivers’
perspective. Austin, for instance, explained, “The reason I started was because I didn’t
see anyone else talking about realistic expectations about what you could achieve
monetarily with rideshare.” In a media interview, Harry Campbell, who operates “The
Rideshare Guy,” attributed the popularity of his blog to Uber’s and Lyft’s poor
customer service for drivers: “I sometimes joke that if Uber and Lyft were better about
customer service I wouldn’t have a job” (Matsakis, 2016). Inherent in their reflections
is a sense of information asymmetries between the company and drivers as well as
among drivers themselves.

We can also observe the vision of collective empowering by looking at
driver/bloggers’ self-descriptions and videos on YouTube. One driver/blogger
articulated his channel as a site to “inform new, current or future drivers on how to
drive for Uber and Lyft successfully,” whereas another claimed to “share tips and
information to help drivers make more money” in the self-description. Similarly,
reflecting what he aspired to achieve through the YouTube channel, one
driver/blogger stated in his video, “I want to set up a network of experienced and

professional drivers that are willing to help out other drivers and have this be a team, a
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community.” The narrative of empowerment is grounded in a premise that “no one is
an expert when first start doing this [Uber],” as Austin put it. As drivers become
acquainted with Uber’s platform and policies after seeking information online, Austin
continued, “some of these new drivers are becoming experts” and they “could
financially improve their lives.” Or, as Cohen explained, “we become an expert in
driving for Uber, if we do it enough.”

YouTube offers a networked space for driver/bloggers to express themselves
and create a sense of community. Reflecting on her experience of getting started,
Alexis offered, “I wanted to voice my opinion ... I love the community of people that
are YouTubers. We have a common bond, because not only do we do rideshare, but
we do YouTube.” Lyndsey, meanwhile, envisioned her channel as “a resource
channel.” As she explained,

| want it to be a channel that Uber drivers and Lyft drivers from all over who

have access to the live [i.e., her live stream on YouTube], that they have a

place that they can come to immediately and get someone to ask and tell them,

okay do this, do that. Or this is what happened when | did that and give
different suggestions. Not just mine, they are other Uber and Lyft drivers that
are part of my live.
While Alexis’ comment articulated the connection among the driver/bloggers,
Lyndsey pointed to how YouTube enabled her to build communities with her
audiences who were also Uber and Lyft drivers.
Alongside the vision of collective empowerment, the interviewees articulated

their individual aspirations of developing dual “gig” careers as Uber drivers and
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bloggers. Consider, for example, the video course “Maximum Ridesharing Profits”
(US$97) offered by “The Rideshare Guy” (i.e., Harry Campbell). He regularly
interviewed drivers for his blog and YouTube channel. In a YouTube video about his
course, he described that the course was based on “everything we have learned from
interviewing drivers.” As he put this,

You start from our course and you’ll be making money from your very first

day ... Even if you’re an advanced driver and you think you know everything,

I guarantee you will learn at least one thing in our course. And if you don’t,

send me an e-mail and we’ll talk. And I’1l take that as a challenge to figure

something out.
Another example is the “Rideshare Driving School” founded by the “Rideshare
Professor.” He offered a series of courses about ride-hailing platforms (US$69 for
three series of the courses). In the video about the “Rideshare Driving School,” he
stated that the courses would share his “success formula” to help people to increase
their earnings. The content of the courses included not only the tactics to navigate
Uber’s sociotechnical platform, but also skills in curating a brand on social media to
promote referral codes and side businesses. Indeed, asking subscribers to use their
referral codes was a common way for driver/bloggers to make money. Oftentimes,
such referral codes were not exclusive to Uber or Lyft, but also other labor platforms
such as Instacart and DoorDash. When people use driver/bloggers’ referral codes to
sign up as workers on labor platforms, both of them can get a referral bonus.

Among the driver/bloggers I interviewed, Cohen was the only one who had

successfully monetized his expertise in Uber through advertisements and referral

178



codes. He still occasionally drove for Uber and Lyft and hired drivers to write about
their stories and work-related tactics on his blogs. This is because he considered that
his audiences wanted to “learn from someone who [is] struggling with this [i.e.,
Uber].” The rest of the interviewees were still struggling to make a profit from their
channels. When asked about how he envisioned the future of his channel, Charles
shared, “[R]ight now I make way more money with Uber than | do with YouTube
creating. I’ll be able to create content and feel like, ‘Hey, wow. I can kind of equal this
thing out. | can make just as much with YouTube as I can with driving for Uber
Eats.”” Clayton, too, aspired to get more subscribers and figure out his personal brand
in the future, but it also meant that he had to spend more time on creating content
rather than driving. Yet, as the channel grew, Austin added, “It’s becoming more
challeng[ing] to just talk to everyone and get back to them.” While interviewees like
Austin initially did not expect their channels to grow and monetize their expertise,
concerns about monetization eventually emerged, as they engaged in incessant
invisible labor (Duffy, 2017) to make videos and cultivate social relationships with
their subscribers.

In summary, the case of Uber driver/bloggers sheds light on what motivated
drivers to create content to empower their peers and pursue individual aspirations.
While Uber drivers cannot communicate with their peers on the platform,
driver/bloggers’ practices cultivate a sense of community on another platform—
YouTube. Although driver/bloggers’ content creation and the interviewees’
information-sharing practices took place outside of labor platforms, they still had a

potential to empower gig workers in at least two ways. First, as some of these work-to-
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worker communities, particularly YouTube channels are open to the public, they can
also have a potential to raise public awareness of the labor conditions in the gig
economy by unmasking Uber’s unfair practices (Ticona et al., 2018). Second, these
online communities emerge as important social spaces for gig workers to interact with
their peers and learn work-related strategies to navigate labor platforms. Workers
could learn how to interpret their metrics and manage their customers from these
networked communities.
Summary of the Chapter: The Implications of Everyday Resistance

In the first part of this chapter, I discussed the ways in which workers
attempted to manage their customers before, during, and after service interactions, so
as to protect their ratings in the three cases. Before service interactions, ride-hailing
drivers and Taskers tried to filter “difficult” customers. While ride-hailing drivers
might strategically avoid providing carpooling services and pay attention to riders’
ratings, Taskers attempted to manage their clients’ expectations about the tasks and
consciously use TaskRabbit’s chat function to document the pre-hiring process.
During and after service interactions, ride-hailing drivers mainly offered additional
amenities and performed emotional labor in exchange for a good rating. They might
also develop their own evaluative standard and explicitly ask riders to rate them.
Taskers, meanwhile, managed their clients’ expectations, documented the task outputs,
and developed long-term relationship with their clients. Compared to the other two
cases, the pandemic has significantly reduced communication between delivery
drivers and their customers. Therefore, | did not find much about how they attempted

to strategically manage their customers to protect their ratings. But as | discussed in
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Chapter 5, delivery drivers still experienced uncertainty around their metrics.

