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Amazon’s Mechanical Turk (MTurk; www.
MTurk.com) is a crowdsourcing platform 
hosted by Amazon that connects individuals 

creating tasks (requesters) to workers willing to complete 
those tasks for compensation.1 MTurk offers a low-cost, 
fast-turnaround option for completing tasks that can 
be done online. MTurk has been used increasingly in 
research, particularly in studies related to health.2,3

Previous shows that MTurk workers are younger, more 
likely to be white, male, and have a college degree, 
and less likely to be in good health than the general 
population. Workers on Mechanical Turk (herein 
called “Turkers”) are less likely to be vaccinated 
for influenza, exercise, and smoke than the general 
population.4 Current recommendations to increase 
the representativeness of an MTurk sample include 
post hoc recruitment for specific under-represented 
demographic groups,5 or using new tools such as 
curated panels of participants that allow access to 
harder-to-reach groups on MTurk.6,7

In addition to questions about representativeness, 

there is a concern about the quality of data obtained 
from MTurk samples.8 Previous work shows that 
there are issues with worker inattentiveness to tasks. 
For example, Chandler et al.6 studied the impact on 
MTurk participation when workers were subjected 
to a pre-screening survey that tested their ability to 
comprehend and correctly respond to questions. Those 
who failed the screener were allowed to complete the 
assessment and were found to score worse on attention 
checks and have lower reliability of responses than 
those who passed.
Researchers have implemented a variety of approaches 
to increase the response quality of Turkers, including 
removing those who have an average item response of 
one second or less, adding screener questions before 
the main survey, adding IP address verification, and 
conducting test-retest comparisons on key demographic 
variables.9-11 Previous studies show that surveys that 
do not implement data quality checks can yield 
spurious results. For example, Ophir et al.12 estimated 
the prevalence of depression in 2 surveys of Turkers, 
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one without attention checks and one with attention 
checks. The authors created a scale to identify likely 
inattentive workers by combining a reading speed task, 
an internal consistency check, and 3 checks of response 
strings to identify long strings of the same response. 
Workers were grouped into categories based on how 
inattentive they were. In both samples, MTurk workers 
were found to have a higher prevalence of depression 
than the general population, a finding consistent with 
other studies,4 but they also found that prevalence was 
about 50% higher when inattentive responders were 
included. It is recommended that a combination of 
the above approaches be used to produce the highest 
quality results.10

The goal of this paper is to evaluate the national 
representativeness of 2 samples of MTurk workers 
and evaluate how different recruitment strategies 
impact the representativeness of the samples. We 
also describe how a screening approach using fake 
conditions impacts the quality and representativeness 
of the MTurk sample.

METHODS
Data Collection
We developed and programmed 2 web-based surveys to 
collect data from MTurk participants in 201713 (funded 
by a grant from the National Institutes of Health/
National Center for Complementary and Integrative 
Health, Grant Number 1R21AT009124-01) and 
2021 (funded by a grant from the National Institutes 
of Health/National Center for Complementary and 
Integrative Health, Grant Number 1R01AT010402-
01A1). In both instances, we used the online platform 
CloudResearch (formerly TurkPrime) to field the 
survey. CloudResearch allows users to host tasks on 
MTurk and supports advanced features to customize 
survey implementation.14

Our general health survey was designed first to collect 
participants’ demographic characteristics and health 
conditions and then use this information to target a 
follow-up survey to those who endorsed back pain from 
the list of conditions presented. Use of this conditions 
list made it possible to identify those with back pain 
without revealing that a particular answer would 
lead to more work (and compensation). Conditions 
included 14 that required a doctor’s diagnosis (ie, 
“Have you EVER been told by a doctor or other health 
professional that you had…”) and 10 self-attested issues 
(ie, “Do you currently have...”). The question about 
back pain was in this second group. The surveys were 
limited to respondents aged 18 years or older with an 
IP address in the United States (US).

Surveys were fielded continuously in batches of 9 
surveys every hour for 2 months. MTurk charges a 
fee for tasks that require more than 9 individuals to 
complete. Using features native to CloudResearch, we 
were able to create batches of tasks for 9 individuals 
at a time while ensuring that no individual could 
take the same task twice. This approach also allowed 
individuals who complete MTurk tasks at different 
times of the day and days of the week to have an equal 
chance to participate.
All participants provided electronic consent starting 
the survey. Those who completed the general health 
survey were offered $1.50 for participation, and those 
who qualified and went on to complete the back pain 
survey were offered an additional $2.50. Payments 
were determined by approximating the amount of 
time needed to complete the survey and offering the 
equivalent of US federal minimum wage for completion 
of the general health survey and a slight bonus for 
completing the subsequent back pain survey. The 
average time to complete was 22 minutes.

