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Methodology
• Crawl the list of HITs once per hour 
• Record the 

• RequesterID 
• Number of HITs available 

• Reward amount 
• Title, description, keywords 
• Qualifications required



Number of HITs and 
Total Value

• From January 2009 - April 2010: 
• 165,368 HIT groups 
• 6,701,406 HITs total 
• 9,436 requesters 
• The total value of the posted HITs was 

$529,259



Top Requesters
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Following this approach, we could 
find the new HITs being posted over 
time, the completion rate of each HIT, 
and the time that they disappear from 
the market because they have either 
been completed or expired, or because 
a requester canceled and removed 
the remaining HITs from the market. 
(Identifying expired HITs is easy, as 
we know the expiration time of a HIT. 
Identifying cancelled HITs is a little 
jh_Ya_[h$�M[�d[[Z�je�ced_jeh�j^[�kikWb�
completion rate of a HIT over time and 
see if it is likely, at the time of disap-
pearance, for the remaining HITs to 
have been completed within the time 
since the last crawl.) 

A shortcoming of this approach is that 
it cannot measure the redundancy of the 
posted HITs. So, if a single HIT needs to 
be completed by multiple workers, we 
can only observe it as a single HIT. 

The data are also publicly avail-
able through the website http://www.
mturk-tracker.com [1].

From January 2009 through April 
2010, we collected 165,368 HIT groups, 
with 6,701,406 HITs total, from 9,436 
requesters. The total value of the post-
ed HITs was $529,259. These numbers, 
of course, do not account for the redun-
dancy of the posted HITs, or for HITs 
that were posted and disappeared be-
tween our crawls. Nevertheless, they 
should be good approximations (with-
in an order of magnitude) of the activ-
ity of the marketplace.

TOP REQUESTERS AND  
FREQUENTLY POSTED TASKS
One way to understand what types of 
tasks are being completed in the mar-
ketplace is to find the “top” requesters 
and analyze the HITs that they post. 
Table 1 shows the top requesters, based 
on the total rewards of the HITs posted, 
filtering out requesters that were active 
only for a short period of time.

M[� YWd� i[[� j^Wj� j^[h[� Wh[� l[ho� \[m�
active requesters that post a significant 
amount of tasks in the marketplace 
and account for a large fraction of the 
posted rewards. Following our mea-
surements, the top requesters listed in 
Table 1 (which is 0.1 percent of the to-
tal requesters in our dataset), account 
for more than 30 percent of the overall 
activity of the market. 

Given the high concentration of the 

market, the type of tasks posted by 
the requesters shows the type of tasks 
that are being completed in the mar-
ketplace. Castingwords is the major 
requester, posting transcription tasks 
frequently. There are also two other 
semi-anonymous requesters posting 
transcription tasks as well. 

Among the top requesters we also 
see two mediator services, Dolores 
Labs (aka Crowdflower) and Smart-
sheet.com, who post tasks on Mechan-
ical Turk on behalf of their clients. 
Such services are essentially aggrega-
tors of tasks, and provide quality as-
surance services on top of Mechanical 
Turk. The fact that they account for ap-
proximately 10 percent of the market 
indicates that many users that are in-
terested in crowdsourcing prefer to use 
an intermediary that address the con-
cerns about worker quality, and also 
allow posting of complex tasks without 
the need for programming. 

M[�Wbie�i[[� j^Wj� \ekh�e\� j^[� jef�h[-
questers use Mechanical Turk in order 
to create a variety of original content, 
from product reviews, feature stories, 
blog posts, and so on. (One requester, 
“Paul Pullen,” uses Mechanical Turk to 
paraphrase existing content, instead 
of asking the workers to create content 
from scratch.) Finally, we see that two 
requesters use Mechanical Turk in or-
der to classify a variety of objects into 
categories. This was the original task 
for which Mechanical Turk was used 
by Amazon. 

The high concentration of the mar-
ket is not unusual for any online com-
munity. There is always a long tail of 

participants that has significantly 
lower activity than the top contribu-
tors. Figure 1 shows how this activity 
is distributed, according to the value of 
the HITs posted by each requester. The 
x-axis shows the log2 of the value of 
the posted HITs and the y-axis shows 
what percentage of requesters has this 
level of activity. As we can see, the dis-

Table 1: Top Requesters based on the total posted rewards available to a single 
worker (January 2009–April 2010).
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Figure 1: Number of requesters vs. total 
rewards posted.



Number of HITs and 
Total Value

• From January 2009 - April 2010: 
• 165,368 HIT groups 
• 6,701,406 HITs total 
• 9,436 requesters 
• The total value of the posted HITs was 

$529,259



A few requesters offer 
most of the rewards
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Figure 1: Number of requesters vs. total 
rewards posted.



Rewards by keyword
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tribution is approximately log-normal. 
Interestingly enough, this is approxi-
mately the same level of activity dem-
onstrated by workers [5].

For our analysis, we wanted to also 
examine the marketplace as a whole, 
to see if the HITs submitted by other 
requesters were significantly different 
than the ones posted by the top request-
ers. For this, we measured the popu-
larity of the keywords in the different 
HITgroups, measuring the number of 
HITgroups with a given keywords, the 
number of HITs, and the total amount 
of rewards associated with this key-
word. Table 2 shows the results.

Our keyword analysis of all HITs in 
our dataset indicates that transcription 
is indeed a very common task on the 
AMT marketplace. Notice that it is one 
of the most “rewarding” keywords and 
appears in many HITgroups, but not 
in many HITs. This means that most 
of the transcription HITs are posted 
as single HITs and not as groups of 
many similar HITs. By doing a com-
parison of the prices for the transcrip-
tion HITs, we also noticed that it is a 
task for which the payment per HIT is 
comparatively high. It is unclear at this 
point if this is due to the high expecta-
tion for quality or whether the higher 
price simply reflects the higher effort 
required to complete the work.

Beyond transcription, Table 2 indi-
cates that classification and categori-
zation are indeed tasks that appear in 
many (inexpensive) HITs.  Table 2 also 
indicates that many tasks are about 
data collection, image tagging and 
classification, and also ask workers 
for feedback and advice for a variety 
of tasks (e.g., usability testing of web-
sites).

PRICE DISTRIBUTIONS
To understand better the typical prices 
paid for crowdsourcing tasks on AMT, 
we examined the distribution of the 
HIT prices and the size of the posted 
HITs. Figure 2 illustrates the results. 
M^[d�[nWc_d_d]�>?J�]hekfi"�m[� YWd�
see that only 10 percent have a price tag 
of $0.02 or less, 50 percent of the HITs 
have price above $0.10, and 15 percent 
of the HITs come with a price tag of $1 
or more. 

