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Abstract

Widely used in social science research, samples of participants obtained via Amazon’s Mechanical Turk (mTurk) tend to be
representative across many sociodemographic variables. However, to date, no research has investigated and reported the global
cognitive ability level (i.e., intelligence) of samples obtained via mTurk. The present study contributes to the literature by
investigating a previously well-validated, public domain measure of cognitive ability in a sample of American adults recruited
via mTurk. As part of a larger cross-sectional, survey-based study, four hundred thirty-four (434) Americans (M age = 37.86;
35.7% men) completed a demographic questionnaire and the 16-item International Cognitive Ability Resource, Sample Test
(ICAR-16). Results revealed a normal distribution of ICAR-16 scores across the current sample. Additionally, total scores were
positively correlated with participants’ level of education, income, and self-estimated intelligence, but did not significantly
correlate with participant age. No gender differences were identified on ICAR-16 total scores. Finally, ICAR-16 scores did not
significantly differ from normative data derived from its validation study. These results suggested that American mTurk samples
may be representative of the broader population in terms of global cognitive ability, and that the ICAR-16 is likely a reasonable,

psychometrically sound, and inexpensive measure of global cognitive ability appropriate for use in mTurk samples.

Keywords mTurk - Cognitive ability - ICAR-16 - Psychometric intelligence

As the internet has ushered in new ways for humans to
communicate in the twenty-first century, so has it provid-
ed novel data collection methods for behavioral and psy-
chological scientists. Using internet samples has frequent-
ly been found to be more efficient and economical than
in-person lab samples (Gosling et al. 2004), especially for
survey-based studies. One method for data collection,
crowdsourcing, or the use of large numbers of people to
accomplish a task over the internet, has been steadily
gaining popularity across many disciplines. However, as
crowdsourcing methods increase in popularity, assessing
internal and external validity characteristics of data col-
lected through these methods remains important to ensure

P4 Zachary C. Merz
zachary merz@med.unc.edu

Department of Physical Medicine and Rehabilitation, University of
North Carolina at Chapel Hill, Chapel Hill, NC, USA

Department of Psychology, Saint Louis University, Saint Louis, MO,
USA

the generalizability of results. The current study sought to
expand on the knowledge regarding representativeness
and generalizability of data collected via Amazon
Mechanical Turk (mTurk), a commonly utilized
crowdsourcing platform.

The mTurk platform was originally intended as a way for
companies, or “requesters” in mTurk parlance, to recruit users,
or “workers”, to complete “human intelligence tasks” (HITs)
that were thought to be too complex for computers. Examples
of HITs included transcribing spoken language recordings
(Marge et al. 2010) and evaluating Wikipedia article quality
(Kittur et al. 2008). The utility of this service was soon recog-
nized by social science researchers, who realized they could
create HITs in the form of surveys, questionnaires, or experi-
mental manipulations, post them to mTurk, and use the built-
in services to collect data.

Data obtained via mTurk have been shown to have several
advantages to other online collection methods as the system
integrates recruitment, data collection, and participant com-
pensation in one user-friendly system (Buhrmester et al.
2011), thereby making it more cost-effective and user-
friendly than traditional participant pools (Berinsky et al.
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2012). This approach allows researchers with limited funds to
conduct studies that may not have been affordable, or allows
them to access a larger number of participants than would be
otherwise impossible (Johnson and Borden 2012).

As interest in mTurk has grown among researchers, ques-
tions about the reliability and validity of procured data have
arisen. Multiple studies have examined characteristics of work-
er samples, with findings revealing high rates of internal con-
sistency, inter-rater reliability, and high test-retest reliability
(Berinsky et al. 2012; Buhrmester et al. 2011; Mason and Suri
2011; Mason and Watts 2009). Further examinations suggested
that mTurk, as well as other online labor markets, can protect
data quality from noise resulting from experimenter and “John
Henry” effects (i.e., the tendency for participants in a control
group to perceive themselves at a disadvantage and work harder
in order to overcome this perceived deficit) because workers
complete HITs in private (Horton et al. 2011).