The management of customers reveals workers’ strategic attempt to
communicate with their customers to gain a sense of autonomy over platform-based
labor processes. While platform owners might favor customers over workers through
the implementation of customer ratings, workers could also find ways to protect their
ratings. Many of the practices | documented might seem subtle and routinize service
interactions, but they were essential for the interviewees to minimize the interactions
with difficult customers and to ensure that customers would be satisfied with their
services. | consider these practices as moments of everyday resistance, in part because
the interviewees were keenly aware and critical of the disciplinary outcomes of
metrics. It was difficult for them to completely ignore metrics; therefore, the
management of customers became a viable way for them to routinize and control
service interactions. Indeed, the practices of offering additional amenities, performing
emotional labor, and managing customers’ expectations might be in line with the
intended outcomes of labor platforms. These practices, however, also enabled the
interviewees to manage difficult customers who tended to disrupt service interactions
and rate them low. The practices of filtering customers and documentation might, to a
certain extent, allow workers to take advantage of socio-technical features of labor
platforms without breaking the rules. Among all these practices, asking for reviews
and developing long-term relationships with clients outside of TaskRabbit might break
the rules of labor platforms. But at the same time, they were largely invisible from the
platforms because platform owners could not monitor service interactions.

While the management of customers reveals workers’ daily practices, the
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second part of this chapter reflects on the potential for workers to seek work-related
information and articulate visions of collective empowerment. The creation of
information asymmetries is a central characteristic of algorithmic labor management
(e.g., Rosenblat & Stark, 2016; Shapiro, 2018). Labor platforms are often assumed to
be individualized and atomized workplaces because gig workers work independently
and do not have any co-workers. As | have demonstrated, worker-to-worker online
communities emerge as social spaces for workers to socialize themselves to adapt to
platform-based work. This may also explain how and why my interviewees articulated
their understandings of metrics, despite the opaque platform policies and socio-
technical features. Even though workers became familiar with the platform’s policies
and socio-technical features, they still considered such communities as valuable
resources. The case of Uber driver/bloggers has shown how experienced drivers might
articulate their expertise and seek to empower their peers outside of Uber. Meanwhile,
the driver/bloggers had an aspiration to garner visibility and monetize their expertise
in the future. As driver/bloggers developed their dual careers as Uber drivers and
YouTubers (or bloggers), they arguably engaged in what Duffy (2017) calls
“aspirational labor,” a form of mostly uncompensated labor with a hope for future
economic opportunities. Taken together, the emergence of worker-to-worker online
communities showcase the potential for empowering gig workers within collaborative
social networks (see also Gray et al., 2016), while giving rise to a new cast of
aspirational brand-builders (see also Rosenblat, 2018a).

Overall, this chapter has discussed how workers can manage “imperfect”

metrics by coping with customers and reworking platform-based labor processes on
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and off labor platforms. Of course, only a few workers would actively create content
and aspire to develop a dual career. But workers who seek work-related information
from these networked communities can familiarize themselves with platforms’
policies and learn how to manage metrics that matter to their employment
opportunities. In this vein, worker-to-worker communities can socialize newcomers to
adapt to platforms’ algorithmic management. This process of socialization is essential
for workers to learn to engage with moments of resistance in their daily work
practices. Although the management of customers are constrained by labor platforms,
they help to reduce work-related uncertainty and allow workers to gain a sense of

autonomy over metrics that are beyond their control.
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CHAPTER 7
CONCLUSION

How do algorithmic metrics perform as technologies of control and resistance
in gig workers’ everyday work practices? Through a comparative case study of
digitally-enabled service work, this dissertation has examined the power dynamics
underpinning the management, interpretation, and uses of metrics—including
customer ratings and system-generated behavioral measures—in platform-specific
calculative spaces. Specifically, I have discussed how labor platforms—including ride-
hailing platforms, TaskRabbit, and delivery platforms—deployed metrics in their labor
processes for managing workers, while simultaneously framing metrics as a boon to
the entire community of workers and customers. Second, | have explicated how
metrics facilitated the tensions between the management by and of customers. Third, |
have explored the similarities and differences across the three cases. The comparative
analysis has demonstrated how and why certain kinds of metrics could facilitate
algorithmic labor control through the production of uncertainty and anxiety. | have
also discussed how workers attempted to manage metrics by strategically managing
their customers and sharing work-related information.

In this chapter, | begin by summarizing the empirical findings. Then, I discuss
the implications of the findings for understanding service triangle in the gig economy
and the limits of metric power. Finally, I discuss the limitations of this project and
suggest future research directions.

Summary of the Findings

Using a qualitative multi-case study approach, this project has examined how
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digitally-enabled service workers encountered, interpreted, and managed metrics
across three kinds of labor platforms—ride-hailing platforms (i.e., Uber and Lyft), a
temp work platform (i.e., TaskRabbit), and delivery platforms (i.e., Uber Eats,
DoorDash, and Instacart). Originally, I planned to study platform co-ops, but | had to
drop this case due to the COVID-19 pandemic. Eventually, I included delivery
platforms, which have experienced an explosive growth due to the pandemic, as the
third case. The three cases represent distinct types of service work and visibility of
platform-based metrics. In each case, | drew on the analysis of discursive texts related
to these labor platforms and in-depth interviews with workers. Motivated by
understanding metrics as labor control and resistance, this project asked three research
questions in the introductory chapter:

1. How do platforms use metrics to govern their distributed workforces?

2. How do workers interpret and manage metrics as part of their daily service

interactions and work practices?

3. What are the factors that shape workers’ interpretation and uses of metrics

across labor platforms?

In response to the first research question, | explicated the role of metrics in
platform-based labor processes. By design, metrics become interwoven with platform-
based rewards and sanctions. Platform owners require workers to have a certain level
of customer ratings to qualify for rewards programs, which might further affect their
access to work-related information and employment opportunities. Except TaskRabbit,
the other platforms | studied rely on metrics, particularly customer ratings to

determine workers’ continuity of employment. While customer ratings become
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ubiquitous in different service sectors, labor platforms do not simply consider ratings
as reference points, but rather use them to determine employability. Through the
deployment of customer ratings, platform owners can monitor and discipline workers,
while attributing the responsibility to customers. In this process, workers have limited
communication with both platform owners and customers concerning the accuracy and
fairness of ratings. Meanwhile, platform owners emphasize the importance of metrics
for the entire community and equate high customer ratings with “good” and
“professional” services. In other words, metrics entail both technical and normative
control. More broadly, we must consider how metrics become normalized as
meaningful proxies for performance and even reputational capital in our daily life.
The issue of labor control is interrelated to the second question. There are two
types of metrics, namely, customer ratings and system-generated behavioral measures.
| found that most of the interviewees expressed frustrations over customer ratings
rather than behavioral measures, in part because the former directly affects their
employability and in part because the former involves the production of uncertainty. In
most cases, workers were not rated by their customers, which led to work-related
uncertainty. A few negative ratings could potentially affect workers’ average ratings,
and thus their employment opportunities. This issue was more salient in Uber than
Lyft because Lyft would automatically give drivers a 5-star rating when customers do
not rate. Even when workers did get rated, | found that workers had insufficient
actionable information to interpret why customers rated them low, and even if they
speculated for plausible reasons, those factors were often out of their control. Indeed,

workers drew attention to “difficult” customers who had unreasonable expectations on
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their work. In the case of delivery drivers, restaurants could threaten workers’ ability
to maintain their customer ratings. Metrics, therefore, are “imperfect” systems for
service management because they do not allow workers to “improve” their
performance, even if workers want to do so. More importantly, the affective feelings
and uncertainty provoked by ratings speak to a wider concern over the trilateral
relationship between platform owners, workers, and customers. The deployment of
customer ratings facilitates and rationalizes the management of workers by customers.

