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ABSTRACT

As an alternative to online labor markets, several platforms
recruit unpaid online volunteers to participate in behavioral
experiments that provide personalized feedback. These platforms rely on word-of-mouth sharing by previous participants
for recruitment of new participants. We analyzed the impact
of performance feedback provided at the end of an experiment on 81,131 participants’ sharing behavior. We show that
higher performing participants share significantly more. We
also show that self-verification has a moderating effect: people
who expected to do poorly are not affected by a high score, but
people who expected to do as well as others or better, are. In a
second experiment, we evaluate three distinct social comparison designs for the presentation of the results. As expected,
the design that most emphasized participants’ relative success
led to most sharing. Contrary to our expectations, people who
expected to do poorly benefited from the most optimistic social comparison more than participants who expected to do
better than others.
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INTRODUCTION

Volunteer-based online behavioral research platforms,
such as TestMyBrain.org [9], Project Implicit [1], or
LabintheWild.org [13], offer people feedback on their traits
and skills in return for participation in experiments. Unlike
conventional laboratory studies or those conducted on Amazon
Mechanical Turk, where participants are frequently motivated
by monetary compensation, volunteer-based platforms rely
on participants’ interest in receiving personalized results at
the end of each study. To provide participants with engaging
feedback, the personalized results are often presented using
social comparison (e.g., “You scored better than the average
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participant”). The original social comparison theory explains
how people compare themselves to others in order to evaluate
their own abilities and opinions, which assumes that people
have an inherent drive to gain accurate self-evaluation [8].
The feedback in online experiments is thought to motivate
participants to exert themselves; previous work has found
that participants provide reliable data and that experiments
conducted on volunteer-based experiment platforms can accurately replicate laboratory study results [13, 9]. In addition,
prior work found that this social comparison feedback is one
reason why people share their behavioral experiment results
on social networking sites such as twitter [13]. It therefore
plays a key role in the recruitment of participants.
Despite the vital role of social comparison feedback in
volunteer-based online experiments for data quality, motivating participation, and spreading the word, little is known
how to present this feedback most effectively. Previous work
demonstrates that social comparison interventions can increase
participant contribution in online communities, in which contribution is a direct result of participant’s effort [5, 12]. The
effort of newcomers to online communities seems to be particularly receptive to social learning [4]. The goal of online experiment designers is not solely to increase participant’s effort,
but rather to increase engagement with the experiment results.
Hence, social comparison may affect the way participants interpret them, ultimately influencing their sharing behavior. To
find out why people share their results, we conducted two studies in the context of the Social Intelligence Test (rebranded
Reading the Mind in the Eyes Test [3]). We implemented the
test on LabintheWild.org, a popular volunteer-based online
experiment platform. Participants taking this test have the
option to share the experiment by clicking on social media
buttons on the feedback page at the end of the test, which is
the measure we used to estimate share rates (see Figure 1b).
In our first study, we analyzed sharing behavior when participant scores were communicated with the global average
score as a reference point (see Figure 1b). We found that both
participants’ scores and the interaction between participants’
self-conceptions and their actual scores affected their probability of sharing. Our results show that most people who take
the test are attempting to make themselves feel good about
themselves by receiving a positive evaluation of their social
intelligence (a motivation that researchers have called “selfenhancement” [18]). The motivation for self-verification [17],
i.e., people’s desire to confirm their own judgements of their
social intelligence, plays a moderating role.

In our second study, we tested three different designs to communicate the results to participants. We used social downward
and upward comparison to emphasize that one’s performance
is better or worse than others, respectively. Both kinds of
comparisons can motivate people, but not in all circumstances:
For example, downward comparison can make people feel
better because it might elevate the self-regard [10]. On the
other hand, upward comparison may lead to the hope of selfimprovement in some cases, but may be discouraging in others [16, 6]. Consistent with the results from Study 1, we found
that more positive score communication led to more shares.
These findings further suggest that participants in the Social
Intelligence Test may be primarily driven by self-enhancement.
Surprisingly, in this study people who expected to do poorly
benefited from the most optimistic social comparison more
than participants who expected to do better than others.
STUDY 1: WHAT MOTIVATES PARTICIPANTS?

To identify which of the three self-evaluation motives plays
the greatest role, we studied how likely people were to share
their results given a particular score, and how this is affected
by their self-conceptions. The core assumption behind social
comparison theory is that people have an inherent drive to gain
an accurate self-evaluation [8]. The original theory explains
how people compare themselves to others in order to evaluate
their own abilities and opinions [8]. Subsequent research
identified three distinct possible motivations for engaging in
self-evaluation activities, such as completing skill or trait tests:
(1) The self-enhancement motive to improve the positivity
of one’s self-concept [18], (2) the self-assessment motive to
have an accurate and objective evaluation of the self [14], and
(3) the self-verification motive to verify one’s pre-existing
self-conceptions [17]. These three motivations result in three
distinct predictions about participants’ likelihood of sharing
their results depending on the feedback that they receive at the
end of a study:
Self-enhancement predicts that the higher the score a participant receives, the more likely they will be to share.
Self-assessment predicts that the score will have no impact
on the likelihood of sharing.
Self-verification predicts an interaction between the preexisting self-conceptions with respect to the social intelligence, and the actual score: People whose score confirms
pre-existing self-conceptions will be more likely to share
than those who receive a score that contradicts their selfconceptions.
Participants

