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Abstract

Training workers within a task is one way of enabling novice
workers, who may lack domain knowledge or experience, to
work on complex crowdsourcing tasks. Based on goal set-
ting theory in psychology, we conduct a randomized exper-
iment to study whether and how setting different goals—
including performance goal, learning goal, and behavioral
goal—when training workers for a complex crowdsourcing
task affects workers’ learning perception, learning gain, and
post-training performance. We find that setting different goals
during training significantly affects workers’ learning percep-
tion, but overall does not have an effect on learning gain or
post-training performance. However, higher levels of learning
gain can be obtained when setting learning goals for workers
who are highly learning-oriented. Additionally, giving work-
ers a challenging behavioral goal can nudge them to adopt de-
sirable behavior meant to improve learning and performance,
though the adoption of such behavior does not lead to as much
improvement as when the worker decides to take part in the
behavior themselves. We conclude by discussing the lessons
we’ve learned on how to effectively utilize goals in complex
crowdsourcing task training.

Introduction

Online crowdsourcing has made it easy for researchers and
professionals to collect annotated data, public opinions, and
other human-specific knowledge quickly and easily. Early
practice of crowdsourcing often solicits human labor on rel-
atively simple and straight-forward tasks that require only
basic human skills such as visual perception (Russakovsky
et al. 2015), emotion interpretation (Mohammad and Turney
2013), and relevance judgment (Alonso and Baeza-Yates
2011). More recently, the increasing demand for reaping the
benefits of distributed work in complex domains leads to
substantial efforts 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 example,
one common solution is to create a workflow to decompose
complex tasks into smaller and simpler tasks that can be eas-
ily accomplished by crowd workers (Bernstein et al. 2010;
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Kittur et al. 2011; Little et al. 2010; Chilton et al. 2013),
or potentially subcontract part of the work to other work-
ers with relevant domain knowledge or skills (Morris et al.
2017). Sophisticated systems and algorithms have been built
to organize the crowd as a dynamic team or a hierarchical or-
ganization to jointly work on the complex tasks (Retelny et
al. 2014; Valentine et al. 2017; Zhou, Valentine, and Bern-
stein 2018). Yet another approach is to train workers within
a complex task to prepare them with necessary knowledge
and strategies for completing the task. A wide range of train-
ing methods have been studied, including training by exam-
ples and gold standard tasks (Mitra, Hutto, and Gilbert 2015;
Liu et al. 2016), training by self-evaluation, expert assess-
ment or peer feedback (Dow et al. 2012; Zhu et al. 2014;
Doroudi et al. 2016), and training by communication with
peers (Chen et al. 2019; Tang, Yin, and Ho 2019).

In traditional educational or organizational settings, re-
gardless of what training method is used, an important as-
pect in motivating students or employees to enhance learn-
ing and performance is to set goals. For instance, multi-
ple types of goals have been used for motivating individ-
uals to learn, such as performance goals (i.e., goals that
specify the targeted end results of learning), learning goals
(i.e., goals that state the range of skills and knowledge the
learner aims to master upon completion of the training),
and behavioral goals (i.e., goals that describe a set of de-
sirable behaviors the learner should follow during the learn-
ing process). Furthermore, the effects of goals on learn-
ing and performance are found to be dependent on both
the type of the goal and the initiator of the goal (i.e., who
sets the goal) (Latham and Brown 2006; Seijts et al. 2004;
Clark et al. 2016).

The effects of setting goals when training crowd work-
ers for complex tasks, however, are under-explored. On
one hand, many positive observations on the effectiveness
of goals in motivating higher levels of learning and bet-
ter performance in traditional educational or organizational
settings seem to suggest goal setting as a very easy-to-
implement, yet promising method that can be used to im-
prove training on any kind of complex crowdsourcing tasks.
On the other hand, the nature of crowd work—that crowd
workers generally have a short-term contract with requesters

122



and may not be able to apply the domain knowledge they
learn from one task to other tasks—makes it difficult to pre-
dict whether setting goals for crowd workers when training
them would lead to a significant impact on them, as it does
on the student or employee population.

