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Abstract. Amazon Mechanical Turk has become a powerful tool for
social scientists due to its inexpensiveness, ease of use, and ability to at-
tract large numbers of workers. While the subject pool is diverse, there
are numerous questions regarding the composition of the workers as a
function of HIT posting time. Given the “queue” nature of HITs, and
the disparity in geography, and time of HIT responders, it is natural to
wonder whether HIT posting time/day can have an impact on the popu-
lation that is sampled. We address this question using surveys on AMT
and show (surprisingly) that there does not seem to be a statistically
significant difference in terms of demographics characteristics over time.

1 Introduction

Amazon Mechanical Turk (AMT) is an online crowdsourcing platform that al-
lows “requestors” to post tasks (called “Human Intelligence Tasks” or HITS),
such as image classification and text categorization, for “workers” (or Turkers as
they are called) to complete. Increasingly, AMT is being used by the academic
community to conduct experiments that would normally have taken place in
the lab, for instance in cognitive behavioral experiments [3], identifying subjects
with particular psychiatric symptoms [17], and behavioral economics [6].

Numerous studies have shown the significant diversity of subject pools re-
cruited from AMT [1,3,13,12], thus addressing significant concerns of partici-
pant homogeniety (i.e., the WEIRDness issue [4, 16]. However, the labor market
structure of AMT, and the diversity of its subject pool, may in fact cause a
problem.

In AMT tasks are posted by the requestor and are available to workers for
(1) a fixed, requester determined amount of time, such as 1 hour, a week, etc; (2)
the requested number of workers have completed the task. Satisfying the second
condition can take a variable amount of time, from minutes to weeks.

Ten’s of thousands of tasks are available at any time on AMT. To manage
this abundance of tasks, workers often sort the tasks by their posting date [2];
this leads to newly posted tasks showing up in the first pages of the results. The
probability of a worker seeing a task that is far down in the search results may be
low (perhaps following the “law of surfing” which suggests an inverse gaussian
distribution for the number of items an internet user views before stopping [5,

7).



Since tasks can quickly be pushed several pages down, it’s clear that there
could be a potential demographic differences to arise. That is, we can consider
a task to be a sample of the workers at the time it was posted, and this sample
may be biased based on the time of posting.

Some anecdotal evidence suggests this may be the case. For instance, in [9]
it was found that there was a not-inconsequential difference in the gender of
workers when posting a task in the morning vs. evening.

As an example, consider a restauarant in a busy section of town. If you were
to sample the population at lunch time it may be filled with businesman, but at
dinner time it may be filled with a completely different crowd.

Given this, our objective is to evaluate the potential impact of time of HIT
posting on the demographics of the responders. This will allow us to understand
potential disparities in sample composition that may influence the outcome of a
task.

1.1 Survey design

We took a “panel survey” approach. We conducted 3 waves in which we posted
a survey instrument (described in more detail in Section 1.2) as a HIT on AMT.
Figure 1 provides a schematic of when we posted the survey instrument.

In the first wave we posted the survey instrument twice a day every day for
a calendar week (7 days), starting on a Monday. We allowed 50 responses per
posting of the HIT. During this week we made no limitation on the number of
times participants could complete the survey (at different times). For instance,
a respondent could complete the survey on Monday 8/18 at 8:00am, AND again
on Monday, 8/18 in the evening. However, each respondent could only complete
the survey once per HIT.

Payment was a $1.00 to the respondent. The HIT stayed open for 3 hours,
although we usually had 50 responses well before then.

Wave 2 took place 1 week and 2 days after the start of Wave 1. We invited all
participants from Wave 1 to retake the survey for the same payment. We keep
Wave 2 open for a 6 days. Only one HIT was provided, and each participant
could only take the survey once. Wave 3 took place two weeks after Wave 2 and
3 weeks and 2 days after Wave 1. One again, we invited all participants from
Wave 1 to retake the survey. We followed the same procedure as for Wave 2.

