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Locating reliable sources of generalizable longitudinal data is an extremely important issue for business research.
The aim of this paper was to empirically verify that crowdsourcing can be used to source longitudinal samples.
Specifically, three studies assess reliability of the Amazon Mechanical Turk Marketplace (MTurk). All three
studies demonstrate that MTurk is a reliable, inexpensive source for generalizable longitudinal data. Study 1
(n = 752) examines the two-month re-response rate (study 1, n = 752; 75%) of a US MTurk sample. Study 2
(n=373) investigates the four- and eight-month re-response rate (56 and 38%, respectively) of a US immigrant
sample. Study 3 examines the thirteen-month re-response rate (47%). Each study demonstrates minimal non-
response biases and longitudinal response consistency, in terms of both demographics and personality traits.
This study also independently verifies the accuracy of self-report state of residence for 94% of the participants.

© 2015 Elsevier Inc. All rights reserved.
1. Swapping bricks for clicks: Crowdsourcing longitudinal data
collection with Amazon Mechanical Turk

An opportunity for improving cross-sectional business research lies in
the potential to further explore theories and issues with longitudinal re-
search designs. Indeed, some theories and models inherently rely upon
time-separated data from individuals. For example, brand loyalty and
brand switching are vitally important to branding research, but are almost
impossible to access without some type of temporally-separated design
(e.g., Dawes, Meyer-Waarden, & Driesener, 2015). This type of research
typically includes a true-panel designwhere the diagonal elements repre-
sent brand loyalty and the off-diagonal ones indicate extents of brand
switching. Similarly, technology acceptance (e.g., Brown, Venkatesh, &
Goyal, 2014; Venkatesh, Thong, &Xu, 2012), test–retest for scale develop-
ment (seeMacKenzie, Podsakoff, & Podsakoff, 2011), purchase intention-
to-behavior relationships (e.g., Pavlou, Liang, & Xue, 2007), and pre- and
post-communication campaign research (e.g., Johnston & Warkentin,
2010) are among other research topics that depend on multiple time-
points.

Unfortunately, it is often very difficult to source a reliable and gener-
alizable sample that can be dependably accessed across multiple time-
points. In fact, two dominant options for this type of sampling are
currently available to the interested researcher: students and
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commercial research panels (this puts aside corporate samples, which
are a more specific issue). The major benefits of recruiting students
are low attrition rates (Bhattacherjee & Premkumar, 2004) and low
costs, as students are generally paid in course credit or cheap prize
draws. In contrast, the major benefits of commercial panels are increased
generalizability and the ability tomake specific requests regarding demo-
graphic, psychographic, or other segmentation bases.

Despite these benefits, student and commercial research panel sam-
ples have a number of significant disadvantages that make it necessary
to explore other options. For student samples (non-probability conve-
nience samples) these include low external validity and limited access
for researchers outside of academia, or those at universities that dis-
courage recruiting students for research (Mason & Suri, 2012). For
commercial research panels, disadvantages include significant mone-
tary costs coupled with little guarantee of usable re-response rates.
For example, one major US-based research panel provider estimates a
50% re-response rate after two months but only 15% after 13 months for
a nationally representative non-specific US sample. This is based upon es-
timated costs of $5 per completed respondent at Time 1, increasing to $7
and $9 at each subsequent time period. Therefore, it is imperative to un-
cover new sources of longitudinal data, as neither of these two existing
options can provide the caliber of solutions that high-level research
requires.

The present research proposes and demonstrates that online
crowdsourcing marketplaces have the same advantages as student
samples and commercial research panels without their significant
disadvantages. A crowdsourcing marketplace is essentially a digital
labor market, wherein employers can contract anonymous workers
to complete a task. The rationale behind this concept is that it is sim-
pler and more accurate to have many individuals complete a large
ks: Crowdsourcing longitudinal data on Amazon Turk, Journal of Business
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number of small tasks than to develop the complex algorithms and
computer code that are required to automate the process. Typical tasks
can include surveys (academic or professional), transcription of audio
files, classification of digital information (such as receipts or websites),
and tagging photos.

