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The use of Amazon’s Mechanical Turk (MTurk) in management research has increased over
2,117% in recent years, from 6 papers in 2012 to 133 in 2019. Among scholars, though, there is
a mixture of excitement about the practical and logistical benefits of using MTurk and skepti-
cism about the validity of the data. Given that the practice is rapidly increasing but scholarly
opinions diverge, the Journal of Management commissioned this review and consideration of
best practices. We hope the recommendations provided here will serve as a catalyst for more
robust, reproducible, and trustworthy MTurk-based research in management and related fields.
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The use of web-based research using Amazon’s Mechanical Turk (MTurk) has increased
tenfold over just the last decade (Walter, Seibert, Goering, & O’Boyle, 2019), making it by
far the most frequently used online data collection method (Porter, Outlaw, Gale, & Cho,
2019). Despite its popularity, there are concerns that call into question the validity of research
conclusions based on MTurk data (e.g., Barends & de Vries, 2019; Hydock, 2018; Zack,
Kennedy, & Long, 2019). These concerns are severe enough that some journals have
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intermittently refused to accept manuscripts that utilized MTurk, and some journal editors
and reviewers have summarily recommended rejecting manuscripts that used MTurk regard-
less of a study’s other positive features (Landers & Behrend, 2015; Walter et al., 2019).
Given the growth in the use of MTurk for research in management and related fields, and
persistent concerns about its trustworthiness, the Journal of Management tasked our team
with reviewing the MTurk-based literature and developing actionable best-practice recom-
mendations for using this data collection tool.

Literature Review
Scoping Substantive Review

We began with a scoping substantive review (Paré, Trudel, Jaana, & Kitsiou, 2015) to
capture the breadth of the literature regarding MTurk use. We included empirical papers
drawn from 15 journals that used MTurk to collect data, test hypotheses, or validate scales.
Details about our review’s scope as well as journal and article selection procedures are
included in online supplement Appendix A. Between January 2005 and May 2020, 510
empirical papers using MTurk samples have been published in the journals we examined (see
online supplement Appendix B for details). Moreover, the use of MTurk has grown markedly
(R? = .94 for the linear trend; see online supplement Appendix C for details). From 6 articles
in 2012 to 133 in 2019, the use of MTurk has increased over 2,117%.

Critical Methodological Review

We followed with a systematic and transparent five-step process to identify methodologi-
cal sources about MTurk based on existing best-practice recommendations (see online sup-
plement Appendix D for details; Aguinis, Ramani, & Alabduljader, 2018, in press). We began
with 32 journals, and the final list upon which we base our best-practice recommendations
includes 144 sources (119 articles published in 65 journals, 23 presentations from 11 confer-
ences, a working paper, and a book). Online supplement Appendix E lists these sources, the
number of items drawn from each, and the individual items. In the interest of transparency
and replicability, online supplement Appendix F lists the 96 items that were initially consid-
ered but eventually excluded.

Summary of Findings

Based on these literature reviews, we determined that MTurk’s popularity can be broadly
attributed to four closely related benefits compared with research conducted using more tra-
ditional samples: (a) large and diverse participant pool, (b) ease of access and speed of data
collection, (c) reasonable cost, and (d) flexibility regarding research design choice. We
describe each of these benefits in Table 1. We also determined that there is justifiable skepti-
cism due to unique challenges that pose validity threats to substantive conclusions.
Specifically, we identified 10 particularly salient challenges of MTurk research: (a) inatten-
tion, (b) self-misrepresentation, (c) self-selection bias, (d) high attrition, (e) inconsistent
English language fluency, (f) non-naivete, (g) growth of MTurker communities, (h) vulner-
ability to web robots (or “bots™), (i) social desirability bias, and (j) perceived researcher
unfairness. Some of these challenges also apply to other data collection methods (e.g.,
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Table 1

Summary of Main Benefits of Using Amazon Mechanical Turk (MTurk) for
Conducting Management Research

Benefit Description of Benefit

1. Large and diverse 1. MTurk allows researchers access to a larger and more demographically diverse
participant participant pool as compared with traditional student samples and the U.S.
pool3#3:912,15.20 population. Compared with traditional student samples, MTurkers are older, have

more years of relevant work experience, and report greater computer and internet
knowledge. Compared with the general U.S. population, MTurkers are younger
and more educated. In addition, demographic and political-affiliation differences
can be eliminated by controlling for 10 factors (i.e., age, gender, race, ethnicity,
income, education, marital status, religion, ideology, and political partisanship).
Thus, MTurk has the potential to complement laboratory studies by ensuring the
transportability of results.

