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Recent and emerging technology permits psychologists today to recruit and test participants in more
ways than ever before. But to what extent can behavioral scientists trust these varied methods to yield
reasonably equivalent results? Here, we took a behavioral, face-to-face task and converted it to an online
test. We compared the online responses of participants recruited via Amazon’s Mechanical Turk (MTurk)
and via social media postings on Twitter, Facebook, and Reddit. We also recruited a standard sample of
students on a college campus and tested them in person, not via computer interface. The demographics of
the three samples differed, with MTurk participants being significantly more socio-economically and eth-
nically diverse, yet the test results across the three samples were almost indistinguishable. We conclude
that for some behavioral tests, online recruitment and testing can be a valid—and sometimes even supe-
rior—partner to in-person data collection.

� 2013 Elsevier Ltd. All rights reserved.
1. Introduction

The most common participants in behavioral, psychological re-
search are American college students. This group has the benefit of
convenience, but many scholars argue—understandably and
rightly—for much more diverse sampling (Henrich, Heine, &
Norenzayan, 2010; Henry, 2008; Sears, 1986). Thanks to the
Internet and the proliferation of Internet-enabled devices in the
hands of people from many walks of life worldwide, researchers
are now tapping into a more diverse population than ever before.
Recruiting over social networks, through online message boards,
and using targeted email lists (to name just a few possibilities)
has brought an unprecedented variety of participants in touch with
researchers’ online surveys and tests.

The benefits of diversity and spread acknowledged, there have
been growing pains associated with increased use of Internet-
based methods of recruitment and testing, and many behavioral
scientists have yet to take advantage of online participants. Con-
cerns have taken several forms, but they primarily have involved
uncertainty over whether these methods yield trustworthy and
equivalent results compared to more traditional methods. For
instance, one early apprehension was that Internet participants
were more depressed or maladjusted than traditional samples
(Kraut, Patterson, Lundmark, Kiesler, Mukophadhyay, & Scherlis,
1998)—a misconception thoroughly refuted by Gosling, Vazire,
Srivastava, and John (2004). Others have wondered whether tech-
nology-sourced participants might be less invested or motivated
than traditional ones, or whether the anonymity provided by Inter-
net participation negatively affects responding. Reassuringly, little
evidence has turned up in support of these worries, either. Internet
participants appear to be no less motivated than their traditional
peers (Gosling et al., 2004); widespread methods such as ‘‘instruc-
tional manipulation checks’’1 (e.g., Oppenheimer, Meyvis, &
Davidenko, 2009) successfully ensure that participants are paying
attention while completing online surveys and tests; and if anything,
the cloak of Internet anonymity appears to be more of a benefit than
a detriment in many online surveys (Joinson, 1999; Joinson,
Woodley, & Reips, 2007; Simsek & Viega, 2001). The conclusion
seems to be that with sensible safeguards and manipulation checks
in place, online participation is no greater a concern to data integrity
than the other biases and demand characteristics researchers guard
against in more standard methods of data collection. Online distribu-
tion of surveys today is popular and increasingly trusted (Davidov &
Depner, 2011; Smyth & Pearson, 2011; Tuten, Urban, & Bosnjak,
2002).

Beyond traditional message boards and email, there is a new
and fast-growing method of Internet recruitment available
today—marketplace crowdsourcing, primarily done through
nnaire or
tions’’ or
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2 The theoretical particulars and predictions of the task itself are not central to the
present paper’s aims and therefore are described only in broad terms here; for a
complete description, see Casler, Hackett, & Bickel, 2013, or contact the first author
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Amazon’s Mechanical Turk (MTurk) program. This means of
recruitment has been less studied than other online methods
involved in the studies referred to above. MTurk is an Internet mar-
ketplace where employers post ‘‘Human Intelligence Tasks’’ (HITs)
for paid workers to complete, with typical HITs consisting of small
tasks such as comparing product images, transcribing podcasts,
copying business card text into a database, or responding to online
questions. The marketplace principally was designed for employers
(‘‘requesters’’) to hire workers to do simple jobs that are better sui-
ted to human than computer-based labor. Of late, scholars also
have found it to be a fruitful forum for recruiting participants to
complete computer-based tasks.