Workers, meanwhile, learned to manage their customers to maintain a sense of
autonomy in their daily work practices. This involves the filtering of customers before
service interactions, management of customers’ expectations during and after service
interactions, and gaming practices around customer ratings. The management of
customers seemed to be a scripted outcome of platform owners, but it meanwhile
helped workers to protect their ratings and routinize service interactions. Gaming
practices—asking for 5-star ratings (ride-hailing platforms) and developing long-term
relationships with clients outside of the platform (TaskRabbit)—reveal workers’
strategic attempts to rework platform-based labor processes to exercise their agency.
As such, workers’ daily practices around metrics show the tensions between
management by and of customers. Outside of the platforms, workers engaged in the
practice of consuming and sharing work-related information within worker-to-worker
online communities. Workers may work within a social network of their peers for
empowerment, even though they are self-employed and often considered atomized
labor.

When | started this project, | expected to find a story of divergence across
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labor platforms. Indeed, | considered my case selection logic could maximize the
variation of platforms which deploy metrics, with different degrees of visibility. For
example, | expected that Taskers would engage in self-branding practices to promote
their metrics and profiles, as opposed to ride-hailing drivers and delivery drivers
whose metrics had limited visibility to future customers. Despite the variation of
platform-based metrics, the interview findings show how workers similarly expressed
anxiety and frustration over customer ratings. To be sure, the disciplinary outcomes of
ratings varied. Among the three cases, TaskRabbit workers arguably had a higher
degree of autonomy than the other cases for two reasons. First, their metrics were
indirectly connected with the visibility of their online profiles, rather than the visibility
of work-related information (ride-hailing platforms) as well as the continuity of
employment (ride-hailing platforms and delivery platforms). Second, TaskRabbit had
a relatively better dispute mechanism from the interviewees’ experiences. Taskers
could dispute unfair ratings as long as they documented their interactions with
customers and the details about tasks. Yet, it is noteworthy that TaskRabbit, much like
the other cases, offered a limited description of its dispute policy. Besides platform-
based labor processes and dispute policies, I found that workers’ economic
dependence on the platform might affect how they would respond to metrics. Workers
who were less economically dependent on the platform might be less worried about
metrics, and therefore, subject to a lower level of algorithmic labor control. Future
research may consider different dimensions of platform dependent and their relation to
labor control and resistance (for an exemplar, see Schor, 2020).

To conclude this project, 1 would like to discuss two broader issues of
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theoretical and practical significance. The first issue is about how metrics may
reinforce the long-standing, unequal power-relations between managers, workers, and
customers. The second one has to do with the limits of metric power; specifically, in
what ways metrics are problematic and why we cannot simply fix these problems
through technological design.

The Service Triangle in the Gig Economy

Central to the concept of service triangle is the three-way interest alliance in
service workplaces (Leidner, 1993). The presence of customers is part of the inherent
unpredictability of service interactions because customers are not required to follow
the scripted service interactions. The interest of managers, workers, and customers
would not only be in direct conflict, but also occasionally align with one another. But
in practice, managers have long normalized the management by customers in service
workplace (Bélanger & Edwards, 2013; Bishop & Hoel, 2008; Fuller & Smith, 1991;
Leidner, 1993). Alongside the presence of customers, the case of delivery platforms
adds a new layer of the three-way interest alliance, that is, restaurants. Platforms (or
managers) and workers cannot control how restaurants process delivery orders, which
might induce work-related uncertainty for workers to manage. Yet, the management of
workers by customers remains a focal point in the three cases.

Specifically, | have shown how metrics, particularly customer ratings
rationalize and reinforce customer-oriented rules. While gig workers are supposedly
independent contractors—or “flexible” workers, as platform owners have promised—
they are monitored and managed by customers. While the findings are similar to that

in the literature around service work, there are three crucial differences in labor
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processes and control through the lens of (in)visibility. As Beer (2016) aptly argues,
“Metrics can be used to expose or conceal, to highlight or obfuscate, to illuminate or
shade. In some instances visibility is to empower; in others, it is dissmpower” (p.
173).

First, what distinguishes digitally-enabled service workers from their
predecessors is the temporal ordering of service interactions. Traditionally, service
interactions take place when workers and customers meet one another, often in a
physical location (e.g., taxi, customer’s home, a restaurant, etc.). Now gig workers
meet customers virtually via the app before service interactions. Theoretically,
metrics, and more broadly, digital data can premediate both parties’ expectations of
service interactions. The key issue, here, is what data are visible to workers and
customers at this point. Empirically, we can observe this by attending to (a) how
Taskers anticipated their prospective clients would look at their profiles; and (b) how
some ride-hailing drivers and Taskers might filter their customers before service
interactions. In the case of TaskRabbit, making workers’ metrics visible can be
beneficial for customers to make hiring decisions, but it simultaneously leads workers
to be anxious about the outcomes of evaluation. In the latter example, the temporal
ordering of service interactions signals the potential for workers to claim a sense of
autonomy. But ride-hailing drivers only have several seconds to look at customer
ratings and other work-related information, whereas Taskers cannot rate their
customers. Likewise, delivery drivers cannot evaluate their customers. If we accept
that ratings represent proxies for trustworthiness and are valuable to the entire

community, the absence of ratings about customers essentially means that workers
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lack such informational signals when evaluating an order. This is not to argue that
everything should be rated, but to question platform owners’ unequal treatment of
workers and customers. As such, platform owners withhold actionable information
from workers, rendering workers difficult to evaluate what is worthy of their labor.

The second line of questioning has to do with the invisibility of feedback from
customers and platform owners. This project contributes to understanding the affective
power of metrics through the production of uncertainty and anxiety. The source of
such affective power is the lack of qualitative feedback for workers to modify their
performance. They can only rely on speculation. Previous studies have discussed how
managers (a) monitor whether workers follow organizational scripts to interact with
customers (Leidner, 1993; Woodcock, 2017) and (b) solicit customer feedback on
workers’ performance (Fuller & Smith, 1993). While managers are likely to favor
customers over workers, workers at least know that they must follow the scripts and
may be able to talk to their managers. But training and scripting are largely absent
across labor platforms. Consistent with existing studies about algorithmic labor control
in the gig economy (Gandini, 2019; Rosenblat, 2018a; Rosenblat & Stark, 2016; Stark
& Levy, 2018), | argue that the deployment of customer ratings outsources managerial
tasks and responsibility to customers. Hence, customers not only contribute to the
unpredictability of service interactions, but also managerial outcomes in digitally-
enabled service work.