Thus, in this paper, we seek to fill in this gap and exam-
ine the effects of goal setting on worker training in complex
crowdsourcing tasks. Specifically, we design and conduct an
experiment on Amazon Mechanical Turk, in which work-
ers are recruited to perform a task that requires substantial
nutritional knowledge. The experiment is divided into three
phases. We provide training to workers in phase 1 to pre-
pare workers with necessary nutritional knowledge through
a combination of interactive tutorials, examples, gold stan-
dard tasks, and expert feedback. Then, we ask workers to
complete real nutrition tasks during phase 2 and phase 3,
which take place two days or one week after the training,
respectively. In total, we consider 7 experimental treatments
in our study that differ in whether and what type of goal is
set (i.e., performance goal, learning goal, or behavioral goal)
during the training stage, as well as who sets the goal (i.e.,
set by workers themselves or set by requesters).

Overall, we find that setting different goals when train-
ing crowd workers in a complex task significantly influ-
ences workers’ learning perceptions, but does not affect their
learning gain or post-training task performance. However,
for the subset of workers who have high learning goal ori-
entation, setting learning goals for them does lead to higher
learning gain. Additionally, workers given a challenging be-
havioral goal perform significantly more of the desirable be-
havior, 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 similarity and differences of our observed
effects of goal setting on training crowd workers in complex
tasks as compared to those effects observed in traditional ed-
ucational or organizational settings, cautioning readers to be
careful in generalizing our results due to study limitations.
We further reflect on the potential reasons behind the differ-
ences in these effects, and we offer a few practical lessons
that we have learned from our study about how requesters
can better utilize goal setting in their complex task training.

Related Work
A number of previous studies have developed a set of effec-
tive methods to train crowd workers in complex crowdsourc-
ing tasks (Le et al. 2010; Suzuki et al. 2016; Liu et al. 2016;
Zhu et al. 2014; Doroudi et al. 2016; Bigham et al. 2017;
Gadiraju, Fetahu, and Kawase 2015; Gadiraju and Dietze
2017). For instance, Le et al. (2010) generalized traditional
instruction methods to crowdsourcing contexts and taught
workers to classify search queries by providing instructions
on how to approach the task and showing detailed exam-
ples with solutions as well as the reasoning behind solu-
tions. Suzuki et al. (2016) proposed an innovative approach
of creating mentor-mentee partnerships, which enabled ex-
perienced crowd workers to help novice workers develop
their skills through instruction and feedback. Comparative
study (Doroudi et al. 2016) has also been conducted on the

effectiveness of different training methods in crowdsourc-
ing, and it was shown that having workers validate the work
of their peers can potentially be even more helpful than hav-
ing workers review expert examples.

Goal setting is an important motivating strategy that
has been intensively studied in psychology. In theory, the
most effective goals are both specific and difficult with-
out being impossible (Locke and Latham 1990). In recent
years, goals have been heavily studied in various educational
or organizational settings to enhance learning and perfor-
mance (Schunk 1990; Ames and Archer 1988; Latham and
Brown 2006; Seijts et al. 2004; Clark et al. 2016). Different
types of goals have been proposed, including performance
goal, learning goal, and behavioral goal (Latham and Seijts
2016). It was found that students with learning goals (i.e.
goals with the aim to acquire knowledge) perform better
than students with specific performance goals in the end-
of-semester course evaluation (Latham and Brown 2006). In
addition, Clark et al. (2016) observed that workers with a
behavioral goal (i.e., goal to perform a specific action that
may lead to greater learning and performance) achieved bet-
ter performance compared to workers with a performance
goal. Other studies also showed that the effects of goals may
vary with who sets the goal (Erez, Earley, and Hulin 1985;
Latham, Erez, and Locke 1988). In understanding the un-
derlying motivational processes of individuals, researchers
have also 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
the individuals with different types of goal orientation also
respond to various types of goals differently (Seijts et al.
2004; Button, Mathieu, and Zajac 1996).