2. Ease of access 2. About 7,300 MTurkers are available for a study at any given time. By maintaining a
and speed of data relatively stable large online pool of participants, MTurk greatly reduces recruitment
collection®7:11.13.16 efforts, thereby making it easier to conduct, extend, reproduce, replicate, or modify a

study. Most MTurk assignments are completed within 12 hours or less.

3. Reasonable 3. Researchers can gather data at a lower cost than when using samples of students or
costo10.11,13,14 working adults or using participants recruited through other online panel websites.

MTurk’s constant fee structure (i.e., the amount paid to Amazon to conduct a study)
and integrated payment infrastructure reduces considerably the administrative costs
associated with compensating participants.

4. Flexibility 4. MTurk can be used to implement experimental, passive observation,
regarding research quasiexperimental, and longitudinal research designs and even perform tasks such
design as content analysis. Furthermore, MTurk can be used to conduct cross-cultural and
choice!-268,13,1417.18,19 international research by restricting the participant pool to workers with specific

cultural backgrounds or to those who live in particular countries. Together, these
benefits allow researchers to advance theory by testing hypotheses in diverse
samples and about different types of effects and relations between variables (e.g.,
upward and downward, over time, dyadic).

Note: Sources used to summarize benefits: 'Alonso and Mizzaro (2012); 2Arechar, Gachter, and Molleman (2018);
3Bader, Baumeister, Berger, and Keuschnigg (2020); “Behrend, Sharek, Meade, and Wiebe (2011); SBerinsky,
Huber, and Lenz (2012); °Buhrmester, Talaifar, and Gosling (2018); 7Bunge et al. (2018); 3Callison-Burch and
Dredze (2010); °Casler, Bickel, and Hackett (2013); 1°Chandler, Rosenzweig, Moss, Robinson, and Litman (2019);
"Heer and Bostock (2010); '?Levay, Freese, and Druckman (2016); *Mason and Suri (2012); '“Paolacci, Chandler,
and Ipeirotis (2010); *Pearl and Bareinboim (2014); '°Stewart et al. (2015); 'Stritch, Pedersen, and Taggart (2017);
18Summerville and Chartier (2013); “Tosti-Kharas and Conley (2016); 2Weinberg, Freese, and McElhattan (2014).

laboratory studies relying on students, field studies sampling working adults), but the validity
threats they pose are even more salient when using MTurk. Table 2 describes these chal-
lenges of MTurk research and associated validity threats.

Recommendations

In view of our findings, we provide 10 best-practice recommendations organized around
the three typical stages of an empirical study: planning, implementation, and reporting of
results. Table 3 summarizes each of the recommendations and the particular MTurk
challenge(s) addressed by each. While some of these best practices may also apply to non-
MTurk studies, our checklist focuses specifically on how to mitigate validity threats when
using MTurk.
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Table 2
Challenges of Amazon Mechanical Turk (MTurk) Research and Associated Validity
Threats
Challenge Description Associated Validity Threat(s)
1. MTurker MTurkers often complete HITs in distracting environments ~®  Internal validity

Inattention?8$:912.13,18.21

2. Self-

misrepresentation®19:20:23.24

3. Self-selection bias!213

4. High attrition rates2%12.25

5. Inconsistent English
language fluency!>!8

6.  MTurker
non-naivete®!0:11:12

and at rapid speed to maximize monetary returns, which
translates into about 15% of MTurkers failing attention
and compliance checks. MTurkers are less likely to pay
attention to study instructions or manipulations, and
more likely to engage in insufficient effort or careless
responding, as compared with college student samples.
Compared with student samples, online participants are
significantly more likely to be distracted due to cell phone
use (MTurker = 21% vs. student = 9%), internet surfing
(MTurker = 11% vs. student = 1%), or conversing with
another person (MTurker = 21% vs. student = 2%).

MTurkers may misrepresent self-reported demographic,
personality, and other characteristics to meet a study’s
eligibility criteria. Estimates of the percentage of MTurkers
who engage in such practices range from 10% to 13%,

to 24% to 83%. The most commonly misrepresented
characteristics are income (38.2%), education (31.3%), age
(22.6%), family status (14.8%), and gender (6.6%).

Unlike traditional samples, where the researcher defines
the potential participant pool (e.g., first-line managers at
a company), the decision to be an MTurker is based on
an individual’s personal and demographic characteristics,
such as monetary incentives, boredom, employment
status, or country location. These characteristics, which
can serve as confounds and alternative explanations for
observed relations, compromise the researchers’ ability
to randomly sample from their target population and
therefore pose a threat to external validity.