1.2 Survey Instrument

The survey instruments consisted of approximately 120 questions that ranged
from basic demographics to attitudinal, personality and psychological measures.
Of focus to this work will be the 5 demographic questions:

— In which country do you currently live? (provide list of countries)

— What age are you? (answer options will be age ranges).

— What is your household income? (answer options will be in ranges).
— What is your gender?

— What is the highest level of education completed in your household?
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Fig.1: Schematic of survey posting. Each entry has the number of responses
requested, below is the date on which the respondents were paid. For Wave 2
and 3, we received fewer than the requested responses; for Wave 1 we received
all responses.

1.3 Data Collection

While HITS were used to recruit participants from AMT, the actual survey
was hosted on SurveyMonkey. A “double validation code” approach was used to
link AMT users to the survey response. When accepting the HIT, Turkers were
given a validation code which they were to enter into the survey instrument on
SurveyMonkey. At the end of the survey they were given a “survey code” to
enter back into the HIT.

The main purpose of the codes were to link the respondents between AMT
and SurveyMonkey without having to use respondents AMT ID (the goal being
to use the AMT ID as little as possible, given it can be used to identify an
individuals [10]). In addition, this verified that the Turker completed the HIT.

For this study we did not penalize the Turker if they did not correctly put
in the validation or survey code.

1.4 Data Cleaning
In the following we will use this terminology:

Survey Instance A survey instance is one batch of surveys released. So it is
uniquely determined by the day of the week and the time at which it was
released.

Survey response (or just response) A survey response is one response by a
subject to a survey. A survey response is uniquely determined by the subject
id, creation date and time of the survey instances release.

Starting with 1463 responses, we removed responses where:

— The subject did not put in the correct validation code (we kept responses
from individuals who put in their AMT ID for their validation code): 150



The subjects did not correctly answer all three administrative questions: 123
— The subjects took less than 1 minutes to do the survey: 6 responses.
— The subjects did not consent to the experiment: 80 responses

The subjects answered less than 90% of the questions: 67 responses

This left us with 1056 survey responses. Table 2 contains the number of
survey responses that were kept for each wave/time period. Table 1 has the
number of responses without cleaning.

Most survey instances had similar numbers of surveys discarded, so we believe
there was little bias on survey removal based on time.

Table 1: Raw Counts

Wave Count
Wavel 700
Wave2 410
Wave3d 353

Table 2: Survey responses count

Wave Time Day Count Perc. Kept

Wavel morning Sun 42 0.840
Wavel evening  Sun 38 0.760
Wavel morning Mon 31 0.620
Wavel evening Mon 33 0.660
Wavel morning Tues 33 0.660
Wavel evening Tues 33 0.660
Wavel morning Wed 33 0.660
Wavel evening Wed 37 0.740
Wavel morning Thurs 35 0.700
Wavel evening Thurs 34 0.680
Wavel morning  Fri 36 0.720
Wavel evening Fri 36 0.720
Wavel morning Sat 37 0.740
Wavel evening  Sat 36 0.720
Wave2 morning Wed 302 0.737

Wave3 morning Wed 260 0.737




2 Results

2.1 Overall Statistics

First we will generate the overall demographics. To do this, we took all responses
from Wave 1 (we only used the first response from a respondent).

Several surveys have indicated that turkers originate from two major coun-
tries: USA and India [15, 8]. We wanted to test out the percentage of individuals
who would join from the USA and India as well. To do this, one of the survey
questions asked was: “In which country do you currently reside?”.

Table 3a provides the overall percentages of responses from the USA, India
and every other country. Following previous work, we see that responses from the
USA are prevalent, with responses from India being second. However, previous
work suggested a higher response rate from India [15], which surprisingly did
not appear. Note that subjects were allowed to repeat the survey multiple times
during Wave 1 (see Section 1.1 for more details), however Table 3a uses the
respondents first response within Wave 1.