However, this analysis can be mis-
leading. In general, HITgroups with a 
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Table 2: The top 50 most frequent HIT keywords in the dataset, ranked by total 
reward amount, number of HITgroups, and number of HITs.

!"#$%&'( )"$*&'+( !"#$%&'( ,-./0&%12+( !"#$%&'( ,-./+(

'*3*( !"#$%&"'( )*+,-./0123+( 45%#5$( 62137),( 4%88&%44#(

4%55"436%7( !"&4%859( )0( 45%#5"( 3*,*( '%&&#%4#&(

"*+#( !#'%$#'( 613)*+,( 4:%$&"( )*,;/12-<*,-1.( '%$9'%4:9(

$&63678( !#"%#'9( ,2*.+)2-=;( 49%8#:( +>166-./( '%958%#88(

3&*7+4&69"( !5"%4"8( ;./?-+>( '4%&'$( @;2)>*.3-+;( $%5$&%#$8(

"7856+:( !:5%'44( @6( ''%84#( )1??;),-1.( $%&##%#"&(

;164<( !:&%:&&( 02-,-./( $#%$$#( ;*+A( $%$&&%:&:(

2&%'143( !88%:$8( B7;+,-1.( $"%$:4( )*,;/12-<;( $%94:%9:"(

4$( !88%458( *.+0;2( $9%'"&( B7-)C( "%5&$%9$:(

4*+3678$%&'+( !88%"""( 16-.-1.( "&%49:( 0;=+-,;( "%:8$%:$$(

2%'4*+3( !84%4"5( +>12,( "&%$5'( )*,;/12A( "%85'%844(

=2( !84%"8$( *3D-);( "4%"#5( -@*/;( "%&55%&58(

$"9+63"( !89%&$:( ;*+A( ""%4$9( +;*2)>( "%4&8%9$#(

+"*&4:( !&:%&:5( *2,-)?;( "9%#9#( E*+,( "%':$%48#(

6=*8"( !&&%9"'( ;3-,( #%4&"( +>16<-??*( "%$5"%4&#(

9165'"&( !&'%44'( 2;+;*2)>( #%$$&( ,*//-./( "%9$5%59$(

=%9="&8"( !&'%4'"( B7-)C( 5%$5$( )?173+12,( "%9"5%4&&(

$&63"( !&$%"55( +72D;A( 5%$8&( )?*++-EA( "%99:%":'(

56+3678+( !45%5&'( ;3-,-./( :%5&4( ?-+,-./+( #8$%99#(

*&3645"( !45%'::( 3*,*( :%&45( ,*/( #&8%8$$(

&"+"*&4:( !45%'9"( 2;02-,-./( :%$99( 6>1,1( 5:$%#5'(

+:%22678( !45%958( 02-,;( :%"4&( 6*/;D-;0( 58$%&8:(

4*3"8%&6>*36%7( !44%4'#( 6*7?( 8%54&( ,>-+( 54&%45&(

+6=25"( !4'%489( 67??;.( 8%54'( +-@6?;( 599%&:'(

?*+3( !49%''9( +.-66;,( 8%5'"( =7-?3;2( :#8%'9&(

4*3"8%&6>"( !'5%:9&( )1.E-2@( 8%&4'( @1=@;2/;( :#8%$8$(

"=*65( !'$%#5#( /2*3;( 8%&"&( 6-),72;( :4'%$"4(

="&4:*7'6+"( !'$%$':( +;.,;.);( 8%$:&( 72?( :'#%94#(

1&5( !'"%5"#( E*+,( &%8$9( *@( 8"'%:44(

3*88678( !'9%""9( )1??;),-1.( &%"'8( 2;,*-?( 89"%:"4(

$"9( !$#%'9#( 2;D-;0( 4%55'( 0;=( &54%"&$(

2:%3%( !$5%::"( .*.1.*.1( 4%'&5( 02-,-./( &45%"""(

&"@6"$( !$5%:9:( 3-.C?;( 4%'&5( 2;+;*2)>( &""%"#4(

4%73"73( !$5%'"#( @7?,-)1.E-2@+.-66;,( 4%$"5( ;@*-?( 45:%&89(

*&3645"+( !$:%54"( 0;=+-,;( 4%"49( D( 4$:%"'5(

4*3"8%&#( !$8%8&8( @1.;A( 4%95&( 3-EE;2;.,( 4$&%'''(

?5%$"&( !$8%"'"( ,2*.+)2-6,-1.( '%5&$( ;.,2A( 4"9%:9'(

5*9+( !$8%"":( *2,-)?;+( '%&49( 2;?;D*.);( 499%'4:(

4&%$'( !$8%"":( +;*2)>( '%455( E?10;2( ''#%$"8(

'%5%&"+5*9+( !$8%"":( =?1/( '%498( ?*=+( ''#%"5&(

4&%$'?5%$"&( !$8%"":( *.3( '%'89( )2103( ''#%"54(

'"5%&"+( !$8%"":( +-@6?;( '%"84( )2103E?10;2( ''#%"54(

'%5%&"+( !$8%"":( *.+0;2+( $%8':( 31?12;+?*=+( ''#%"54(

'"5%&"+5*9+( !$8%"":( -@621D;( $%8'$( 3;?12;+( ''#%"54(

"73&#( !$&%844( 2;,2*.+)2-=;( $%8$9( 31?12;+( ''#%"54(

3*8( !$&%$$5( 02-,;2( $%'&&( 3;?12;+?*=+( ''#%"54(

@6'"%( !$&%"99( -@*/;( $%'$$( E-.3( ''5%:$5(

"'63678( !$4%:#"( )1.E-2@+.-66;,( $%$#"( )1.,*),( '$4%&"9(

45*++6?#( !$4%9&4( )1.E-2@,2*.+)2-6,-1.( $%$55( *332;++( '$'%#"5(

*7+$"&( !$'%5&8( D1-);@*-?( $%$9$( ;3-,-./( '$"%9&#(

(

18

Analyzing the AMT Marketplace
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tribution is approximately log-normal. 
Interestingly enough, this is approxi-
mately the same level of activity dem-
onstrated by workers [5].

For our analysis, we wanted to also 
examine the marketplace as a whole, 
to see if the HITs submitted by other 
requesters were significantly different 
than the ones posted by the top request-
ers. For this, we measured the popu-
larity of the keywords in the different 
HITgroups, measuring the number of 
HITgroups with a given keywords, the 
number of HITs, and the total amount 
of rewards associated with this key-
word. Table 2 shows the results.