Attrition rates in MTurk studies often exceed 30%
(range: 31.9%-51%). The online nature of MTurk
studies leads to higher attrition rates than laboratory
experiments or field research and even the possibility of
differential attrition.

English language fluency influences how participants
interpret the study’s instructions, manipulations,

and measures. Data from MTurkers from countries
where English is not the primary language displays
only configural invariance with data collected from
undergraduates and organizational employees from
countries where English is the primary language.

While MTurk’s software prevents participants from
receiving compensation more than once for the same
study, it does not track participant exposure to studies
that examine particular topics or, even worse, use the
exact same stimuli or manipulation. A small number of
MTurkers (10%) account for over 40% of completed
studies, and many participants “specialize” in studies
that examine specific topics or are conducted by the
same researchers. Accordingly, many MTurkers are
familiar with experimental settings and tasks (e.g.,
framing alternatives for decision-making scenarios,
using videos to manipulate emotions) and research
materials (e.g., measures, vignettes), which can, on
average, reduce effect size estimates by up to 40%.

Construct validity
Statistical conclusion
validity

External validity

External validity

Internal validity
External validity

Internal validity
Construct validity
Statistical conclusion
validity

Internal validity
Construct validity

(continued)
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Table 2 (continued)

Challenge Description Associated Validity Threat(s)
7. Growth of MTurker 7. 61% of MTurkers interact with other participants e Internal validity
communities’!%-12 regarding their experience. Thus, MTurkers are often e Construct validity
aware of a study’s purpose or the manipulations used.
8. Vulnerability to web 8. Web robots (or “bots”) are malicious software e Internal validity
robots (or “bots”)® programs designed to specifically participate in online e  Construct validity
studies to receive compensation. These programs, e Statistical conclusion
which are often freely available and easy to use, validity

generate data that follow a random or partially random
distribution in response to a study’s questions, thereby
making it harder to distinguish between web robots
and inattentive or careless participants. While we
currently lack estimates of the percentage of MTurk
data attributable to web robots, such programs
represent a feature that can impact research conducted

using MTurk.
9. MTurker social 9. Because monetary compensation is one of the primary ®  Internal validity
desirability bias'-*1222 reasons for participating in a HIT, MTurkers are e Construct validity

more likely to provide socially desirable responses
than student samples. The percentage of respondents
who engage in this practice varies across countries,
with U.S. participants more likely to provide
socially desirable responses compared with Indian

participants.
10.  Perceived researcher 10.  In addition to concerns about the fairness of e External validity
unfairness*6.7:9.12,14.16.17 procedures used to make compensation decisions,

issues that cause MTurkers to perceive researchers
as unfair include a lack of a process to communicate
with researchers, unavailability of disability access
features, and inaccurately stated time requirements.
Participants who feel treated unfairly can share their
experiences in MTurker communities, leading to
punitive actions, such as a boycott of subsequent
studies by that researcher.

Note. Sources used to derive recommendations: 'Antin and Shaw (2012); 2Arechar, Géchter, and Molleman (2018); 3Barends and de
Vries (2019); “Bederson and Quinn (2011); Behrend, Sharek, Meade, and Wiebe (2011); °Bergvall-Kéreborn and Howcroft (2014);
"Brawley and Pury (2016); *Buchanan and Scofield (2018); *Buhrmester, Talaifar, and Gosling (2018); '°Chandler, Mueller, and
Paolacci (2014); ''Chandler, Paolacci, Peer, Mueller, and Ratliff (2015); '?Cheung, Burns, Sinclair, and Sliter (2017); *Clifford and
Jerit (2014); '“Deng, Joshi, and Galliers (2016); “Feitosa, Joseph, and Newman (2015); '°Fieseler, Bucher, and Hoffmann (2017);
17Gleibs (2017); 'Goodman, Cryder, and Cheema (2013); '"Hydock (2018); 2°Kan and Drummey (2018); 2'Litman, Robinson, and
Rosenzweig (2015); 2Mummolo and Peterson (2019); 2’Necka, Cacioppo, Norman, and Cacioppo (2016); 2Wessling, Huber, and
Netzer (2017); 23Zhou and Fishbach (2016). HIT = human intelligence task.