From the standpoint of diversity, MTurk respondents are much
more demographically varied than participants recruited through
traditional methods and slightly more diverse even than other
Internet samples, with workers residing in dozens of countries
worldwide (Berinsky, Huber, & Lenz, 2012; Buhrmester, Kwang, &
Gosling, 2011). Paolacci, Chandler, and Ipeirotis (2010) found that
American and Indian workers comprise a majority of MTurk work-
ers, and that approximately 65% of U.S. based workers are female,
which is consistent with demographics of other Internet samples.
They also found the average age of workers to be 36 years, slightly
younger than the U.S. population and the population of Internet
users but significantly higher than standard college samples com-
monly used in psychology testing. Approximately 14% of U.S. based
workers reported MTurk as their primary source of income and 61%
reported that earning extra money was an important motivating
factor in their participation (Paolacci et al., 2010). Interestingly,
lower rates of pay have been shown to make it somewhat more dif-
ficult for requesters to recruit participants, but the data quality has
remained unaffected (Buhrmester et al., 2011).

Diversity noted, the big question is whether MTurk-sourced
data are reliable: can a largely financially motivated, online, world-
wide sample provide trustworthy results for the academic re-
searcher? Preliminary data have been promising. For instance,
researchers found no differences in results of a prisoner’s dilemma
task, a priming task, and a framing effects task whether they were
completed online by MTurk workers or on a computer by students
in a laboratory (Horton, Rand, & Zeckhauser, 2011). MTurk also has
been used in studies examining the effects of pay rate on the qual-
ity and quantity of output data (Mason & Watts, 2009), gender dif-
ferences in risk taking (Eriksson & Simpson, 2010), body size and
satisfaction (Gardner, Brown, & Boice, 2012), and human coopera-
tion over networks (Suri & Watts, 2011), all with outcomes consis-
tent with those obtained via standard recruitment.

These reports are uniformly positive. What is more, recent pa-
pers are available that include ‘‘how to’’ information for research-
ers who wish to try out MTurk labor (see, for example, Mason &
Suri, 2012). However, there is a significant limitation in the litera-
ture that has kept many behavioral scientists from capitalizing on
this source of participants: In comparing to ‘‘typical’’ samples (i.e.,
college undergraduates), researchers thus far have pitted MTurk
participants against participants who likewise complete a task on
a computer in the lab. This procedure importantly minimizes differ-
ences in testing across recruitment conditions (i.e., all participants
complete identical computerized tasks, with the only difference
being whether they are college recruits in a laboratory room or on-
line recruits at home), but it also means that the type of face-to-
face, behavioral methods so central to experimental psychology
have been excluded from comparisons thus far. To our knowledge,
researchers have not attempted to compare behavioral, face-to-
face types of methods with versions adapted for MTurk’s wide-
spread, online reach. We put forward the following project as a
small, first comparison of this sort.

In the investigation described here, we took an in-person task
and customized it for online participation. We compared three
recruitment and testing conditions: traditional college undergrad-
uates completing the behavioral task one-on-one with an experi-
menter in a university lab test room, adults recruited via social
media postings and participating at their leisure online, and adults
crowd-sourced via MTurk and also participating online. The task
was an object selection and categorization task originally designed
to see how adults learn about the functions of tools, although the
theoretical particulars of the task itself are largely irrelevant to
the current question of interest. We wondered how adults
completing the task on a computer would compare to adults
completing the task at a table with a human experimenter.
2. Materials and methods

2.1. Participants

2.1.1. Eighty-six participants were recruited in total
2.1.1.1. Traditional undergraduate recruits. Twenty-four traditional
undergraduate students participated in the in-person, lab-based
condition. They were recruited via word-of-mouth on a college
campus. The sample was 58% female, ranged in age from 18 to
23 (mean age = 20.5; SD = 1 year), and reported the following
ethnic make-up: White = 67%, Asian = 12.5%, Hispanic = 4%,
Black = 12.5%, Other or did not report = 4%. These participants
received $5USD at the conclusion of their lab visit.

2.1.1.2. Social media recruits. Thirty adults were obtained via social
media postings on Facebook, Reddit, Twitter, and StumbleUpon.
This sample was 83% female, ranged in age from 19 to 73 (mean
age = 26; SD = 14 years), and reported the following ethnic make-
up: White = 93%, Asian = 3.5%, Hispanic = 3.5%.

