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ABSTRACT

Requesters on crowdsourcing platforms like Amazon Mechanical
Turk (AMT) compensate workers inadequately. One potential rea-
son for the underpayment is that the AMT’s requester interface
provides limited information about estimated wages, preventing
requesters from knowing if they are offering a fair piece-rate re-
ward. To assess if presenting wage information affects requesters’
reward setting behaviors, we conducted a controlled study with
63 participants. We had three levels for a between-subjects fac-
tor in a mixed design study, where we provided participants with:
no wage information, wage point estimate, and wage distribution.
Each participant had three stages of adjusting the reward and con-
trolling the estimated wage. Our analysis with Bayesian growth
curve modeling suggests that the estimated wage derived from
the participant-set reward increased from $2.56/h to $2.69/h and
$2.33/h to $2.74/h when we provided point estimate and distribu-
tion information respectively. The wage decreased from $2.06/h to
$1.99/h in the control condition.
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1 INTRODUCTION

Crowd workers on Amazon Mechanical Turk (AMT) are under-
paid. Prior work reported that workers’ median hourly wage is
approximately US$2 per hour [10, 11]. The report suggested that
the majority of requesters pay under US$5 per hour, and those
who post a large number of tasks tend to undercompensate. This
is problematic as income generation is the primary motivation of
crowd workers [1]. Oft-spoken narrative is that the wage stays
low because requesters try to minimize the crowdsourcing cost by
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reducing piece-rate payment to introduce redundancy for quality
control [16]. Although accurate, we believe this narrative is not the
complete picture; we believe requesters unknowingly pay the low
wage because they have limited information about the hourly wage
when they set the piece-rate reward for the work they request. If
this is the case, we could visualize the estimated wage of crowd-
sourcing tasks to better inform the requesters and nudge them to
pay a fairer wage to the workers.

To test this hypothesis and explore the design space, we in-
vestigated if requesters’ wage-setting behaviors change when we
present the estimated hourly wage of performing crowdsourcing
tasks through a controlled study. We designed three interfaces; one
design that did not present wage information (Control interface),
one design that presented a point estimate of the wage (Point Esti-
mate interface), and another design that presented the estimated
wage distribution (Distribution interface). We recruited 63 partic-
ipants from a local university and asked them to perform three
trials of wage-setting tasks. In the first trial, wage information was
hidden in all conditions. In the second and third trials, the wage
was presented to the participants in the treatment conditions. We
adjusted the compensation for the study participants based on the
rewards that the participants set in the trials, giving them incentive
to earn more compensation.

In the treatment groups, the estimated wage for crowd workers
increased from $2.56/h to $2.69/h (Point Estimate) and $2.33/h to
$2.74/h (Distribution) indicating that the participants in the treat-
ment groups set increased piece-rate reward after seeing the wage
information. In contrast, the participants in the Control group
slightly decreased the piece-rate reward, dropping the estimated
worker hourly wage. Our study suggests that requester interface
design could influence users’ behaviors and nudge them to pay

higher wages.

2 BACKGROUND

Research has shown that workers on micro-task crowdsourcing plat-
forms like AMT are underpaid [1, 17, 20, 27, 28]. Workers typically
earn a fraction of the U.S. minimum wage [13, 14, 17, 18, 28] —about
$2 per hour [10, 11]. This is problematic as the primary motivation
of the workers is income generation [1, 2, 25, 28]. For paid crowd-
sourcing to strive as a viable workplace as described by Kittur et al.
[24]—particularly for those who have been discriminated in the ex-
isting work environment [6, 9, 12, 33, 38]—while offering requesters
labor that is highly flexible and productive, we need to better under-
stand why requester underpay workers. One explanation of the low
wage is requesters’ self-interests in minimizing the cost of crowd
work. Ipeirotis explained that due to the presence of spammers,
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requesters utilize an additional layer of quality control (e.g., ma-
jority voting [32]) . This redundancy may increase the hourly rate
of payment. To negate the effect of the increased cost, requesters
decrease piece-rate reward. The low wage is permitted by the lack
of platforms’ minimum payment guidelines, with exceptions like
Prolific. Although external parties recommend and facilitate paying
fair wage [35, 37, 41], it is not clear if the practice is well adopted.