This study focuses on the Amazon Mechanical Turk Marketplace
(MTurk) because MTurk is clearly the dominant platform on the market
and has a strong brand history, which suggests that Amazon will support
it for years to come. To evaluate the utility of MTurk, this study examines
re-response rates (across time periods of two, four, eight and thirteen
months), non-response biases, and the stability and consistency of
objective (demographic) and subjective (Big-Five personality traits)
self-reportmeasures over time. Combinedwith a custom-builtweb appli-
cation for bulkmessagingwithin theMTurk system (available to academ-
ic researchers upon request from the first author), this research equips
the reader with the tools to take full advantage of MTurk for longitudinal
research projects.

2. Amazon's Mechanical Turk

2.1. The use of MTurk in academia

MTurk is rapidly becoming an influential source of non-student re-
search samples (Goodman, Cryder, & Cheema, 2013; Rand, 2012). In
order to use MTurk for sample recruitment, the researcher (in the role
of “requestor”)must simply publish a job (referred to as a “HIT”) for em-
ployees (referred to as “workers”) and provide a payment rate with the
survey link to the applicants. The Requestor has the option to specify a
number of criteria to ensure a quality sample, including worker experi-
ence level, previous job acceptance rate, and residence country. MTurk
attracts considerable academic interest given that it facilitates rapid
recruitment at a much lower cost than commercial research panels
(with the important related benefit of an in-built and flexible micro-
payment system). This academic interest has covered a wide range of
business topics and contexts including corporate social responsibility
(Skarmeas & Leonidou, 2013), consumer behavior (Xia & Kukar-Kinney,
2014), branding (Swimberghe, Astakhova, & Wooldridge, 2014), social
media usage (Qiu, Lin, Ramsay, & Yang, 2012), decision-making (Fast,
Sivanathan, Mayer, & Galinsky, 2012), consumer behavior (Collier &
Barnes, 2015), scale development (Baldus, Voorhees, & Calantone,
2015), virtual work team relationship quality (O'Leary, Wilson, & Metiu,
2014), personality (Jones & Paulhus, 2011), and cognition (Paxton,
Ungar, & Greene, 2012).

MTurk is a reliable source of participants for academic research
(e.g., Mason & Suri, 2012; Sprouse, 2011). Research shows that
U.S.-based MTurk workers report comparable scale reliabilities to
US-based university students and general online panel provider
samples (Buhrmester, Kwang, & Gosling, 2011; Steelman, Hammer, &
Limayem, 2014). Other studies using U.S.-based MTurk workers were
able to replicate theoretical models such as the conjunction fallacy and
framing effects (Paolacci, Chandler, & Ipeirotis, 2010). Generally, MTurk
Workers are comparable to diverse online panels (Steelman et al.,
2014), making them more diverse than student samples (Buhrmester
et al., 2011).

Intrinsic and extrinsic rewards motivate MTurk workers (Ipeirotis,
2010; Kaufmann, Schulze, & Veit, 2011). As a result, they are as attentive
to research tasks as students and online panel samples (Paolacci et al.,
2010). The right of requestors to withhold payment for poor quality
work (which then has the added effect of negatively impacting the
worker's quality rating and thus prospects for future employment within
these systems) is an important check-and-balance in relation to extrinsic
motivation, reducing the likelihood of unreliable survey responses.

Despite a general upward trend in the use ofMTurk to recruit research
participants, only a handful of studies attempt to use the platform for any
type of time-separated data collection. The few exceptions recollect data
after three weeks or less (e.g., Holden, Dennie, & Hicks, 2013; Shapiro,
Please cite this article as: Daly, T.M., &Nataraajan, R., Swapping bricks for clic
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Chandler, & Mueller, 2013). Overall, it is clear that researchers have
avoided using MTurk for any sort of extended longitudinal research for
several reasons. First, investing the time and money required to set up a
research panel in MTurk is risky without any empirical data demon-
strating the acceptability of re-response rates and non-response biases.
Second, contacting participants individually via the MTurk system is
extremely time consuming and cumbersome. Direct contact also directly
violates the MTurk site use policy to request the email address of MTurk
workers. This limitation is problematic because participants are unlikely
to complete follow-up studies without notification (other than by
chance). To address these issues, this study examines participant re-
response rates over several time-points and potential non-response
biases that dropouts introduce. This study also demonstrates that using
a simple bulk messaging Python app (customized versions available to
academic researchers upon request to the first author) facilitates re-
contacting MTurk Workers.