In crowdsourcing settings, the effects of goals have
only been examined in the context of motivating workers
to complete more tasks (Kobren et al. 2015) or implic-
itly incentivizing high-quality work from workers through
performance-contingent financial incentives (Yin, Chen, and
Sun 2014). 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.

Study Design

To understand the effects of setting goals in the train-
ing stage of complex crowdsourcing tasks, we designed
and conducted an experiment on Amazon Mechanical Turk
(MTurk). Before running the experiment, we pre-registered
our research questions, study design, and analysis methods1,
and we informally state our main research questions here:

• Q1: How does setting different goals affect workers’
learning perceptions during training?

• Q2: How does setting different goals affect workers’
learning gain during training and performance on tasks
after training?

From the requester’s point of view, understanding the ef-
fects of goals on learning outcome and post-training perfor-

1See https://aspredicted.org/u2pz7.pdf.
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Figure 1: An example of the nutrition task.

mance (i.e., Q2) provides direct implications for how to de-
sign effective goals in their crowdsourcing tasks. We also in-
cluded examination of the effects of goals on workers’ learn-
ing perceptions (i.e., Q1) as learning perceptions may reflect
worker satisfaction, which can potentially further influence
the amount of effort workers put into the tasks and worker
retention. In addition, we also pre-registered our intent to
conduct exploratory analysis to examine when and why dif-
ferent goals work or do not work in influencing workers’
learning and performance.

Experimental Tasks

In this experiment, we used a task that asked workers to
identify nutritional components in meals. In particular, in
each task, a worker was given two photographs of meals
along with descriptions of the main ingredients in each
meal. The worker was then 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. Figure 1
shows an example of the nutrition task. Photographs used in
these tasks were taken from Burgermaster et al. (2017).

We chose this task for our experiment as it requires sub-
stantial nutritional knowledge, which is not a common skill
among laypeople. Indeed, the task of nutrition analysis has
been previously used as a complex task by a number of
crowdsourcing researchers to show how to facilitate learn-
ing (Burgermaster et al. 2017) and how to design workflows
to decompose complex tasks (Noronha et al. 2011).

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 ac-
tual 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, and through a pilot study we found no differ-
ences in difficulty for tasks in different pools.

Phase 1 Figure 2 displays the overall flow of phase 1. In
phase 1, a worker started by completing a session of 12
randomly-sampled nutrition tasks (3 tasks for each of the

4 nutritional components), which we refer to as the pre-test.
Upon completion of these tasks, we told workers their over-
all accuracy in these 12 tasks as well as their accuracy within
each nutritional component. Next, prior to taking the nutri-
tion 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 the “Experimental Treatments” subsection). The worker
was asked to keep this goal in mind throughout the lessons.

The worker was then required to go through 4 nutrition
lessons, each corresponding to one nutritional component.
The lesson for each nutritional component contained both
textual information and one short video teaching workers
what the component is and what foods are rich in it. At the
end of each lesson, there was a qualification question check-
ing whether the worker understood the information in the
lesson. The worker could take the 4 lessons in any order that
she wanted, but to proceed on to the next section, she had to
answer the qualification questions for all 4 lessons correctly.

After the nutrition lessons, the worker was given an option
of taking up to 10 practice tasks. The practice tasks 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. Similar to that in Clark
et al. (2016), workers were not required to take these prac-
tice tasks in our experiment, which allowed us to observe
how different goals may affect workers’ learning and per-
formance in the tasks through influencing their tendency to
adopt desirable behavior (e.g., take more practice tasks).

At the end of phase 1, the worker completed the follow-
ing steps. First, she took a questionnaire on her goal orienta-
tion. We adopted the scales from Button, Mathieu, and Za-
jac (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 moti-
vation towards learning new things). Second, she answered
two survey questions on a 5-point scale regarding her per-
ception 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?

Third, the worker completed another session of 12
randomly-sampled post-test nutrition tasks (again 3 tasks for
each nutritional component), reviewed her performance in
them, and evaluated whether she had achieved her goal (if
applicable). Finally, the worker reported basic demographic
information, including age, gender, geographical location,
and prior nutritional knowledge, through an exit survey.

