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Abstract
Training is one way of enabling novice workers
to work on complex crowdsourcing tasks. Based
on goal setting theory in psychology, we con-
duct a randomized experiment to study whether
and how setting different goals—including perfor-
mance goal, learning goal, and behavioral goal—
when training workers for a complex crowdsourc-
ing task affects workers’ learning perception, learn-
ing gain, and post-training performance. We find
that setting different goals during training signif-
icantly affects workers’ learning perception, but
does not have an effect on learning gain or post-
training performance. Further, exploratory analy-
sis helps shed light on when and why various goals
may or may not work in the crowdsourcing context.

1 Introduction
Online crowdsourcing has made it easy for researchers
and professionals alike to collect human-specific knowledge
quickly and easily. Although early practice of crowdsourcing
often solicited human labor on tasks that require only basic
human skills, there have been substantial efforts recently to
accommodate complex tasks requiring sophisticated domain
knowledge in crowdsourcing settings.

A variety of approaches have been developed to enable
the completion of complex tasks by the crowd. For exam-
ple, workers are trained within a complex task to be equipped
with necessary knowledge and strategies for completing the
task. A wide range of training methods have been studied,
including training by examples and gold standard tasks [Le
et al., 2010; Mitra et al., 2015; Liu et al., 2016], training by
self-evaluation, expert assessment or peer feedback [Dow et
al., 2012; Zhu et al., 2014; Doroudi et al., 2016], and training
by communication with mentors and peers [Chen et al., 2019;
Tang et al., 2019; Suzuki et al., 2016].

In traditional educational or organizational settings, an im-
portant aspect in motivating people to learn is to set goals.
Multiple types of goals have been studied, including per-
formance goals (i.e., goals that specify the targeted end re-
sults of learning), learning goals (i.e., goals that state the
range of knowledge the learner aims to master), and behav-
ioral goals (i.e., goals that describe a set of desirable be-

haviors the learner should follow). The effects of goals are
found to be dependent on both the type of goal and who
sets the goal [Latham and Brown, 2006; Seijts et al., 2004;
Clark et al., 2016]. Moreover, researchers have identified that
different people have a different “goal orientation,” that is, the
primary factors that motivate the individual [Dweck, 1986;
Bell and Kozlowski, 2002], and that individuals with differ-
ent types of goal orientation also respond to various types of
goals differently [Seijts et al., 2004; Button et al., 1996].

The effects of setting goals when training crowd workers
for complex tasks, however, are under-explored. To fill in
this gap, we design and conduct an experiment on Amazon
Mechanical Turk that trains crowd workers to perform a task
requiring substantial domain knowledge. We consider 7 ex-
perimental treatments in our study that differ in whether and
what type of goal is set during the training stage, as well as
who sets the goal. To the best of our knowledge, this is the
first study that investigates the motivating effects of goals on
training workers towards better learning and performance in
complex crowdsourcing tasks.

Overall, we find that setting different goals when train-
ing crowd workers in a complex task significantly influences
workers’ learning perceptions, but does not affect their learn-
ing gain or post-training task performance. However, for the
subset of workers who have high learning goal orientation,
setting learning goals for them does lead to higher learning
gain. Additionally, workers given a challenging behavioral
goal perform significantly more of the desirable behavior,
and workers who performed more of this behavior had higher
learning gain and post-training performance, but only when
they did so of their own volition. We conclude by discussing
the implications of our findings.

2 Study Design
To understand the effects of setting goals in the training stage
of complex crowdsourcing tasks, we designed and conducted
an experiment on Amazon Mechanical Turk (MTurk). Our
main research questions were:

• Q1: How does setting different goals affect workers’ learn-
ing perceptions during training?

• Q2: How does setting different goals affect workers’ learn-
ing gain during training and performance on tasks after
training?
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Figure 1: A diagram of sections that workers went through in phase 1 of our experiment.