To better assure that erroneous responses and invalid data
are reduced, mTurk requesters (i.e., researchers) can rate a
worker (i.e., participant) based on his or her satisfactory com-
pletion of a HIT. Requesters can exclude workers based on this
approval rating and studies have recommended a 95% approval
rating for ensuring quality data (Peer et al. 2014), while also
ensuring that each worker may only complete the task a single
time. A legitimate question is whether workers discuss studies
with each other, labeled “‘cross-talk”, due to the existence of
mTurk discussion forums. However, this appears infrequent as
only 26% of mTurk workers reported knowing another individ-
ual utilizing the platform, and only 13% reported seeing a dis-
cussion about study content in an online forum (Chandler et al.
2012). Readers are encouraged to review Mason and Suri
(2011) for recommendations on how to mitigate data quality
pitfalls on mTurk. Although more data would help solidify its
reputation, these studies suggest appropriate reliability and va-
lidity characteristics of data obtained from mTurk. However,
the question of whether data from mTurk is externally valid and
generalizable to a larger population remains.

It has been argued that journal editors and publishers consider
the importance of external validity as secondary to that of mea-
sures of internal validity, and convenience samples are therefore
often written off for having less than optimally generalizable
results (Landers and Behrend 2015). For example, the heteroge-
neity of most social science research participant pools, often
described as WEIRD (i.e., Western, educated, industrialized, rich,
and democratic), is a barrier to generalizing results to a larger
population that by and large would not be described that way
(Henrich et al. 2010a, b). Because mTurk is an online service and
available worldwide to anyone with an internet connection, it has
the potential for a more diverse worker pool than other types of
convenience samples. As recent use of mTurk in research has
accelerated, the question of whether the worker samples are rep-
resentative of populations of interest needs to be examined
(Harms and DeSimone 2015).
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Multiple studies have compared demographic information of
mTurk workers to the general public of the United States of
America (USA). Workers come predominantly from the USA
and India (Ipeirotis 2010, Eriksson and Simpson 2010), and
mTurk allows for the recruitment of workers from preselected
specific geographic locations. There is consensus that among
USA samples, workers are more ethnically, socio-economically
and geographically diverse than traditional laboratory partici-
pants, mainly because most lab samples are comprised of under-
graduate psychology students (Berinsky et al. 2012; Buhrmester
et al. 2011). American mTurk samples tend to be younger than
other internet-procured samples, but older than traditional
American college samples, and slightly more female than tradi-
tional (i.e., non-Internet based) samples (Buhrmester et al. 2011;
Paolacci et al. 2010; Ipeirotis 2010). Workers tend to be more
educated than the general public (Paolacci et al. 2010; Ipeirotis
2010, Ross et al. 2009). Despite the higher levels of education,
income distributions of USA workers are skewed to lower wages
than is representative of the USA population, which may indicate
some motivation for participation in mTurk, given that partici-
pants are paid for their time (Paolacci et al. 2010). MTurk
workers also show greater diversity of employment fields than
the general population, but are disproportionately dominated by
individuals in the tech industries, and have large numbers of
participants who described being under- or unemployed (Keith
and Harms 2016). Workers also tended to be single and childless
(Ipeirotis 2010). As such, the demographic characteristics of
mTurk workers support the argument that this population should
represent the general public more accurately than other data col-
lection pools, particularly university-based undergraduate sam-
ples (Burnham et al. 2018).

Additionally, researchers in the realm of psychology would
benefit from known comparisons between performance of
mTurk workers and other participants in psychological re-
search settings. Classic experiments from the fields of behav-
ioral economics and psycholinguistics have been successfully
replicated on mTurk, indicating that workers make decisions
similar to traditional laboratory samples (Horton et al. 2011;
Sprouse 2011; Suri and Watts 2011). Results from other sim-
ple behavioral tasks have also been compared to those from
in-person lab participants to show no significant differences
(Casler et al. 2013; Eriksson and Simpson 2010; Paolacci et al.
2010).