The third distinction is about the (in)visible role of platform owners. As
scholars have highlighted, platform owners attempt to distance themselves from any

employment responsibilities (e.g., Rosenblat, 2018a; van Doorn, 2017). Seemingly, it
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is not the platform owner that monitors and disciplines workers, but platform-based
algorithms and customers who actively do so. The deployment of metrics, particularly
customer ratings, reveals how platform owners shift managerial responsibility to
customers. Nevertheless, platform owners remain a key position in the service triangle
because they provide socio-technical infrastructures to connect workers and customers
and to make service transactions possible. Through technological design and user
agreements, platform owners retain the right to regulate the uses of metrics—and more
broadly, the data generated by workers and customers—to manage their distributed
workforces. On a discursive level, platform owners frame (virtual) rewards, such as
high ratings, as recognition and metrics-based punishment as a means to protect the
community. Metrics and rewards programs, meanwhile, define the meanings of
“good” workers and behaviors by appealing to customer-oriented rules. Indeed,
workers can dispute what they perceive to be unfair ratings, but platform owners
determine how to handle it. Even though platform owners tend to take the side of
customers in the three case studies, their decisions are still “legitimate” according to
their “community guidelines.” That said, while platform owners (or managers in the
service triangle) seem to be invisible from processes of evaluation, they actively shape
these processes to advance their interests.

Taken together, | contend that the deployment of metrics places workers in a
vulnerable position in the three-way contest for control. Workers lack the ability to
mobilize and manage metrics against the other two parties. They can still strategically
manage their customers to gain a sense of autonomy, but such reactive practices are

largely constrained by what information they have and how they can communicate
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with customers via the platform. This project, therefore, contributes to understanding
how metrics reinforce the authority of platform owners and customers, while
disempowering workers in the service triangle. Moreover, | contend that evaluation is
a key terrain of control and resistance because metrics bring together the three parties.
While this project focuses on workers’ perspectives, we can observe how metrics
incite them to interpret their interactions with customers. Therefore, this project can
contribute to our understanding of algorithmic labor control by approaching metrics
and customers as sources of uncertainty.

The Limits of Metric Power

Throughout the research process, one question | kept returning to was: Are
metrics inherently bad? Like many hard questions, the answer is: it depends on how
metrics are being used, but perhaps more importantly, fixing the problems of metrics,
particularly customer ratings are difficult and cannot tackle pressing issues about
algorithmic labor control in the gig economy.

Empirically, we can observe several ways of framing and using metrics in
service workplaces. Situating metrics into different platform-based labor processes,
metrics become interwoven with the visibility of online profiles and the availability of
work-related information as well as rewards and sanctions. Platform owners hold that
metrics can promote accountability and mutual care. Customer ratings, ideally, can
build trust among total strangers (Dellarocas, 2003) and create a “win-win-win”
situation for service management. Ratings impose a normative standard for service
encounters; for example, platform owners equate a high rating with “good” and

“professional” services. Workers may also agree that ratings can be proxies for their
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reputation and the service they provide. But the problem is that customer ratings do
not always measure what is intended to measure (i.e., the quality of service), in part
because many customers do not rate and in part because customers do not need to
justify their ratings. The lack of actionable information about ratings, together with the
disciplinary outcomes of ratings, produce uncertainty and anxiety.

Nevertheless, the discrepancy between intended purposes and actual uses of
performance metrics—regardless of whether they are algorithmic or not—is a
common issue when metrics become dominant modes of evaluation, as scholars of
quantification have long argued (Espeland & Sauder, 2016; Hoskin, 1996; Muller,
2018; Strathern, 2000). In order to quantify and standardize, metrics must simplify the
qualitative complexity of our social world. This process is always incomplete and
entails subjective judgment about what counts and what does not count (Espeland &
Stevens, 2008; Esposito & Stark, 2019; Fourcade, 2011). As Esposito and Stark
(2019) argue, metrics as “the observation of others provides a reference point from
which to observe oneself” (p. 19). This reference point is valuable but is also
“simplistic, obscurantist, inaccurate, and subjective” (p. 10).

My point here is not to oppose all forms of (customer) evaluation of workers.
Instead, metrics can be useful when they are merely reference points about the quality
of service interactions rather than the determinant of workers’ employment
opportunities. This is more salient in the cases of ride-hailing and delivery platforms
because workers have very limited ability to dispute unfair ratings and communicate
with the companies. Assuming that ratings remain the determinant of employment

opportunities, simply changing the design of ratings would be less likely to reduce

194



work-related uncertainty and anxiety (e.g., TaskRabbit versus Uber). Indeed, all the
platforms in three cases have changed their design of ratings over time. Uber and Lyft,
for example, may justify their implementation of “two-way” rating system and ratings
protection by “improving user experience” and “learning from the community of
drivers.” Such changes do not resolve the disciplinary outcomes of ratings but become
rhetorical justifications for platforms to reduce labor control to technological problems
that can be fixed by technological means.

What is at stake here is not merely whether workers’ performance should be
evaluated, but the point that platform owners put too much emphasis on ratings and
make it difficult for workers to dispute unfair ratings. Based on the findings, a possible
first step for addressing the issues of metrics and labor control is to provide a
meaningful explanation of ratings and dispute policies. Here, a meaningful
explanation is not simply to make transparent the inner workings of algorithms, but to
offer understandable explanations of automated data-driven decisions and provide data
subjects with grounds to reverse and challenge the outcomes (Wachter et al., 2018).
This is in line with The Fairwork Project’s (2021) principle of fair management.
Platforms should “provide due process for decision affecting workers.” Such an appeal
process should allow workers to “communicate with a human representative of the
platform” and be available on the worker-facing app. Meanwhile, fair management is
only one of the five principles, alongside fair pay, fair conditions, fair contracts, and
fair representation (The Fairwork Project, 2021). This is also why fixing the problems
of metrics cannot tackle all the issues surrounding algorithmic labor control. Even if

metrics are no longer connected to the visibility of work-related information and
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control the process of matching workers and customers, platforms could still rely on
algorithmic direction and discipline to govern their distributed workforces.