2.2. Re-reponses rates and non-response bias on MTurk

Assessing the expected level of participant re-response rate over time
is fundamentally important when evaluating MTurk for longitudinal re-
search. The few studies that report time-separated data on MTurk report
reasonably high re-response rates over short time-periods. The reported
re-response over a three-week period ranges from 60% (Buhrmester
et al., 2011) to 69% (Holden et al., 2013). High (80% plus) re-response
rateswere reported over a one-week interval (Shapiro et al., 2013). How-
ever, most longitudinal business research requires more than a three-
week time period. Therefore, this study examines the re-response rates
at two-month (Study 1), four-month, eight-month (Study 2) and
thirteen-month intervals (Study 3). This study also analyzes demographic
information (gender, age, income, education) and Big-Five personality
traits reported at Time 1 to identify any potential differences between
re-responders and those who dropped out.

2.3. Participant temporal consistency

Verifying that MTurk participants provide consistent answers across
timepoints is important, particularly on objective measures such as de-
mographics. Many researchers have concerns that online participants
are providing false or misleading information (Sprouse, 2011) because
researchers have less control when using a purely online platform
compared to in-person laboratory or classroom studies. Rand (2012) ex-
amines the consistency of MTurk responses for participants who coinci-
dentally complete two of his posted MTurk HITS (Only 100 out of 3142
[3%] participants cross his two studies, no time period information is pro-
vided). Almost all participants in these studies report the same gender
(96%) and age (93%) at two different data points. This consistency pro-
vides some evidence for reliable responding, given that self-reported
demographics such as gender and birth year are expected to remain con-
stant over time.

This study uses a similar method to investigate reliable responding by
comparing relatively stable and enduring objective (i.e., demographics)
and subjective (i.e., Big-Five personality traits) measures over time.
Small changes in personality can occur, but this usually happens over
long periods of time (e.g., Terracciano, McCrae, & Costa, 2010). Therefore,
high test–retest reliability is a desirable quality for any personality scale
(e.g.,Milojev, Osborne, Greaves, Barlow, & Sibley, 2013). As themaximum
time period of interest in this research is just over one year, using an
established personality scale will enable a valid examination of the tem-
poral consistency of subjective data.

In addition to examining response consistency, this study also con-
siders non-self report data verification by comparing the geo-located
Internet Protocol (IP) address of participants with their self-reported
location. Specifically, self-reported US state of residence (via zip code)
is compared with the state data produced by a commercial IP geo-
location service (MaxMind). This method is used to establish that the
ks: Crowdsourcing longitudinal data on Amazon Turk, Journal of Business
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Table 1
Demographics of overall samples (T1) and respondent samples.

Study 1 Study 2 Study 3

T1 T2 T1 T2 T3 T1 T2

Gender
% Female 48 50 48 51 52 55 63

Age
Mean 35 36 30 32 33 34 37
SD 11.2 11.4 10.5 11.4 12.3 11.6 12.5
Minimum 18.00 19.00 19.00 19.00 19.00 19.00 19.00
Maximum 73.00 73.00 65.00 65.00 65.00 71.00 71.00

Education Level
1 Some high school 0.00 0.01 0.01 0.01 0.01 0.01 0.01
2 High school/GED 0.11 0.11 0.08 0.07 0.09 0.12 0.11
3 Trade tech school 0.01 0.01 0.01 0.01 0.01 0.02 0.02
4 Some college 0.29 0.27 0.39 0.34 0.33 0.32 0.28
5 Associate's degree 0.12 0.12 0.06 0.06 0.06 0.09 0.07
6 Bachelor's degree 0.36 0.37 0.34 0.36 0.35 0.33 0.36
7 Master's degree 0.09 0.10 0.09 0.13 0.12 0.09 0.13
8 Doctorate (e.g., PhD) 0.02 0.03 0.02 0.03 0.03 0.02 0.02
Mean 5.0 5.0 4.9 5.1 5.0 4.8 5.0
SD 1.5 1.5 1.5 1.5 1.5 1.6 1.6

Income per week
1 b $150 0.05 0.07 0.05 0.05 0.07 0.08 0.05
2 $150 to $499 0.19 0.17 0.21 0.19 0.17 0.19 0.21
3 $500 to $999 0.28 0.29 0.26 0.28 0.29 0.34 0.36
4 $1000 to $1699 0.28 0.26 0.29 0.28 0.26 0.23 0.24
5 $1700 to $2499 0.12 0.12 0.14 0.12 0.12 0.10 0.09
6 $2500 plus 0.08 0.08 0.06 0.08 0.08 0.06 0.06
Mean 3.4 3.3 3.5 3.4 3.4 3.3 3.3
SD 1.2 1.2 1.3 1.3 1.3 1.3 1.2

Fig. 1. MTurk bulk messaging application user interface.
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vast majority of participants accurately self-report their country of res-
idence (97%; Rand, 2012).