Our keyword analysis of all HITs in 
our dataset indicates that transcription 
is indeed a very common task on the 
AMT marketplace. Notice that it is one 
of the most “rewarding” keywords and 
appears in many HITgroups, but not 
in many HITs. This means that most 
of the transcription HITs are posted 
as single HITs and not as groups of 
many similar HITs. By doing a com-
parison of the prices for the transcrip-
tion HITs, we also noticed that it is a 
task for which the payment per HIT is 
comparatively high. It is unclear at this 
point if this is due to the high expecta-
tion for quality or whether the higher 
price simply reflects the higher effort 
required to complete the work.

Beyond transcription, Table 2 indi-
cates that classification and categori-
zation are indeed tasks that appear in 
many (inexpensive) HITs.  Table 2 also 
indicates that many tasks are about 
data collection, image tagging and 
classification, and also ask workers 
for feedback and advice for a variety 
of tasks (e.g., usability testing of web-
sites).

PRICE DISTRIBUTIONS
To understand better the typical prices 
paid for crowdsourcing tasks on AMT, 
we examined the distribution of the 
HIT prices and the size of the posted 
HITs. Figure 2 illustrates the results. 
M^[d�[nWc_d_d]�>?J�]hekfi"�m[� YWd�
see that only 10 percent have a price tag 
of $0.02 or less, 50 percent of the HITs 
have price above $0.10, and 15 percent 
of the HITs come with a price tag of $1 
or more. 

However, this analysis can be mis-
leading. In general, HITgroups with a 
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Table 2: The top 50 most frequent HIT keywords in the dataset, ranked by total 
reward amount, number of HITgroups, and number of HITs.
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HITs by price

high price only contain a single HIT, 
while the HITgroups with large num-
ber of HITs have a low price. Therefore, 
if we compute the distribution of HITs 
(not HITgroups) according to the price, 
we can see that 25 percent of the HITs 
created on Mechanical Turk have a 
price tag of just $0.01, 70 percent have a 
reward of $0.05 or less, and 90 percent 
pay less than $0.10. This analysis con-
firms the common feeling that most of 
the tasks on Mechanical Turk have tiny 
rewards. 

Of course, this analysis simply 
scratches the surface of the bigger 
problem: How can we automatically 
price tasks, taking into consideration 
the nature of the task, the existing 
competition, the expected activity level 
of the workers, the desired completion 
time, the tenure and prior activity of 
the requester, and many other factors? 
How much should we pay for an im-
age tagging task, for 100,000 images 
in order to get it done within 24 hours? 
Building such models will allow the 
execution of crowdsourcing tasks to 
become easier for people that simply 
want to “get things done” and do not 
want to tune and micro-optimize their 
crowdsourcing process.

POSTING AND SERVING PROCESSES
M^Wj�_i�j^[�jof_YWb�WYj_l_jo�_d�j^[�7CJ�
cWha[jfbWY[5�M^Wj�_i�j^[�lebkc[�e\�j^[�
transactions? These are very common 
questions from people who are inter-
ested in understanding the size of the 
market and its demonstrated capacity 
for handling big tasks. (Detecting the 
true capacity of the market is a more 
involved task than simply measuring 
its current serving rate. Many workers 
may show up only when there is a sig-

nificant amount of work for them, and 
be dormant under normal loads.)

One way to approach such questions 
is to examine the task posting and task 
completion activity on AMT. By study-
ing the posting activity we can under-
stand the demand for crowdsourcing, 
and the completion rate shows how 
fast the market can handle the de-
mand. To study these processes, we 
computed, for each day, the value of 
tasks being posted by AMT requesters 
and the value of the tasks that got com-
pleted in each day.  

M[� fh[i[dj� Òhij� Wd� WdWboi_i� e\� j^[�
two processes (posting and comple-
tion), ignoring any dependencies on 
task-specific and time-specific factors. 
Figure 3 illustrates the distributions of 
the posting and completion process-
es. The two distributions are similar 
but we see that, in general, the rate of 
completion is slightly higher than the 
rate of arrival. This is not surprising 
and is a required stability condition. If 
the completion rate was lower than the 
arrival rate, then the number of incom-
plete tasks in the marketplace would 
go to infinity. 

M[�eXi[hl[Z�j^Wj�j^[�c[Z_Wd�Whh_lWb�
rate is $1,040 per day and the median 
completion rate is $1,155 per day. If we 
assume that the AMT marketplace be-
haves like an M/M/1 queuing system, 
and using basic queuing theory, we can 
see that a task worth $1 has an average 
completion time of 12.5 minutes, re-
sulting in an effective hourly wage of 
$4.80.

Of course, this analysis is an over-
simplification of the actual process. 
The tasks are not completed in a first-
in, first-out manner, and the comple-
tion rate is not independent of the ar-

rival rate. In reality, workers pick tasks 
following personal preferences or by 
the AMT interface. For example Chil-
ton et al. [4] indicated that most work-
ers use two of the main task sorting 
mechanisms provided by AMT to find 
and complete tasks (“recently posted” 
and “largest number of HITs” orders). 
Furthermore, the completion rate is 
not independent of the arrival rate. 

M^[d� j^[h[� Wh[� cWdo� jWiai� WlW_b-
able, more workers come to complete 
tasks, as there are more opportunities 
to find and work for bigger tasks, as op-

posed to working for one-time HITs. As 
a simple example, consider the depen-
dency of posting and completion rates 
on the day of the week. Figure 4 illus-
trates the results.

The posting activity from the re-
questers is significantly lower over the 
weekends and is typically maximized 
on Tuesdays. This can be rather eas-
ily explained. Since most requesters 
are corporations and organizations, 
most of the tasks are being posted dur-
ing normal working days. However, 
the same does not hold for workers. 
The completion activity is rather unaf-
fected by the weekends. The only day 
on which the completion rate drops is 
on Monday, and this is most probably 
a side-effect of the lower posting rate 
over the weekends. (There are fewer 
tasks available for completion on Mon-
day, due to the lower posting rate over 
the weekend.)

An interesting open question is to 
understand better how to model the 
cWha[jfbWY[$�Meha�ed�gk[k_d]�j^[eho�
for modeling call centers is related and 
can help us understand better the dy-
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Figure 2: Distribution of HITgroups and HITs according to HIT Price.
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Figure 3: The distribution of the arrival 
and completion rate on the AMT mar-
ketplace, as a function of the USD ($) 
value of the posted/completed HITs.

high price only contain a single HIT, 
while the HITgroups with large num-
ber of HITs have a low price. Therefore, 
if we compute the distribution of HITs 
(not HITgroups) according to the price, 
we can see that 25 percent of the HITs 
created on Mechanical Turk have a 
price tag of just $0.01, 70 percent have a 
reward of $0.05 or less, and 90 percent 
pay less than $0.10. This analysis con-
firms the common feeling that most of 
the tasks on Mechanical Turk have tiny 
rewards. 