Additionally, metrics not only facilitate algorithmic labor control but also
shape how workers strategically manage customers and share work-related
information to resist the impacts of metrics. The day-to-day management of customers
may seem subtle, in part because their agency is constrained by platform-based
algorithms (e.g., Anwar & Graham, 2020). But it is important to keep in mind that
when such individualized tactics are widely shared through worker-to-worker online
communities and adopted by workers, they can rework platform-based labor processes
and even repurpose algorithms that rely upon data subjects’ inputs. Consider, for
example, the situation where a critical amount of Uber and Lyft drivers rate their
“difficult” customers 3-star ratings or lower, meaning that they will no longer be
matched with these riders. In this case, drivers could avoid providing service to
difficult riders. These difficult customers might also have difficulties in requesting for
a ride when drivers pay close attention to riders’ ratings. Hence, the moments of
resistance have the potential for individual and collective empowerment.

The key point that | would like to close with is that algorithmic labor control
and resistance must be situated within a wider political economy. As van Dijck et al.
(2018) aptly argue, we are in “a connective world where platforms have penetrated the
heart of societies—affecting institutions, economic transactions, and social and
cultural practices—hence forcing governments and states to adjust their legal and
democratic structures” (p. 2). Put another way, platforms can contest regulations, but

they are also governed by political institutions (Gorwa, 2019). The most recent
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example is the “Prop 22 campaign in California, where labor platforms reportedly
sent emails and in-app messages to persuade voters to support their sponsored bill
(Hawkins, 2020b). Uber and Lyft required drivers and riders in California to tap the
“confirm” button on the in-app messages about how the passing of Prop 22 could save
workers’ employment opportunities, lower wait times, and avoid higher prices before
accepting or requesting a ride. While Prop 22 was about gig workers’ employment
status rather than platform-based metrics and algorithms, this political event indicates
not only the political power of platforms but also the role of public in regulating such
platforms. The employment status of gig workers is inseparable from algorithmic
labor control. As in the case of Prop 22, labor organizations which oppose Prop 22 had
to compete with labor platforms with financial capital and access to their large base of
user groups. This raises further questions about how platform governance shape and
reshape public values through popular mobilization.
Limitations

There are several limitations of this project. First, it is important to keep in
mind that my interview sample was skewed to male gig workers and those who were
likely to use worker-to-worker online communities. There are two possible reasons for
the demographics of the sample. First, methodologically, I mainly recruited
participants through worker-to-worker communities. While this is an effective strategy
of accessing gig workers, it may limit the diversity of my sample. Second, ride-hailing
and delivery work are male-dominated industries. Additionally, while | found that
workers’ economic dependence on the platform might affect their responses to

metrics, I did not ask for the interviewees’ platform-based earnings during the
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interviews.

Moving forward, future research should collect such data and consider
sampling gig workers by demographic characteristics, if possible. Alongside platform-
based earnings, workers’ education level and age may also affect their reactions to
metrics. These two factors may shape the extent to which one considers platform work
as a viable future career option. For example, young people with a higher education
qualification (e.g., some of the delivery workers | interviewed like Shawn and Harvey)
are more likely to consider platform work as a short-term side job rather than a long-
term career. In this vein, metrics may not seem important to them. Methodologically,
follow-up research can implement a survey before conducting in-depth interviews.
The survey may ask respondents to report their attitudes towards labor platforms,
evaluation of job quality, previous work experiences, usage of worker-to-worker
online communities, and demographics. The survey method should provide a more
conformable environment for participants to respond to questions, compared to
accepting an interview request from a stranger online. Empirically, the survey can
provide an overview of workers’ attitudes towards platforms and job quality. It can
also allow for recruiting interviews at a later stage of research.

Second, the COVID-19 pandemic has been challenging for gig workers and
any research that involves human subjects. For this project, | encountered difficulties
in recruiting participants in the early days of the pandemic. | also had to drop the case
of platform co-ops and include delivery platforms as the third case. Yet, there are
opportunities for thinking about how the pandemic has impacted gig workers’

precarious experience, and more broadly, the gig economy. On the one hand, the
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pandemic has reportedly put gig workers in a more economically vulnerable position
than before. On the other hand, the introduction of contactless delivery and tasks may
minimize the interactions between workers and customers, which further allows
workers to avoid dealing with difficult customers. At a macro level, the pandemic has
increased the demand and supply for delivery services, while it has lowered the
demand for ride-hailing services and gig work that require a significant amount of
face-to-face interactions. Hence, future research may consider how the pandemic may
result in varied precarious experiences in different sectors of the gig economy.

Third, this project focused on digitally-enabled service workers in the United
States. While this project offers a comparative assessment of platform-based metrics,
it did not examine national and cultural differences. For example, while Uber seems to
successfully navigate legal gray zones in favor of their business in the United States, it
has difficulties in operating the business in East Asia. In China, Uber entered the
market and established an independent business entity in 2014. The company
eventually decided to quit the market in 2016 when the Chinese government began
legalizing and regulating the ride-hailing industry. In developing countries,
governments might decide not to effectively regulate labor platforms because they can
create employment opportunities (Anwar & Graham, 2021). At the same time, gig
workers may earn a higher income, compared to those who work for local companies
in developing countries (Anwar & Graham, 2021). As there are up to 55 million gig
workers around the world (The Fairwork Project, 2020), future research should
account for how national policy regulation shapes the operation of labor platforms as

well as workers’ practices.
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Future Research and Conclusion

Overall, this multi-case study dissertation offers a comparative lens for
understanding the role of algorithmic metrics in shaping the trilateral relationship
between platform owners, service workers, and customers in the gig economy.
Moving forward, comparative research can provide invaluable insights into
convergence and divergence across labor platforms, sectors, and countries. First, this
project examined the disciplinary impacts of metrics on workers in the contexts of
ride-hailing platforms, delivery platforms, and TaskRabbit, but there are other types of
platforms in the gig economy. For example, Ticona and Mateescu (2018) argue for the
importance of studying carework platforms to counter the “Uberization” narrative in
the literature. There are also freelancing platforms for knowledge workers such as
Upwork and Fiverr. Hence, future research should explore how the tensions between
algorithmic labor control and resistance as well as between the management by and of
customers take place across these platforms.

Additionally, though I had difficulties in recruiting participants from platform
co-ops, it is still valuable to compare the governance of profit-driven labor platforms
and platform co-ops. Scholz (2017) proposes that platform co-ops should avoid
incorporating customer ratings to protect workers from excessive surveillance. Instead,
platform co-ops should be “co-determined work,” meaning that “the design process of
labor platforms should involve workers from the first moment and throughout the
platform’s existence” (p. 181). Gray and Suri (2019) suggest that platform co-ops
adopt a “double bottom line” approach to their businesses, hoping to balance profit

sharing and co-ownership (p. 147; see also Scholz, 2017; Schneider, 2018). There is
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little empirical research on platform co-ops. A notable exception is Schor’s (2020)
study of Stocksy—a platform co-op governed by photographers. The headquarter of
this co-op is based in Canada, but it has members from 65 countries. Essentially, the
co-op limits its membership to talented photographers and allows their members to
sell their products to businesses. Compared to profit-driven labor platforms, Stocksy
has a better compensation structure and its limited membership also avoid intense
competition among members. Yet, Schor points out that participation remains a key
challenge in the co-op because of time difference, language barriers, and members’
lack of interest in taking part in governance. Future research should consider worker-
owned co-ops in service sectors such as Up & Go in New York City and Green Taxi in
Colorado. As these co-ops avoid using metrics, they can serve as negative cases to
consider alternative ways of (e)valuating workers’ efforts (Stark, 2009).