2.4. The current research

This study examines the utility of MTurk as a source of longitudinal
data across three studies. Study 1 assesses the practicality of using
MTurk to collect short-term temporally separated data. This method can
be used for a test–retest study, or when one wishes to separate certain
scales fromexperimentalmanipulations. Specifically, this study quantifies
the re-response rate at a relatively short two-month time interval using a
sample of U.S.-based MTurkWorkers. This study examines non-response
bias using objective demographic indicators. Study 2 quantifies the re-
response rate of MTurk participants at medium (four- and eight-month)
time intervals using a sample of first- and second-generation US immi-
grants. This study examines non-response bias using both objective de-
mographic and subjective Big-Five personality traits. Study 3 quantifies
the re-response rate and associated non-response biases of US-based
MTurk Workers over a longer thirteen-month time interval. This study
also investigates response consistency using three separate indicators:
objective response consistency (gender and birth year); subjective
response consistency (Big-Five personality traits); and independent loca-
tion data verification compared to self-reported country and state of
residence.

3. Study one

3.1. Participants and procedure

Eight hundred members of the MTurk marketplace participated in
Study 1 at time 1 (T1). All participants were recruited from a HIT posted
to MTurk describing an academic survey about personal values, which
was the subject of a separate study. This HIT specified a payment of USD
$2.30 for an estimated 23-minute task. Although this payment is above
the average hourly wage on MTurk, it is still significantly below the min-
imum wage in the USA. MTurk Workers regard a rate of 10c/min as
borderline acceptable, without being unethically low (http://www.
wearedynamo.org/). Participants were screened to ensure that they
were located within the U.S., had previously completed at least 50 HITS,
and had an MTurk job acceptance rate of greater than 96%.

Basic demographic information was collected at T1, including birth
year, gender, residential zip code, education level, and annual household
income. Two attention checkswere also embedded in the personal values
study (e.g., “It is important to showyou are reading the items by selecting
‘not likeme at all’ on the far left”). Forty-eight participants were excluded
from further analysis as they failed one or both of the attention checks,
resulting in afinal sample of 752 participants. This samplewas evenly dis-
tributed by gender (48% female) and had an average age of 35 years old
(SD= 11.2). The majority (88%) had at a minimum some college educa-
tion, and the median weekly household income range was $500 to $999
per week (see Table 1 for full demographics).

The 752 attentive participants were re-contacted after approximately
two months via a custom built MTurk messaging web-application (see
Fig. 1). Participants were invited to complete a follow-up HIT for a sepa-
rate research project that was restricted to this sample and paid the
same rate (10c/min). This HIT was made available for ten days, and a re-
mindermessagewas sent via the app after three days to non-responders.

3.2. Attrition rate and response bias

Five hundred sixty-two (75%) of the 752 participants at T1 responded
at Time 2 (T2). These participants were not significantly different from
the overall sample at T1 with respect to gender (χ2 1, 562 = .86, p =
.35), education (t561 = 0.57, p = .57), or income (t544 = − .80, p =
.42). However, participants at T2 (M = 37, SD = 11.4; t559 = 2.94, p =
Please cite this article as: Daly, T.M., &Nataraajan, R., Swapping bricks for clic
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.003) were significantly older than the total sample at T1 (M = 35,
SD= 11.2).
3.3. Temporal response consistency

This study compares T1 and T2 responses to objective self-report
data (i.e., gender and birth year) in order to assess participant consisten-
cy over time. Only a handful of participants reported a different gender
(n = 3) and/or birth year (n = 10) across the time periods. Therefore,
this study demonstrates a high re-response rate, low response bias
and consistent responses over a relatively short time period. Study 2
ks: Crowdsourcing longitudinal data on Amazon Turk, Journal of Business

http://www.wearedynamo.org/
http://www.wearedynamo.org/
http://dx.doi.org/10.1016/j.jbusres.2015.05.001


4 T.M. Daly, R. Nataraajan / Journal of Business Research xxx (2015) xxx–xxx
will investigateMTurk as a source of longitudinal data for amore specif-
ic targeted sample (US immigrants) over longer time-periods.