Our participants in this study were 75,120 online volunteers
(aged 11–70, 42.7% male, 48.7% female, 2.3% other, the rest
declining to answer). No financial compensation was given.
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Figure 1: (a) During the test, participants choose emotions
the person in the photograph is expressing. (b) At the end of
the test, participants are presented with their own score, and
information other participants’ performed.
population and it has been demonstrated to be a strong predictor of success on team-based problem-solving tasks [19, 7].
This is why we decided that renaming it as a Social Intelligence Test was justified and better communicated its relevance
to the general population. During the test, participants were
presented with 36 images depicting the eyes of different people
and were asked to tell what emotion the person in the image
was expressing (see Figure 1a). The possible scores ranged
between 0 and 36.
Procedure

Participants arrived at the experiment site organically. Logs
indicate that approximately 30% arrived at the test from social
media sites or referrals. The landing page included test title, a
tag line (“Test how well you can read emotions of others just
by looking at their eyes”) and a brief explanation of the test.
Participants who clicked through were first presented with an
informed consent statement, followed by a brief demographics
questionnaire. The demographics questionnaire also included
a question on participants’ pre-existing self-conceptions with
respect to social intelligence, phrased as “Compared to your
family and friends, how good are you at reading people’s
emotions?”. Participants were asked to answer this question
on a 5-point Likert scale (1 = much worse, 5 = much better).
All demographics questions were optional. Completing the
actual test took 10 minutes on average. Before being presented
with their results, participants were asked if they cheated in
any way, experienced technical difficulties or had any other
comments. The results page then showed the participant’s
score, the average score over all participants as a reference
point, and background information on how to interpret the
score (see Figure 1b). The results page also included links for
sharing the test on social networking sites.
Design and Analysis

Task

Participants took the Reading the Mind in the Eyes test [3] (advertised as Social Intelligence Test) on LabintheWild.org [13],
a volunteer-based online experiment platform. The test was
originally developed in the context of autism research, but it
has also been used to measure theory of mind (the ability to
attribute cognitive and emotional states to others) in general

We conducted one analysis with 75,120 participants to analyze
the effect of the score on the probability that a participant
would share the test on a social networking site. We conducted
a follow-up analysis with a subset of 7,068 additional participants to look for an interaction effect between pre-existing
self-conceptions and the score. The self-conception question
was added several months after the experiment was launched
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Table 1: Logistic regression table for Study 1: The model
predicts the likelihood for a participant sharing the experiment.
eβ is the odds ratio, i.e., the odds of the variable having an
effect.
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Figure 2: Participants’ scores on the Social Intelligence Test
vs. share rates on social media. Error bars show standard
errors. (a) There is a significant main effect of score on the
probability that participants share. (b) There is a significant
interaction between score and self-conception. Scores were
binned for better visualization.
and answering that question was optional, which resulted in
fewer participants in the second analysis of this study.
The share rate was calculated using the mean of the binomial
variable share/not share across all participants per condition.
Score was modeled as a continuous variable and pre-existing
self-conception was treated as an ordinal variable with three
levels (worse than others, same as others, better than others).
To analyze the data, we used logistic regression (generalized
linear model with binomial distribution). For better interpretation, we also include results of pairwise correlation analyses.
Prior to the analysis, we excluded participants who reported
having taken the test before, having cheated, or having experienced technical difficulties. We also removed extreme outliers
with respect to the score, that is, participants whose score was
more than two standard deviations from the mean (i.e., participants with scores of 15 or lower). Self-conception responses
were bucketed in worse, equal and better than others.
Results

We observed a significant main effect of score on the likelihood
2
of participants sharing the test with their peers (χ1,N=75120
=
426.56, p < .0001), with participants receiving a higher score
being more likely to share (see Figure 2a and Table 1 for
complete results).
We also observed a significant interaction between score
2
and self-conception (χ2,N=7068
= 7.81, p < .05). People who
thought they were worse than others at reading emotions
were not any more likely to share if they received a high
2
score (χ2,N=1135
= 3.38, p = .18; r(19) = −.12, p = .62), but
people who thought they were better than others were significantly more likely to share the higher the score they re2
ceived (χ2,N=3620
= 40.21, p < .0001; r(19) = .91, p < .0001).
These results indicate that self-enhancement plays a major role
in participants’ motivation, and that this effect is strongest for
participants with high self-conception.