Of course, this analysis simply 
scratches the surface of the bigger 
problem: How can we automatically 
price tasks, taking into consideration 
the nature of the task, the existing 
competition, the expected activity level 
of the workers, the desired completion 
time, the tenure and prior activity of 
the requester, and many other factors? 
How much should we pay for an im-
age tagging task, for 100,000 images 
in order to get it done within 24 hours? 
Building such models will allow the 
execution of crowdsourcing tasks to 
become easier for people that simply 
want to “get things done” and do not 
want to tune and micro-optimize their 
crowdsourcing process.

POSTING AND SERVING PROCESSES
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transactions? These are very common 
questions from people who are inter-
ested in understanding the size of the 
market and its demonstrated capacity 
for handling big tasks. (Detecting the 
true capacity of the market is a more 
involved task than simply measuring 
its current serving rate. Many workers 
may show up only when there is a sig-

nificant amount of work for them, and 
be dormant under normal loads.)

One way to approach such questions 
is to examine the task posting and task 
completion activity on AMT. By study-
ing the posting activity we can under-
stand the demand for crowdsourcing, 
and the completion rate shows how 
fast the market can handle the de-
mand. To study these processes, we 
computed, for each day, the value of 
tasks being posted by AMT requesters 
and the value of the tasks that got com-
pleted in each day.  

M[� fh[i[dj� Òhij� Wd� WdWboi_i� e\� j^[�
two processes (posting and comple-
tion), ignoring any dependencies on 
task-specific and time-specific factors. 
Figure 3 illustrates the distributions of 
the posting and completion process-
es. The two distributions are similar 
but we see that, in general, the rate of 
completion is slightly higher than the 
rate of arrival. This is not surprising 
and is a required stability condition. If 
the completion rate was lower than the 
arrival rate, then the number of incom-
plete tasks in the marketplace would 
go to infinity. 
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rate is $1,040 per day and the median 
completion rate is $1,155 per day. If we 
assume that the AMT marketplace be-
haves like an M/M/1 queuing system, 
and using basic queuing theory, we can 
see that a task worth $1 has an average 
completion time of 12.5 minutes, re-
sulting in an effective hourly wage of 
$4.80.

Of course, this analysis is an over-
simplification of the actual process. 
The tasks are not completed in a first-
in, first-out manner, and the comple-
tion rate is not independent of the ar-

rival rate. In reality, workers pick tasks 
following personal preferences or by 
the AMT interface. For example Chil-
ton et al. [4] indicated that most work-
ers use two of the main task sorting 
mechanisms provided by AMT to find 
and complete tasks (“recently posted” 
and “largest number of HITs” orders). 
Furthermore, the completion rate is 
not independent of the arrival rate. 

M^[d� j^[h[� Wh[� cWdo� jWiai� WlW_b-
able, more workers come to complete 
tasks, as there are more opportunities 
to find and work for bigger tasks, as op-

posed to working for one-time HITs. As 
a simple example, consider the depen-
dency of posting and completion rates 
on the day of the week. Figure 4 illus-
trates the results.

The posting activity from the re-
questers is significantly lower over the 
weekends and is typically maximized 
on Tuesdays. This can be rather eas-
ily explained. Since most requesters 
are corporations and organizations, 
most of the tasks are being posted dur-
ing normal working days. However, 
the same does not hold for workers. 
The completion activity is rather unaf-
fected by the weekends. The only day 
on which the completion rate drops is 
on Monday, and this is most probably 
a side-effect of the lower posting rate 
over the weekends. (There are fewer 
tasks available for completion on Mon-
day, due to the lower posting rate over 
the weekend.)

An interesting open question is to 
understand better how to model the 
cWha[jfbWY[$�Meha�ed�gk[k_d]�j^[eho�
for modeling call centers is related and 
can help us understand better the dy-
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Figure 3: The distribution of the arrival 
and completion rate on the AMT mar-
ketplace, as a function of the USD ($) 
value of the posted/completed HITs.
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namics of the market and the way that 
workers handle the posted tasks. Next, 
we present some evidence that model-
ing can help us understand better the 
shortcomings of the market and point 
to potential design improvements.

COMPLETION TIME DISTRIBUTION
Given that the system does not sat-
isfy the usual queuing assumptions of 
M/M/1 [7] for the analysis of comple-
tion times, we analyzed empirically 
the completion time for the posted 
tasks. The goal of this analysis was to 
understand what approaches may be 
appropriate for modeling the behavior 
of the AMT marketplace.

Our analysis indicated that the 
completion time follows (approximate-
ly) a power law, as illustrated in Fig-
ure 5$�M[�eXi[hl[�iec[�_hh[]kbWh_j_[i"�
with some outliers at approximately 12 
hours and at the seven-day completion 
times. These are common “expiration 
times” set for many HITs, hence the 
sudden disappearance of many HITs at 
that point. Similarly, we see a different 
behavior of HITs that are available for 
longer than one week: these HITs are 
typically “renewed” by their request-
ers by the continuous posting of new 
HITs within the same HITgroup. (A 
common reason for this behavior is for 
the HIT to appear in the first page of 
the “Most recently posted” list of HIT-
groups, as many workers pick the tasks 
to work on from this list [4].) Although 
it is still unclear what dynamics causes 
this behavior, the analysis by Barabási 
indicates that priority-based comple-
tion of tasks can lead to such power-
law distributions [2].

To better characterize this power-
law distribution of completion times, 
we used the maximum likelihood esti-
mator for power-laws. To avoid biases, 
we also marked as “censored” the HITs 
that we detected to be “aborted before 
completion” and the HITs that were 
still running at the last crawling date 
of our dataset (which will not be given 
in detail in this article).

The MLE estimator indicated that the 
most likely exponent for the power-law 
distribution of the completion times of 
Mechanical Turk is α=–1.48. This expo-
nent is very close to the value predicted 
theoretically for the queuing model of 
Cobham [3], in which each task upon 

arrival is assigned to a queue with dif-
ferent priority. Barabási [2] indicates 
that the Cobham model can be a good 
explanation of the power-law distribu-
tion of completion times only when the 
arrival rate is equal to the completion 
rate of tasks. Our earlier results indi-
cate that for the AMT marketplace this 
is not far from reality. Hence the Cob-
ham model of priority-based execution 
of tasks can explain the power-law dis-
tribution of completion times.