Future comparative research can also examine the impacts of metrics, and
more broadly, quantification on different sectors. In the context of service work,
corporations increasingly rely upon algorithms and metrics to monitor service
workers’ productivity, automate their work schedule, and determine employment
opportunities, particularly in retail and food service industries (Levy & Barocas,
2018). Future research could consider how the introduction of such algorithmic
technologies reshape the interplay between store managers, workers, and customers. In
this case, store managers and workers may both be subject to the governance of
metrics. How do they respond to such metrics and organizational change variously?
Under what situations would the interests of managers and workers align with one

another? How are algorithmic metrics different from traditional forms of customer
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feedback?

Lastly, future research should consider comparing gig workers across
countries. To date, the discussion has largely focused on the gig economy in European
and North American contexts (e.g., Cant, 2020; Ravenelle, 2019; Rosenblat, 2018a;
Schor, 2020; Shapiro, 2018; Ticona & Mateescu, 2018). This is perhaps because the
market power is highly concentrated in the hands of a few US-based tech companies.?’
There are a few exceptions. For example, a group of researchers from the University
of Oxford has examined algorithmic labor control and resistance in Southeast Asia and
Africa (e.g., Anwar & Graham, 2020; Wood et al., 2019). There is also growing body
of literature concerning platformization (e.g., Chen & Qiu, 2019; de Kloet et al., 2019)
and gig workers (e.g., Chen, 2018; Chen & Sun, 2020; Lei, 2021) in China. Moving
forward, I plan to further my research on algorithmic labor control and resistance as
well as platform governance in the Chinese contexts. There are at least two potential
avenues for conducting comparative research. First, many large labor platforms
operate in more than countries (e.g., Uber, DiDi, Deliveroo, etc.). How do they adapt
their business models and management of workers to different national and regulatory
contexts??® This allows us to think further about the varieties of platformization.

The second line of potential future research has to do with how algorithmic

2" When discussing market concentration of platforms, researchers generally focus on giant
corporations including the so-called “GAFAM” (Google, Apple, Facebook, Amazon, and
Microsoft) (see, for example, Nieborg & Poell, 2018; van Dijck et al., 2018). Some may also
account for the so-called “BAT” (Baidu, Alibaba, and Tencent) in China (see, for instance, Jia
& Winseck, 2018). | could not find existing research that specifically maps the global market
share of labor platforms, possibly because many of them have not yet been public companies.
% Though TikTok (or Douyin in China) is social networking platform rather than labor
platform, this is a telling example of how the platform establishes separate entities to adapt to
different regulatory contexts.
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labor control and resistance take place in different cultural contexts. For instance, how
do regulatory contexts affect labor control? How do platforms mobilize cultural values
to legitimize their mechanisms of labor control? How do the management by and of
customers take place in different cultural contexts? Existing research has shown that
there are worker-to-worker online communities in different countries (e.g., Chen,
2018; Gray et al., 2016; Wood et al., 2018). How might we theorize these online
communities as sources of individual and collective resistance in the gig economy?

In closing, this dissertation has examined how metrics enable algorithmic labor
control and resistance in the gig economy. The affective power of metrics contributes
to normalizing and rationalizing customer-oriented rules, which further incites
workers to strategically manage their customers. | hope this dissertation provides a
first step for me to build a comparative research program on the politics of labor

platforms and governance.
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APPENDICES

Appendix 1-1. The Interview Guide I Used for the Project about Uber Drivers’

Performance of Emotional Labor

1. How long have you been working as an Uber driver?

2. How did you become an Uber driver?

3. How would you describe a day at your job?

4. Do you use any mobile apps or technologies during your work? If so, how do you

use these technologies?

How do you use the Uber app?

What do you think of the Uber apps (May probe: what about the surge pricing, the

rating system, and other features?)

7. How do you use the Uber rating system? Do you have any strategies to get a good

rating?

How do you use the rating system to evaluate the riders?

Tell me about problems you have encountered at work. What is the hardest thing

about your job? What did you do?

10. What is the most rewarding thing about your job?

11. Describe how you usually interact with the riders. Could you also describe your
relationship with the rider?

12. How do you decide whether (or how much) you talk with the rider during the ride?

13. Where do you get advice on how to interact with the riders?

14. Some people have told me that they are concerned about the Uber ratings. Is that
something you think about?

15. What are the required skills for an Uber driver?

16. What would you change about your job if you could do it?

17. Is there anything else you would like to add?

o o

© o
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Appendix 1-2. In-Person Recruitment Message During a Ride

Hi! I'm Oliver, a PhD student in Communication at Cornell. I’m studying how Uber
drivers use mobile technologies and interact with riders. | was wondering if | could
interview you over Skype or phone when you are free. It should take about 15-20
minutes. It is entirely voluntary and nothing will be attributed to you. And you can
skip any questions you want. You should know that your participation will also not
affect the compensation for your ride service. Does that sound ok? Shall we set up a
time to do the interview? If you are unable or unwilling to participate in this study, do
you know someone who might be willing to talk to me about their Uber driving
experience? Thank you very much!

Appendix 1-3. Sample Recruitment Email for Uber Drivers who Shared Content
on YouTube or Their Blogs

Dear Name of the blogger/ owners of online forum or social media group,

My name is Oliver Ngai Keung Chan, a PhD student in the Department of
Communication at Cornell University. I am conducting a study on how Uber drivers
use mobile technologies and interact with riders. Because your blog/ online forum/
social media group (either one of these terms, depending on the platform) is about
Uber drivers, | was wondering if | could interview you over Skype or phone to know
more about Uber drivers’ experience. The interview should take about 30 to 45
minutes. If you are unable or unwilling to participate in this study, do you know
someone who might be willing to talk to me about their Uber driving experience?

Your participation is entirely voluntary. If you are interested in participating in this
study or have any questions about the study, please feel me to contact me by phone
(phone number removed) or email (nc478@cornell.edu). I look forward to hearing
from you. Thank you so much!

Sincerely,
Oliver Ngai Keung Chan
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Appendix 1-4. Screenshot of the Recruitment Material | used on Twitter

Interview Participants Needed

Hello Everyone! I'm Oliver Ngai Keung Chan, a Ph.D. candidate in the Department of
Communication at Cornell University. I'm currently working on my dissertation research
about gig workers' experiences on labor platforms. I'm looking to chat with Uber/Lyft

research project.

I'm particularly interested in learning more about how workers use technologies and
metrics (e.g., online ratings) as well as interact with their customers. The interview
should take about 45 minutes to 1 hour over Skype or phone at your convenience.
After the interview, | will provide you a $20 gift card to compensate for your time and
insights.