Despite several efforts to better understand common demo-
graphics of individuals completing research tasks on mTurk,
less research comparing mTurk workers to traditional partici-
pants has been performed in the area of cognitive abilities.
Using a technique called the Instructional Manipulation
Check (IMC; Oppenheimer et al. 2009), researchers have pro-
duced mixed results regarding attentiveness of mTurk sam-
ples. Hauser and Schwarz (2016) found that workers per-
formed better on the IMC and had a larger effect in responses
to text manipulation than student samples, but another study
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using the IMC found that workers performed more poorly
than a student sample, although the second study did not ex-
clude non-native English speakers or non-USA participants,
which may confound results (Goodman et al. 2013). Crump
et al. (2013) replicated a series of classic cognitive behavioral
tasks on mTurk. They found that workers performed statisti-
cally similarly to lab participants in the Stroop test, task-
switching, flanker task, and other measurements of response
time in relation to visual attention (Crump et al. 2013).

As the effort to utilize online and computer-based methods
of cognitive assessment increases, these psychological dimen-
sions will undoubtedly continue to be examined. However, as
it stands, many of these studies have focused on cognitive
domains of processing speed and attention and we are not
aware of any studies which have attempted to shed light on
the broad, collective intellectual abilities of mTurk workers.
While cognitive domains of processing speed and attention
may correlate with intellectual abilities (e.g., Ren et al.
2018), they remain distinct constructs deserving of individual
attention in psychological research (Sternberg 2019). It is im-
portant to examine the distribution of intellectual abilities
among mTurk workers as another indication of their represen-
tativeness of the general population. As such, the current study
sought to provide initial data surrounding broad intellectual
functioning within a large group of mTurk workers using a
well-validated, public domain measure of general cognitive
ability.

Consistent with previous research, we hypothesized that
while overall intelligence scores would not yield observable
gender differences (Halpern and LaMay 2000), differences
would emerge across individual subdomains, with more spa-
tial tasks favoring males (Halpern and Collaer 2005; Reilly
et al. 2017). We further hypothesized that scores would be
normally distributed across our obtained sample, commensu-
rate with normative data reported for the measure of interest,
and correlated with constructs known to covary with intelli-
gence, thus demonstrating continued support for the external
validity and generalizability of data obtained via this platform.

Method
Participants

Participants were recruited via Amazon mTurk’s online
crowdsourcing platform and participated as part of a larger
study. As described above, this method of obtaining psycho-
logical data has been shown to be more biopsychosocially
diverse compared to samples of university students, specifi-
cally in terms of age, gender, racial/ethnic identity, socioeco-
nomic status, and geographic representation (Buhrmester et al.
2011; Casler et al. 2013; Paolacci & Chandler 2014; Sprouse
2011). Further studies have concluded that data obtained via

mTurk procedures exhibited data quality often exceeding data
collected via traditional methods (Kees et al. 2017).

Participants were residents of the USA aged between 18
and 89 years. Stipulations were put in place within the mTurk
platform so that no worker could complete the study instru-
ment more than one time. Sample characteristics are outlined
in Table 1.

Measures

Demographic Questionnaire All participants completed a
questionnaire aimed at gathering common demographic infor-
mation used to examine the generalizability of the obtained
sample to the general population. Demographic information
included participant’s age, gender, years of completed educa-
tion, ethnic identity, approximate annual income, and residing
geographic region of the USA.

International Cognitive Ability Recourse (ICAR) The ICAR
(Condon and Revelle 2014) was created as a public-domain
assessment of cognitive abilities for use within clinical and
research pursuits. The original 60-item ICAR was composed
of questions designed to assess four distinct domains of cog-
nition: letter and number series (i.e., pattern recognition; 9
items), matrix reasoning (i.e., nonverbal abstract reasoning;

Table 1  Sample characteristics

Variable Mean (SD)
Age 37.86 (13.77)
Years of Education 15.62 (2.66)
Income (USD) 57,429 (44,767)

Gender % of sample
Male 35.7
Female 63.8
Other 0.5
Race/Ethnicity
Caucasian 75

Asian/Asian-American 8
Black/African-American 7
Hispanic or Latinx 6
Multiracial 3
Other 1
Geographic Region
Southeast 26
Midwest 24
Northeast 21
West 16
Southwest 13

SD = Standard Deviation; USD = United States Dollars
N=434
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11 items), verbal reasoning (i.e., general knowledge, vocabu-
lary, and logic; 16 items), and three-dimensional rotation (i.e.,
visuospatial/perceptual abilities; 24 items). The individual val-
idation sample for this measure included 96,958 individuals
across 199 countries; readers are referred to Condon and
Revelle (2014) for additional demographic information and
to Kirkegaard and Nordbjerg (2015) for information on its
cross-cultural validity and applications.