Phases 2 and 3 Phase 2 was conducted two days after
phase 1 took place, and phase 3 happened 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 nutrition tasks that she had not seen before, again, with
3 tasks for each nutritional component. 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
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Figure 2: A diagram of sections that workers went through in phase 1 of our experiment.

her performance on real-world tasks, either shortly after the
training or a while after receiving the training.

Experimental Treatments

To examine the effects of goal setting, we varied whether
and how goals were set for workers before they took the nu-
trition lessons in phase 1. We considered a 2×3 design along
two factors: the initiator of the goal and the type of the goal.

More specifically, the initiator of the goal can be either the
worker herself or the requester. That is, when the initiator
of the goal was the worker, she was asked to set a goal for
herself before taking the nutrition lessons. However, when
the initiator of the goal was the requester, the worker was
given a goal that was pre-determined by us. In addition, 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
a worker received a performance goal from the requester,
the goal was to answer at least 10 out of 12 possible post-
test questions correctly. When a worker was asked to set
a performance goal herself, she could choose any integer
number between 0 and 12 of post-test tasks to aim to an-
swer correctly.

• Learning goal: This goal specifies the kind of knowledge
the worker aims to learn from the nutrition lessons. For
workers who were given a learning goal, the goal was
stated as “Learn and recognize the types of foods that are
high in carbohydrates, protein, fiber, and fat.” On the other
hand, workers who were asked to set a learning goal for
themselves used free-form language to create their own
goals in terms of the main concepts or ideas that they
wanted to learn from the nutrition lessons.

• Practice goal: This goal is an operationalization of the
“behavioral goal” and specifies the number of practice
tasks that the worker should complete after taking the nu-
trition lesson. When a practice goal was assigned by the
requester, the goal was to complete at least 9 out of 10
possible practice tasks. When a worker set a practice goal
for herself, she could choose any integer number of prac-
tice tasks between 0 and 10 to aim to complete.

As previous research suggests challenging goals are more
motivating (Locke and Latham 1990), we intentionally de-
signed the request-set goals to be difficult to achieve. In con-
trast, for goals that were set by workers, it was entirely up to
workers themselves to determine whether their goals were

easy or challenging. To remind workers of the goals that
were either assigned to them or set by themselves, through-
out the nutrition lessons, we displayed their goal at the top
of the webpages which contained the training material.

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 with the previous 6 treatments, in total, we
had 7 treatments in this experiment.

Other Experimental Control

Our experiment was implemented as a Human Intelligence
Task (HIT) and was open only to U.S. workers who had
completed at least 500 HITs on MTurk previously. For phase
1, each worker was randomly assigned to one of the 7 treat-
ments upon arrival and received a fixed payment of $2 after
they submitted the HIT. We then invited all workers who had
submitted the phase 1 HIT (and only these workers) back to
participate in phases 2 and 3, in which they received a fixed
payment of $0.752. Each worker was allowed to take the HIT
for each phase at most once.

Data

In total, 659 workers participated in our experiment in phase
1 3. Among these workers, 58.3% of them were female, and
their average age was 38.2. When asked to report their prior
nutritional knowledge level from 1 (“No prior knowledge re-
lating to nutrition”) to 5 (“A lot of prior knowledge”), work-
ers’ average reported level was 2.98. Across all workers, we
find that the mean and standard deviation for the number
of pre-test questions a worker correctly answered in phase
1 was 8.5 (i.e., 71% accuracy) and 1.6. About 11% of the
workers answered no more than 6 pre-test questions cor-
rectly, meaning their performance in the nutrition task prior
training was no better than random, which again confirmed
the difficult nature of this task for laypeople. We observed
no significant difference in demographics, prior knowledge
level, or the number of pre-test questions correctly answered
across workers of different treatments in phase 1.

In phase 1, on average, workers who were asked to set
their own performance goals aimed to answer at least 8.89

2The effective hourly wage of the phase 1 HIT was $8/hour, and
$15/hour for phase 2 and phase 3 HITs.