If you are interested in participating in the study, or would like to know more about it,
please feel free to DM me (@ngaikeungchan) on Twitter or email me
(nc478@cornell.edu) for more information. | would love to hear from you!
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Appendix 1-5. The Interview Guide for Uber Driver/Bloggers
Note: The ordering of the interview questions was slightly changed depending on what
videos or content the interviewees had already posted online.

PoNdE D>

o o

10.
11.
12.

13.
14.

17.

18.

19.
20.

21.
22.
23.
24,
25.

26.

. Questions about Drivers’ Uses of Mobile Technologies and Emotional Labor

How long have you been working as an Uber driver?

How did you become an Uber driver?

How would you describe a day at your job?

Do you use any mobile apps or technologies during your work? If so, how do you
use these technologies?

How do you use the Uber app?

What do you think of the Uber apps (May probe: what about the surge pricing, the
rating system, and other features?)

How do you use the Uber rating system? Do you have any strategies to get a good
rating?

How do you use the rating system to evaluate the riders?

Describe how you usually interact with the riders.

How do you decide whether (or how much) you talk with the rider during the ride?
What is the most rewarding thing about your job?

Tell me about problems you have encountered at work. What is the hardest thing
about your job? What did you do?

Where do you get advice on how to interact with the riders?

What would you change about your job if you could do it?

. Questions about Performance of Expertise and Self-Branding Activities
15.
16.

How did you become an Uber blogger/ YouTuber?

Could you describe the usual process of recording and posting a video on your
YouTube channel (or writing, editing, and posting an article online)?

How often do you record and post a video on your YouTube channel (or an article
online)?

Do you pay attention to number of views, likes, and comments on your videos/
articles?

What are the kinds of videos/ articles that attract a lot of views, in your opinion?
What are the strategies to promote your YouTube channel/ website, in your
opinion?

Who is your audience? How do you interact with your audience?

Do you interact with other Uber bloggers online?

What is the best part of sharing videos and posts online?

What is the worst/ least favorite part of sharing videos and posts online?

How do you balance your work as an Uber driver and your blog/ YouTube
channel?

Some people have told me about the idea of creating a personal brand. What does
personal branding mean to you?

Closing Question
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27.

Is there anything else about your work that I haven’t asked that you think would be
useful to share?

Appendix 1-6. The Interview Guide for the Dissertation Project
Note: The interview questions were slightly modified for workers who worked on
different platforms, depending on platform interfaces and uses of the metrics.

1.

2.

3.

B2 oo~

12.

13.
14.
15.
16.

17.
18.

19.
20.
21.

How long have you been working as a Lyft driver/ Uber driver/ TaskRabbit tasker/

Instacart shopper/ DoorDash Dasher/ Uber Eats driver?

How did you become a Lyft driver/ Uber driver/ TaskRabbit tasker/ Instacart
shopper/ DoorDash Dasher/ Uber Eats driver?

How would you describe a day at your job?

How many hours do you work for Lyft/ Uber/ TaskRabbit/ Instacart/ DoorDash/
Uber Eats in a week?

How do you use the Lyft/ Uber/ TaskRabbit/ Instacart/ DoorDash/ Uber Eats app?
Could you please walk me through the app? (Prompt: Ask participants to go over
each step, from taking a request to view their metrics).

[Only for workers on Uber/ Lyft/ TaskRabbit] How do you manage your online
profile?

Could you please pull up your metrics and describe to me what you see?

How do you use these metrics in your daily work?

Have you ever received a negative review or rating? How does it feel?

. Some people have told me that they are concerned about their metrics. Is that

something you think about?

. Do you participate in Uber Pro/ Lyft rewards program/ the TaskRabbit Elite/ Top

Dasher program? How do you feel about this program?

Describe how you usually interact with the riders/ clients/ customers. Could you
also describe your relationship with them?

Where do you get advice on how to interact with the riders/ clients/ customers?
How do you usually communicate with the company you work for?

In your opinion, what is good service?

In your opinion, what are the required skills for a Lyft driver/ Uber driver/
TaskRabbit tasker/ Instacart shopper/ DoorDash Dasher/ Uber Eats driver?
What is the most rewarding thing about your job?

Tell me about problems you have encountered at work. What is the hardest thing
about your job? What did you do?

What would you change about your job if you could do it?

What are your future career goals?

Is there anything else you would like to add?
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Appendix 1-7. Sample Message of the Reddit Advertisements for Participant

Recruitment
5 PROMOTED - Posted by u/Oliver_ChanNK 2 months ago
:_ Looking to interview Taskers for a paid research project (Remote

interview)
Hi r/TaskRabbit,

My name is Oliver Chan, a Ph.D. candidate in the Department of Communication at Cornell University. I
am currently working on my dissertation research about gig workers’ experiences on labor platforms.
I'm looking to interview TaskRabbit Taskers for my research project. I'm particularly interested in
learning more about how works use technologies and metrics (e.g., ratings) as well as interact with
their customers. The interview is completely confidential will take about 45 minutes virtually or via
phone at your convenience. After the interview, I will provide you with a $20 gift card to compensate
for your time and insights.

If you are interested in participating in the study, or would like to know more about it, please feel free
to DM me or email me (nc478@cornell.edu). Thank you so much in advance!

M1 A Share B - 50% Upvoted

Comment as Oliver_ChanNK

Appendix 1-8. Sample Setting of the Reddit Advertisements for Participant
Recruitment

Define who you want to see your ads DAILY IMPRESSIONS

~6.5K

Reddit Audience

Allow Reddit to expand your targeting to maximize your results. @

LOCATIONS () BULK ENTRY Exclude
United States | x
INTERESTS (D
O Animals & Pets ~ SELECTED TARGETING
O ara Design W
O Automotive v
[ Business & Finance -
[ News & Education v
[ Entertsinment v
] Gaming W
[ Style & Fashion v
O Food & Drink -
[ Family & Relationships v T
COMMUNITIES (3 BULK ENTRY Exclude
yitdrivers X
All

231



Table 3-1. List of Interviewees who Worked for Ride-hailing Platforms

Pseudonym Platforms  Sex Working Length of Average
location workingon  working
the platform hours per
week
Lincoln Uber and Male Syracuse 6 months Part-time
Lyft (usually
worked on
Saturday
nights)
Timothy Uber and Male Syracuse 6 months Part-time
Lyft (varied week
by week)
Daniel Uber Male Ithaca 3 months Usually
worked 5 to 7
days (from 9
pm to 6 am)
Noah Uber Male Los Angeles 1 year and Full-time (12-
10 months hour shift on a
typical day)
Clayton Uber and Male Los Angeles Almost 3 Unstable (4-
Lyft years hour shift on a
typical day)
Austin Uber and Male Chicago 2 yearsand 2 26 to 32 hours
Lyft months
Cohen Uber and Male Los Angeles 4 years NA
Lyft
Noel Uber Male Louisville 2 years Over 40 hours
Howell Uber and Male San Mateo  About 6 10 to 20 hours
Lyft years
Rodrigo Uber and Male Charlotte 1 year and 40 hours
Lyft 10 months
Charles* Uber, Lyft, Male Miami 2 years NA
and Uber (Uber and
Eats Lyft) and 1
year (Uber
Eats)
Lyndsey Uber and Female Baltimore lyearand 9 10 hours
Lyft months
Alexis Uber and Female Chicago 1 year Depending on
Lyft Uber’s
promotions
Sadie Uber and Female Monterey 1 year NA
Lyft
Jeremy Uber Male San Diego 4 months 15 to 20 hours
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Dominic Uber and

