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Categorization
9/8/13 11:27 AMHIT

Page 1 of 1https://requester.mturk.com/create/template/921577515?assignmentId=ASSIGNMENT_ID_NOT_AVAILABLE

View Instructions↓

Select the room location in home for this
picture. Seating areas outside are outside not
living. Offices or dens are living not
bedrooms. Bedrooms should contain a bed in
the picture.

Choose the best category for this image

kitchen
living
bath
bed
outside

You must ACCEPT the HIT before you can submit the results.



Data Collection
9/8/13 11:40 AMHIT

Page 1 of 1https://requester.mturk.com/create/template/920937305?assignmentId=ASSIGNMENT_ID_NOT_AVAILABLE

Find the Website Address for this Restaurant

For this restaurant below, enter the website address for the official website of the restaurant
Include the full address, e.g. http://www.thecheesecakefactory.com
Do not include URLs to city guides and listings like Citysearch.

Restaurant Name: Olive Garden

Address: 310 Strander Blvd Tukwila, WA 98188

Phone Number: (206) 241-4899

Website Address:

You must ACCEPT the HIT before you can submit the results.



9/8/13 11:42 AMHIT
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Select all images containing adult content

Guidelines for flagging an image as adult content.  Flag the image if you consider any of the following to be true.

Does the image contains nudity?
Does the image portray hate or hate crimes?
Does the image contain bloody violence?
Does the image contain offensive gestures?
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Select all images containing adult content

Guidelines for flagging an image as adult content.  Flag the image if you consider any of the following to be true.

Does the image contains nudity?
Does the image portray hate or hate crimes?
Does the image contain bloody violence?
Does the image contain offensive gestures?
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Select all images containing adult content

Guidelines for flagging an image as adult content.  Flag the image if you consider any of the following to be true.

Does the image contains nudity?
Does the image portray hate or hate crimes?
Does the image contain bloody violence?
Does the image contain offensive gestures?
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Select all images containing adult content

Guidelines for flagging an image as adult content.  Flag the image if you consider any of the following to be true.

Does the image contains nudity?
Does the image portray hate or hate crimes?
Does the image contain bloody violence?
Does the image contain offensive gestures?

 

Image Moderation 9/8/13 11:42 AMHIT
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Select all images containing adult content

Guidelines for flagging an image as adult content.  Flag the image if you consider any of the following to be true.

Does the image contains nudity?
Does the image portray hate or hate crimes?
Does the image contain bloody violence?
Does the image contain offensive gestures?

 



Sentiment
9/8/13 11:48 AMHIT
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Instructions↓

Pick the best sentiment based on the following criterion.

Strongly positive Select this if the item embodies emotion that was extremely happy or excited toward the
topic. For example, "Their customer service is the best that I've seen!!!!"

Positive Select this if the item embodies emotion that was generally happy or satisfied, but the
emotion wasn't extreme. For example, "Sure I'll shop there again."

Neutral Select this if the item does not embody much of positive or negative emotion toward the
topic. For example, "Yeah, I guess it's ok." or "Is their customer service open 24x7?"

Negative Select this if the item embodies emotion that is perceived to be angry or upsetting toward
the topic, but not to the extreme. For example, "I don't know if I'll shop there again because
I don't trust them."

Strongly negative Select this if the item embodies negative emotion toward the topic that can be perceived as
extreme. For example, "These guys are teriffic... NOTTTT!!!!!!" or "I will NEVER shop there
again!!!"

Judge the sentiment expressed by the following item toward: Amazon

If you loved Firefly TV show, amazing Amazon price for entire series: about $27 BlueRay & $17 DVD.

You must ACCEPT the HIT before you can submit the results.

 

Strongly
negative

Negative Neutral Positive Strongly
positive

Pick the best sentiment based on the following criterion.

Strongly positive Select this if the item embodies emotion that was extremely happy or excited toward the 
topic. For example, "Their customer service is the best that I've seen!!!!"