While the structure of the platform likely plays a large role in
keeping the worker wage low, we also believe that the above narra-
tive depicts requesters too egoistic, heartlessly taking advantage
of workers because they can. In his essay, Sen argued that people
do not make a judgement based solely on self-interest, but also on
commitment and sympathy [36], challenging Edgeworth’s concep-
tion “every agent is actuated only by self-interest” [5]. Thus, our
question is “are crowdsourcing requesters indeed driven to maximize
their profit, or do they embrace irrationalities like commitment and
sympathy to adjust the reward that they pay?” People’s irrationali-
ties have been studied in prior crowdsourcing research [21, 29]. For
example, Kaufmann et al. identified AMT workers work on micro
tasks not only for extrinsic reward, but also for intrinsic motiva-
tion like having fun [21]. However, much work focused on crowd
workers’ extrinsic and intrinsic motivation. We know little about
how requesters set rewards.

One explanation for the low payment is that the requesters do
not know whether they compensate workers fairly. On AMT, for
instance, if you create external HITs through API calls, you are
responsible for calculating the hourly rate based on the piece-rate
reward that you set and the work duration. Unless you are com-
mitted, you end up not knowing what hourly wage you are setting.
In fact, Whiting et al. estimates that requesters underpay unknow-
ingly for 68% of the time [41]. We thus speculate, if requesters don’t
know how much they are paying, would providing wage informa-
tion affect their wage-setting behaviors? Our work draws design
inspirations from the literature on persuasive technology and in-
formation visualization to support people’s decision making. The
existing research has shown that persuasive technologies could
nudge people to perform prosocial activities [31]. For instance,
Froehlich et al. designed eco-feedback visualizations guiding peo-
ple to act in a more environmentally responsible manner [8]. Kay et
al. designed a series of visualizations to inform when a bus is arriv-
ing, investigating whether different visualizations affect people’s
behaviors differently [7, 22]. Our goal is to investigate if presenting
estimated worker wages via persuasive visualization can nudge
requesters to behave in a more prosocial way that is not necessarily
advantageous to their personal welfare.

3 HOURLY WAGE MODELING

In the controlled study described below, we want to present es-
timated wages to our participants who act as crowdsourcing re-
questers to see if showing them such information affects their
wage-setting behaviors. The notion of fair wage is often discussed
in terms of hourly wage (e.g., minimum wage), but AMT employs a
piece-rate reward mechanism—i.e., a worker earns a preset amount
of reward if they successfully complete the task regardless of how
long the task took to complete. This required us to convert rewards
into hourly wages by estimating task durations. In the controlled

study, we could get the reward directly by recording what the partic-
ipants set. However, we needed to estimate durations of micro-tasks
so that we could present the estimated hourly wages to the partici-
pants.

Wage prediction is hard due to the variety of digital work and
variability in task durations [4, 10, 15]. But prior work reports some
success in duration and wage prediction (e.g., [26, 34]). Learning
from the prior work, we model task duration and hourly wage of
image classification tasks—a simple and common task type on AMT
[4, 10, 15]. We designed an interface in which we had crowd workers
observe an image and answer yes/no questions—see Appendix.

We posted the image classification tasks on AMT. We recorded
image classification time—the duration between the time that im-
age was shown to the worker and the worker clicked “yes” or “no”
N=80 workers independently performed N=2037 image classifica-
tion tasks. We set the reward to US$0.50 per HIT. The number of
image classification tasks that were bulked in one batch (i.e., HIT)
varied between HITs in the process of adjusting the hourly wage
to pay US$7.25 per hour. The workers completed one image classi-
fication in 7.19 seconds on average (SD=34.18, median=2.47s). The
distribution of task completion time was long-tail, which fit well
with a log-normal distribution.