Country Count Percentage Country <Bachelors >=Bachelors
1 USA 402 0.843 USA 0.47 0.53
2 India 65 0.136 India 0.03 0.97
3 Other 10 0.021 Other 0.30 0.70
(a) Respondent distribution over countries. (b) Distribution of

Table 4: Distribution of income by country — Wave 1
|< $25,000 >= $25,0000

USA 0.19 0.81
India 0.57 0.43
Other 0.10 0.90

Figure 2 shows the education level of the subjects in Wave 1

We see similarity to the results from [15] — the overwhelming majority of
Indian resident workers had a bachelors degree or higher.

In terms of gender, Table 5 provides the distribution of gender. We see more
Female worker, overall, than Male workers. When dividing by country (Table 6),
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Fig. 2: Education levels for all subjects in Wave 1.

9% of respondents

we see a large proportion of Female workers in the US, while a larger proportion
of Males in India. This follows the results of [15] for their February 2010 results.

Table 5: Distribution of gender — Wave 1
Male |Female
0.4513|0.5487

Table 6: Distribution of gender by country — Wave 1
‘Male Female
USA |0.43 0.57
India |0.57 0.43
Other|{0.40 0.60

Income distribution, overall, is shown in Figure 3. Table 4 provides the distri-
bution dividing at $25,000 per country. We see the majority of US participants
having an income over $25,000.

However, the question as posed was not suited for international distribution
— it assumes that participants from India knew the exchange rate at the time of
the survey (on 8/20/2014 it was 60 INR/ 1 USD?)

Our overall statistics report similar statistics as [15].

1 http://www.x-rates.com/historical/?from=INR&amount=1.00&date=2014-08-20
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Fig. 3: Income level proportions.

2.2 Time-of-day differences

Table 7 shows distribution of demographic characteristics as a function of day of
the week and time of the day that the HIT was posted. A x? was performed on
all demographic categories over the two categories (day of the week and time of
day). In all cases except gender, no statistically significant difference was found
— indicating that neither the day of the week or time-of-the day caused a change
in the demographics of turkers who responded to the HIT.

Gender did have a statistically significant difference. Figure 5 shows the dis-
tribution of gender by day. 3 out of the 7 days have a majority of male respon-
dents, whereas 4 out of the 7 days have a majority of female respondents.

3 Discussion

The results are somewhat surprising, especially for the country measure. Given
the time zone difference, and the task-queue nature (as described in Section 1 we
expected a significant difference in the demographics of users. Note that in several
cases there seemed to be differences, but there was no statistical significance. For
instance, Figure 6 seems to indicate a difference in those who respond from India
on Wed.



Table 7: Demographic characteristics of participants divided by day of week and
by time of day. Only Gender has a statistically significant difference over days
of the week (x? = 13.96,p = .03 using simulated p-value with 5000 replicates)