Positive Select this if the item embodies emotion that was generally happy or satisfied, but the 
emotion wasn't extreme. For example, "Sure I'll shop there again."

Neutral Select this if the item does not embody much of positive or negative emotion toward the 
topic. For example, "Yeah, I guess it's ok." or "Is their customer service open 24x7?"

Negative
Select this if the item embodies emotion that is perceived to be angry or upsetting toward 
the topic, but not to the extreme. For example, "I don't know if I'll shop there again because 
I don't trust them."

Strongly negative
Select this if the item embodies negative emotion toward the topic that can be perceived as 
extreme. For example, "These guys are teriffic... NOTTTT!!!!!!" or "I will NEVER shop there 
again!!!"



Surveys
9/8/13 11:54 AMHIT
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Answer a short survey

1. What is your gender?

Male Female

 2. What is your age?

 3. Which of the following best describes your highest achieved education level?

Some High School

 4. What is the total income of your household?

Less than $12,500
$12,500 - $24,999
$25,000 - $37,499
$37,500 - $49,999
$50,000 - $62,499

 5. What is your favorite type of food?

 Italian
 Mexican
 Chinese
 Indian
 French

You must ACCEPT the HIT before you can submit the results.



Image tagging 9/8/13 11:56 AMHIT
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Provide 3 tags for this image.

Instructions: 

You must provide 3 tags for this image.
Each tag must be a single word
No tag can be longer than 25 characters
The tags must describe the image, the contents of the image, or some relevant context.

Image:
Tag 1:

Tag 2:

Tag 3:

You must ACCEPT the HIT before you can submit the results.
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Transcribe the text contained in the image

Look at the receipt and copy the number of items purchased.
Provide the dollar amount for tax.
Provide the dollar amount for the total sale.
Do not use dollar signs ($) but make sure you have two decimal points. (ie 4.35)

Image:
Number of items on receipt

Tax amount

Total spent on all items

You must ACCEPT the HIT before you can submit the results.



Writing
9/8/13 11:59 AMHIT

Page 1 of 1https://requester.mturk.com/create/template/712361150?assignmentId=ASSIGNMENT_ID_NOT_AVAILABLE

Write a brief description of a website.

Write short article summarizing what a website is about and their products and services.
Click the link below to review the website and browse the products and services.
Your submission must be at least 50 words long but no more than 100 words.
No award will be given for submissions of less than 50 words.
Your writing must be original and can not simply be a copy of part of the website.

Website name: The Website Name Here

Website link: http://www.linktowebsitehere.com

You must ACCEPT the HIT before you can submit the results.



9/8/13 12:01 PMHIT
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Enter the Title of Your HIT - this gives workers an idea of what the task is

Enter instructions for your HIT.  It's a good idea to:

Be sure to be as specific as possible in your instructions so that there's no confusion.  For example, when asking workers to
extract text from an image, ask workers to type the text exactly as shown in the image including capitalizations, spaces and
puntuations.
Include an example of a right answer, and a wrong answer
Clarify what you expect if the HIT is not doable because of missing data or other problems

1. This is an example of a multiple choice question, select only ONE of the following:

Choice 1
Choice 2

 2. This is an example of a free text answer, use this when you only need workers to enter a line of text:

 3. This is another example of a multiple choice question, select only ONE of the following.  A drop down list
saves more screen real estate than radio buttons (see Question 1) but may require more keystrokes for the
Worker to select the answer they want.

Choice 1

 4. This is an example of a question where you can select one or more of these options:

selection 1
selection 2
selection 3
selection 4
selection 5

 5. This is another example of a question that can have multiple answers (select all that apply):

Option 1
Option 2
Option 3
Option 4
Option 5

Provide feedback on our work.