4. Study two

4.1. Participants and procedure

The ability to target and profile a specific sample make-up is one of
the major benefits that commercial panel providers offer. Study 2 repli-
cates this specific profiling in the MTurk environment. This study in-
cludes participants who were either first-generation (n = 136) or
second-generation (n = 303) immigrants who had migrated to the
U.S. from a non-English speaking country. This study sampled these par-
ticipants fromwithin a larger non-specific US-based sample (N=2712).
TheHIT for this survey specified a payment of USD $1.80 for an estimated
20-minute task. Participants were screened to ensure that they were
U.S.-based and had an MTurk job acceptance rate of greater than 96%.

Basic demographic information was collected at T1, including birth
year, gender, residential state, education level, and annual household
income. Participants were evenly distributed according to gender
(48% female), with an average age of 30 years old (SD = 10.5). The
vast majority (91%) of participants had at a minimum some college ed-
ucation, and the median weekly household income range was $500 to
$999 per week (see Table 1 for full demographics). The 10-item Big-
Five Inventory (BFI-10; Rammstedt, Goldberg, & Borg, 2010) was used
to measure Big-Five personality traits on a seven-point scale (1 =
“Strongly Disagree” and 7= “Strongly Agree”. Table 2 contains descrip-
tive statistics for all variables that were used in this study.

Each participantwas recontacted and invited to complete another HIT
at four and eightmonths after initial recruitment. BothHITs paid the same
as in Study 1 (10c/min) and were only accessible via direct invitation.
Both HITs were made available for 10 days.

4.2. Attrition rate and non-response bias

Two hundred nine (56%) of the 373 participants responded at T2 and
141 (38%) responded at Time 3 (T3). Participants at T2 did not differ sig-
nificantly from the overall sample for gender (χ2 1, 209 = .69, p= .41) or
income (t184 = –.33, p = .74). However, the participants at T2 were
significantly older (M = 32, SD = 11.4; t208 = 3.00, p = .003) and
more educated (M=5.1, SD=1.5; t208=2.10, p=.037) than the overall
sample (M=30, SD=10.5;M=4.9, SD=1.5, respectively). Generally,
participants at T2 did not differ from the overall sample with respect to
personality traits. However, participantswho re-respondedweremargin-
allymore conscientious (M=5.4, SD=1.2; t208=1.88, p=.06) than the
overall sample (M= 5.2, SD= 1.2).

The participants at T3 did not differ significantly from the overall sam-
ple for gender (χ2 1, 141= .71, p= .41), education (t140= .91, p= .36) or
income (t132= –.24, p= .81). The participants at T3 (M=33, SD=12.3;
t139=3.08,p=.003)were again significantly older than the total sample.
Table 2
Descriptive statistics for the Big-Five Personality traits measured at T1 (Study 2 and 3), and tes

Study 2

T1
(N = 373)

T2
(N = 209)

T3
(N

Extraversion 3.5 3.5 3.5
(1.5) (1.6) (1.6

Agreeableness 5.1 5.1 5.3
(1.2) (1.2) (1.2

Openness 5.2 5.1 5.2
(1.2) (1.2) (1.2

Conscientiousness 5.2 5.4 5.4
(1.2) (1.2) (1.2

Neuroticism 3.3 3.2 3.3
(1.4) (1.3) (1.3
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As above, participants at T3 were marginally more conscientious (M =
5.4, SD=1.2; t140 = 1.74, p= .084). Participants at T3 were also signifi-
cantlymore agreeable (M=5.3, SD=1.2; t140=2.18, p=.031) than the
overall sample (M = 5.4, SD = 1.2). Therefore, this study demonstrates
relatively high response rates, low response bias and consistent responses
over two intermediate time periodswith a specific demographic subsam-
ple. Study 3will investigateMTurk as a source of longitudinal data at thir-
teen months. In addition Study 3 will examine response consistency of a
subjective personality scale, as well as use non-self report data to exter-
nally verify the truthfulness of respondents' self-reported state of location.