Data Sources
The data collected in 2017 (“MTurk 2017”) were 
developed and programmed on Qualtrics using several 
native MTurk features and CloudResearch advanced 
features to increase the quality of the MTurk sample. 
First, each participant had to complete a minimum 
of 100 previous human intelligence tasks (HITs) 
on MTurk with a successful completion rate of at 
least 90%. Second, the data collection process used 
a native US IP address check on CloudResearch to 
verify whether individuals were accessing the survey 
with an IP address from a US location. 
The second dataset was collected in 2021 (“MTurk 
2021”) and programmed on SelectSurvey. Like the 
previous survey, we used the same CloudResearch 
advanced features to increase the quality of our 
responses. This time participants had to complete a 
minimum of 500 previous HITs on MTurk with a 
successful completion rate of at least 95%. The 95% 
threshold was selected as it is shown to improve 
response quality15 and based on a time to complete 
analysis on a pilot study to test the survey.
In addition, we included 2 conditions that were fake in 
the condition checklist (ie, Syndomitis, Checkalism) to 
identify and screen out individuals who may be gaming 
the survey to qualify for a potential follow-up survey. 
Any individual who identified as having back pain and 
did not endorse a fake condition was then offered the 
opportunity to take a targeted survey on back pain. 
We also identified the subset of the sample who did 
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not endorse a fake condition (“MTurk 2021A”).

Data Analysis
We conducted univariate analyses to describe the 
composition of our general health survey samples by 
age, gender, race/ethnicity, income, education, and 
self-reported health conditions. We compared the 3 
MTurk samples to national estimates of demographic 
characteristics and health conditions based on the 
National Health and Nutrition Examination Survey 
and the National Health Interview Survey. We also 
compared MTurk estimates of demographics to 
estimates from the US population using the US Census 
Current Population Survey (CPS) and American 
Community Survey (ACS). Relative comparisons 
between MTurk 2017 and MTurk 2021 reflect the 
differences in representativeness based on time (2017 

vs 2021 during a pandemic) as well as an increased 
threshold of worker experience (100 vs 500 previous 
tasks) and quality (90% vs 95% completion rate) 
of work. Comparisons to national rates for MTurk 
2021 versus MTurk 2021A reflect the improvements 
in representativeness due to exclusion of those who 
endorsed fake conditions.

RESULTS
MTurk 2017 included 5755 participants, MTurk 2021 
6752 participants, and MTurk 2021A 5760 individuals. 
That is, 992 individuals (15%) endorsed at least one 
fake condition. On average, those who endorsed one 
fake condition endorsed 12.2 other conditions, those 
who endorsed both fake conditions endorsed 15.0 
other conditions, and those who did not endorse a 
fake condition endorsed 3.7 other conditions.

Table 1
Demographic Characteristics of MTurk Compared to US Population

Gender MTurk 2017 (%)
N=5755

MTurk 2021 (%)
N=6752

MTurk 2021A (%)
N=5760 US (%) Source for US comparison

Male 47.31 43.35 45.18 49.2 US Census Bureau, Current 
Population Survey, Annual Social 
and Economic Supplement, 2019

Female 52.14 55.87 53.9 50.8
Other 0.54 0.78 0.92 N/A

Age MTurk 2017 (%)
N=5755

MTurk 2021 (%)
N=6752

MTurk 2021A (%)
N=5760 US (%)

Average age 35.9 39.4 39.6 47.1
US Census Bureau, Current 

Population Survey, Annual Social 
and Economic Supplement, 2019

Ethnicity MTurk 2017 (%)
N=5755

MTurk 2021 (%)
N=6752

MTurk 2021A (%)
N=5760 US (%)

Hispanic 8.19 20.25 14.55 18.5 US Census Bureau, Current 
Population Survey, Annual Social 
and Economic Supplement, 2019Not Hispanic 91.81 79.75 85.45 81.5

Race MTurk 2017 (%)
N=5755

MTurk 2021 (%)
N=6752

MTurk 2021A (%)
N=5760 US (%)