STUDY 2: EFFECT OF RESULT PRESENTATION

Results of the first study indicated that people taking the Social
Intelligence Test were primarily motivated by the desire to improve the positivity of their self-concept (the self-enhancement
motivation) with self-verification playing a smaller role. Given
that volunteer-based online experiments rely on participants’
sharing behavior (and thus, recruiting others), the goal of our
second study was to find out how those with lower scores
could be encouraged to share if their scores were presented
differently. The three designs were:
Upward Comparison “Your score is lower than XX% of all
participants.”
Downward Comparison “Your score is higher than YY% of
all participants.”
Downward/Equal Comparison “Your score is equal or
higher than ZZ% of all participants.”
The difference between how Downward and Downward/Equal
comparisons are perceived may be large, as one more point
may make up to 10% of participants. For example, the score of
25 is higher than 35% of all participants, but equal or higher
than 45% of all participants.
Given that our participants are primarily motivated by selfenhancement, we hypothesized that presenting the results in
the most positive light (the Downward/Equal Comparison)
would result in more sharing than either Upward Comparison
(negative framing of feedback) or Downward Comparison
(lower apparent magnitude of the participant’s achievement).
We additionally hypothesized an interaction effect between
self-conception and comparison presentation: while participants with a more positive self-conception would prefer Downward/Equal Comparison, participants with more negative selfconceptions would prefer Upward Comparison.
Participants

Participants were 6,011 online volunteers (aged 11–70, 45.7%
male, 45.3% female, 1.6% other, the rest declining to answer).
No financial compensation was given.
Experiment Design and Procedure

Task and procedure were the same as in Study 1 with the exception that for this study, we randomly assigned participants
to one of the three result presentation conditions. Hence, we
used a between-subjects design with one factor: presentation
of the results.
Analysis

As in Study 1, we used logistic regression to analyze the data
with presentation of the results and self-conception as the two
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Figure 3: (a) Share rates for Downward, Downward/Equal and
Upward comparison of 6,011 participants. Share rate is the
fraction of participants that shared their results with others.
(b) Share rates for Downward, Downward/Equal, and Upward,
for different self-conceptions.
independent variables. The share rate was calculated the same
way as in Study 1. In this study, we additionally controlled
for score by including it as a covariate. We used the same
exclusion criteria as in Study 1.
Results

We observed a significant main effect of the way the score was
communicated on the likelihood of participants sharing the test
2
= 14.00, p < .001). Post hoc pairwith their peers (χ2,N=6011
wise comparisons with Bonferroni correction showed that participants receiving Upward comparison (M=0.007) were significantly less likely to share than participants receiving Down2
ward Comparison (M=0.015, χ1,N=4324
= 6.60, p < .05) or
participants receiving Downward/Equal Comparison (M=0.02,
2
χ1,N=4397
= 14.22, p < .001). There was no significant difference between participants receiving Downward/Equal or
2
Downward Comparison (χ1,N=4407
= 1.44, p = .45).
We also observed a significant interaction effect between
self-conception and the way the score was communicated
2
(χ4,N=6011
= 9.63, p < .05). This effect was different from
what we expected: People who expected to do poorly benefited more from the most optimistic presentation of the results
than people who expected to do well.
DISCUSSION AND FUTURE WORK

In this work, we asked the question how to get people to
share more often their results on online behavioral experiment
platforms. To answer this question, we investigated whether
people on volunteer-based online experiment platforms are
driven by self-evaluation, self-enhancement or self-assessment.
To do this, we analyzed participants’ sharing behavior through
the lens of social comparison theory in the context of the
Social Intelligence Test. In Study 1, we observed a main effect
of a participant’s score on the probability that the participant
would share the test on a social networking site. We also found
an interaction effect between score and self-conception. These
findings suggest that people taking the Social Intelligence

Test are mostly driven by self-enhancement with some selfverification motives.
Given that volunteer-based online experiments rely on participants’ sharing behavior (and thus, recruiting others), we
conducted Study 2, in which we manipulated the presentation
of participants’ individual results. We found that the most positive social comparison condition resulted in the highest share
rates, but this time we did not observe the expected moderating effect of pre-existing self-conception: Surprisingly, people
with lower self-conception were more (rather than less) likely
to share in the most positive social comparison condition. In
contrast, the self-verification motive — partially supported
by the results of the first study — would have predicted that
lower self-conception might have led to higher sharing rates
in the case of more negative score presentation [17]. Finding
out why the self-conception had an opposite effect in our two
studies will be an interesting further research direction.
Overall, these results show that high-performers are more
likely to share their results, which could bias the participant
pool if, for example, an online social network mainly consisted of other high-performers (there is ample evidence of
homophily in social networks along many dimensions, including cognitive abilities [11]). Our results imply that we could
manipulate the presentation of the results not just to increase
the overall sharing rate, but also to reduce the difference in
sharing rates between high and low performers. By personalizing participant feedback for self-conception and participant
performance using social comparison, designers can significantly improve share rates and therefore might increase the
overall impact and quality of their online experiment. For example, the feedback for participants with a low self-conception
could emphasize the positivity of the results.
A limitation of our study is that we did not measure whether
participants believed that their ability to read the emotions of
others was a fixed trait or a skill that could be improved. Another limitation of our approach is that we did not measure the
actual reasons for sharing. Measuring and understanding the
role of the participant’s need for self-affirmation, i.e. the need
for projecting a certain image to others, might be a promising
direction, as self-affirmation has been shown to be an important motive for sharing information with others [2]. These
directions might affect the impact of social comparison [15]
and should be considered in future work.
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