Planning Stage

1. Evaluate appropriateness of MTurk to develop or test theories. Our first recommenda-
tion is to evaluate the alignment between the desired target population and that of MTurk-
ers and collect and report detailed sample characteristics rather than assume similarity with
earlier MTurk studies (Chandler & Paolacci, 2017). This helps address challenges associated
with self-selection bias (Casey, Chandler, Levine, Proctor, & Strolovitch, 2017). For exam-
ple, MTurkers show differences compared with laboratory samples on Big Five personality
traits (Colman, Vineyard, & Letzring, 2018). Therefore, when Big Five traits are expected to
influence substantive results, they can be used as statistical controls so that results and infer-
ences are attributable to the hypothesized predictors and not to variability in personality traits
between samples (Bernerth & Aguinis, 2016).
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2. Decide qualifications used to screen MTurkers. Formulating study-appropriate proto-
cols to screen MTurkers helps address threats posed by self-misrepresentation, inconsistent
English language fluency, and MTurker non-naivete. First, to address self-misrepresenta-
tion, there is a need to be explicit about the qualifications (e.g., age, years of work experi-
ence, race) relevant for the study. Then, rather than explicitly listing desired qualifications,
which can motivate self-misrepresentation, one can evaluate MTurkers using a screener
study, pay everyone who participates, eliminate those who do not match desired criteria, and
invite those who meet the qualifications/pass the screener to participate in the focal study
(Chandler, Mueller, & Paolacci, 2014; Hydock, 2018; Siegel, Navarro, & Thomson, 2015;
Wessling, Huber, & Netzer, 2017). This technique is especially useful when attempting to
recruit unique populations (e.g., participants who identify as LGBTQ; Casey et al., 2017).
Second, to address inconsistent English language fluency, one can determine a priori whether
to consider only MTurkers from native-English-speaking countries (based on their internet
protocol [IP] addresses), or to establish measurement equivalence across native and non-
native English speakers (Feitosa, Joseph, & Newman, 2015). Finally, regarding MTurker
non-naivete, there is a need to decide whether to use only highly qualified MTurkers (i.e.,
“Master Workers” who have considerable experience as an MTurker and therefore greater
familiarity with common manipulations, attention check techniques, and experimental tasks
and questions; Lovett, Bajaba, Lovett, & Simmering, 2018; Peer, Vosgerau, & Acquisti, 2014)
or, alternatively, employ screening questions to gauge MTurker familiarity with research
subject, stimuli, and if applicable, manipulations.

3. Establish required sample size. Many MTurker responses are unusable due to high
attrition rates and MTurker inattention. Therefore, in addition to the sample size determined
through a power analysis, it is useful to collect data from at least an additional 15% to 30% of
MTurkers (Sprouse, 2011) to compensate for participant attrition and failure to pass attention
and compliance checks (Barends & de Vries, 2019; Zhou & Fishbach, 2016).

4. Formulate compensation rules. Clear rules regarding compensation help address the
threat posed by the challenge of perceived researcher unfairness. Higher MTurker pay is also
linked to better performance on research tasks (Casey et al., 2017). The recommendation is
to pay a fair wage in relation to the tasks required of the MTurker (Crump, McDonnell, &
Gureckis, 2013), typically the minimum wage when drawing on samples from the United
States (Buhrmester, Talaifar, & Gosling, 2018; Horton & Chilton, 2010; Litman, Robinson, &
Rosenzweig, 2015; Liu & Sundar, 2018). In addition, researchers should decide a priori what
criteria (if any) will be used to refuse payment to MTurkers (Fieseler, Bucher, & Hoffmann,
2017; Gleibs, 2017), and the schedule of payment. Moreover, codes of conduct, monitoring
procedures, and penalties for fraudulent or untruthful reporting should be formulated as levy-
ing economic penalties for deceitful behavior can affect MTurkers” honesty (Brink, Eaton,
Grenier, & Reffett, 2019). These norms should be made explicit and shared with participants
in the consent form. As an additional resource, online supplement Appendix G includes a
sample template of a consent form that can be customized for use in future MTurk research.

5. Design data collection tool used to gather responses. A well-designed data collection
tool can help researchers address validity threats posed by the challenges of vulnerability
to web robots, self-misrepresentation, MTurker inattention, and perceived researcher
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unfairness. We offer five recommendations. First, MTurkers should complete an informed
consent form (Bederson & Quinn, 2011), which includes a “CAPTCHA” verification to
thwart web robots—a “Completely Automated Public Turing Test to tell Computers and
Humans Apart” that discerns human responses from web robots (von Ahn, Blum, Hopper,
& Langford, 2003). This is done by having respondents correctly answer a set of challenges
(e.g., identify pictures, type in words) to proceed. In addition, it is useful to include proce-
dures designed to capture an MTurkers’ IP address and use features that prevent the same
MTurker from completing the study more than once (i.c., avoiding “ballot box stuffing”;
Buhrmester et al., 2018; Chandler & Paolacci, 2017).