3We conducted a pilot study and used power analysis to deter-
mine the sample size. Based on an insignificant effect of goals on
learning gain, we found the sample size needed was at least 588
workers given a power of 0.9 and an alpha of 0.05.
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(a) Perceived helpfulness of the lessons (b) Perceived learning level in the lessons

Figure 3: 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.

out of 12 post-test questions correctly, and workers who
were asked to set their own practice goals aimed to complete
at least 4.3 out of 10 possible practice tasks. Workers who
were asked to set their own learning goals also set meaning-
ful learning goals such as “I want to learn more about fat
content in foods” and “I’d like to learn which foods likely
don’t have gluten but also have high fiber.” We also observed
no significant difference in the amount of time a worker
spent on the nutrition lessons or the number of times the
worker interacted with the training material, such as playing
videos in the lessons, across workers of different treatments.

Among all workers who participated in phase 1 of our ex-
periment, 581 workers took the phase 2 experiment and 558
workers took the phase 3 experiment. We observed no signif-
icant demographic or prior knowledge differences between
all workers who participated in our phase 1 HIT, and the
subset who came back to participate in our phase 2 HIT (or
phase 3 HIT). We also did not find any evidence suggesting
that the worker’s post-test performance in phase 1 changed
the worker’s likelihood of taking the phase 2 or phase 3 HIT.

Results

We first analyze the experimental data to understand, over-
all, how setting goals during the training stage of a complex
crowdsourcing task affects workers’ learning perception
(Q1), learning gain, and post-training performance (Q2).
Then, we conduct additional exploratory analyses to delve
deeper into understanding why and under which conditions
certain goals are effective/not effective.

Q1: The Impact on Learning Perception

We start by examining how setting goals affects workers’
learning perceptions in the training stage of complex crowd-
sourcing tasks. 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 3a and 3b show the compar-
ison on these two metrics, respectively. Visually, it seems
that setting different goals in the training stage for the nu-
trition task indeed has some impact on workers’ perceptions

of learning, and a learning goal seems to lead to the highest
level of learning perception. To validate our visual intuition,
we conducted statistical tests to examine whether the distri-
butions for workers’ learning perceptions in different treat-
ments are statistically the same. First, a one-way ANOVA
test across all 7 treatments suggests a marginally significant
difference in workers’ scores on the helpfulness of nutrition
lessons (p = 0.096) and workers’ perceived levels of learn-
ing (p = 0.075). Thus, setting different goals indeed affects
workers’ learning perceptions, though post-hoc Tukey HSD
tests suggest no significant differences on learning percep-
tions between any of the treatments with some goal and the
control treatment with no goal.

To further understand how the initiator and type of the
goal affect workers’ perceptions of learning, we conducted
a two-way ANOVA on the data obtained from all but the
control 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 learn-
ing (p = 0.036). Post-hoc Tukey HSD test results further
suggest that workers with a learning goal reported the nutri-
tion lessons as significantly more helpful than workers with
a performance goal (p = 0.037) or workers with a prac-
tice goal (p = 0.015), and they also perceived themselves as
having learned significantly more from the nutrition lessons
compared to workers with a practice goal (p = 0.028).

On the contrary, we found the initiator of the goal does not
have a significant effect on either metric of learning percep-
tion (p = 0.509 for the helpfulness question and p = 0.552
for the learning question). We did not detect any significant
interactions between the type of goals and the initiator of
goals on workers’ learning perceptions, either.

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

We now move on to understand whether setting goals can
effectively lead to different levels of learning during training
and different levels of performance on tasks after training.

To quantify how much a worker actually learned in the nu-
trition lessons, we define a worker’s learning gain as the dif-
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(a) Workers with high performance goal orientation (b) Workers with high learning goal orientation

Figure 4: 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.

ference 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 (p =
0.656). Similar as before, when we dropped the data from
the control treatment and conducted a two-way ANOVA test
on the other 6 treatments, we still found that neither the ini-
tiator of the goal nor the type of the goal has any significant
impact on how much the worker actually learned during the
training (p = 0.255 for goal initiator and p = 0.964 for goal
type), and there is no significant interaction effect either.