We fit the data to a log-normal distribution to obtain its pa-
rameters using SciPy’s stats.lognorm.fit() method [19]. The
location and scale parameters are 0.01 and 2.94, and y = 1.08 and
o = 0.98. The theoretical mean and theoretical median are 4.75s
and 2.94s respectively!. The theoretical mean is underestimated
compared to the empirical mean (7.19s) due to a few records of ab-
normally long durations. But theoretical and empirical medians are
close to each other (2.94s and 2.47s), suggesting that the model rep-
resents the empirical data reasonably well. We thus use log-normal
distribution to model the task completion time in the subsequent
sections.

4 APPARATUS

We designed an interactive prototype of the requester interface that
allowed its users to explore task information and set reward and
tasks per assignment—i.e., a number of image classification tasks
bundled in one assignment (on AMT, a worker is compensated by
successfully completing an assignment). The interface was devel-
oped using JavaScript, CSS, and Scala. At the top of the interface
(Figure 1a), high-level description of the tasks was presented (e.g.,
title, task type, task preview, project budget). At the bottom, the
interface presented assignment-level information: total number of
tasks to be completed, tasks per assignment, number of assignments
to be posted, and reward per assignment (Figure 1b). In the study,
we asked each study participant to adjust tasks per assignment and
reward per assignment.

The bottom-right part of the interface had three design vari-
ations (Figure 1c and Figure 2). One design only presented the
total cost and budget (Control interface; Figure 2a). The second de-
sign presented point estimates of assignment duration and hourly
wage to communicate the information that may be important for
setting reward (Point Estimate interface; Figure 2b). Inspired by
prior work [22], the third design presented a distribution of the

'mean = exp (i + 6?)/2 and median = exp () for log-normal data
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Figure 1: A prototype interface for posting tasks. (a) Project
Description Pane: Title, type of crowdsourcing tasks, descrip-
tion, and project budget are presented. (b) Task Information
Pane: The total number of tasks to be completed, a number
of image classification tasks per assignment, number of as-
signments, and reward per assignment are shown here. The
participants were asked to adjust two parameters in this
pane: tasks per assignment and reward per assignment. (c)
Wage and Cost Pane: Wage and cost information is presented
in this pane. This part of the interface varies between study
conditions.

Figure 2: Three different interface conditions: (a) Control:
Only the total cost and remaining budget were presented. (b)
Point Estimate: In addition to the budget, the point estimates
of assignment duration and hourly wage were presented. (c)
Distribution: In addition to the information presented in the
Point Estimate interface, the distribution of the hourly wage
was presented.

estimated hourly wage (Distribution interface; Figure 2c). The as-
signment duration and hourly wage information presented in the
Point Estimate and Distribution interfaces were computed using the
user-specified reward and number of tasks per assignment, as well
as the log-normal model of task completion time that we described
above. Estimating the assignment completion time was done as
follows; we calculated the theoretical mean of the task duration
(i.e., 4.75s) and multiplied it by the number of tasks per assignment
that the user-specified. The point estimate of the hourly wage was
calculated by dividing the reward by the estimated assignment com-
pletion time. We plotted the hourly wage distribution on the fly
by taking the following steps. From the log-normal task duration
model, we sampled a number of task duration records specified
in the number of tasks per assignment by the user. We summed
all the sampled durations to compute the estimated assignment
completion time. We divided the user-set per assignment reward
by the assignment completion time to compute a single record of
the hourly wage for the assignment. We repeated this process 1,000
times to collect a set of hourly wage records. The collected 1,000
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hourly wage records were used to draw a histogram using D3. js
(Figure 2c).