Unfortunately, a system with a 
power-law distribution of completion 
times is rather undesirable. Given the 
infinite variance of power-law distri-
butions, it is inherently difficult to 
predict the necessary time required to 
complete a task. Although we can pre-
dict that for many tasks the comple-
tion time will be short, there is a high 
probability that the posted task will 
need a significant amount of time to 

finish. This can happen when a small 
task is not executed quickly, and there-
fore is not available in any of the two 
preferred queues from which workers 
pick tasks to work on. The probability 
of a “forgotten” task increases if the 
task is not discoverable through any of 
the other sorting methods as well.

This result indicates that it is neces-
sary for the marketplace of AMT to be 
equipped with better ways for workers 
to pick tasks. If workers can pick tasks 
to work on in a slightly more “ran-
domized” fashion, it will be possible 
to change the behavior of the system 
and eliminate the “heavy tailed” dis-
tribution of completion times. This 
can lead to a higher predictability of 
completion times, which is a desir-
able characteristic for requesters. Es-
pecially new requesters, without the 
necessary experience for making their 
tasks visible, would find such a char-

!
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Figure 4: The posting (left) and completion rate (right) on AMT as a function of  
the day of the week.

Figure 5: The distribution of completion times for HITgroups posted on AMT. The 
distribution does not change significantly if we use the completion time per HIT (and 
not per HITgroup), as 80 percent of the HIT groups contain just one HIT.
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5 years later

• Run from 2009-2014 
• Collected 2.5 million different batches 

with 130 million individual HITs
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Figure 3: HITs with specific country requirements. On the left-hand side, the countries with the most HITs dedicated to
them. On the right-hand side, the time evolution (x-axis) of country-specific HITs with volume (y-axis) and reward (size of
data point) information.
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Figure 2: The use of keywords to annotate HITs. Frequency

corresponds to how many times a keyword was used, and
AverageReward corresponds to the average monetary re-
ward of batches that listed the keyword. The size of the
bubbles indicates the average batch size.

that were posted in the considered time period did not re-
quire any specific worker location. 86% of those which did,
imposed a constraint requesting US-based workers.

Figure 4 shows the top keywords attached to HITs re-
stricted to specific locations. We observe that the most
popular keywords (i.e., ‘audio’ and ‘transcription’) do not
require country-specific workers. We also note that US-only
HITs are most commonly tagged with ‘survey’.

HIT Reward Analysis.
Figure 5 shows the most frequent rewards assigned to

HITs over time.2 We observe that while in 2011 the most
popular reward was $0.01, recently HITs paid $0.05 are get-
ting more frequent. This can be explained both by how
workers search for HITs on Amazon MTurk and by the

2Data for 2014 has been omitted as it was not comparable
with other year values.

NO−Location NON−US US

0

200000

400000

600000

Ar
tic
le

Au
di
o

Cr
ow
d

Ea
sy

Ed
itin

g
In
su
ra
nc
e

Ps
yc
ho
lo
gy

Q
ui
ck

Re
se
ar
ch

Su
rv
ey

Tr
an
sc
rip
tio
n

Ve
rb
at
im

Vo
ice

m
ai
l

Ar
tic
le

Au
di
o

Cr
ow
d

Ea
sy

Ed
itin

g
In
su
ra
nc
e

Ps
yc
ho
lo
gy

Q
ui
ck

Re
se
ar
ch

Su
rv
ey

Tr
an
sc
rip
tio
n

Ve
rb
at
im

Vo
ice

m
ai
l

Ar
tic
le

Au
di
o

Cr
ow
d

Ea
sy

Ed
itin

g
In
su
ra
nc
e

Ps
yc
ho
lo
gy

Q
ui
ck

Re
se
ar
ch

Su
rv
ey

Tr
an
sc
rip
tio
n

Ve
rb
at
im

Vo
ice

m
ai
l

Keywords

Co
un
t

Figure 4: Keywords for HITs restricted to specific countries.
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Figure 5: Popularity of HIT reward values over time.

Amazon MTurk fee scheme. Requesters now prefer to pub-
lish more complex HITs possibly with multiple questions in
them and grant a higher reward: This also attracts those
workers who are not willing to complete a HIT for small re-
wards and reduces the fees paid to Amazon MTurk, which
are computed based on the number of HITs published on
the platform.

Requester Analysis.
In order to be sustainable, a crowdsourcing platform

needs to retain requesters over time or get new requesters
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4.1 Supervised HIT Type Classification
Using the various definitions of HIT types given above,

we trained a supervised machine learning model to classify
HIT types based on their metadata. The features we used to
train the Support Vector Machine (SVM) model are: HIT
title, description, keywords, reward, date, allocated time,
and batch size.

To train and evaluate the supervised model, we created
labelled data: We uniformly sampled 5,000 HITs over the
entire five-year dataset and manually labelled their type by
means of crowdsourcing. In detail, we asked workers on
MTurk to assign each HIT to one of the predefined classes
by presenting them with the title, description, keywords,
reward, date, allocated time, and batch size for the HIT. The
instructions also contained the definition and examples for
each task type. Workers could label tasks as ‘Others’ when
unsure or when the HIT did not fit in any of the available
options.

After assigning each labelling HIT to three di↵erent work-
ers in the crowd, a consensus on the task type label was
reached in 89% of the cases (leaving 551 cases with no clear
majority). A consensus was reached when at least two out
of three workers agreed on the same HIT type label. The
other cases, that is, when the workers provided di↵erent la-
bels or when they where not sure about the HIT type, have
then been removed from our labelled dataset.

Using the labelled data, we trained a multi-class SVM
classifier for the 6 di↵erent task types and evaluated its qual-
ity with 10-fold cross validation over the labelled dataset.
Overall, the trained classifier obtained a Precision of 0.895,
a Recall of 0.899, and an F-Measure of 0.895. Most of the
classifier errors (i.e., 66 cases) were caused by incorrectly
classifying IA instances as CC jobs.

Performing feature selection for the HIT type classifica-
tion problem, we observed that the best features based on
information gain are the HIT allotted time and reward: This
indicates that HITs of di↵erent types are associated with dif-
ferent levels of reward as well as di↵erent task durations (i.e.,
longer and better paid tasks versus shorter and paid worse).
The most distinctive keywords for identifying HIT types are
‘transcribe’, ‘audio’, and ‘survey’, which clearly identify CC
and SU HITs.

Using the classifier trained over the entire labelled dataset,
we then performed a large-scale classification of the types for
all 2.5M HITs in our collection. This allows us to study the
evolution of the task types over time on the Amazon MTurk
platform, which we describe next.

4.2 Task Type Popularity Over Time
Using the results of the large-scale classification of HIT

types, we analyze which types of HITs have been published
over time. Figure 9 shows the evolution of task types pub-
lished on Amazon MTurk. We can observe that, in general,
the most popular type of task is Content Creation. In terms
of observable trends, we note that–while there is a general
increase in the volume of tasks on the platform—CA tasks
have been decreasing over time. This can be explained by
the enforcement of Amazon MTurk terms of service, which
state that workers should not be asked to create accounts
on external websites or be identified by the requester. In
the last three years, SU and IA tasks have seen the biggest
increase.
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Figure 9: Popularity of HIT types over time.