Next, we analyzed the experimental data that we col-
lected from phases 2 and 3 of our experiment to under-
stand whether setting different goals during the training
stage leads to significant differences in post-training per-
formance. We again conducted one-way ANOVA tests for
the performance data across all 7 treatments collected in
phase 2 and phase 3, separately. No significant difference
was found for workers’ accuracy in the nutrition tasks in
phase 2 (p = 0.787) or phase 3 (p = 0.713) across treat-
ments. We further conducted two-way ANOVA tests on all
but the control treatment to investigate the effects of goal ini-
tiator and goal type on post-training performance, and again,
no significant effects were detected (i.e., phase 2: goal type
p = 0.886, goal initiator p = 0.391; phase 3: goal type
p = 0.823 , goal initiator p = 0.159).

In other words, with respect to all the workers who took
our phase 1 HIT, setting different goals when training them
for the nutrition task does not lead to significantly different
learning outcomes or post-training task performance.

Exploratory Analysis

So far, we have learned that for our full population of work-
ers, setting different goals during the training stage of com-
plex crowdsourcing tasks affects workers’ learning percep-
tions, but has no obvious effect on the actual learning gain
during training or post-training performance on real-world
tasks. This is in contrast with the effects of goals observed in
traditional educational or organizational settings, which mo-

tivated us to look deeper into when and why various goals
may work or not work in the crowdsourcing context.

On the one hand, there is reason to believe that some goal
types may be more effective in influencing learning and per-
formance for certain subsets of workers. For example, pre-
vious research suggests that individuals 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 behavioral goal are de-
signed to motivate people through well-understood mech-
anisms (e.g., encourage the adoption of desirable behavior).
Since we did not see that setting behavioral goals for work-
ers leads to any significant improvement in learning gain or
performance, we seek to explore the reason why here.

We are therefore interested in, and have pre-registered our
intent to explore, 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
associate with higher levels of learning gain and post-
training performance?

The Role of Goal Orientation on the Effectiveness of
Goals We first explore how workers’ goal orientation
moderates the effects of goals. 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. Such classification
enabled us to look into the effects of different goals on the
subset of workers who have high performance goal orienta-
tion and the subset of workers who have high learning goal
orientation separately.

With respect to workers who are substantially motivated
to obtain high performance in tasks, Figure 4a displays
how setting different goals in the training stage affects their
learning gain. For them, we found no significant difference
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in learning gain across the 7 treatments through one-way
ANOVA (p = 0.156), and the two-way ANOVA test on data
from all but the control treatment indicates the effect of goal
type on learning gain is also not significant (p = 0.521).
This means that setting a performance goal for workers who
have high performance goal orientation does not lead to sig-
nificantly higher levels of learning gain compared to the
cases when no goal or other types of goals are set. Moreover,
we did not find any significant differences on post-training
performance across workers with high performance goal ori-
entation who were assigned to different treatments (one-way
ANOVA: p = 0.642 for phase 2 and p = 0.998 for phase 3).

On the other hand, Figure 4b shows the impact of goals on
learning gain when restricted to workers who are more moti-
vated to learn new things. Here, it seems that setting learning
goals for these workers with high learning goal orientation
consistently implies a relatively high level of learning out-
come. Results of a one-way ANOVA test also suggest that
there is a statistically significant difference in learning gain
across all 7 treatments (p = 0.004).

To further see how the type and initiator of the goal af-
fects learning gain for workers with high learning goal ori-
entation, we conducted a two-way ANOVA with all but the
control treatment, and results show that while the initiator
of the goal does not significantly affect the learning gain
(p = 0.851), the type of goal does (p = 0.049). In par-
ticular, post-hoc Tukey HSD tests revealed that for work-
ers who are highly motivated to learn new things, a learn-
ing goal leads to higher levels of learning gain compared
to a performance goal when the goal is set by the requester
(p = 0.025). We also detected a significant interaction ef-
fect between goal type and goal initiator on learning gain
(p = 0.002). As shown in Figure 4b, for workers highly ori-
ented for learning, giving them a performance goal results in
a worse learning outcome compared to a performance goal
set by the worker herself, while having the worker setting
a practice goal herself results in a worse learning outcome
than giving a practice goal to the worker. The higher levels
of learning gain brought up by learning goals, however, do
not translate into higher post-training performance—among
workers with high learning goal orientation, the phase 2 and
phase 3 performance across all 7 treatments is still statisti-
cally the same (one-way ANOVA: p = 0.881 for phase 2 and
p = 0.926 for phase 3), and the initiator or type of the goal
casts no significant impact on 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 perfor-
mance, while matching a learning goal to workers who are
highly oriented for learning improves the learning gain, but
does not affect the post-training performance.