White 80.22 78.33 79.72 72.49

2019 American Community 
Survey

Black or African American 8.20 12.67 10.52 12.7
Asian 6.16 5.49 5.97 5.52

Native Hawaiian or Pacific Islander 0.22 0.16 0.15 0.18
American Indian or Alaska Native 0.79 3.34 3.65 0.85

Other 1.08 0 0 4.94
Income MTurk 2017 (%)

N=5755
MTurk 2021 (%)

N=6752
MTurk 2021A (%)

N=5760 US (%)

Less than $10,000 5.18 3.98 4.16 5.05

US Census Bureau, Current 
Population Survey, 2019 Annual 
Social and Economic Supplement 

(CPS ASEC)

$10,000 - $19,999 8.81 6.16 6.72 8.03
$20,000 - $29,999 12.68 10.77 10.96 8.03
$30,000 - $39,999 13.67 11.13 11.78 7.91
$40,000 - $49,999 12.23 14.18 13.33 8.06
$50,000 - $59,999 10.90 16.46 15.12 7.2
$60,000 - $79,999 15.71 14.9 14.5 12.1
$80,000 - $99,999 8.86 11.07 10.73 9.54

$100,000 - $199,999 10.72 10.19 11.42 23.84
$200,000 or more 1.24 1.17 1.29 10.25

Education MTurk 2017 (%)
N=5755

MTurk 2021 (%)
N=6752

MTurk 2021A (%)
N=5760 US (%)

No high school diploma 0.46 0.28 0.33 10.6

US Census Bureau, Current 
Population Survey, 2019 Annual 
Social and Economic Supplement 

(CPS ASEC)

High school graduate or GED 11.05 6.93 8.08 28.32
Some college, no degree 24.52 12.19 14.14 17.97

Occupational/technical/vocational program 2.74 1.83 2.12 4.14
Associate degree: academic program 11.83 6.62 7.68 5.65

Bachelor’s degree 36.84 51.16 49.78 21.28
Master’s degree 9.79 18.69 15.39 8.96

Professional school degree 1.31 1.29 1.37 1.26
Doctoral degree 1.44 0.93 1.02 1.82

Other 0.03 0.08 0.1 0
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Table 1 details demographic characteristics. The 
MTurk samples tend to be more female, less Hispanic, 
and more likely to identify as white, have more than 
a high school degree, and more likely report annual 
household incomes in the $20,000 to $80,000 range 
than the general US population. Increasing the 
number of previous tasks completed (from MTurk 
2017 to MTurk 2021) and conducting the survey 
4 years later during the COVID-19 pandemic 
increased the proportion of individuals who endorsed 
being female, Hispanic, black/African-American, 
American Indian or Alaskan Native, and having 
a 4-year or higher degree. Exclusion of those who 
endorsed fake conditions (MTurk 2021A) improved 

the representativeness of gender and education but 
reduced the representativeness of ethnicity and race 
compared to those in MTurk 2021.
MTurk samples were younger than the general 
population, over-representing those from ages 25-
44, and underrepresenting those age 50+ (Figure 1). 
Increasing the number of previous tasks completed 
from 100 to 500 in conjunction with the difference 
in when data were collected and impact of the 
COVID-19 pandemic increased the age of participants 
from the MTurk 2017 average of 35.9 to 39.6 years 
old for participants in MTurk 2021A, slightly higher 
than previous estimates of the age of MTurk workers.16

Table 2
Estimates of Disease Prevalence in MTurk Compared to US Population

Condition MTurk 2017 (%)
N=5755

MTurk 2021 (%)
N=6752

MTurk 2021A (%)
N=5760 US (%) Source

Anxiety 42 34 28 19 National Comorbidity Study Replication (NCS-R)
Depression 30 40 34 7 2017 National Survey on Drug Use and Health (NSDUH)
Back pain 26 45 40 29 2013-2015 National Health Interview Survey (NHIS) Data

Hypertension 15 36 27 50 National Health and Nutrition Examination Survey (NHANES) 2017-2018
Neck Pain 13 31 24 15 2013-2015 National Health Interview Survey (NHIS) Data
Asthma 11 23 15 8 2018 National Health Interview Survey (NHIS) Data
Diabetes 4 21 12 13 National Health and Nutrition Examination Survey (NHANES) 2017-2018