5. ANALYZING THE FEATURES AFFECT-
ING BATCH THROUGHPUT

Next, we turn our attention to analyzing the factors that
influence the progress (or the pace) of a batch, how those fac-
tors influence each other and how their importance changes
over time.
In order to conduct this analysis, we carry out a prediction

experiment on the batch’s throughput, that is, the number
of HITs that will be completed for a given batch within
the next time frame of 1 hour (i.e., the DIFF HIT feature
is the target class). Specifically, we model this task as a
regression problem using 29 features; some of them were
used in the previous section to classify the HIT type; we
describe the remaining ones in Appendix A.

5.1 Throughput Prediction
To predict the throughput of a batch at time T , we train

a Random Forest Regression model with samples taken in
the range [T � �, T ) where � is the size of the time window
that we are considering directly prior to time T . The ratio-
nale behind this approach is that the throughput should be
directly correlated to the current and recent market situa-
tions.
We considered data from June to October 2014, and

hourly observations (see Section 3.1), from which we
uniformly sampled 50 test time points for evaluation
purposes. In our experiments, the best prediction results,
in terms of R-squared3, were obtained using � = 4hours.
For that window, our predicted versus actual throughput
values are shown in Figure 10. The figure suggests that
the prediction works best for larger batches having a large
momentum.
In order to understand which features contribute signifi-

cantly to our prediction model, we proceed by feature abla-
tion. For this experiment, we computed the prediction eval-
uation score R-squared, for 1,000 randomly sampled test
time points and kept those where the prediction worked
reasonably, i.e., having R-squared> 0, that is 327 samples.
Next, we reran the prediction on the same samples by re-
moving one feature at a time. The results revealed that
the features HIT available (i.e., the number of tasks in the
batch) and Age minutes (i.e., how long ago the batch was
created) were the only ones having a statistically significant
impact on the prediction score with p < 0.05 and p < 0.01
respectively.

3http://scikit-learn.org/stable/modules/generated/
sklearn.metrics.r2_score.html

Content Access
(Watching online videos 
or clicking links)

Content Creation
(Summarizing documents, 
or transcribing audio)

Interpretation and Analysis
(Classify tweets, categorize
 pictures)

Information Finding
(Search the web, find 
cheapest hotel)

Surveys

Validation and Verification
(Check information - Is this 
Twitter account spamming)?
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Figure 2: The use of keywords to annotate HITs. Frequency

corresponds to how many times a keyword was used, and
AverageReward corresponds to the average monetary re-
ward of batches that listed the keyword. The size of the
bubbles indicates the average batch size.

that were posted in the considered time period did not re-
quire any specific worker location. 86% of those which did,
imposed a constraint requesting US-based workers.

Figure 4 shows the top keywords attached to HITs re-
stricted to specific locations. We observe that the most
popular keywords (i.e., ‘audio’ and ‘transcription’) do not
require country-specific workers. We also note that US-only
HITs are most commonly tagged with ‘survey’.

HIT Reward Analysis.
Figure 5 shows the most frequent rewards assigned to

HITs over time.2 We observe that while in 2011 the most
popular reward was $0.01, recently HITs paid $0.05 are get-
ting more frequent. This can be explained both by how
workers search for HITs on Amazon MTurk and by the

2Data for 2014 has been omitted as it was not comparable
with other year values.
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Amazon MTurk fee scheme. Requesters now prefer to pub-
lish more complex HITs possibly with multiple questions in
them and grant a higher reward: This also attracts those
workers who are not willing to complete a HIT for small re-
wards and reduces the fees paid to Amazon MTurk, which
are computed based on the number of HITs published on
the platform.

Requester Analysis.
In order to be sustainable, a crowdsourcing platform

needs to retain requesters over time or get new requesters
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Figure 2: The use of keywords to annotate HITs. Frequency

corresponds to how many times a keyword was used, and
AverageReward corresponds to the average monetary re-
ward of batches that listed the keyword. The size of the
bubbles indicates the average batch size.

that were posted in the considered time period did not re-
quire any specific worker location. 86% of those which did,
imposed a constraint requesting US-based workers.

Figure 4 shows the top keywords attached to HITs re-
stricted to specific locations. We observe that the most
popular keywords (i.e., ‘audio’ and ‘transcription’) do not
require country-specific workers. We also note that US-only
HITs are most commonly tagged with ‘survey’.

HIT Reward Analysis.
Figure 5 shows the most frequent rewards assigned to

HITs over time.2 We observe that while in 2011 the most
popular reward was $0.01, recently HITs paid $0.05 are get-
ting more frequent. This can be explained both by how
workers search for HITs on Amazon MTurk and by the

2Data for 2014 has been omitted as it was not comparable
with other year values.
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Amazon MTurk fee scheme. Requesters now prefer to pub-
lish more complex HITs possibly with multiple questions in
them and grant a higher reward: This also attracts those
workers who are not willing to complete a HIT for small re-
wards and reduces the fees paid to Amazon MTurk, which
are computed based on the number of HITs published on
the platform.

Requester Analysis.
In order to be sustainable, a crowdsourcing platform

needs to retain requesters over time or get new requesters
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Figure 6: Requester activity and total reward on the plat-
form over time.

to replace those who do not publish HITs anymore. Figure
6 shows the number of new requesters who used Amazon
MTurk and the overall number of active requesters at a
certain point in time. We can observe an increasing number
of active requesters over time and a constant number of new
requesters who join the platform (at a rate of 1,000/month
over the last two years).

It is also interesting to look at the overall amount of re-
ward for HITs published on the platform, as platform rev-
enues are computed as a function of HIT reward. From the
bottom part of Figure 6, we observe a linear increase in the
total reward for HITs on the platform. Interestingly, we also
observe some seasonality e↵ects over the years, with October
being the month with the highest total reward and January
or February being the month with minimum total reward.

HIT Batch Size Analysis.
When a lot of data needs to be crowdsourced (e.g., when

many images need to be tagged), multiple tasks containing
similar HITs can be published together. We define a batch
of HITs as a set of similar HITs published by a requester at
a certain point in time.

Figure 7 shows the distribution of batch sizes in the period
from 2009 to 2014. We can observe that most of the batches
were of size 1 (more than 1M), followed by a long tail of
larger, but less frequent, batch sizes.