2.1.1.3. Amazon MTurk recruits. Thirty-two adults were recruited
with a HIT posted on MTurk. They were 35% female, ranged in
age from 18 to 60 (mean age = 33; SD = 11 years), and reported
the following ethnic diversity: White = 37.5%, Asian = 40.5%, His-
panic = 6%, Black = 6%, Other or did not report = 10%. These partic-
ipants received $0.50USD in their Amazon.com account for
successfully completing the HIT, a high rate of pay compared to
similar tasks on MTurk.

2.2. Procedure

In-person testing took place in a comfortable test room in a uni-
versity psychology lab. Participants sat across from a female exper-
imenter at a small table. The experimenter presented four pairs of
simple tools, one at a time, to the participant. In each pair, one of
the tools was a familiar object, and it was always demonstrated
performing its standard function (e.g., a paintbrush, used for paint-
ing). The other tool was always a novel object that was highly sim-
ilar in overall shape and appearance to the known tool. The novel
tool was either named and demonstrated performing its action
(‘‘teaching’’ trials) or named but only described according to non-
functional features such as its color or place of manufacture
(‘‘non-teaching’’ trials). Regardless of condition, however, the par-
ticipant was asked to hold, try out, and handle every tool twice.
After learning about a pair of tools, participants were introduced
to a new, unrelated task and asked to choose which tool—the novel
or the known one—they needed to complete that goal. Both tools
could do the job equally well. This method was followed for three
additional tool pairs. Sessions lasted 10–12 min.2
.



Fig. 1. Mean percentage of the time participants chose the novel tool over the
known tool according to condition. Error bars depict the standard error of the mean.
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Internet recruits completed the task in their homes, places of
work, or elsewhere at their convenience. The online test was
hosted by Qualtrics.com, a highly equipped, web-based survey
and research software. Participants clicked a link that brought
them to an information page and online consent form. The
behavioral procedures were converted to online presentation by
video-recording the experimenter’s demonstrations and spoken
questions, editing the footage for clarity of presentation, and add-
ing subtitles where necessary. After consenting, participants
viewed the first pair of tool videos (one novel, one known); the vid-
eos used identical language and pacing as the in-person methods.
Although participants could not physically handle and try out the
tools, the demonstrations were repeated three times in the video
(to mirror the single demonstration plus two attempts made by
undergraduates in the in-person condition), using close-up shots
clearly depicting the handling and features of the objects. A third
video then introduced the unrelated task, and participants were
asked the test question audibly as a voice-over in the video. Partic-
ipants indicated their tool selection by clicking a radio button be-
side a photograph of their tool choice. This method was followed
for all four tool pairs. The online session required a similar amount
of time to complete as an in-person one.

To ensure that online participants were capable of completing
the task adequately and were taking their involvement seriously,
we included two manipulation safeguards. First, after each video,
we provided a small text box for them to reply to this prompt:
‘‘Name one thing you learned about a [tool name] from the video’’.
We did this to be sure participants (a) had paid attention to the vi-
deo, (b) had their Internet device’s sound turned on, and (c) under-
stood English sufficiently such that they could follow the very
simple narration and requests (we did not expect or require perfect
English, nor did we expect responses to be more than a few words).
Second, we controlled the deployment of test questions such that
participants could not move on from a video to the next video or task
until the length of the current video’s time had elapsed. This helped
ensure that online participants were not skipping past videos or
watching them only in part before responding to the test questions.
3. Results

Our goal was to explore to what extent traditional, in-person,
behavioral testing with undergraduate students in the lab—long
the backbone of experimental psychology—could be successfully
brought to today’s online platform. We compared behavioral test-
ing with crowd-sourced labor as well as with online recruitment
using social media.

The expected behavioral outcome was that adults would prefer
the novel object significantly more often than predicted by chance
on non-teaching trials, but that they would select at chance when
picking between the novel versus the known tool on teaching trials
(readers are encouraged to refer to Casler et al., 2013, for theoret-
ical discussion). This pattern was indeed obtained with the behav-
ioral, in-person sample (see Fig. 1). More central to the current
question, however, a one-way ANOVA found no differences across
the three recruitment/testing conditions in terms of how often par-
ticipants chose the novel tool on non-teaching trials, F(2,79) = .606,
n.s., or on teaching trials, F(2,78) = .538, n.s. (see Fig. 1). Averaged
across the three conditions, participants preferred the novel tool
in non-teaching trials significantly greater than would be predicted
by chance, M = 72.5%, SD = 36%, t(1,81) = 5.64, p < .0001, d = .63. In
contrast, participants showed no preference for the novel tool in
teaching trials, choosing it equally to the familiar tool, M = 49.3%,
SD = 32%).