Why Behavioral Goals Don’t Work? Among the three
types of goals that we have experimented with in this study,
the behavioral goal (which is operationalized as the practice
goal) seems to not only exhibit limited impact on workers’
learning gain or post-training performance, but also leads
to the lowest level of learning perceptions (see Figure 3).
Naturally, one may wonder why behavioral goals seem to be

Figure 5: The number of practice tasks completed by work-
ers across different treatments. The mean value for each
treatment is plotted, and error bars represent the standard
errors of the mean. The dashed line and red shaded area rep-
resent the mean value and the standard error of the mean of
completed practice tasks in the control treatment.

ineffective in complex crowdsourcing task training.
First, we note that when workers were asked to set a prac-

tice 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. Figure 5 shows
the number of practice tasks that workers of different treat-
ments actually completed, in which we observed a statisti-
cally significant difference (p < 0.001). 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). On the
other hand, we detected no significant difference at p < 0.05
level between the number of practice tasks completed by
workers who set their own practice goals and workers with
no goal or had performance or learning goals.

To fully understand the effectiveness of behavioral goals,
we next ask whether completing more practice tasks actually
associates with higher learning gain and better post-training
performance for workers. Since most of the workers com-
pleted either 0 or 10 practice tasks, we split workers into two
groups—the group who completed at least 5 practice tasks,
and the group who completed fewer than 5 practice tasks.
Conducting two-sample t-tests between these two groups of
workers, 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 considering that we did not see that work-
ers who were given a practice goal—who indeed completed
more practice tasks—obtained significantly higher levels of
learning gain or post-training performance.

An in-depth analysis of the data suggests one possible ex-
planation for why we see this discrepancy—while workers
who were given a challenging practice goal indeed com-
pleted 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 con-
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ditions experienced. For example, when considering only
those workers who completed all 10 practice tasks in each
treatment, workers who were given a practice goal achieved
an average learning gain of 1.01, and answered 8.85 and
9.10 questions correctly in phase 2 and phase 3, respectively.
In contrast, workers whose goal was not a practice goal or
did not have any goal, on average, achieved a higher level
of learning gain (i.e., 1.22), and completed more tasks cor-
rectly in phases 2 and 3 (i.e., 9.34 correct answers for phase
2 and 9.35 correct answers for phase 3)4. As in Figure 3, we
observed workers who are given a practice goal seem to have
the lowest level of perception of learning. 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.

Conclusions and Discussions

In this paper, we investigate the effects of goal setting on
training crowd workers to complete complex tasks. Over-
all, we find that setting different goals 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 workers with
a high learning goal orientation have a significantly larger
learning gain when they have a learning goal than other goal
types. Additionally, we find that workers given a practice
goal completed significantly more practice tasks than work-
ers in other conditions, though they did not see the same
amount of increase in learning gain and post-test perfor-
mance by completing more practice tasks as the workers in
other conditions who completed more practice tasks of their
own volition did.

We now reflect on potential reasons for the discrepancies
between our results and those from traditional goal setting
studies, the takeaways from our results that can best inspire
future crowdsourcing design for complex tasks, and the lim-
itations of our study.