Figure 8 shows how batch size has changed over time. We
observe that the average batch size has slightly decreased.
The monthly median is 1 (due to the heavily skewed distri-
bution). Another observation that can be made is that in
2014 very large batches containing more that 200,000 HITs
have appeared on Amazon MTurk.

4. LARGE-SCALE HIT TYPE ANALYSIS
In this section, we present the results of a large-scale anal-

ysis of the evolution of HIT types published on the Amazon
MTurk platform. For this analysis, we used the definition of
HIT types proposed by [10] in which authors perform an ex-
tensive study involving 1,000 crowd workers to understand
their working behavior, and categorize the types of tasks
that the crowd perform into six top-level “goal-oriented”
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Figure 7: The distribution of batch sizes.
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Figure 8: Average and maximum batch size per month. The
monthly median is 1.

tasks, each containing further sub-classes. We briefly de-
scribe the six top-level classes introduced by [10] below.

• Information Finding (IF): Searching the Web to an-
swer a certain information need. For example, “Find
the cheapest hotel with ocean view in Monterey Bay,
CA”.

• Verification and Validation (VV): Verifying certain in-
formation or confirming the validity of a piece of infor-
mation. Examples include checking Twitter accounts
for spamming behaviors.

• Interpretation and Analysis (IA): Interpreting Web
content. For example, “Categorize product pictures
in a predefined set of categories”, or “Classify the
sentiment of a tweet”.

• Content Creation (CC): Generating new content. Ex-
amples include summarizing a document or transcrib-
ing an audio recording.

• Surveys (SU): Answering a set of questions related to
a certain topic (e.g., demographics or customer satis-
faction).

• Content Access (CA): Accessing some Web content.
Examples include watching online videos or clicking
on provided links.

Distribution of Batch 
Size
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to replace those who do not publish HITs anymore. Figure
6 shows the number of new requesters who used Amazon
MTurk and the overall number of active requesters at a
certain point in time. We can observe an increasing number
of active requesters over time and a constant number of new
requesters who join the platform (at a rate of 1,000/month
over the last two years).

It is also interesting to look at the overall amount of re-
ward for HITs published on the platform, as platform rev-
enues are computed as a function of HIT reward. From the
bottom part of Figure 6, we observe a linear increase in the
total reward for HITs on the platform. Interestingly, we also
observe some seasonality e↵ects over the years, with October
being the month with the highest total reward and January
or February being the month with minimum total reward.

HIT Batch Size Analysis.
When a lot of data needs to be crowdsourced (e.g., when

many images need to be tagged), multiple tasks containing
similar HITs can be published together. We define a batch
of HITs as a set of similar HITs published by a requester at
a certain point in time.

Figure 7 shows the distribution of batch sizes in the period
from 2009 to 2014. We can observe that most of the batches
were of size 1 (more than 1M), followed by a long tail of
larger, but less frequent, batch sizes.

Figure 8 shows how batch size has changed over time. We
observe that the average batch size has slightly decreased.
The monthly median is 1 (due to the heavily skewed distri-
bution). Another observation that can be made is that in
2014 very large batches containing more that 200,000 HITs
have appeared on Amazon MTurk.

4. LARGE-SCALE HIT TYPE ANALYSIS
In this section, we present the results of a large-scale anal-

ysis of the evolution of HIT types published on the Amazon
MTurk platform. For this analysis, we used the definition of
HIT types proposed by [10] in which authors perform an ex-
tensive study involving 1,000 crowd workers to understand
their working behavior, and categorize the types of tasks
that the crowd perform into six top-level “goal-oriented”
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tasks, each containing further sub-classes. We briefly de-
scribe the six top-level classes introduced by [10] below.

• Information Finding (IF): Searching the Web to an-
swer a certain information need. For example, “Find
the cheapest hotel with ocean view in Monterey Bay,
CA”.

• Verification and Validation (VV): Verifying certain in-
formation or confirming the validity of a piece of infor-
mation. Examples include checking Twitter accounts
for spamming behaviors.

• Interpretation and Analysis (IA): Interpreting Web
content. For example, “Categorize product pictures
in a predefined set of categories”, or “Classify the
sentiment of a tweet”.

• Content Creation (CC): Generating new content. Ex-
amples include summarizing a document or transcrib-
ing an audio recording.

• Surveys (SU): Answering a set of questions related to
a certain topic (e.g., demographics or customer satis-
faction).

• Content Access (CA): Accessing some Web content.
Examples include watching online videos or clicking
on provided links.

Evolution of Batch Sizes
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Figure 2: The use of keywords to annotate HITs. Frequency

corresponds to how many times a keyword was used, and
AverageReward corresponds to the average monetary re-
ward of batches that listed the keyword. The size of the
bubbles indicates the average batch size.

that were posted in the considered time period did not re-
quire any specific worker location. 86% of those which did,
imposed a constraint requesting US-based workers.

Figure 4 shows the top keywords attached to HITs re-
stricted to specific locations. We observe that the most
popular keywords (i.e., ‘audio’ and ‘transcription’) do not
require country-specific workers. We also note that US-only
HITs are most commonly tagged with ‘survey’.

HIT Reward Analysis.
Figure 5 shows the most frequent rewards assigned to

HITs over time.2 We observe that while in 2011 the most
popular reward was $0.01, recently HITs paid $0.05 are get-
ting more frequent. This can be explained both by how
workers search for HITs on Amazon MTurk and by the

2Data for 2014 has been omitted as it was not comparable
with other year values.
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Figure 4: Keywords for HITs restricted to specific countries.
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Figure 5: Popularity of HIT reward values over time.

Amazon MTurk fee scheme. Requesters now prefer to pub-
lish more complex HITs possibly with multiple questions in
them and grant a higher reward: This also attracts those
workers who are not willing to complete a HIT for small re-
wards and reduces the fees paid to Amazon MTurk, which
are computed based on the number of HITs published on
the platform.

Requester Analysis.
In order to be sustainable, a crowdsourcing platform

needs to retain requesters over time or get new requesters
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Figure 6: Requester activity and total reward on the plat-
form over time.

to replace those who do not publish HITs anymore. Figure
6 shows the number of new requesters who used Amazon
MTurk and the overall number of active requesters at a
certain point in time. We can observe an increasing number
of active requesters over time and a constant number of new
requesters who join the platform (at a rate of 1,000/month
over the last two years).

It is also interesting to look at the overall amount of re-
ward for HITs published on the platform, as platform rev-
enues are computed as a function of HIT reward. From the
bottom part of Figure 6, we observe a linear increase in the
total reward for HITs on the platform. Interestingly, we also
observe some seasonality e↵ects over the years, with October
being the month with the highest total reward and January
or February being the month with minimum total reward.