2.1 Experimental Tasks
We used a task that asked workers to identify nutritional com-
ponents in meals. In each task, a worker was given two pho-
tographs of meals along with descriptions of the main ingredi-
ents in each meal. The worker was asked to identify which of
the two meals contained more of a specified nutritional com-
ponent. Four nutritional components—fat, fiber, protein, and
carbohydrates—were examined in these tasks. Photographs
used were taken from Burgermaster et al. [2017]. We chose
this task for our study as it requires substantial nutritional
knowledge, which is not a common skill among laypeople.

2.2 Experimental Procedure
Our experiment was divided into three phases. Phase 1 was
the “training” phase and was used to prepare workers with
necessary nutritional knowledge before they complete actual
nutrition tasks. Phases 2 and 3 were the work phases in which
workers could use the knowledge they learned from phase 1
to complete a sequence of nutrition tasks. Separate pools of
tasks were created to be sampled from for each of the phases.

Phase 1
Figure 1 displays the overall flow of phase 1. A worker started
by completing a session of 12 randomly-sampled nutrition
tasks, which we refer to as the pre-test. Upon completion of
these tasks, we told workers their accuracy in these 12 tasks.
Next, prior to taking the nutrition lessons, the worker might
be given a goal or be asked to set a goal for herself for the
nutrition lessons depending on the treatment the worker was
assigned (see more details in Section 2.3). The worker was
then required to go through a nutrition lesson for each nu-
tritional component. After the nutrition lessons, the worker
could take up to 10 practice tasks, which were in the same
form as the nutrition tasks. For each practice task that the
worker took, we provided her feedback on both the correct
answer and an explanation.

At the end of phase 1, the worker first took a questionnaire
on her goal orientation. We adopted the scales from Button et
al. [1996] to measure the worker’s goal orientation in terms
of performance (i.e., the level of motivation towards achiev-
ing high performance) or learning (i.e., the level of motivation
towards learning new things). Second, she answered two sur-
vey questions on a 5-point scale regarding her perception of
learning in the nutrition lessons:
• Helpfulness: How helpful did you find the nutrition

lessons?
• Learning: How much do you feel you have learned from

the nutrition lessons you went through earlier?

Finally, the worker completed another session of 12
randomly-sampled post-test nutrition tasks, and filled in an
exit survey on their demographics.

Phases 2 and 3
Phase 2 happened two days after phase 1, and phase 3 hap-
pened one week after phase 1. Regardless of the worker’s
treatment, in both phases 2 and 3, she was asked to complete a
random sequence of 12 previously unseen nutrition tasks. We
did not provide any feedback on answer accuracy for tasks in
phases 2 and 3. Thus, the worker’s accuracy in phases 2 and 3
reflected her performance on real-world tasks, either shortly
after the training or a while after receiving the training.

2.3 Experimental Treatments
We considered a 2×3 design along two factors: the initiator
of the goal and the type of the goal. The initiator of the goal
can be either the worker herself or the requester. When the
initiator of the goal was the worker, she was asked to set a
goal for herself, but when the initiator of the goal was the re-
quester, the worker was given a goal that was pre-determined
by us. We considered three types of goals in our experiment:

• Performance goal: This goal specifies the number of post-
test tasks that the worker should answer correctly. When
the requester set the goal, it was to answer at least 10 out of
12 possible post-test questions correctly. When the worker
set the goal, she could choose any integer between 0 and 12
of post-test tasks to answer correctly.

• Learning goal: This goal specifies the kind of knowledge
the worker aims to learn from the nutrition lessons. When
the requester set the goal, it was stated as “Learn and rec-
ognize the types of foods that are high in carbohydrates,
protein, fiber, and fat.” Workers asked to set their own goal
used free-form language to create goals.

• Practice goal: This goal is an operationalization of the “be-
havioral goal” and specifies the number of practice tasks
that the worker should complete after taking the nutrition
lessons. When the requester set the goal, it was to com-
plete at least 9 out of 10 practice tasks. When the worker
set the goal, she could choose any integer between 0 and 10
of practice tasks to complete.