In its validation study, the ICAR exhibited excellent inter-
nal consistency (o= 0.93). Internal consistency scores for the
four intended subdomains include: letter and number series
(LN; ot =0.77); matrix reasoning (MR; o =0.68); verbal rea-
soning (VR; o« =0.76); and three-dimensional rotation (R3D;
o =0.93). Results of initial exploratory factor analyses (EFAs)
on the 60-item measure suggested three to five factor solutions
based on visual scree plot inspection. However, the anticipat-
ed four-factor solution appeared to exhibit superior fit (Root
Mean Square Error of Approximation [RMSEA]=0.058,
Root Mean Square Residual = 0.05) and acceptable reliability
(Tucker-Lewis Index =0.71) compared to three- and five-
factor solutions. Subsequent EFA suggested excellent fit for
a four-factor solution (RMSEA =0.014, Tucker-Lewis
Index =.99; Condon and Revelle 2014).

Stemming from these analyses, a shorter, 16-item version
of the ICAR, named the ICAR Sample Test (ICAR-16), was
created as a brief yet compendious measure and included four
questions from each of the utilized cognitive domains (i.e.,
LN, MR, VR, and R3D). Internal consistency values for the
ICAR-16 were also strong (x = 0.81) and factor analyses sug-
gested a four-factor solution which aligned with desired cog-
nitive domains with no evidence of cross-loading (Condon
and Revelle 2014; Young et al. 2019).

Additionally, Condon and Revelle (2014) sought to exam-
ine how the ICAR and ICAR-16 scores correlated with com-
mercially available and well-known assessments of cognitive
ability. Pearson’s correlations with the combined score on the
Scholastic Aptitude Test (SAT) were strong for both the ICAR
(p=0.54) and ICAR-16 (p=0.50), as well as with the
American College Test (ACT) standardized assessment
(ICAR p=0.49; ICAR-16 p=0.46). Scores on the ICAR-16
were also strongly correlated (p = 0.82) with the Shipley-2, a
commercially available assessment of general cognitive func-
tioning (Condon and Revelle 2014; Shipley et al. 2009).
Overall, while acknowledging that the ICAR and ICAR-16
are less well-known and exhaustive compared to comprehen-
sive, commercially available cognitive assessments, they offer
viable alternatives, especially for internet-based samples.
Based on these findings, we elected to utilize the ICAR-16
within the current study.

Embedded Validity Checks To ensure non-random responding

and provide additional credence to the internal validity of the
obtained results, a total of four validity checks were included
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within the ICAR-16 items. These included basic questions
(i.e., “Please select the matching shape” or “How many dots
are pictured?”). These questions were designed to be excep-
tionally easy (e.g., counting five plainly described dots on the
screen or matching a rectangle to a rectangle rather than a star
or circle) to detect sub-optimal effort. Two validity checks
were presented randomly within the first eight ICAR-16 items
and two were presented randomly within the last eight ICAR-
16 items. These items are available by request from the first
and second author for use in future research.

Procedure

Data was collected following institutional review board (IRB)
approval. Participants were provided with an electronic in-
formed consent document outlining risks, benefits, and ratio-
nale for the current study. Voluntary completion of the survey
served as provision of informed consent. [CAR-16 items were
administered in two “sets” (i.e., screens in the mTurk inter-
face), with each set containing 8 ICAR-16 items, two of each
type (i.e., two LN, two MR, two VR, and two R3D). Two
original validity check items created by the authors were em-
bedded within each set in addition to other validity checks
within the larger study. Items within each set (i.e., I[CAR-16
and validity checks) were presented in randomized order, con-
sistent with Condon and Revelle (2014). Participation was
immediately ceased if one or more embedded validity checks
were answered incorrectly. Only participants without evidence
for sub-optimal effort who completed all 16 items of the
ICAR-16, as well as four additional ICAR-16 validity checks,
were included in the final dataset and subjected to statistical
analysis. Participants completed a brief demographic ques-
tionnaire, which included items regarding age, gender, in-
come, and self-estimated intelligence, at the end of the study
consistent with methodological recommendations
(Stoutenbourgh 2008).