HIT Batch Size Analysis.
When a lot of data needs to be crowdsourced (e.g., when

many images need to be tagged), multiple tasks containing
similar HITs can be published together. We define a batch
of HITs as a set of similar HITs published by a requester at
a certain point in time.

Figure 7 shows the distribution of batch sizes in the period
from 2009 to 2014. We can observe that most of the batches
were of size 1 (more than 1M), followed by a long tail of
larger, but less frequent, batch sizes.

Figure 8 shows how batch size has changed over time. We
observe that the average batch size has slightly decreased.
The monthly median is 1 (due to the heavily skewed distri-
bution). Another observation that can be made is that in
2014 very large batches containing more that 200,000 HITs
have appeared on Amazon MTurk.

4. LARGE-SCALE HIT TYPE ANALYSIS
In this section, we present the results of a large-scale anal-

ysis of the evolution of HIT types published on the Amazon
MTurk platform. For this analysis, we used the definition of
HIT types proposed by [10] in which authors perform an ex-
tensive study involving 1,000 crowd workers to understand
their working behavior, and categorize the types of tasks
that the crowd perform into six top-level “goal-oriented”
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Figure 7: The distribution of batch sizes.
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Figure 8: Average and maximum batch size per month. The
monthly median is 1.

tasks, each containing further sub-classes. We briefly de-
scribe the six top-level classes introduced by [10] below.

• Information Finding (IF): Searching the Web to an-
swer a certain information need. For example, “Find
the cheapest hotel with ocean view in Monterey Bay,
CA”.

• Verification and Validation (VV): Verifying certain in-
formation or confirming the validity of a piece of infor-
mation. Examples include checking Twitter accounts
for spamming behaviors.

• Interpretation and Analysis (IA): Interpreting Web
content. For example, “Categorize product pictures
in a predefined set of categories”, or “Classify the
sentiment of a tweet”.

• Content Creation (CC): Generating new content. Ex-
amples include summarizing a document or transcrib-
ing an audio recording.

• Surveys (SU): Answering a set of questions related to
a certain topic (e.g., demographics or customer satis-
faction).

• Content Access (CA): Accessing some Web content.
Examples include watching online videos or clicking
on provided links.



Figure 12: The e↵ect of new arrived HITs on the work sup-
plied. Here, the supply is expressed as the percentage of
HITs completed in the market.

intercept of 2.5 means that 2.5% of these 300K HITs (i.e.,
7.5K per hour) get completed, as a baseline, assuming that
no new HIT gets posted. The slope is 0.05, meaning that
if 10K new HITs arrive within an hour, then the comple-
tion ratio increases by 0.5%, to 3% (i.e., 9K HITs per hour).
When 50K new HITs arrive within an hour, then the comple-
tion percentage increases to 5% indicating that 15K to 20K
HITs get completed. In other words, approximately 20%
of the new demand gets completed within an hour of being
posted, indicating that new work has almost 10x higher at-
tractiveness for the workers than the remaining work that
is available on the platform. This result could be explained
by how tasks are presented to workers by Amazon MTurk.
Workers, when not searching for tasks using specific key-
words, are presented with the most recently published tasks
first.

6.2 Demand and Supply Periodicity
On the demand side, some requesters frequently post new

batches of recurrent tasks. Hence, we are interested in the
periodicity of such demand in the marketplace and the sup-
ply it drives. To look in this, we consider both the time-series
of available HITs and the rewards completed.

First, we observe that the demand exhibits a strong
weekly periodicity, which is reflected by the autocorrelation
that we compute from the number of available HITs
on Amazon Mturk (See Figure 13a and 13c). The
market seems to have a significant memory that lasts
for approximately 7-10 days. This indicates that future
transactions are highly predictable using simple algorithms
[8].

Conversely, and to check for the periodicity in the sup-
ply, we compute an autocorrelation on the weekly moving
average of the completed HITs reward. Figure 13b and 13d
show that there is a strong weekly periodicity e↵ect, as we
observe high values in the range 0-250 hours.

7. DISCUSSION
In this section, we summarize the main findings of our

study and present a discussion of our results. We extracted
several trends from the five years data, summarized as fol-
lows:

• Tasks related to audio transcription have been gaining
momentum in the last years and are today the most
popular tasks on Amazon MTurk.

• The popularity of Content Access HITs has decreased
over time. Surveys are however becoming more popu-
lar over time especially in the US.

• While most HITs do not require country-specific work-
ers, most of such HITs require US-based workers.

• HITs that are exclusively asking for workers based in
India have strongly decreased over time.

• Surveys are the most popular type of HITs for US-
based workers.

• The most frequent HIT reward value has increased over
time, and reaches $0.05 in 2014.

• New requesters constantly join Amazon MTurk, mak-
ing the total number of active requesters and the avail-
able reward increase over time.

• The average HIT batch size has been stable over time;
however, very large batches have recently started to
appear on the platform.

Our batch throughput prediction (Section 5) indicates
that the throughput of batches can be best predicted based
on the number of HITs available in the batch,i.e., its size;
and its freshness, i.e., for how long the batch has been on
the platform.
Finally, we analyzed Amazon MTurk as a marketplace

in terms of demand (new HITs arriving) and supply (HITs
completed). We observed some strong weekly periodicity
both in demand and in supply. We can hypothesize that
many requesters might have repetitive business needs fol-
lowing weekly trends, while many workers work on Amazon
MTurk on a regular basis during the week.

8. CONCLUSIONS
We studied data collected from a popular micro-task

crowdsourcing platform, Amazon MTurk, and analyzed a
number of key dimensions of the platform, including: topic,
task type, reward evolution, platform throughput, and
supply and demand. The results of our analysis can serve
as a starting point for improving existing crowdsourcing
platforms and for optimizing the overall e�ciency and
e↵ectiveness of human computation systems. The evidence
presented above indicate how requesters should use
crowdsourcing platforms to obtain the best out of them:
By engaging with workers and publishing large volumes of
HITs at specific points in time.
Future research based on this work might look at di↵er-

ent directions. On one hand, novel micro-task crowdsourcing
platforms need to be designed based on the findings iden-
tified in this work, such as the need for supporting spe-
cific task types like audio transcription or surveys. Addi-
tionally, analyses that look at specific data could provide a
deeper understanding of the micro-task crowdsourcing uni-
verse. Examples include per-requester or per-task analyses
of the publishing behavior rather than looking at the entire
market evolution as we did in this work. Similarly, a worker-
centered analysis could provide additional evidence of the
existence of di↵erent classes of workers, e.g., full-time vs ca-
sual workers, or workers specializing on specific task types
as compared to generalists who are willing to complete any
available task. While a requester-centered analysis would
consider information about the requesters’ reputation, pric-
ing and HIT types.

Supply and Demand