Heart Disease 1 15 5 12 2018 National Health Interview Survey (NHIS) Data
COPD 1 14 5 7 2017 Behavioral Risk Factor Surveillance System (BRFSS)
Cancer 1 14 5 9 2018 National Health Interview Survey (NHIS) Data
Stroke 1 14 4 3 2018 National Health Interview Survey (NHIS) Data

Figure 1
Age Distribution in MTurk Compared to US Population

This paragraph was above table, now shifted below the table to acquire the required space for the table at the page.
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Table 2 details the rates of endorsement for the 
healthcare conditions. We found a higher proportion 
of individuals with mental health conditions such as 
anxiety and depression in the MTurk samples than the 
national averages. Compared to the national averages, 
both MTurk 2017 and MTurk 2021 samples were 
less likely to report hypertension, but MTurk 2021 
had higher rates of other conditions related to age 
(cancer, COPD, stroke, heart disease, and diabetes), 
and asthma. MTurk 2021 respondents reported 
more health conditions than MTurk 2017 except 
for anxiety. When we removed the fake conditions 
(MTurk 2021A), we found that that prevalence of 
health conditions decreased and was more similar 
to the national averages. Between 65% and 89% 
of individuals who endorsed a fake condition also 
endorsed every other condition and diagnosis included 
in the survey (not displayed). 

DISCUSSION
The representativeness of MTurk samples and the 
quality of responses is a concern for some researchers. 
Whereas various methods to improve quality exist, 
how those approaches impact the sample and its 
representativeness is not well understood. This 
study compares MTurk workers at 2 time-points 
and evaluates the impact of various methods for 
improving data quality on sample representativeness. 
It seems that requiring more previous MTurk tasks 
helped with the representativeness of the MTurk 
sample. Weeding out those who endorsed fake 
conditions also improved representativeness, but there 
are still several issues with creating representative 
samples in MTurk. Like previous studies, MTurk 
samples tend to be younger, “whiter,” and more 
educated than national samples. Increasing the 
number of previous HITs completed (and the 
passage of time) did increase the average age of 
the MTurk sample and generally improved the 
representativeness by race and ethnicity. However, 
these approaches had little impact on national 
representativeness for income. Additionally, increasing 
the number of previous HITs completed improved 
the representativeness of the sample in terms of 
self-reported conditions and diagnoses, particularly 
among low prevalence conditions. When we removed 
those who endorsed fake conditions, the estimated 
prevalence of conditions and diagnoses moved 
closer to national estimates. However, we still see 
higher prevalence for anxiety, depression, asthma, 

back pain, and neck pain after removing those who 
endorsed a fake condition. These results may indicate 
that MTurk may be a good source for samples with 
high rates of anxiety, depression, asthma back and 
neck pain. We also saw that those who endorsed 
fake conditions endorsed a large percentage of 
self-reported conditions and diagnoses, potentially 
indicating that Turkers might attempt to game the 
survey for additional work.
Although our data quality approaches generally 
improve representativeness, the MTurk population 
may not be nationally representative. However, there 
are other approaches that could be used to improve 
representativeness in a targeted manner. One approach 
would be to oversample individuals with certain 
conditions or demographic groups and apply weights 
to create more representative samples. Researchers 
could consider targeting individuals with specific 
conditions or from particular demographic groups 
using methods like ours that reduce survey gaming. 
Whereas these approaches would incur additional 
costs, they could improve sample representativeness if 
the appropriate data quality approaches are also used.
Our study has several limitations. First, there was a 
4-year gap between our first sample (MTurk 2017) 
and our more recent samples (MTurk 2021 and 
MTurk 2021A). In addition to the time difference, 
our later data were collected during the COVID-19 
pandemic, which has had impacts on time availability 
and income for many workers. The number and types 
of individuals choosing to work on MTurk may 
have changed due to both conditions. Second, we 
are only using self-reported measured for conditions 
without a way to validate those responses. However, 
this same approach is used for national estimates and 
reasonably good correspondence between self-reports 
of conditions and medical records has been reported.17

Approaches to ensuring high quality MTurk data 
can support creating more representative samples of 
workers from MTurk. Our study shows the impact of 
various approaches to improving data quality and the 
subsequent effects on representativeness by comparing 
estimates to US population estimates. Future work 
is needed to continue to develop research use cases 
in which MTurk is the appropriate venue.
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