Results

A total of 696 surveys were attempted. Overall, 434 of these
attempts (62.4%) completed the full measure and passed all
embedded effort checks. As such, reported data reflects com-
pleted and validated survey submissions (N =434). ICAR-16
items demonstrated excellent internal consistency (x=.80)
and the four-factor solution revealed excellent fit (x*/df=
2.89; Goodness of Fit Index =.99; Normed Fit Index =.97;
Standardized Root Mean Square Residual =.03; Hu and
Bentler 1999; Schreiber et al. 2006; Shevlin and Miles 1998;
Tabachnik and Fidell 2013). Table 2 displays mean and stan-
dard deviation scores for the ICAR-16 and its subscales in the
present sample. While skewness and kurtosis values for each
variable did not indicate non-normality (Kim 2013), visual
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Table 2 Descriptive data for ICAR-16 scores and results of one-sample t-tests in the present sample

Variable Mean (SD) in present study ~ Skewness ~ Kurtosis ~ Mean per Condon and Revelle (2014)  Holm-Bonferroni corrected p
ICAR-16 Total ~ 8.00 (3.64) <.01 -.83 7.89 >.99

ICAR-16 LN 2.35(1.32) =32 —-1.04 2.25 37

ICAR-16 VR 2.84 (1.24) =75 —-.56 2.70 A1

ICAR-16 MR 2.00 (1.25) .03 -.98 2.10 45

ICAR-16 R3D .82 (1.14) 1.40 1.06 .84 .66

SD = Standard Deviation; No ICAR16 variables were indicative of notable non-normality according to absolute comparison values for skewness (2) and
kurtosis (7) provided by Kim (2013). Holm-Bonferroni corrected p represents significance between data obtained in the present sample and composite
scores computed from normative item-level data in Condon and Revelle (2014) via one-sample #-tests

N=434

inspection revealed non-normal patterns for LN, VR, and
R3D scales. MR and the ICAR-16 Total scales revealed gen-
erally appropriate normal distributions via visual inspection.
Statistical tests of normality were not conducted due to the
likelihood of Type 1 error (i.e., incorrect assumption of non-
normality) in large sample sizes (Field 2013; Oztuna et al.
2006). Visual depiction of ICAR-16 total score distribution
is provided in Fig. 1.

To determine whether participant gender meaningfully related
to ICAR-16 variables, a t-test (for the total score) and a multivar-
iate analysis of variance (MANOVA) were performed utilizing
ICAR-16 subtest scores (i.e., LN, MR, VR, and R3D) entered as
dependent variables. Those reporting “other” gender identity
(n=2) were excluded from these analyses as group comparisons
between these individuals and notably larger groups of males
(n=155) and females (n=277) would be inappropriate.
Results revealed a nonsignificant #-test, (430)=—.18, p=.858,
Cohen’s d=.02, suggesting that ICAR-16 Total scores did not
differ by gender. Additionally, results revealed a significant
MANOVA, F(4, 427)=3.02, p=.018, Wilks’ A =.973, partial
777 =.03. Per Tabachnik and Fidell (2013, p. 272), Bonferroni-
type adjustment for post hoc analyses of variance (ANOVAs)
suggested a critical o« of .01. Post hoc ANOVAs revealed that
scores on LN trended toward, but did not reach, statistical signif-
icance, as females scored relatively higher (M =2.44, SD =1.25)
than males (M=2.17, SD=1.43), F(1, 430)=4.05, p=.045,
partial ﬁz =.01. Additionally, scores on R3D also trended toward,
but did not achieve statistical significance, as males scored rela-
tively higher (M= .95, SD = 1.24) than females (M =.73, SD =
1.08), F(1,430)=3.56, p = .06, partial ﬁz =.01. However, scores
on VR and MR (similar to the ICAR-16 Total score) did not
significantly differ nor trend toward statistical significance be-
tween males and females (ps > .70). Taken together, these results
suggested that participant gender did not appear to meaningfully
relate to ICAR-16 Total or subtest scores.