Any HTML form

























Building your own HIT
• Set the parameters of your HIT 
• Optionally, specify requirements for which Turkers 

can complete your HIT 
• Design an HTML template with ${variables} 
• Upload a CSV file to populate the variables 
• Pre-pay Amazon for the work 
• Approve/reject work from Turkers 
• Analyze results



HIT Parameters
• title 
• description 
• keywords 
• reward amount 
• max time allotted for work 
• auto approval time





Purpose of redundancy
• MTurk lets you set the number of assignments 

per HIT 

• That gives you different (redundant) answers 
from different Turkers 

• This lets you conduct surveys (num assignments 
= num respondents)  

• Also, lets you take votes and do tie-breaking, or 
do quality control 

• Redundancy >= 10x incurs higher fees on MTurk





Worker Requirements



Worker Requirements



Masters
Masters are elite groups of Workers who have 
demonstrated accuracy on specific types of HITs. 
Workers achieve a Masters distinction by consistently 
completing HITs with a high degree of accuracy 
across a variety of Requesters. Masters must 
continue to pass our statistical monitoring to remain 
Mechanical Turk Masters. Because Masters have 
demonstrated accuracy, they can command a higher 
reward for their HITs. You should expect to pay 
Masters a higher reward.



Masters
• Amazon now nominates a subset (21k 

workers, estimated at 10% of all Turkers) of 
senior / good workers as “Masters” 

• Amazon charges 25% commission for 
Masters versus their normal 20% rate 

• They have now implemented this as the 
default qualification for new Requesters 

• Why?



Masters: Pros
• People who use the Web UI are often 

newcomers who do not know to 
implement quality control.  

• Masters will not touch badly designed 
and ambiguous tasks.  

• Masters will not touch tasks paying less 
than minimum wage.



Masters: Cons
• There are many fewer Masters workers.  

• There is now a significant lag in the task being 
picked by workers.  

• The tasks now take much longer to complete.  
• There is an increased cost because Masters 

demand decent wages. 
• It is not clear in what tasks the Masters are tested 

and how a new worker can become a master. 



Premium Qualifications



Custom Qualifications

• In addition to the built in qualifications 
(masters, location, approval rate, min 
HITs completed), you can also create 
and manage your own qualifications 

• These can be managed through the web 
interface or the API



Custom Qualifications



Qualification Tests

• The API also allows you to set up 
qualification tests that Workers must 
pass before doing your tasks 

• What effects do you think qualification 
tests have?



HTML Template



HTML Template



Writing Instructions
• Be sure to be as specific as possible in your 

instructions so that there's no confusion. For 
example, when asking workers to extract text from 
an image, ask workers to type the text exactly as 
shown in the image including capitalizations, spaces 
and punctuation.  

• Include an example of a right answer, and a wrong 
answer 

• Clarify what you expect if the HIT is not doable 
because of missing data or other problems



How to populate a HIT 
with data

• Using the web interface, you communicate 
data with MTurk via Comma Separated 
Value (CSV) files 

• Each column header gives a ${variable} 
name 

• Each row gives one screen’s worth of data 
• You may have more columns than are used 

in the HIT - useful for bookkeeping



Special characters in 
the CSV spec

• There are several special characters that are 
reserved in the CSV format 

• I recommend using Python CSV module, or 
exporting CSV from Excel   

• HTML reserve characters also need special 
treatment since the ${variables} get inserted 
as strings into your template 

• Also be careful if you’re using javascript 

















Approving / rejecting
• The MTurk web interface gives you a way of 

manually reviewing the Turkers results 
• After reviewing a Worker’s submission, you can  

• approve it (worker gets paid) 
• reject it (worker does not get paid) 
• block the worker (worker is banned from 

working on any of your HITs, and may get 
blacklisted from MTurk)





Semi-automating the 
approval process with CSV

• A lightweight version of the API is available 
by uploading a graded CSV 

• You can download the results as a CSV file, 
grade it (manually or automatically), and 
upload your approve or reject decisions 

• A quick and easy thing to do if you have a 
HIT with gold standard controls, and if you 
learn python’s CSV module





Recommendation for 
approval thresholds

• If using controls to approve/reject 
assignments automatically, I recommend 
using 3 values 

