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Fig. 1. META-GIG Interface.

Most crowd markets, such as Amazon Mechanical Turk, Task
Rabbit, or Upwork, are owned and defined by a small group of
individuals [Allahbakhsh et al. 2013]. Workers and requesters
typically have little agency in deciding or changing the charac-
teristics of the marketplaces where they work, let alone defin-
ing what types of crowd markets exist – in terms of the mar-
kets’ functionality or the type of work and professions supported
or facilitated on these platforms [Estellés-Arolas and González-
Ladrón-De-Guevara 2012]. This generates asymmetrical labor
relationships, as those with the power to design the market
might not have the workers’ or requesters’ best interest in mind
or even understand them [Davis 2015; Irani 2015]. Addition-
ally, it is unclear what types of marketplaces workers or re-
questers would define for themselves if given the opportunity.
Would their visions be constrained to modifying the market-
places they already know? What would the core differences be
between the markets that workers and requesters want to con-
struct? Understanding this can help design the next generation of crowd markets, as we will be able to
better identify what matters to the different stakeholders, better consider their stakes in the design,
and better support all stakeholders of the system. In this paper, we imagine a future where crowd
workers and requesters have the tools to create any market with the characteristics that they desire.
We provide them with an online tool that allows them to simply manipulate a set of parameters and
create a marketplace that adheres to the characteristics and aspects that they define. For this purpose,
we recruited 40 workers and 40 requesters from one of the most popular crowd markets, Amazon Me-
chanical Turk [ama ], and asked them to define their own crowd markets with META-GIG. We then
analyzed the type of different crowd markets that they created.

2. META-GIG

META-GIG is an online tool that allows anyone to define their own crowd market. To establish the rules
of how their marketplace will function, META-GIG guides people to configure the different features of
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their crowd market (e.g., the type of wages that the platform will have or what type of policies will be
in place). To guide people to create their own crowd market, META-GIG elicits information from users
on how they imagine their marketplace, i.e., how she wants to configure the different features of her
marketplace. META-GIG uses a series of questions, including both open-ended and multiple choice,
help users define their marketplace. The interface consists of two main areas:

1) Basic information. In this step, people establish the basic information about their crowd market,
such as its name and a textual description specifying the type of work that will be completed on the
platform, type of workers and requesters who will participate (e.g., “It’s a crowd market for providing
real-time psychological support to US Veterans. Workers are psychologists trained in PTSD, who can
provide psychological support. Requesters are US veterans”).

2) Crowd market settings. Users configure different features of their crowd market to establish
its rules. Users focused on configuring four features that prior research identified as key to establish a
crowd market’s functionality [Feldman and Bernstein 2014; Satzger et al. 2011].

(1) Hireability: Who works on the market? Are they specialists? Are they local or remote workers?
Here, users configure the occupations (profile) of the type of workers, requesters would be looking
to hire on their platform. Users provide this information via an open-ended question where they
provide a textual description of their desired workers.

(2) Wages: Who establishes how much workers will be paid and what type of wages exist? Here, users
first configure who sets the wages on their crowd marketplace by completing a multiple choice
question where they select either: “workers,” “requesters,” or “the platform (i.e., an algorithm)” as
the entity that will establish the salaries on their market.

(3) Reputation: How is the reputation of workers and requesters established? What mechanisms
are in place to establish a person’s reputation? Can everyone view the reputation of others? Users
configure via a binary question whether the reputation of a particular actor (workers or requesters)
is “visible” or “not visible” to others on the market.

(4) Work Schedule: Who establishes the work schedule on the crowd market? Users select here via a
multiple choice question whether ‘’workers,” “requesters,” or “the platform (i.e., an algorithm)” set
the work schedule on the marketplace.

3. META-GIG FIELD DEPLOYMENT.

Reputation Hireability

WagesWork Schedule

Requester set Platform set Worker set

Specialized
     Local

Specialized
   Remote

Not 
specialized
Remote

Not 
specialized
Local

Minimum 
wage set 
by 
platform

Only 
earnings 
set by  
platform

Minimum 
wage set 
by 
worker

Only 
earnings 
set by the 
worker

Volunteer         
work

WORKERS REQUESTERS

Worker
reputation
shown

Requester
reputation
shown

Screening
for
worker

Screening
for
requester

Work
affects
reputation

Fig. 2. Overview of how workers and requesters
configured the different parameters of their
crowd markets.