Pearson’s correlation coefficients were conducted between
ICAR-16 Total scores and demographic data. ICAR-16 Total
scores significantly, positively correlated with years of

education (=21, p < .01), self-reported estimated annual in-
come (r=.12, p=.01), and self-estimated 1Q (r=.41,
p<.01), but did not significantly correlate with participant
age (r=.06, p=.25). In other words, as education, income,
and estimated IQ increased, ICAR-16 Total scores also in-
creased. At the subscale level, participant age did not correlate
with VR, LN, and MR scores (rs ranged from —.04 to .07, ps
ranged from .18 to .95); however, participant age did signifi-
cantly correlate with R3D (r=.14, p <.01). Given the low
magnitude of this correlation, it may be a type I error or a
consequence of the fairly large sample size.

To determine if the ICAR-16 mean scores in the present
sample were representative with normative data reported by
the scale’s authors, mean values for the ICAR-16 Total and its
four subscales were computed according to item-level data
provided by Condon and Revelle (2014, p. 55). Given the
presence of multiple comparisons, a series of one-sample -
tests with Holm-Bonferroni step-down corrections were per-
formed between these values and those of the present study
(see Table 2). Results revealed that no ICAR-16 scales signif-
icantly differed between the present sample and values de-
rived from Condon and Revelle’s (2014) validation study
(ps>.11) (Table 3).

Discussion

The present study investigated the general cognitive ability of
a sample of participants recruited via Amazon Mechanical
Turk (mTurk). It was hypothesized that the intelligence scores
would not yield observable gender differences, be normally
distributed across our obtained sample and commensurate
with normative data reported for the measure of interest, and
correlated with constructs known to covary with intelligence,
thus demonstrating continued support for the external validity
and generalizability of data obtained via this platform.
Results of the current study suggested intelligence of
American mTurk participants may be broadly
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Fig. 1 Visual depiction of ICAR-

16 total scores <

Frequency

representative of the population. Regarding the results,
mTurk workers’ intelligences scores tended to trend to-
ward (though failed to meet statistical significance in
support of) patterns of previously reported gender differ-
ences between males and females, in that females may
perform relatively better on measures of verbal ability

Table3 Item-level means and standard deviations in the present sample
and reported by the ICAR-16’s authors

ICAR-16 Item Mean (SD) Mean (SD) per Condon

and Revelle (2014)

LN7 .63 (.48) .62 (.49)

LN33 .59 (.49) .59 (49)

LN34 .68 (.47) .62 (.48)

LNS8 44 (.50) 42 (49)

VR4 18 (41) .67 (47)

VR16 .67 (.47) .69 (.46)

VR17 77 (42) 73 (.44)

VR19 .62 (.49) .61 (.49)

MX45 .51 (.50) .52 (.50)

MX46 .55 (.50) .60 (.49)

MX47 .55 (.50) .62 (.48)

MX55 .39 (.49) .36 (.48)

R3D3 15 (.36) 17 (37)

R3D4 .19 (.39) 21 (41)

R3D6 .29 (.45) .29 (.46)

R3D8 .18 (.38) A7 (37)

SD = Standard Deviation
N=434
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while males may perform better on measures of visuo-
spatial ability (e.g., Feingold 1992; Hyde 2014; Wai
et al. 2018; Weiss et al. 2003).

However, and more importantly, no overall gender differ-
ences were observed in the composite intelligence/IQ score
(i.e., ICAR-16 Total), similarly consistent with previous liter-
ature (Halpern and LaMay 2000) and widely distributed com-
mercial tests of cognitive ability that do not account for par-
ticipant gender (e.g., Wechsler Adult Intelligence Scale,
Fourth Edition; Wechsler 2008). Thus, it is likely that mTurk
workers’ general intellectual ability does not meaningfully
relate to participant gender, in line with expectations.
Additionally, mTurk workers’ intelligence scores did not sig-
nificantly differ from means calculated from available item-
level data reported by the chosen measure’s authors
(Condon and Revelle 2014). As such, these results suggest
that mTurk workers’ intellectual abilities tend to mimic pat-
terns and distributions observed in other samples and
populations.