Finally, we also included a control treatment where the
worker was not given a goal nor asked to set a goal for her-
self. Together, we had 7 treatments in this experiment. Our
study was open only to U.S. workers who had completed at
least 500 HITs on MTurk previously. 659 workers partici-
pated in phase 1, and they were randomly assigned to one
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(a) Perceived helpfulness of the lessons (b) Perceived learning level in the lessons

Figure 2: Workers’ perceptions of learning across different treatments. The mean value of self-reported scores for each treatment is plotted,
and error bars represent the standard errors of the mean. For the control treatment, the dashed horizontal lines represent the mean values, and
the standard errors of the mean are shown by the red shaded areas.

of the treatments upon arrival. Among all phase 1 partici-
pants, 581 workers further took the phase 2 experiment and
558 workers took the phase 3 experiment.

3 Results
We first analyze the data to answer our main research ques-
tions. Then, we conduct additional exploratory analyses to
understand why and under which conditions certain goals are
effective or not effective.

3.1 Q1: The Impact on Learning Perception
We measure workers’ learning perceptions using their self-
reported scores on the helpfulness of the training material and
the amount they have learned in the nutrition lessons, and
Figures 2a and 2b show the comparison on these two met-
rics, respectively. A one-way ANOVA test across all 7 treat-
ments suggests a marginally significant difference in workers’
scores on the helpfulness of nutrition lessons (p = 0.096) and
workers’ perceived levels of learning (p = 0.075). Thus, set-
ting different goals does affect workers’ learning perceptions.

To further understand how the initiator and type of the goal
affect workers’ perceptions of learning, we conducted a two-
way ANOVA test on the data obtained from all but the con-
trol treatment. Doing so, we found that the type of the goal
has a significant effect on both the reported helpfulness of
the lessons (p = 0.008) and the perceived level of learning
(p = 0.036). Post-hoc Tukey HSD test results suggest that
workers with a learning goal reported the lessons as signifi-
cantly more helpful than workers with other goal types (per-
formance: p = 0.037, practice: p = 0.015), and they also
perceived themselves as having learned significantly more
from the lessons compared to workers with a practice goal
(p = 0.028). However, the initiator of the goal does not have
a significant effect on either metric.

3.2 Q2: The Impact on Learning Gain and
Post-Training Performance

We define a worker’s learning gain as the difference in the
number of pre-test and post-test questions that she answered
correctly in phase 1. A one-way ANOVA test across all 7
treatments suggests no statistically significant difference in

learning gain across different treatments, and when we con-
ducted a two-way ANOVA test on the 6 non-control treat-
ments, we still found that neither the initiator of the goal nor
the type of the goal has any significant impact on how much
the worker actually learned. We then performed the same
analysis on our data collected from phases 2 and 3 to un-
derstand the impact of setting goals on post-training perfor-
mance. Again, we found no significant effects of goals.

Overall, setting different goals when training our workers
for the nutrition task does not lead to significantly different
learning outcomes or post-training task performance.

3.3 Exploratory Analysis
In contrast with findings on the effects of goals in prior lit-
erature, we did not find that setting goals during training had
any effect on learning gain or post-training performance. This
motivated us to look deeper into when and why various goals
may work or not work in the crowdsourcing context.

On the one hand, previous research suggests that individ-
uals have different types of goal orientation [Dweck, 1986;
Bell and Kozlowski, 2002] and may respond to various goals
differently depending on whether or not the goal matches with
their goal orientation. On the other hand, goals like the behav-
ioral goal are designed to encourage the adoption of desirable
behavior. Since we did not see that setting behavioral goals
for workers leads to any significant improvement in learning
gain or performance, we seek to explore the reason why here.

This led us to the following additional questions:

• Does setting a goal for workers that matches with their goal
orientation lead to higher levels of learning gain and post-
training performance?

• Does setting a practice goal lead to more practice tasks be-
ing completed, and does completing more practice tasks as-
sociate with higher levels of learning gain and post-training
performance?