Second, it is useful to require MTurkers to provide their MTurk ID and maintain a refer-
ence database of past participants. This helps identify MTurkers who attempt self-misrepre-
sentation to qualify for a particular study (Stewart et al., 2015).

Third, to address the threat posed by MTurker inattention, it is helpful to use attention
checks. While more is preferable, a minimum of two such checks should be employed
(Ramsey, Thompson, McKenzie, & Rosenbaum, 2016; Thomas & Clifford, 2017). Types of
attention checks include instructed items that direct MTurkers to complete or abstain from a
particular action, bogus items that ask MTurkers to answer obvious or ridiculous questions,
self-reports of effort, and questions on which all or almost all respondents should provide the
same response (Huang, Bowling, Liu, & Li, 2015). Specifically for MTurk, it is necessary to
include at least one open-ended question as an attention check to help address both MTurker
inattention and vulnerability to web robots (Dennis, Goodson, & Pearson, 2019). The use of
such items does not negatively affect data quality as long as items used are specifically devel-
oped for this purpose, as opposed to being drawn from other sources or created ad hoc (Huang
etal., 2015).

Fourth, designing short studies (i.e., no more than 5Sminutes to complete) and avoiding
using scales that have only the “end” points labeled (e.g., a Likert-type scale labeled only 1
= strongly agree, 5 = strongly disagree) can help minimize MTurker inattention (Goodman,
Cryder, & Cheema, 2013; Hamby & Taylor, 2016).

Fifth, to gauge social desirability, especially in experimental designs, it is useful to repeat
pertinent questions at the end of the study that make explicit the desired response, and contrast
participant answers to the same questions as when presented earlier (De Quidt, Haushofer, &
Roth, 2018). Finally, it is helpful to include a “Quit study” and “Contact researcher” option on
each page of the study (as applicable) to allow MTurkers to exit the study or ask questions,
thereby addressing the threat posed by the challenge of perceived researcher unfairness
(Mason & Suri, 2012; Schulze, Seedorf, Geiger, Kaufmann, & Schader, 2011).

6. Craft the MTurk task or Human Intelligence Task (HIT). The last action of the plan-
ning stage is designing the HIT or job posting that will be seen by MTurkers. Because one
of the main complaints by MTurkers is that the HIT description and instructions are unclear
(Lovett et al., 2018; Schulze et al., 2011), the description should include details about the
study, such as an accurate estimated time commitment, what MTurkers will be asked to do,
and compensation rules (Zhou & Fishbach, 2016). At the same time, researchers have to be
careful to avoid cues that might provide MTurkers with signals about the study’s aims or that
might motivate MTurkers to engage in self-misrepresentation or exhibit greater social desir-
ability bias. As an additional resource, online supplement Appendix H includes a template for
a HIT post that can be customized for use in future MTurk research.
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Implementation Stage

7. Launch the study, monitor responses, and respond to concerns. To ensure study instruc-
tions are clear and to identify and rectify potential data-quality or programming problems
before the data are collected, it is useful to conduct a pilot test with a minimum of 10 to 30
participants that includes an open-ended question requesting feedback (Kees, Berry, Burton,
& Sheehan, 2017). Once the study is launched, researchers can monitor MTurker communi-
ties (e.g., Turker Nation, MTurk Crowd) to gauge MTurkers reactions to the study (if any),
check if pertinent information is being shared, and respond promptly to any questions or
concerns raised by participants (Barchard & Williams, 2008; Brawley & Pury, 2016; Deng,
Joshi, & Galliers, 2016). Together, these steps help address the threat posed by the growth of
MTurker communities and perceived researcher unfairness.

8. Screen data. Screening MTurk data in a timely manner helps estimate the likely per-
centage of unusable responses. This information can then be used to adjust the number of
potential participants to achieve the required sample size. Unusable responses can usually
be attributed either to careless or insufficient-effort responding (IER) or to fraudulent and
duplicate efforts. General tools that can be used to screen data for careless responding or IER
include MTurker self-reports of effort (e.g., self-reported carelessness, rushed responding,
and skipping of instructions), answers to attention checks (e.g., directed questions), response
times, and statistical tools that analyze answer choice response patterns (Wood, Harms, Low-
man, & DeSimone, 2017).