5. Study three

5.1. Participants and procedure

Five hundred and twenty eight U.S.-based MTurk workers participat-
ed in Study 3 at T1. All participants were recruited from the same original
HIT as Study 2, but without the immigration related country of origin
screening. As in Study 2, basic demographic information was collected
at T1, including birth year, gender, residential zip code, education level,
and annual household income. The samplewas evenly distributedbygen-
der (55% female), with an average age of 34 years old (SD = 11.6). The
vast majority (85%) of participants had at a minimum some college edu-
cation, and themedianweekly household income rangewas $500 to $999
(see Table 1 for full demographics). Big-Five personality traits were mea-
sured using the same 10-item Big-Five Inventory as in Study 2. Descrip-
tive statistics are presented in Table 2.

Approximately thirteenmonths after initial recruitment each partic-
ipant was invited via the MTurk messaging application to complete a
follow-up HIT for a separate research project. This HIT asked the partic-
ipants to again complete the demographic and personality questions.
This HIT was specified to pay at the rate of 10c per predicted minute,
andwas only able to be viewed and completed by the initial 528 partic-
ipants in order to avoid unrelated participants. The HIT wasmade avail-
able for 10 days.

5.2. Attrition rate and non-response bias

Twohundred forty nine (47%) of the 528 participants responded at T2.
Participants at T2 did not differ significantly from the overall sample with
respect to household income (t229= .41, p= .68). Participants whowere
female (T1 = 55% female, T2 = 63% female, χ2 1, 249 = 5.86, p = .016),
older (M = 37, SD = 12. 5; t248 = 3.91, p b .001), and more educated
(M = 5.0, SD = 1.6; t246 = 2.12, p = .04) were more likely to re-
respond at T2 than the overall sample (M = 34, SD = 11.6; M = 4.8,
SD=1.6, respectively). As above, re-respondersweremore conscientious
(M=5.4, SD=1.2; t248=2.15, p= .033) and agreeable (M=5.3, SD=
1.2; t248 = 1.98, p = .049) compared to the overall sample (M = 5.2,
SD= 1.3;M= 5.1, SD= 1.2, respectively).
t–retest correlations of the traits measured at T1 and again at T2 (Study 3).

Study 3

= 141)
T1
(N = 528)

T2
(N = 249)

r
(T1 & T2)

3.6 3.6 .79
) (1.6) (1.6)

5.1 5.3 .72
) (1.2) (1.2)

5.2 5.0 .69
) (1.2) (1.2)

5.2 5.4 .73
) (1.3) (1.2)

3.3 3.3 .74
) (1.5) (1.5)

ks: Crowdsourcing longitudinal data on Amazon Turk, Journal of Business

http://dx.doi.org/10.1016/j.jbusres.2015.05.001


5T.M. Daly, R. Nataraajan / Journal of Business Research xxx (2015) xxx–xxx
5.3. Temporal response consistency

This study compares T1 and T2 responses to objective self-report
data (i.e., gender and birth year) in order to assess participant consis-
tency over time. Only a handful of participants reported a different gen-
der (n = 2) or birth year (n = 14) across the time periods. This study
also examines the correlations between the Big-Five personality traits
at T1 and T2 in order to assess subjective self-report participant consis-
tency. Results show high intercorrelations, ranging from r= .69 (open-
ness to experience) to r = .79 (extraversion). The average correlation
between the time points was r= .73 (see Table 2). In addition to exam-
ining response consistency, this study also considers non self-report
data verification by comparing the geo-located IP address of partici-
pants with their self-reported location using MaxMind. Results show a
very high (87%) match rate. Participants who were mismatched were
either inaccessible using MaxMind (11%), located in a neighboring
state (2%), or located more than one state away (3%). A second
geolocation database (WhatIsMyIPAddress.com) was used to resolve
7.2% of the mismatched participants. Overall, a high level (94%) of con-
sistency was found between self-reported state of residence and the
geolocated state.
6. Discussion

This study demonstrates that MTurk can be useful for collecting reli-
able temporal data in longitudinal studies. Specifically, MTurk yields
strong re-response rates across multiple time-points (ranging from 75%
at two months to 47% at thirteen months) with minimal non-response
biases. Importantly, as per available evidence, MTurk produced much
larger re-response rates vis-à-vis commercial panel predictions (~15% at
13months). Therefore, MTurk is far more accessible than financially pro-
hibitive commercial options and more generalizable than student sam-
ples, opening up new avenues business research (see Steelman et al.,
2014 for a full investigation comparing MTurk, commercial panels, and
students).