The Role of Goal Orientation on Goal Effectiveness
We used a median split to classify each worker as “high” or
“low” on performance (or learning) goal orientation based on
her responses to the goal orientation scales during phase 1.
Figure 3a displays how setting different goals in the training
stage affects the learning gain of workers with high perfor-
mance goal orientation. We found that setting a performance
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(a) Workers with high performance goal orientation (b) Workers with high learning goal orientation

Figure 3: The learning gain across different treatments for workers with high performance/learning goal orientation. The mean value of the
learning gain for each treatment is plotted, and error bars represent the standard errors of the mean. Dashed lines and red shaded areas show
the mean values and standard errors of the mean for learning gain in the control treatment.

goal for workers who have high performance goal orientation
does not lead to significantly higher levels of learning gain
or post-training performance compared to the cases when no
goal or other types of goals are set.

On the other hand, Figure 3b shows the impact of goals on
learning gain when restricted to workers who are more mo-
tivated to learn new things. Results of a one-way ANOVA
test suggest a statistically significant difference in learning
gain across all 7 treatments (p = 0.004), and a two-way
ANOVA test suggests that the type of goal has a significant
effect (p = 0.049). Post-hoc Tukey HSD tests revealed that
for workers who are highly motivated to learn new things, a
learning goal leads to higher levels of learning gain compared
to a performance goal when the goal is set by the requester
(p = 0.025). The higher levels of learning gain, however, do
not translate into higher post-training performance.

In sum, we found that matching a performance goal to
workers who are highly oriented for performance does not
improve either the learning gain or post-training performance,
while matching a learning goal to workers who are highly ori-
ented for learning improves the learning gain, but does not
affect the post-training performance.

Why Behavioral Goals Don’t Work?
We now move on to explore why behavioral goals seem to be
ineffective in complex crowdsourcing task training. First, we
note that when workers were asked to set a practice goal for
themselves, they tended to set an “easy” goal—on average,
they aimed at completing 4.3 practice tasks, while workers
who were given a practice goal were told to try to complete at
least 9 practice tasks. We observed a statistically significant
difference (p < 0.001) in the number of practice tasks that
workers of different treatments completed, and in particular,
post-hoc Tukey HSD tests show that workers who were given
a practice goal completed significantly more practice tasks
than workers in all other treatments (p < 0.005).

We then ask whether completing more practice tasks asso-
ciates with higher learning gain and better post-training per-
formance for workers. Conducting two-sample t-tests, we
confirmed that workers who completed more practice tasks
not only learned more during the training stage, but also
achieved better performance in both phase 2 and phase 3

(p < 0.001 for all three comparisons).
This result is puzzling given that we did not find the prac-

tice goal had any effect on learning gain or post-training per-
formance. An in-depth analysis of the data suggests one pos-
sible explanation for this discrepancy—while workers who
were given a challenging practice goal did complete more
practice tasks, the increase in learning gain (or post-training
performance) they obtained from the extra practice is less
than the increase that workers from other conditions expe-
rienced. We conjecture that many of our workers assigned a
challenging practice goal chose to satisfice, leading to them
meeting the goal even if they did not reap the benefits that
those who completed the practice of their own volition did.

4 Conclusion
Our study shows that setting different goals when training
workers for complex crowdsourcing tasks indeed changes
worker’s learning perceptions, but it has no significant im-
pact on workers’ learning gain or post-training performance.
Through exploratory analysis, we find that certain types of
goals can motivate workers to improve learning gain and post-
training performance, but only under certain conditions. We
conjecture that the difference in our results from those of prior
literature may be due to crucial differences between the tra-
ditional educational and organizational environments of goal
setting literature and the crowdsourcing environment.

One of the lessons that we learned through this study is that
when training workers for complex crowdsourcing tasks, the
right type of goal needs to be set for the right kind of work-
ers in the right way, suggesting the potential for personalizing
goals. Another lesson is the need to improve the design of be-
havioral goals in crowdsourcing settings, as the practice goals
in our experiment were not very effective in influencing learn-
ing and performance, but we were able to see the potential of
adopting desirable behavior.

A direction of future work is to explore the design space of
goals and examine their effectiveness along other key design
dimensions, such as the connection between goal attainment
with different incentives. Exploring the use of goal setting
on different online crowdsourcing platforms that have differ-
ent inherent incentives (e.g., citizen science platforms) is an
additional direction to pursue.
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