Differences Between Crowdsourcing and Typical Goal
Setting Environments. Compared to experimental results
obtained in goal setting literature in psychology, while we
did get some consistent results when applying goal setting
to complex crowdsourcing task training (e.g., the effects
of goals vary between workers with different types of goal
orientation), there are many notable discrepancies. Unlike
in previous literature, we did not find support that setting
different goals leads to any significant difference in post-
training performance, and we found minimal evidence that
goal setting had a impact on learning gain. We now address
the differences between the crowdsourcing environment and

4Note that for those workers who were asked to set a practice
goal for themselves and chose to complete all 10 tasks, we did
not see the increase in learning gain or post-training performance
lessened—their average learning gain is 1.35, and the average num-
ber of correctly answered questions in phases 2 and 3 are 9.15 and
9.36, respectively.

traditional goal setting environments in order to conjecture
about what might have caused us to see different results.

Much of the previous goal setting studies have taken place
in the context of a classroom or workplace. This not only
provides a relatively long time-frame for goals to be im-
pacting learning and performance, but it is an in-person en-
vironment where students and teachers (or employees and
managers) are able to interact with one another, and stu-
dents/employees are held accountable for their work. In
contrast, online microtask crowdsourcing environments typ-
ically lack these characteristics. The anonymity between
workers and requesters and the ability to switch to a different
task makes it less appealing for workers to make any unnec-
essary commitments. Even if workers are willing to commit
to a goal, many crowdsourcing tasks may supply too short a
time-frame for goals to take effect.

Another critical difference between traditional goal set-
ting environments and ours is that in the former case, both
the subject of the goal (e.g., learning specific knowledge)
and the final performance outcome (e.g., final grade) are of
real importance to those who set the goals. As such, people
are incentivized to take their goals seriously. This is not nec-
essarily true for workers in our study—we intentionally set
the financial payments received to be independent of their
performance so as to examine the motivating power of goals
alone, especially since goal setting theory warns against the
use of incentives that may distract from the goal (Locke
1996). Without an external incentive, such as increased pay-
ment or the promise of additional work, some workers may
not have had the motivation to commit to their goal.

Practical Implications for Setting Goals When Train-
ing Crowd Workers. One of the lessons that we learned
through this study is that when training workers for com-
plex crowdsourcing tasks, simply recruiting a random set of
workers and setting some goal for them may not be effective.
Instead, the right type of goal needs to be set for the right
kind of workers in the right way. For instance, the obser-
vations that workers with different types of goal orientation
respond to various goals differently suggest the potential for
personalizing goals for workers with different characteris-
tics. Additional studies should be done to further explore
ways to personalize goals for workers in order to see greater
benefits when training for complex tasks.

Another lesson is the need to improve the design of behav-
ioral 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. One possible way is to commu-
nicate the benefits of the desired behavior more explicitly.
Take the goal of completing more practice tasks as an ex-
ample. If the potential benefits of practice tasks can be bet-
ter communicated to workers, then those who set their own
practice goal may be willing to set a more challenging goal,
and those who are given a practice goal may put greater ef-
fort into using the practice tasks to help improve their knowl-
edge. In that case, we might be able to find the behavioral
goal to be effective in influencing learning and performance.
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Our work shows that behavioral goals increase adoption of
desired behavior, and future work should be done to discover
how to make workers see the merit of this desired behavior.

Limitations and Future Work. Our study was conducted
on a single task which may be representative of tasks where
substantial domain knowledge is needed to perform the task
well. However, other types of complex tasks exist, such as
tasks that require sophisticated problem-solving strategy and
creativity. We also only consider one type of training method
within our one-week study. Caution should be used when
generalizing our results to other types of complex tasks,
training methods or settings over a long-term period, and ad-
ditional research is needed to obtain a more comprehensive
understanding of the effects of goals in training workers.

A direction of future work is to explore the design space
of goals and examine their effectiveness along other key de-
sign dimensions, such as the connection between goal at-
tainment with different incentives. Since external incentive
is one of the discrepancies between our study and traditional
goal setting studies, we believe associating incentives that
directly benefit crowd workers with the attainment of goals
would be promising in improving the effects of goals. Ex-
ploring the use of goal setting on different online crowd-
sourcing platforms that have different inherent incentives
(e.g., citizen science platforms) is an additional direction to
pursue.
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