Differences were found in measures of diversity, however. First,
the recruitment groups varied in their degree of self-identified
ethnic diversity, v2 (10, N = 86) = 26.57, p < .01. Within the MTurk
sample, only 37.5% of respondents identified themselves as non-
Hispanic Caucasian, as compared to 67% of traditional participants
and 93% of social media recruits. Similarly, the groups varied sig-
nificantly in terms of economic status. We did not collect average
family income data from the in-person undergraduate participants,
but the mean family income level for the social media recruits was
in the $125,000–$150,000 range and the mean for the MTurk par-
ticipants was significantly lower, in the $25,000–$50,000 range,
t(60) = �6.188, p < .0001, d = 1.56. The groups also differed in dis-
tribution of males and females, v2 (2, N = 86) = 15.25, p < .0001,
with the MTurk sample containing the most males (65%), the social
media sample containing the fewest males (17%), and the tradi-
tional undergraduate students in the middle (42% male). Finally,
the three samples differed significantly in age distribution,
F(2,83) = 8.73, p < .0001, g2 = .174. Independent samples t-tests re-
vealed that social media (M = 26 years, SD = 14) and MTurk
(M = 33 years, SD = 11) samples were similar to one another in
age distribution, t(60) = �1.96, n.s. However, both online groups
were significantly older than the traditional undergraduate partic-
ipants (M = 20.5 years, SD = 1): social media, t(52) = 2.00, p = .05,
d = .59; MTurk, t(54) = 5.28, p < .0001, d = 1.49.
4. Discussion

This was a simple study but one with an important suite of mes-
sages: (a) crowd-sourced participants can provide high quality
data; (b) they bring a highly desirable degree of diversity to the re-
searcher’s table; and, most importantly (c) they and other online
recruited participants can successfully complete certain behav-
ioral-type tasks traditionally thought of as requiring in-person
testing. Given recent urgings for behavioral researchers to reduce
reliance on ‘‘WEIRD’’ participants (Western, Educated, Industrial-
ized, Rich, and Democratic)—who may well be less representative
of the general population than has previously been supposed
(Henrich et al., 2010)—this is very good news. Certainly there are
many instances where dialogue, contingent responding, and face-
to-face interaction between researcher and participant are key.
However, Mturk recruitment and online testing is an excellent op-
tion when those requirements are absent, and we encourage our col-
leagues who typically conduct in-person testing to consider adding
it to their toolkit. We argue that with some creativity and care,
behavioral tasks can successfully be adapted to the screen. The re-
sults of the current study—the first comparison of its kind that we
know of—indicated no downsides to such presentation; the choice
patterns were identical for online and face-to-face test takers.
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What makes this finding especially exciting is that the MTurk
participants were very favorably diverse. Corroborating previous
reports (Buhrmester et al., 2011; Paolacci et al., 2010), this sample
represented a greater range of ages and a significantly higher mean
age than usually provided by university pools of Introduction to
Psychology students. Likewise, they came from a widespread geo-
graphic range and represented a much more varied distribution of
ethnic and economic backgrounds than is typically seen in aca-
demic research. Indeed, the MTurk participants in this study were
significantly more diverse even than the other group of online
respondents recruited via social media.

We consider it a powerful thought that researchers do not al-
ways need to travel long and far conducting special cross cultural
research in order to confirm findings across groups of participants.
We heartily support cross-cultural work, and especially that which
is theoretically motivated based on documented cultural differ-
ences. However, we also find the idea refreshing that when no such
differences are predicted, experimenters do not need to treat peo-
ple groups as ‘‘conditions’’ or ‘‘independent samples’’ but instead
can simply tap into a wide pool of diverse people from the start.
In the research described here, for instance, we can conclude with
some confidence that the cognitive biases under investigation are
likely common to the human mind, not just to primarily white,
middle class, well-off, young college students in the United States.