5 METHOD

To investigate requesters’ wage setting behavior using different
interfaces (Control, Point Estimate, and Distribution), we conducted
a 3 (Interface conditions) X 3 (Trials) mixed design study. Interface
condition was a between-subjects factor. Trial was a within-subjects
factor; each participant used the interface and adjusted piece-rate
reward for three times.

5.1 Participant Recruitment

We recruited participants by emailing local university students.
We chose not to recruit experienced requesters to minimize the
variability in crowdsourcing experience; we did not want people’s
prior experience in using crowdsourcing platforms to affect the
result of our wage setting study. To exclude experienced ones but to
include those who know about crowdsourcing, we asked our partic-
ipant candidates to answer a pre-study questionnaire, which asked
about their knowledge and experience related to crowdsourcing.
If the respondents either requested or worked on crowdsourcing
platforms, we excluded them from participating in the study. The
questionnaire also collected basic demographic information (e.g.,
age, gender). In recruiting the participants, we did not disclose that
the study’s intent was to observe if the participants set fair wages
to not bias them.

5.2 Task Requesting Scenario and
Compensation

We designed a scenario which resembled the situation when a re-
quester posts work on AMT. As a requester, each participant was
asked to make a series of decisions on how many image classifi-
cation tasks to bundle in one work assignment and how much to
pay for successfully completing an assignment. Our goal was to
observe the evolution of participants’ wage-setting behavior over
trials. More specifically, our intention was to (i) see if the wage
increase from trial 1to trial 2 when we present wage estimates, and
(ii) explore the change in participants’ behaviors between trial 2
and trial 3 when the interface presented similar information (e.g.,
do participants keep the wage stable?). We instructed the partic-
ipants to imagine that the three trials occurred over three weeks
so that the scenario resembles a realistic situation (i.e., each week
the participant had a quota of image classification tasks to post to
AMT), but all three trials were done in one study session.

In each trial, we asked a participant to set a reward per assign-
ment while satisfying two constraints: (i) assign 6,000 tasks per trial
and (ii) the total cost per trial must be kept within $50. We set the
task number to 6,000, which roughly equals to eight hours of work
(the theoretical mean task duration is 4.75s; 6,000 tasks per week x
4.75s = 7.92 hours per week). This was done so that we made sure
the maximum work hour that our participants could set was below
eight hours, abiding by the local work-related regulation, making
sure that our participants’ decisions not get influence by this rule.
Learning from the research practice in behavioral economics [3, 40],
participant compensation was determined based on the budget left
after each trial. We employed this approach to observe how our
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participants balance personal welfare (i.e., compensation they get)
and fairness to workers. In addition to the base compensation of
$5, participants got additional compensation of $1 for every imagi-
nary $10 left in the budget. For example, if the participants were
to maximize their compensation, they could pay workers close to
$0 so that they get $20 ($5 base payment + $15 bonus from three
trials) after three successive trials. We explained this compensation
framework at the beginning of the study.

5.3 Experimental Design and Procedure

To examine how different interface design affects people’s wage
setting behaviors, we randomly split the participants into three
groups and assigned them to one of the Interface conditions (i.e.,
twenty-one people in each condition). At the beginning of a study
session, we explained the task scenario and the procedure of the
study. Prior to the first trial, we showed the interface with no hourly
wage information (i.e., equivalent to the Control interface) to each
participant to explain the features of the user interface. We asked
them to adjust the number of tasks per one assignment and per-
assignment reward as a practice. After this practice, each participant
advanced to perform a series of three wage setting trials. In the first
trial, we did not present hourly wage information to participants in
any conditions. In the second and third trials, the Point Estimate and
Distribution interface displayed estimated assignment completion
time and hourly wage. We collected quantitative data including
the user set reward and number of tasks per one assignment in
each trial, as well as how long each trial took to complete. We also
asked the participants to think-aloud during the study session so
that we could record their thought process in setting the reward.
Upon finishing each session, we conducted a short unstructured
interview asking about their experience.