Overall, the non-response biases are minimal. However, one rela-
tively consistent bias emerges: Participants who responded at each sec-
ondary time-point are older than the total sample. This difference is
significant, but the magnitude of the differences is small (ranging
from 1 to 3 years). It is possible that this re-response bias is related to
the second most common response bias: Participants who responded
at each secondary time-point are more conscientious than the total
sample. Research has shown that conscientiousness (i.e., dependable,
organized, thorough, hard-working) increases as people age (Jackson
et al., 2009). Therefore, it is likely that older participants are also more
conscientious and therefore more likely to respond to later surveys.
We find some support for this idea, as conscientiousness is positively
correlated with age for the overall sample of both Study 2 (r = .26,
p b .001) and Study 3 (r= .25, p b .001). The higher levels of conscien-
tiousness for re-respondents have the added benefit of making it more
likely that high quality data will be captured over time given their thor-
ough and hardworking nature.

This research also demonstrates thatMTurk can be used to collect lon-
gitudinal data from a specific demographic segment. In this study, we
showed that a diverse sample of first- and second-generation US immi-
grants could be selected and accessed over time via the MTurk system.
This diversity represents a significant advantage over both university
students and commercial panels. It is noted that theUS immigrant sample
demonstrates lower re-response rates than the non-immigrant US sam-
ple did over a longer time-period. However, this response rate is still
well above useable levels (38% after eight months). A possible explana-
tion is the relative youth of the overall sample (compared to the general
samples in Study 1 and 3). Future research should examine re-response
bias in specific segments to better understand the viability of using
MTurk for segmented longitudinal research designs.
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This study also yields very promising results in terms of response
consistency and reliability using both objective, subjective, and geo-
location indicators. First, the vast majority of participants report the
same gender and birth year across time periods. Second, personality
has a large positive correlation (raverage = .73) across the two time
periods in Study 3. Third, the self-reported state of residence can be
externally verified for almost all Study 3 participants. Taken together,
this study presents strong evidence that MTurk users are genuine re-
sponders who provide careful responses, further strengthening the case
for collecting longitudinal data using MTurk.

6.1. Research implications

First and foremost, this research clearly established thatMTurk can be
used in longitudinal research with both short- and relatively long
timeframes. This finding corroborates previous work identifying the ben-
efits of crowdsourcing relative to student and commercial research panel
samples (Steelman et al., 2014). MTurk offers several advantages over
student samples. Specifically, MTurk enhances external validity by
targeting all ages, genders, income levels, and educational backgrounds,
as well as facilitating participant segmentation (e.g., a specific income
bracket, educational cohort, or ethnocultural group). MTurk also offers a
number of advantages over commercial research panels. Specifically,
MTurk is associated with decreased costs (compared to a typical mini-
mum of $5 per participant from commercial research panels) and in-
creased response rates (e.g., 47% at thirteen months compared to an
estimated 15% froma commercial research panel). As a result, researchers
should feel more confident investing their time and money into MTurk.

It should be noted that interested researchers could use MTurk to es-
tablish their own research panel. The process would require collecting a
short and basic demographic and/or psychographic profile across a large
pool of participants, with the objective of re-sampling from this pool.
Researchers could then drill-down into the pool to extract specific seg-
ments of interests. This would essentially replicate the offerings of com-
mercial research panels, without the high costs associated with
longitudinal designs and sample specificity. Interested researchers can
contact the corresponding author for more detailed information on how
to execute this.

The results of these studies are particularly salient to business re-
search. For example, this study demonstrates excellent viability for
test–retest or short-term construct separation (75% at two months).
Given that test–retest is an accepted prerequisite for valid scale devel-
opment (MacKenzie et al., 2011) this new data source provides an
opportunity to validate new and existing measures without relying
upon student samples or the high costs associated with consumer re-
search panels. In addition, high re-response rates at two, four, eight,
and thirteen months that are demonstrated by this study can benefit
researchers who are interested in topics that suited to a longitudinal
design (e.g., technology adoption and acceptance). Therefore, MTurk is
a strongly recommended tool for business research that calls for reliable
and valid longitudinal research that is also relatively inexpensive and
uses non-student samples.