We note that where the current MTurk sample fell short in
diversity was in gender distribution; the in-person sample, with
a 42–58% male-female split, was more balanced than the MTurk
sample at 65% male. However, we note that although the MTurk
sample was weighted toward males, other studies of MTurk have
reported slightly higher female response rates (Buhrmester et al.,
2011; Paolacci et al., 2010), mitigating concerns that this method
simply yields male-dominated samples across the board.

Beyond diversity, there is a benefit to MTurk recruiting that
does not come across in the data but instead is embedded in the
methodology itself. Traditional in-person, lab-based testing is a
time consuming process, and one which requires great care on
the part of researchers to maintain consistency in deployment
across participants and time. In the current study, we spent several
weeks recruiting, scheduling, and testing each lab-based partici-
pant individually, sometimes waiting fruitlessly for ‘‘no-show’’
participants, and maintaining stimuli due to wear and tear. In con-
trast, we spent a few days carefully preparing the videos, setting up
the online test, trying it out, and establishing an MTurk account,
but once the HIT went live, all participant slots were completed
in under an hour. Social media recruitment also was faster than
in-person testing, but it spanned several days and was not as
immediate as the MTurk response. Scaling up sample sizes is often
daunting with behavioral tasks, but this issue is decreased with so-
cial media recruiting, and it nearly disappears altogether with
crowd-sourced labor. What is more, the pay rate of $0.50USD on
MTurk was a desirable, competitive wage, yet it cost just 10% of
our payment to in-person participants in the lab ($5USD). The sav-
ings of both time and money have potential to be substantial.

On the other hand, there are costs to consider using crowd-
sourced labor. With any online participation, responses must be
screened carefully for ‘‘red flags’’ of incompetence or non-invest-
ment (Oppenheimer et al., 2009). After all, one of the benefits of
seeing one’s participants in person is having confidence that they
are motivated, cognitively capable, and paying attention. Fortu-
nately, with thoughtful and creative manipulation checks in place,
researchers usually can discard online participants who have not
taken the task seriously or who had insufficient skills to complete
it correctly. MTurk also allows posters to restrict access to their
HITs only to workers who meet certain requirements, such as hav-
ing a certain approval rating based on previous adequate comple-
tion of HITs or affirming that they speak a certain level of English.
The ratings aspect is a particular benefit of MTurk compared to
recruiting via social media or other more traditional online venues.
Due to anonymity, many online test or survey takers have no
reason—outside of their own curiosity in the subject matter or per-
sonal ethics—to take their participation seriously. It is not uncom-
mon for researchers to find that participants have raced through
questions, skipped portions of the task, or filled text boxes with a
few meaningless keystrokes. In contrast, MTurk workers retain
the benefit of anonymity, but slack performance has the potential
to reduce their approval ratings, which can carry a penalty of
restricting future access to higher quality and better paying HITs.
This serves as an incentive for MTurk participants to take the time
to complete HITs adequately. We encourage readers to consult Ma-
son and Suri (2012) for more specific description of techniques and
suggestions for conducting research with crowd-sourced subjects.

In summary, we see few disadvantages to using crowd-sourced
labor to expand the stretch of one’s behavioral research. Many
tasks can be deployed online as easily as with traditional testing
at the researcher’s home university or community. Naturally, care
and inventiveness may be required to transfer tasks to a successful
online format, and it is also the case that future research will need
to involve different types of behavioral tasks and use other sources
of online samples. However, the current investigation suggests that
the potential for savings of both time and money can be consider-
able, and the resulting benefits of diversity speak for themselves.
Although the diversity distribution with MTurk is still not perfect
(for instance, unless multiple language versions are created, all
participants still must speak English), it is nonetheless superior
to the samples commonly utilized in face-to-face studies.

However, we hasten to add that we do not advocate abandoning
traditional testing in the lab—far from it. We leave readers with the
suggestion that a face-to-face, in-person sample is a critical com-
panion group to include whenever one is adapting a behavioral
task for online completion. If differences should emerge between
online and in-person test takers, this attention-grabbing outcome
alerts researchers to look more closely at their methods and inves-
tigate whether aspects of the mode of presentation or differences
in the participants themselves are driving the unequal responding.
In this way, scholars can build toward a more complete and
nuanced understanding of human behavior and cognition across
people and place.
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