6 RESULT AND ANALYSIS

Sixty-three people (35 female) participated in the study, whose age
ranged between 19 and 28. The mean total compensation for each
study condition was (Control, Point Estimate, Distribution) = ($16.0,
$12.8, $13.6). For each of Control, Point Estimate, and Distribution
conditions, tuples of mean estimated hourly wages (trial 1, trial 2,
trial 3) were ($2.08, $1.87, $1.99), ($2.56, $3.07, $2.71), and ($2.33,
$2.63, $2.75). This shows that mean wages increased in Point Es-
timate and Distribution conditions form trial 1 to trial 2, while it
decreases in Control.

An exploratory data analysis of hourly wage data with a Mauchly’s
test suggested that the data violated the sphericity assumption
(W=0.85, p=.0097) and using ANOVA for analysis is inappropriate—
a method oft-used for analyzing data from a factorial experiment.
Instead, we decided to use Bayesian Growth Curve Model (BGCM)
instead. BGCM also allowed us to observe the posterior distribu-
tions of estimated parameters (e.g., change in hourly wage), allow-
ing us to draw more insights from data [23]. We followed Oravecz
et al’s approach [30] to fit wage estimates to BGCM. See more in
Appendix.

6.1 Wage Evolution

The observed wages increased from trial 1 to trial 2 in the Point Esti-
mate condition (from $2.56/h to $3.07/h) and Distribution conditions

A. Wage Evolution from Trial 1 to Trial 2 B. Wage Evolution from Trial 2 to Trial 3

Control Control

Point Estimate Point Estimate

Distribution Distribution
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Figure 3: Posterior probability distributions of wage gradi-
ents from trial 1to trial 2 and trial 2 to trial 3.

($2.33/h to $2.63/h), while they decreased in the Control condition
($2.06/h to $1.86/h). From trial 2 to trial 3, wage decreased in the
Point Estimate condition ($3.06/h to $2.69/h). But changes in the
wages in the Control and Distribution conditions were not remark-
able (Control: $1.87/h to $1.99/h; Distribution: $2.62/h to $2.74/h).

Increase in the wage from trial 1 to trial 2 in the Point Estimate
and Distribution conditions were significant. Figure 3 shows the
posterior distributions of the wage slope between trial 1 and trial
2, as well as trial 2 and trial 3. Figure 3a shows that 99% of the
area under the posterior distribution curve is above 0 for Point
Estimate and 95% of the area is above 0 for Distribution. In the
Control condition, 87% of the area is below 0. Thus, people are likely
to increase hourly wage when they are presented with estimated wage
information (whether it is a point estimate or a distribution) and
people tend to decrease the wage if we do not present the hourly wage
information.

While the change in the wage between trial 2 and trial 3 are small
in the Control and Distribution conditions, people tend to decrease
the wage in the Point Estimate condition. Figure 3b shows that 73%
of the area is above 0 for the Control condition. Likewise, 74% of
the area under the curve is above 0 for the Distribution condition,
suggesting the absence of significant changes. In the Point Estimate
condition, 98% of the area under the posterior distribution curve is
below 0, indicating that people tend to drop the wage from trial 2
to trial 3 after increasing the wage.

7 DISCUSSION

Our result suggests that presenting wage information indeed affects
how people set crowdsourcing rewards, and not showing wage in-
formation decreases the reward. The result depicts our participants’
negotiation between commitment to pay fair wages to workers and
maximizing their profit in the presence of the wage information.
This pro-worker behavior is also seen in the quotes of the partici-
pants. Of the forty-two participants who were presented with the
hourly wage information, fourteen participants mentioned that the
hourly wage information was useful in deciding the reward for
workers. One participant said ‘T felt like I had done something really
wrong when I saw the amount of money I had paid to workers in week
1”7 (P6, Point Estimate). Another participant said “with the estimated
hourly wage, I could easily make the rational choice of how much I
pay workers” (P13, Distribution).