• 1) ~80% correct = approve all work from this 
Turker 

• 2) <80% but >chance = approve assignments 
proportional to accuracy on the controls 

• 3) <= chance, reject all assignments



The Sandbox
• Amazon provides a `sandbox’ where 

Requesters can develop and deploy HITs 
at no cost 

• requestersandbox.mturk.com mimics the 
behavior of requester.mturk.com 

• When you post to the requestersandbox 
the HITs become available on 
workersandbox.mturk.com







HITs can use any HTML 
or javascript

• Highlight word in sentence 
• Word alignment HIT 
• Randomize order of things 
• Geolocation



The art of designing 
good HITs



Crowdsourcing works 
for tasks that are

• Natural and easy to explain to non-experts 
• Decomposable into simpler tasks that can 

be joined together 
• Parallelizable into small, quickly completed 

chunks 
• Well-suited to quality control (some data 

has correct gold standard annotations)



Crowdsourcing works 
for tasks that are

• Robust to some amount of noise/errors (the 
downstream task is training a statistical model) 

• Balanced and each task contains the same 
amount of work 
• Don’t have tons of work in one assignment 

but not another 
• Don’t ask Turkers to annotate something 

occurs in the data <<10% of the time



Example HIT design:  
Reading Comprehension to evaluate 

Machine Translation systems



Evaluating Machine 
Translation

• There are many MT systems available for 
each language pair 

• How do we know which one is best? 
• There is an active field of research focused 

on evaluating MT automatically 
• Reasoning: manual evaluation requires 

humans and is therefore too time 
consuming and expensive



• Why was Heather 
Locklear arrested? 
‣ She was arrested on 

suspicion of driving under 
the influence of drugs. 

• Why did the bystander 
call emergency services? 
‣ He was concerned for Ms. 

Locklear’s life. 

• Where did the witness 
see her acting 
abnormally? 
‣ Pulling out of parking in 

Montecito 

Heather Locklear Arrested for
driving under the influence of drugs

The actress Heather Locklear, 
Amanda of the popular series 
Melrose Place, was arrested this 
weekend in Santa Barbara 
(California) after driving under the 
influence of drugs. A witness 
viewed her performing 
inappropriate maneuvers while 
trying to take her car out from a 
parking in Montecito, as revealed 
to People magazine by a 
spokesman for the Californian 
Highway Police. The witness 
stated that around 4.30pm Ms. 
Locklear "hit the accelerator very 
violently, making excessive noise 
while trying to take her car out 
from the parking with abrupt back 
and forth maneuvers. While 
reversing, she passed several 
times in front of his sunglasses." 
Shortly after, the witness, who, in 
a first time, apparently had not 
recognized the actress, saw Ms. 



• Why was Heather 
Locklear arrested? 
‣ She was arrested on 

suspicion of driving 
under the influence 

• Why was Heather 
Locklear arrested 
in Montecito?
‣ Because she was 

driving under the 
influence of drugs

• What was Heather 
Locklear arrested 
for? 
‣ Driving under the 

influence of drugs 

• Why was Heather 
Locklear arrested in 
Montecito?
‣ Because she was 

driving under the 
influence of drugs 

• Where was 
Locklear arrested?
‣ In a parking lot in 

Montecito



• Why was Heather 
Locklear arrested?  

• Why did the bystander 
call emergency 
services?

 

• Where did the witness 
see her acting 
abnormally? 
  

Heather Locklear Arrested for
driving under the influence of drugs

The actress Heather Locklear, 
Amanda of the popular series 
Melrose Place, was arrested this 
weekend in Santa Barbara 
(California) after driving under the 
influence of drugs. A witness 
viewed her performing 
inappropriate maneuvers while 
trying to take her car out from a 
parking in Montecito, as revealed 
to People magazine by a 
spokesman for the Californian 
Highway Police. The witness 
stated that around 4.30pm Ms. 
Locklear "hit the accelerator very 
violently, making excessive noise 
while trying to take her car out 
from the parking with abrupt back 
and forth maneuvers. While 
reversing, she passed several 
times in front of his sunglasses." 
Shortly after, the witness, who, in 
a first time, apparently had not 
recognized the actress, saw Ms. 