Finally, mTurk workers’ intelligence tended to corre-
late with other demographic factors, also in line with pre-
vious research. For example, prior research has suggested
a weak (rs between .30 and .32) correlation between 1Q
calculations and self-estimates (Borkenau and Liebler
1993; Paulhus et al. 1998) similar to what was exhibited
within the current study (»=.41). Additionally, previously
discussed relationships between 1Q calculations and both
years of education (s between .2 and .3; Furnham and
Cheng 2017) and annual income (rs between .1 and .2;
Furnham and Cheng 2017; Strenze 2007) also resemble
scores obtained within the current study (rs=.21 and .12
respectively).
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Interestingly, however, the relationship between mTurk
workers’ intelligence, as measured by ICAR-16 Total score,
and age did not exhibit statistical significance. Regarding
ICAR-16 subscales, only R3D (which is comprised of items
assessing visuospatial and perceptual reasoning) correlated
significantly, albeit weakly, with age. Of note, age is common-
ly associated with cognitive changes, especially declines in
fluid/perceptual reasoning (Salthouse 2009). As such, one
might expect to see a significant inverse relationship between
ICAR-16 total score and age as three of the four ICAR do-
mains (LN, MR, and R3D) arguably were designed to at least
partially tap into fluid reasoning capabilities. In contrast, the
positive correlation between R3D and age suggested that per-
ceptual and fluid reasoning may increase with age. However,
given the low magnitude of this correlation coefficient and the
researchers not correcting for repeated analyses regarding cor-
relation calculations, this finding may be related to range re-
strictions, be spurious in nature, and/or reflect type I error due
to the fairly large sample size. Nonetheless, it is possible that
the study design, namely the requirement to have Internet
access, competently work a personal computer, and be able
to appropriately navigate the mTurk interface, may have cre-
ated a scenario by which information gathered from older
adults may not be generalizable to that subsection of the pop-
ulation. That is, older adults who use mTurk may represent a
unique subsample of this demographic and have “self-select-
ed” for greater cognitive ability than may be expected for less
computer-literate older adults. Nonetheless, this likely spuri-
ous finding aside, broad intellectual abilities of American
mTurk workers may be comparable to the population.

Furthermore, additional limitations warrant mentioning.
Demographically, there were fewer participants who self-
identified as Black or African American and a larger num-
ber of those identifying as Asian or Asian American given
recent census estimations, suggesting mild generalizability
issues within the current sample (U.S. Census Bureau
2010). Additionally, and perhaps most concerning, is that
nearly 38% of the initial sample was excluded due to sus-
pect validity or participants electing to start but not com-
plete the survey instrument. This represents a large per-
centage of participants and this ratio is not known to have
been exhibited in previous mTurk based studies. While we
feel that our results, given their likeness to ICAR-16 nor-
mative data and previously established demographic infor-
mation, represent the strong validity of the subjects ulti-
mately included within analyses, the size of this group
strongly supports the need for multiple and increasingly
sophisticated validity checks throughout survey-based in-
struments when using mTurk as a primary means of data
collection. Nonetheless, participants who provided suspect
validity or incomplete data were excluded from the final
dataset and problems with validity did not meaningfully
affect the results described herein. Of note, the original

embedded validity items used in the present study are
available upon request from the first and second authors.

Overall, results of the present study suggest the appropri-
ateness of the mTurk marketplace and the representativeness
of intellectual abilities for mTurk samples in social scientific
research. MTurk samples appear to generate demographically
rich, appropriately generalizable data across variables, as is
described in previous research (e.g., Berinsky et al. 2012;
Buhrmester et al. 2011; Harms and DeSimone 2015). This
study was the first to suggest that mTurk workers’ overall
cognitive ability, as measured by the ICAR-16, is likely broad-
ly commensurate with that of the general public through non-
significant differences compared to normative data. As such,
researchers may confidently assume that the distribution of
intellectual and cognitive ability in mTurk workers is likely
not a confounding effect in future studies. The authors encour-
age other researchers to use current results as normative com-
parison for other work using the ICAR-16 in mTurk samples.
Additionally, the present study provides a strong foundation
for future researchers who wish to expand upon current find-
ings by correlating intelligence with other constructs of inter-
est, creating and validating additional public domain measures
of intelligence, and administering more comprehensive as-
sessments across cognitive domains, especially ones address-
ing additional aspects of cognitive and neuropsychological
functioning (e.g., attention/processing speed, language, and
executive functions).
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