We conducted a field deployment where 40 workers and 40
requesters from Amazon Mechanical Turk used META-GIG
to configure the rules of their desired crowd market. The pop-
ulation of 40 requesters included professionals and academic
requesters, with a skew toward academics. The 40 workers
had over 500 HITs completed and over a 95% acceptance
rate. The study lasted roughly an hour, so we paid work-
ers $9 in line with current ethical standards on Mechanical
Turk [Buhrmester et al. 2011]. Participants were told to use
META-GIG to create a crowd market defined in their own
terms. Next, participants used META-GIG’s interface to con-
figure how hireability, wages, reputation, and work schedule
would function on their markets. For each of these four fea-
tures, we analyzed exactly how workers and requesters con-
figured the feature analyzing the numerical values that par-
ticipants could configure and reading through each of the tex-
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tual descriptions that participants provided for the feature.
We also read each of the crowd market descriptions that peo-
ple provided to further understand why people might have
configured the marketplace in a specific form.

RESULTS. We describe the different ways that workers and requesters decided to configure the four
features of their crowd markets.

Hireability. From Fig.2 we note that both workers and requesters envisioned their marketplaces to
primarily hire specialized professions that required higher education (according to ISCO08 standards).
However, when we dug deeper, we noted that both workers and requesters tended to establish markets
where specialists would be hired to work remotely and non-specialists were hired for local jobs.

Wages. From Fig.2 we observe that both workers (55%) and requesters (65%) primarily envisioned
crowd markets where a minimum wage did not exist and pushed for marketplaces where wages were
set by the platform (i.e., by an algorithm).

However, when we dig deeper (see Fig.2), we note that in settings where a minimum wage was
nonexistent, workers and requesters actually differed in “who” should determine workers’ salary. In
this setting, workers (33%) primarily proposed crowd markets where the workers themselves had the
agency to set their own wages.

Reputation. From Fig.2 we note that in general, workers (82%) and requesters (75%) wanted to
screen workers (i.e., they planned to do background checks to investigate the past reputation of workers
who would join their platform). Workers and requesters differed slightly (only by 5%) on whether re-
questers should be screened (workers tended to push more for doing background checks on requesters).
In general, over 40% of our participants planned to investigate anyone who wanted to participate in
their marketplace.

Work Schedule. From Fig.2 we observe that workers (40%) and requesters (48%) pushed for crowd
markets where requesters set the work schedule.

4. DISCUSSION.

Most workers and requesters in our study envisioned hiring specialized workers. But, from where
would these specialized workers come from?

Experts, in general, are rare [Balog and de Rijke 2007]. While online work is on the rise [Ferro et al.
2009], most experts are still not on crowd markets [Brewer et al. 2016]. There is, therefore, opportunity
in enabling marketplaces that facilitate expert participation [Retelny et al. 2014]. There might also be
an opportunity in turning crowd markets into a vehicle for teaching workers new skills and hence
through time constructing the specialized workforce that people desire. We believe there is especially
opportunity for on-the-job training, where workers can grow and specialize themselves in different
areas while making money on the platform [Chiang et al. 2018; Kasunic et al. 2019].

Despite the prevalent low salaries in crowd markets, most workers did not push to have a minimum
wage on their marketplaces but instead pushed to have more agency over their own salary. They also
sought to screen anyone they let on their platform as well as display their reputation on the site. We
believe this result speaks about the need for trust that is currently lacking in crowd markets [Gaikwad
et al. 2016].

Future work could also explore how groups of workers and requesters (e.g., in unions) utilize tools
such as Meta-GIG to collectively define the rules of their desired marketplace. Here we believe there is
value in studying interfaces that can collectively help stakeholders decide how they want to configure
their market: what exactly is each party willing to compromise? What does each party get to decide?
Future work can also study their long-term sustainability.
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