Was arrested actress Heather 
Locklear because of the driving under 
the effect of an unknown medicine

Driving while medicated
The actress Heather Locklear that 
is known to the Amanda through 
the role from the series "Melrose 
Place" was arrested at this 
weekend in Santa Barbara 
(Californium) because of the 
driving under the effect of an 
unknown medicine. A female 
witness observed she attempted 
in quite strange way how to go 
from their parking space in 
Montecito, speaker of the traffic 
police of californium told the 
warehouse `People'. The female 
witness told in detail, that Locklear 
'pressed `after 16:30 clock 
accelerator and a lot of noise did 
when she attempted to move their 
car towards behind or forward 
from the parking space, and when 
it went backwards, she pulled 
itself together unites Male at their 
sunglasses'. A little later the 
female witness that did probably 

There was a lot of noise

In a parking lot



Heather Locklear Arrested for
driving under the influence of drugs

The actress Heather Locklear, 
Amanda of the popular series 
Melrose Place, was arrested this 
weekend in Santa Barbara 
(California) after driving under the 
influence of drugs. A witness 
viewed her performing 
inappropriate maneuvers while 
trying to take her car out from a 
parking in Montecito, as revealed 
to People magazine by a 
spokesman for the Californian 
Highway Police. The witness 
stated that around 4.30pm Ms. 
Locklear "hit the accelerator very 
violently, making excessive noise 
while trying to take her car out 
from the parking with abrupt back 
and forth maneuvers. While 
reversing, she passed several 
times in front of his sunglasses." 
Shortly after, the witness, who, in 
a first time, apparently had not 
recognized the actress, saw Ms. 

Was arrested actress Heather 
Locklear because of the driving under 
the effect of an unknown medicine

The actress Heather Locklear that 
is known to the Amanda through 
the role from the series "Melrose 
Place" was arrested at this 
weekend in Santa Barbara 
(Californium) because of the 
driving under the effect of an 
unknown medicine. A female 
witness observed she attempted 
in quite strange way how to go 
from their parking space in 
Montecito, speaker of the traffic 
police of californium told the 
warehouse `People'. The female 
witness told in detail, that Locklear 
'pressed `after 16:30 clock 
accelerator and a lot of noise did 
when she attempted to move their 
car towards behind or forward 
from the parking space, and when 
it went backwards, she pulled 
itself together unites Male at their 
sunglasses'. A little later the 
female witness that did probably 

Actress Heather Locklear was due to 
driving under the influence of an 
unknown drug arrested

Actress Heather Locklear, by the 
role of Amanda from the series 
"Melrose Place" is known, was this 
weekend in Santa Barbara 
(California) because of driving 
under the influence of an unknown 
drug arrested. A witness had 
observed how it quite strange way 
tried to park their extended gap in 
Montecito, reported spokesman 
for the traffic police from California 
to the magazine `People '. The 
witness told in detail that Locklear 
`after 16:30 clock durchdrückte 
pedal and a lot of noise made by 
trying to her car to the rear or front 
of the park gap to move, and 
when she went backwards, took it 
a few times in their Sunglass'. 
Somewhat later the witness saw 
the beginning of the actress 
probably had not recognized that 
Locklear on a nearby road and 
stopped the car exit.

• Why was Heather 
Locklear arrested?  

• Why did the bystander 
call emergency 
services?

 

• Where did the witness 
see her acting 
abnormally? 
  