Our result supports Sen’s view on sympathy and commitment
affecting people’s economic choices, and also aligns with the theory
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of behavioral economics. For example, Thaler and Sunstein noted
that good information and prompt feedback are key factors that
enable people to make good decisions [39].

However, the wage feedback may not be sufficient to keep the
wage high. In the third trial, the participants in the Point Estimate
condition decreased the wage. Some participants likely made this
decision to maximize their compensation because they increased
the wage a lot in trial 2. This makes us think, “would the effect of
presenting wage information last in long term?” Because our study
was a controlled, single-session study, we could not answer this
question. Also, it is not particularly clear why we observed the drop
in the hourly wage only in the Point Estimate condition, but not
in the Distribution condition. We speculate that the Distribution
interface helped the participants to make a more realistic decision
that balanced their compensation and wage (thus not increasing the
wage as much as the participants in the Point Estimate condition
from trial 1to trial 2).

Although the participants indeed set higher wages in the treat-
ment conditions, the expected wage only went up to around $3.
This may partly be the result of our study setting that introduced
the ceiling of hourly wage (which was necessary to study how the
participants negotiate the wage and their compensation). But it also
suggests that people are not willing to spend much to compensate
the workers if they are limited with their budget. This leads to a
question, “would participants pay higher wage if their budgets were
ampler?” Thus, future work could investigate the relationship be-
tween the requester budget and the hourly wage. We also suggest
future work to investigate if anchoring techniques could be useful
to nudge participants to set higher rewards. For example, showing
a message like “people usually pay $5/h for this type of task” may
have nudged our participants to pay more (we intentionally chose
not to show such messages to suppress the confounding effect).

Interestingly, two participants in the Distribution condition men-
tioned that they adjusted the number of tasks per worker based
on the wage distribution. Although we did not explain this to our
participants, when the number of tasks per worker is increased, the
distribution becomes tighter; a bigger number of samples for task
completion time records yield tighter assignment completion time
distribution due to the central limit theorem. This in turn makes
the expected hourly wage distribution tighter. One participant said
“T adjusted the values so that the distribution became keen because
that means more workers are equally treated well” (P21, Distribu-
tion). Future work could investigate how participants behave if we
explicitly mention this behavior of the hourly wage distribution.

8 LIMITATIONS

Our task completion time and wage models are focused on the
image classification task. It is not clear if we can model other types
of tasks well. But this has a small impact on the core result of the
paper that shows presenting hourly wage information changes how
people set crowdsourcing rewards. Our interfaces did not present
anticipated quality of work, which prevented the participants from
balancing the worker reward and the expected data quality. But
the current interface prototype is similar to the existing interface
design of AMT. Our study is a lab study, and so its external validity
is weaker than alternative study methods like a real-life field study
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with a deployed system. But this was done to control multiple
factors (e.g., budget, participant demographics). Our study was
conducted with student participants with no experience as AMT
requesters. Thus, we do not claim that our findings extend to how
experienced requesters would behave. Our study was not meant to
examine how people’s behaviors change over a long period of time
like months. A longitudinal field study is a natural extension of the
current work.

9 CONCLUSION

We evaluated whether presenting the wage information affects
requesters’ reward setting behaviors. We conducted a controlled
study with 63 participants recruited from a local university. In the
study, we presented hourly wage information to participants in two
treatment groups using two interfaces that we designed—Point Esti-
mate and Distribution. We evaluated how participants’ wage setting
behavior changed over trials using Bayesian Growth Curve Model.
We observed that hourly wage increased from $2.56/h to $2.69/h
and $2.33/h to $2.74/h when the participants used Point Estimate
interface and Distribution interface, while the wage dropped from
$2.06/h to $1.99/h when we did not show expected hourly wage
information in the Control condition.
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