W1 Days W1 Time
Mon Tues Wed Thurs Fri Sat  Sun | morning evening
N = (64) (66) (70) (69) (72) (73) (80) (247) (280)
Gender**
Male 0.516 0.364 0.420 0.565 0.380 0.361 0.551] 0.455 0.449
Female 0.484 0.636 0.580 0.435 0.620 0.639 0.449| 0.545 0.551
Income
<$25K 0.281 0.273 0.243 0.232 0.250 0.205 0.200] 0.223 0.255
$25k-$49K 0.312 0.364 0.414 0.449 0.333 0.384 0.438] 0.417 0.356
$50k-$74k 0.172 0.152 0.143 0.130 0.264 0.192 0.212| 0.170 0.194
$75k-$99k 0.062 0.106 0.129 0.130 0.042 0.123 0.062] 0.089 0.097
$100k-$124k 0.125 0.061 0 0.014 0.083 0.055 0.038] 0.049 0.057
$125k-$149k 0.016 0.015 0.057 0.029 0 0.014 0.050, 0.036 0.016
>$150k 0.031 0.030 0.014 0.014 0.028 0.027 0 0.016 0.024
Education
Some H.S. 0 0.015 0.014 0 0.028 0.027 0 0.016 0.008
H.S. Grad. 0.062 0.045 0.057 0.072 0.125 0.096 0.112] 0.089 0.077
Some College 0.234 0.242 0.243 0.188 0.181 0.178 0.212| 0.190 0.231
Assoc. Degree 0.141 0.030 0.129 0.159 0.042 0.096 0.062| 0.113 0.073
Bachelor’s 0.344 0.409 0.371 0.348 0.389 0.356 0.375] 0.360 0.381
Some Grad. 0.016 0.015 0.014 0.087 0.042 0.082 0.012] 0.036 0.040
Master’s 0.172 0.212 0.114 0.116 0.181 0.151 0.200| 0.162 0.166
Doctoral 0.031 0.030 0.057 0.029 0.014 0.014 0.025] 0.032 0.024
Country
USA 0.797 0.788 0.829 0.783 0.875 0.877 0.838| 0.846 0.810
India 0.188 0.197 0.129 0.217 0.111 0.082 0.150| 0.130 0.174
Other 0.016 0.015 0.043 0 0.014 0.041 0.012f 0.024 0.016
Age
0-17 0 0 0 0 0 0 0 0 0
18-25 0.141 0.121 0.114 0.188 0.181 0.205 0.175| 0.178 0.146
26-35 0.391 0.364 0.400 0.377 0.403 0.411 0.350] 0.324 0.445
36-45 0.203 0.197 0.171 0.174 0.222 0.205 0.275] 0.227 0.190
46-55 0.078 0.061 0.143 0.130 0.125 0.096 0.088| 0.101 0.105
56-65 0.172 0.182 0.143 0.116 0.069 0.082 0.088| 0.146 0.093
66+ 0.016 0.076 0.029 0.014 0 0 0.025| 0.024 0.020
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Fig. 4: Gender distribution by day in Wave 1.

Another option is that the time of acceptance of the HIT was quite different
from the time the HIT was posted — thus masking the impact of time. We set
the HITs to have an expiration date of 12 hours, however all of the Wave 1 HIT's
were completed within 6 hours, and in fact most HITs were submitted within
30 minutes of posting the HIT (median of 26.3 minutes).

One reasons may be that users are explicitly searching for certain HITs to
perform — thus the impact of queue placement is mitigated. This is unlikely, as
previous work ([2]) indicated that only 20% of subjects use a keyword search.

Another reason for these results may be that subjects are lying about their
demographic information. This is also an unlikely possibility, as [14, 11] indicate
workers self-reported demographic characteristics are stable over time. In fact,
[14] conducted an independent verification of country of residence (via IP address
analysis) showing that, at least for country of residence, there is a high (97.2%)
match rate.

One final reason may be a bias in subject responses that are kept. There
could be a correlation between demographic characteristics and subject responses
which are kept — which could be masking demographic differences. Even if this
were true, post-hoc data cleaning is common among AMT based studies. Thus,
most studies will be analyzing data from cleaned responses anyway, and these
sample composition results would hold.

A more detailed analysis of these issues is planned for future work.

4 Conclusion

The composition of the samples from AMT is an important issue that is, as of
yet, understudies [12]. Through a panel survey design, we show, surprisingly,
that there is no statistically significant difference in sample composition on the
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Fig.5: Gender of respondent by day.

country of residence, income, age, and education measures as a function of when
a HIT was posted (morning/evening) and day that HIT was posted (Mon-Sun).

Gender, however, does show a statistically significant difference (x?,p < .05)
as a function of day of the week. This matches results from [9] which also showed
a difference in gender. However, their difference appeared as a function of the day
and time of posting, whereas we were able to identify the difference as coming
from the day.
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