 

 

 

. Medikamentes unknown have the 
effect of a fahrens under actress 
heather locklear arrested

In Santa. One is, melrose place 
the series of the role of the 
'remember the locklear actress the 
heather this weekend, because of 
the fahrens Barbara (California) in 
effect unknown medikamentes 
arrested People 'magazine. The 
traffic police California, 
spokesman for the auszufahren 
montecito reported in its way from 
tried parklücke type strange right, 
you have seen as a witness. . In 
some Zeitung, as and when they 
tried to a great deal of 30 p.m., 
witness the detail of history 
locklear after 16: that 
durchdrückte peddle noise and its 
progress was made parklücke for 
the car or moving backwards, they 
had they times of their 
sonnenbrille ' . The first was 
probably recognised that locklear 
a nearby road and anhielt, had 
not, with the witness to the car off



Heather Locklear Arrested for
driving under the influence of drugs

The actress Heather Locklear, 
Amanda of the popular series 
Melrose Place, was arrested this 
weekend in Santa Barbara 
(California) after driving under the 
influence of drugs. A witness 
viewed her performing 
inappropriate maneuvers while 
trying to take her car out from a 
parking in Montecito, as revealed 
to People magazine by a 
spokesman for the Californian 
Highway Police. The witness 
stated that around 4.30pm Ms. 
Locklear "hit the accelerator very 
violently, making excessive noise 
while trying to take her car out 
from the parking with abrupt back 
and forth maneuvers. While 
reversing, she passed several 
times in front of his sunglasses." 
Shortly after, the witness, who, in 
a first time, apparently had not 
recognized the actress, saw Ms. 

Was arrested actress Heather 
Locklear because of the driving under 
the effect of an unknown medicine

The actress Heather Locklear that 
is known to the Amanda through 
the role from the series "Melrose 
Place" was arrested at this 
weekend in Santa Barbara 
(Californium) because of the 
driving under the effect of an 
unknown medicine. A female 
witness observed she attempted 
in quite strange way how to go 
from their parking space in 
Montecito, speaker of the traffic 
police of californium told the 
warehouse `People'. The female 
witness told in detail, that Locklear 
'pressed `after 16:30 clock 
accelerator and a lot of noise did 
when she attempted to move their 
car towards behind or forward 
from the parking space, and when 
it went backwards, she pulled 
itself together unites Male at their 
sunglasses'. A little later the 
female witness that did probably 

Actress Heather Locklear was due to 
driving under the influence of an 
unknown drug arrested

Actress Heather Locklear, by the 
role of Amanda from the series 
"Melrose Place" is known, was this 
weekend in Santa Barbara 
(California) because of driving 
under the influence of an unknown 
drug arrested. A witness had 
observed how it quite strange way 
tried to park their extended gap in 
Montecito, reported spokesman 
for the traffic police from California 
to the magazine `People '. The 
witness told in detail that Locklear 
`after 16:30 clock durchdrückte 
pedal and a lot of noise made by 
trying to her car to the rear or front 
of the park gap to move, and 
when she went backwards, took it 
a few times in their Sunglass'. 
Somewhat later the witness saw 
the beginning of the actress 
probably had not recognized that 
Locklear on a nearby road and 
stopped the car exit.

. Medikamentes unknown have the 
effect of a fahrens under actress 
heather locklear arrested

In Santa. One is, melrose place 
the series of the role of the 
'remember the locklear actress the 
heather this weekend, because of 
the fahrens Barbara (California) in 
effect unknown medikamentes 
arrested People 'magazine. The 
traffic police California, 
spokesman for the auszufahren 
montecito reported in its way from 
tried parklücke type strange right, 
you have seen as a witness. . In 
some Zeitung, as and when they 
tried to a great deal of 30 p.m., 
witness the detail of history 
locklear after 16: that 
durchdrückte peddle noise and its 
progress was made parklücke for 
the car or moving backwards, they 
had they times of their 
sonnenbrille ' . The first was 
probably recognised that locklear 
a nearby road and anhielt, had 
not, with the witness to the car off