Lyft
Brandon Uber and
Lyft
Eddy Uber and
Lyft
Adrian Uber and
Lyft
Kimberly Uber
Osmar Lyft

Male

Male

Male

Male

Female
Male

Georgia

Chicago

Washington,
DC

Los Angeles

Los Angeles
Chicago

5 years

5 years

3 months in
2014 (Uber)
and 11
months
between
2017 and
2018 (Lyft)

3.5 years

1 year
2 years

25 to 30 hours

30 hours
(Uber) and 2
hours (Lyft)

30 to 35 hours

72 hours

15 hours
40 hours

Note. At the time when | interviewed Charles, my project primarily focused on Uber
drivers’ work experiences. “NA” means that I forgot to ask about average working

hours during the interviews.
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Table 3-2. List of Interviewees who worked for TaskRabbit

Pseudonym  Sex Working Length of Average working
location working on the  hours per week
platform

Kuzma Male Cincinnati 1 year and 8 45 hours

months

Kooper Male Atlanta 9 years 20 to 25 hours
(sometimes up to
40 hours)

Zoey Male Los Angeles 7 years Unstable
(depending on her
schedule and what
tasks she was hired)

Jeffery Male East Coast 3 years 44 hours

Easton Male Dallas 2 years 6 hours

Renee Female  Denver 2 years 20 to 30 hours

Maverick Male Dallas—Fort 6 months 15 hours

Worth Area

Scarlett Female  Los Angeles 4 years 10 hours

Neyland Male Denver 1 year 10 hours

Audrey Female  Portland 1 year 20 hours

Murdock* Male San Diego 6 months 30-40 hours

(TaskRabbit) and (TaskRabbit) &
1 year and 8 Uber Eats (16
months (Uber hours)

Eats)

Note. Murdock worked for TaskRabbit and Uber Eats, but he primarily used

TaskRabbit.
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Table 3-3. List of Interviewees who worked for Delivery Platforms

Pseudonym Platforms  Sex Working Length of  Average
location working on  working
the hours per
platform week

Collin Uber Eats Male Massachusetts 1 year 15 to 20 hours

Joseph Instacart Male Chicago 4 months 10 hours
(full-service
shopper)

Adele Instacart Female Los Angeles 1lyearand 2 8 hours (during
(in-store months the pandemic)
shopper) & 25 hours

(before the
pandemic)

Derek Instacart Male Maryland 7 months 60 to 70 hours
(full-service
shopper)

Connor Uber Eats Male Massachusetts 2.5 years 40 hours
and
DoorDash

Clara DoorDash Female Massachusetts 2.5 years 6 hours

Carter DoorDash Male Massachusetts 2.5 years 40 hours

Melvin DoorDash Male Pennsylvania 3 months 4 to 6 hours

Sean DoorDash Male New York 1.5 years 20 to 25 hours

Nelson DoorDash Male Central 6 months 5 to 10 hours

Indiana
Shawn DoorDash Male Olive Branch, 3 months 10 hours
Mississippi
Jackson Uber Eats Male Atlanta 3.5 years 25 to 30 hours
(sometimes up
to 40 hours)

Roger Uber Eats Male Arlington 1 year 20 hours
and
DoorDash

Sofia DoorDash ~ Female Portland 2t03 15 minutes to

months 3 hours

Dylan Uber Eats Male Washington, 6 months 12 hours

DC

Lorenzo Uber Eats Male Southwest 2 years 35 to 45 hours
and Virginia
DoorDash

Harvey Uber Eats Male Columbus 4 months 12 hours
and
DoorDash
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Ronnie* DoorDash Male Las Cruces, 11 months 20 to 25 hours
and Lyft New Mexico (DoorDash)  (DoorDash) &
and Lyft (4 30 to 35 hours

months) (Lyft)

Note. Ronne usually turned on both DoorDash and Lyft apps to work at the same time.
He worked on DoorDash for a longer time period than Lyft, but he just started
spending more time on Lyft at the time | interviewed him.
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Table 4. Overview of Platforms’ Worker-related Metrics

Types of metrics

Methods of
calculating
customer ratings

Dispute Process

Uber

Lyft

TaskRabbit

DoorDash

Uber Eats

5-star customer
ratings, acceptance
rates, cancellation
rates, and Uber Pro
points (for unlocking
tiers in the rewards
program)

5-star customer
ratings, acceptance
rates, cancellation
rates, Qualifying
points, and Lyft
Driving Points (the
latter two are for
unlocking tiers in the
rewards program)

5-star customer
ratings, response
rates, acceptance
rates, reliability rates

S-star customer
ratings, restaurant
ratings (thumbs up or
thumbs down),
acceptance rates,
completion rates, and
on-time/early rates

Customer and
restaurant ratings

Average star
ratings based on
the last 500 rated
rides

Average star
ratings based on
the last 100 rated
rides. If a
passenger does not
leave a rating,
drivers will
automatically get a
5-star rating. The
single lowest rating
will be removed
for every 100 rides.
Percentage of
positive reviews
(3-5 stars) based on
all rated Tasks, but
individual star
ratings remain
visible to
prospective clients

Average star
ratings based on
the last 100 rated
delivery orders

Percentage average
of thumbs up
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No individual ratings
can be removed upon
request

Drivers can contact
Lyft, if they believe
that a rating is unfair

Taskers can contact
TaskRabbit to
dispute an unfair
rating, but
TaskRabbit
discourages Taskers
to contact their
clients about a
negative review or
rating

DoorDash will
automatically remove
unfair ratings in
certain situations
(e.g., long wait times
at restaurants,
extreme weather
conditions, and
system-wide outages,
etc.)

No individual ratings
can be removed upon



Instacart

(thumbs up or
thumbs down),
acceptance rates,
cancellation rates,
and Uber Pro points
5-star customer
ratings, customer
feedback
(communication,
replacing items,
quality of items, and
finding items;
thumbs up or thumbs
down), cancellation
rates, and speed
metrics

ratings based on
the last 100 rated
delivery orders

Average star
ratings based on
the last 100 rated
delivery orders.
For every 100
orders, the lowest
rating is
automatically
removed.

request

Shoppers can contact
Instacart if they
believe that a rating
IS unfair
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