6.2. Limitations and future directions

This investigation is limited to MTurk because MTurk is currently
the most popular crowdsourcing platform in the world. Future
research should study the viability of alternative US-based platforms
(e.g., Crowdflower.com) as well as those based in other countries
(e.g., CrowdGuru.com in Germany). These comparative assessments
would facilitate informed decision-making and potentially trigger
the emergence of even better platforms. Re-response data is collect-
ed at two, four, eight, and thirteen months. Future research should
involve even longer durations, particularly in the temporal tracing of
some branding aspects such as brand image, brand power, brand love,
brand equity, and customer equity. Longer time-intervals could be used
ks: Crowdsourcing longitudinal data on Amazon Turk, Journal of Business
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to reproduce theoretical models (Paolacci et al., 2010; Steelman et al.,
2014) and shed more light on the stability of such reproductions as mea-
sured at different points in time.

This investigation is limited to U.S.-based users. The majority of busi-
ness research can be conducted using this type of sample. However, it
may be useful to consider other nationalities and also conduct cross-
cultural comparative research. Steelman et al. (2014) report that non-
U.S. MTurk users produce different model results to their U.S.-based
counterparts and caution the use of these participants pending further
investigation. Therefore, it is imperative that future research establishes
which nations are both reasonably represented on MTurk and have
acceptable re-response rates in order to facilitate this cross-cultural
research.

Future research could also explore the impact of technology literacy
on crowdsourcing users. After all, being tech-savvy is rapidly becoming
a 21st century requirement for people in general (Nataraajan, 2014),
but this may certainly vary both across andwithin cultures. It is a logical
assumption that crowdsourcing users are more technology literate and
accepting of new technologies than the average person, though the dif-
ference is less obvious when compared to students. Investigating this
issue is an important next step in verifying the use of crowdsourcing
for academic research.

Aspects of payment to participants and the resulting impact on
them also pose interesting avenues to explore for researchers. For in-
stance, would escalating the payments to Workers increase the like-
lihood of responding over time? An interesting investigation would
be to state upfront in initial recruitment that payment for subse-
quent studies will be increased. This may have the benefit of encour-
aging users to track the requestor and look for opportunities to
continue participating.

6.3. Practical implications

This research indicates two potential guidelines for best practices
in the use of MTurk for longitudinal data collection. First, payment
levels have to be made more attractive than current prevailing levels
in order to ensure credible and valid data (although some concern
regarding potential self-selection bias through attraction of profes-
sional survey participants may exist). Second, researchers should
also seek to treat participants with respect. Prompt payment, an-
swering questions and making surveys user-friendly are just some
of the simply ways that researchers can help their Workers. Unmoti-
vated Workers are more likely to provide careless, random or mis-
leading responses (Huang, Curran, Keeney, Poposki, & DeShon,
2012) or may drop out.

Longitudinal research cannot be successfully executed without
notifying participants about upcoming studies. This study uses a sim-
ple Python-scripted web application at a bulk level. It is not possible
to offer a publicly available version of this application since this type
of script requires both an individual's Amazon Web Services Access
Key ID and Secret Access Key. However, interested academic re-
searchers are encouraged to contact the corresponding author for a
personalized messaging application. It is also possible to complete
this manually through the MTurk system, though this is tedious
and time-consuming.

6.4. Conclusion

Longitudinal studies (true-panel designs in particular) in business
research are strongly needed. Indeed, a deeper understanding of brand-
ing contexts, consumption over time, investment behaviors over time,
organizational behaviors over time, and assessing temporal efficacy of
programs would benefit from longitudinal research. Unfortunately, the
commonly used captive student samples and commercial research
panels (nowmostly online) havemajor disadvantages; external validity
concerns with the former and cost concerns with the latter. In contrast,
Please cite this article as: Daly, T.M., &Nataraajan, R., Swapping bricks for clic
Research (2015), http://dx.doi.org/10.1016/j.jbusres.2015.05.001
MTurk can be used to access longitudinal data that is reliable, valid, con-
sistent, and inexpensive without relying on student samples. The stud-
ies here provide preliminary but meaningful testimony to this
generalization.
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