Heather Locklear Arrested for
driving under the influence of drugs

The actress Heather Locklear, 
Amanda of the popular series 
Melrose Place, was arrested this 
weekend in Santa Barbara 
(California) after driving under the 
influence of drugs. A witness 
viewed her performing 
inappropriate maneuvers while 
trying to take her car out from a 
parking in Montecito, as revealed 
to People magazine by a 
spokesman for the Californian 
Highway Police. The witness 
stated that around 4.30pm Ms. 
Locklear "hit the accelerator very 
violently, making excessive noise 
while trying to take her car out 
from the parking with abrupt back 
and forth maneuvers. While 
reversing, she passed several 
times in front of his sunglasses." 
Shortly after, the witness, who, in 
a first time, apparently had not 
recognized the actress, saw Ms. 

• Why was Heather 
Locklear arrested? 
‣ She was arrested on 

suspicion of driving under 
the influence of drugs. 

Driving under the influence

Driving while medicated

DUI

Driving while using drugs

Medikamentes



Heather Locklear Arrested for
driving under the influence of drugs

The actress Heather Locklear, 
Amanda of the popular series 
Melrose Place, was arrested this 
weekend in Santa Barbara 
(California) after driving under the 
influence of drugs. A witness 
viewed her performing 
inappropriate maneuvers while 
trying to take her car out from a 
parking in Montecito, as revealed 
to People magazine by a 
spokesman for the Californian 
Highway Police. The witness 
stated that around 4.30pm Ms. 
Locklear "hit the accelerator very 
violently, making excessive noise 
while trying to take her car out 
from the parking with abrupt back 
and forth maneuvers. While 
reversing, she passed several 
times in front of his sunglasses." 
Shortly after, the witness, who, in 
a first time, apparently had not 
recognized the actress, saw Ms. 

Was arrested actress Heather 
Locklear because of the driving under 
the effect of an unknown medicine

The actress Heather Locklear that 
is known to the Amanda through 
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Locklear arrested? 
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Driving under the influence

Driving while medicated

DUI

Driving while using drugs

Medikamentes

System Correct Answers
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RBMT5 77%

Geneva 63%
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Guidelines for your own 
tasks

• Simple instructions are required  
• If your task can’t be expressed in one 

paragraph + bullets, then it may need to 
be broken into simpler sub-tasks



Guidelines for your own 
tasks

• Quality control is paramount  
• Measuring redundancy doesn’t work if 

people answer incorrectly in systematic ways 
• Embed gold standard data as controls 

• Qualification tests v. no qualification test 
•  Reduce participation, but usually ensures 

higher quality



Analyzing the MTurk 
Marketplace



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

• RequesterID 
• Number of HITs available 
• Reward amount 
• Title, description, keywords 
• Qualifications required



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.
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Analyzing the AMT Marketplace

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

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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tribution is approximately log-normal. 
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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).
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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. 
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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[$�Meha�ed�gk[k_d]�j^[eho�
for modeling call centers is related and 
can help us understand better the dy-
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Figure 3: The distribution of the arrival 
and completion rate on the AMT mar-
ketplace, as a function of the USD ($) 
value of the posted/completed HITs.
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M^Wj�_i�j^[�jof_YWb�WYj_l_jo�_d�j^[�7CJ�
cWha[jfbWY[5�M^Wj�_i�j^[�lebkc[�e\�j^[�
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M[� fh[i[dj� Òhij� Wd� WdWboi_i� e\� j^[�
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M[�eXi[hl[Z�j^Wj�j^[�c[Z_Wd�Whh_lWb�
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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-
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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 
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can help us understand better the dy-
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Analyzing the AMT Marketplace

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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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 
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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-
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pecially new requesters, without the 
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not per HITgroup), as 80 percent of the HIT groups contain just one HIT.

! !
!



300k

200k
150k

100k

20k

Rewards over past 5 years

2009 2010 2011 2012 2013 2014



90k

70k

50k

30k

10k

Rewards over past 4 years

2009 2010 2011 2012 2013



900k

700k

500k

300k

100k

HITs over past 4 years

2009 2010 2011 2012 2013