MTurkers who score higher on self-reports of response effort or fail to comply with
directed questions are more likely to have engaged in careless responding or IER (Berinsky,
Margolis, & Sances, 2014; Maniaci & Rogge, 2014). Thus, their responses can be compared
with those of other MTurkers before deciding to include or exclude them. When evaluating
response times, a best practice is to exclude participants who complete the task in less than
one or two seconds per item (Wood et al., 2017). Finally, the most effective statistical tools
that can be employed include: (a) long-string index (in which participant response patterns in
choosing the same response for multiple items are analyzed for frequency and length, and a
threshold is developed based on the data to indicate potentially invalid responses; Hong,
Steedle, & Cheng, 2020; Johnson, 2005; Maniaci & Rogge, 2014); and (b) within-session
response consistency (which calculates the level of similarity in a participant’s responses to
items they have rated twice and excludes responses that score below 0.25; Wood et al., 2017).
Atleast two of the aforementioned recommendations should be used to screen data (Buchanan
& Scofield, 2018).

Regarding fraudulent or duplicate efforts, the most commonly used method is to examine
IP addresses and delete duplicates. However, the growing popularity of virtual private serv-
ers that conceal the IP address of the device used to access the MTurk study are making it
harder to rely solely on this screening procedure (Dennis et al., 2019). Furthermore, if mul-
tiple MTurkers use the same device (e.g., a laptop in a dorm room or a computer laboratory,
a shared phone or tablet), their IP addresses will be the same, which can cause researchers to
mistakenly omit legitimate responses. Accordingly, in addition to employing IP address
screening (e.g., using software packages for R and Stata designed by Kennedy, Clifford,
Burleigh, Jewell, & Waggoner, 2018), it is useful to examine the response to the open-ended
attention check question included in the study (Dennis et al., 2019) before making the
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decision to include or omit a particular response. Overall, these steps help address threats
posed by the challenges of MTurker inattention, vulnerability to web robots, high attrition
rates, and English fluency.

9. Approve or deny compensation for completed responses. Based on data screening and
using a priori rules, one can approve or deny compensation within 24 to 48 hours of the
MTurker completing the study (Bederson & Quinn, 2011). Researchers can also specify the
reason for rejecting compensation (Brawley & Pury, 2016; Gleibs, 2017). These steps help
address the threat posed by the challenge of perceived researcher unfairness.

Reporting Stage

10. Report details to ensure transparency. There are growing calls in management and
many other fields about the need for greater transparency regarding specific procedures,
judgment calls, and decisions made during a study (Aguinis et al., 2018; Aguinis, Banks,
Rogelberg, & Cascio, 2020; Aguinis & Solarino, 2019). These concerns are even more rel-
evant for MTurk studies as participants are anonymous and often cannot be contacted for
clarification. Accordingly, to address concerns about how different challenges may threaten
validity of results obtained and conclusions reached when using MTurk (Hydock, 2018;
Rouse, 2015), there is a need to clearly describe all steps (Thomas & Clifford, 2017; Zhou &
Fishbach, 2016). First, studies should provide all necessary data for future, secondary analy-
ses (e.g., meta-analyses) of their findings (i.e., demographic data, means, standard devia-
tions, and effect sizes). In addition, there is a need to report details regarding the posting of
the HIT (i.e., were data collected in one batch or multiple batches, was the HIT reposted),
qualifications used to restrict access to the HIT (e.g., age, country of residence, Master
Worker status), and detailed sample characteristics (e.g., gender, race/ethnicity, employment
status, work experience, educational qualifications). Furthermore, it is necessary to report
details regarding the use of attention checks and screening techniques, including the number
of participants excluded for each (Cheung, Burns, Sinclair, & Sliter, 2017), as well as deci-
sions regarding sampling from particular countries, measurement equivalence when testing
non-native English speakers, and non-naivete (Chandler et al., 2014; Feitosa et al., 2015). To
address ethical concerns, it is useful to provide detailed information related to time commit-
ment required and compensation provided (Gleibs, 2017; Keith, Tay, & Harms, 2017).

In closing, our recommendations offer guidance for researchers using MTurk, journal edi-
tors and reviewers who evaluate submitted manuscripts, and consumers of research (i.e.,
other researchers, managers, consultants, policy makers) who wish to determine whether
research using MTurk is sufficiently trustworthy. We hope our article will serve as a catalyst
for more robust, reproducible, and trustworthy MTurk-based research in management and
related fields.
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