
Gig Work and the Platform 
Economy

Crowdsourcing and Human Computation  

Instructor: Chris Callison-Burch 

Website: crowdsourcing-class.org

http://crowdsourcing-class.org


Discussion of HW1



Kotaro Hara Abigail Adams Kristy Milland Saiph Savage Chris Callison-Burch Jeffrey P. Bigham

A Data-Driven Analysis of Workers’ Earnings on 
Amazon Mechanical Turk                   CHI-2018

ABSTRACT 

A growing number of people are working as part of on-line crowd work. Crowd work is often thought to be low wage 
work. However, we know little about the wage distribution in practice and what causes low/high earnings in this 
setting. We recorded 2,676 workers performing 3.8 million tasks on Amazon Mechanical Turk. Our task-level analysis 
revealed that workers earned a median hourly wage of only ~$2/h, and only 4% earned more than $7.25/h. While the 
average requester pays more than $11/h, lower-paying requesters post much more work. Our wage calculations are 
influenced by how unpaid work is accounted for, e.g., time spent searching for tasks, working on tasks that are 
rejected, and working on tasks that are ultimately not submitted. We further explore the characteristics of tasks and 
working patterns that yield higher hourly wages. Our analysis informs platform design and worker tools to create a 
more positive future for crowd work. 
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ABSTRACT 
We conducted an ethnomethdological analysis of publicly 

available content on Turker Nation, a general forum for 

Amazon Mechanical Turk (AMT) users. Using forum data 

we provide novel depth and detail on how the Turker 

Nation members operate as economic actors, working out 

which Requesters and jobs are worthwhile to them. We 

show some of the key ways Turker Nation functions as a 

community and also look further into Turker-Requester 

relationships from the Turker perspective – considering 

practical, emotional and moral aspects. Finally, following 

Star and Strauss [25] we analyse Turking as a form of 

invisible work. We do this to illustrate practical and ethical 

issues relating to working with Turkers and AMT, and to 

promote design directions to support Turkers and their 

relationships with Requesters.  

Author Keywords 
Ethnomethodology; content analysis; crowdsourcing; 

microtasking; Amazon Mechanical Turk; Turker Nation.  

ACM Classification Keywords  

H.5.3 Group and Organizational Interfaces – Computer, 

Supported Cooperative Work  

General Terms  
Human Factors  

INTRODUCTION 
The concept of crowdsourcing was originally defined by 

Jeff Howe of Wired Magazine as “the act of a company or 

institution taking a function once performed by employees 

and outsourcing it to an undefined (and generally large) 

network of people in the form of an open call.” [8] This 

‘undefined network of people’ is the key topic of this 

article. We present the findings of an ethnomethodological 

analysis of posts and threads on a crowdsourcing forum 

called Turker Nation1. We have sought to understand 

members of the crowd – their reasoning practices, 

concerns, and relationships with requesters and each other 

– as they are shown in their posts on the forum. We seek to 

present them as faithfully as possible, in their own words, in 

                                           
                

1 http://turkernation.com/forum.php 

order to provide more definition to this network of people. 

We believe that this will be beneficial for researchers and 

businesses working within the crowdsourcing space.  

Crowdsourcing encompasses multiple types of activity: 

invention, project work, creative activities, and 

microtasking. This latter is our focus here. The most well-

known microtask platform is Amazon Mechanical Turk 

(AMT)2, and the Turker Nation forum that we studied is 

dedicated to users of this platform. The basic philosophy of 

microtasking and AMT is to delegate tasks that are difficult 

for computers to do to a human workforce. This has been 

termed ‘artificial artificial intelligence’. Tasks like image 

tagging, duplicate recognition, translation, transcription, 

object classification, and content generation are common. 

‘Requesters’ (the AMT term for people who have work to 

be completed) post multiple, similar jobs as Human 

Intelligence Tasks (HITs), which can then be taken up by 

registered ‘Turkers’. Turkers (termed ‘Providers’ by AMT) 

are the users completing the HITs, which typically take 

seconds or minutes paid at a few cents at a time.  

For Amazon, the innovative idea was to have an efficient 

and cost effective way to curate and manage the quality of 

content on their vast databases (weeding out duplicates, 

vulgar content, etc.). While Amazon is still a big Requester, 

AMT has been deployed as a platform and connects a wide 

variety of Requesters with up to 500,000 Providers. 

However, Fort et al. [6] have performed an analysis on the 

available data and suggest that real number of active 

Turkers is between 15,059 and 42,912; and that 80% of the 

tasks are carried out by the 20% most active (3,011–8,582) 

Turkers. While these numbers are useful, the research 

community still has little deep qualitative knowledge about 

this workforce. Questions remain unanswered such as: how 

and what do they look for in jobs; what are their concerns; 

and how do they relate to requestors?  

LITERATURE REVIEW 

To date much of the research on AMT takes the employers’ 

perspective, e.g. [14, 15, 17, 18], and this has in turn been 

highlighted [6, 16]. Silberman et al. [23] note that this 

mainstream research looks at how: “[to] motivate better, 

cheaper and faster worker performance […] to get good 
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ABSTRACT
The internet is empowering the rise of crowd work, gig work,
and other forms of on–demand labor. A large and grow-
ing body of scholarship has attempted to predict the socio–technical outcomes of this shift, especially addressing threequestions: 1) What are the complexity limits of on–demandwork?, 2) How far can work be decomposed into smaller mi-

crotasks?, and 3) What will work and the place of work looklike for workers? In this paper, we look to the historical schol-
arship on piecework — a similar trend of work decomposition,
distribution, and payment that was popular at the turn of the20th century — to understand how these questions might playout with modern on–demand work. We identify the mech-
anisms that enabled and limited piecework historically, andidentify whether on–demand work faces the same pitfalls ormight di↵erentiate itself. This approach introduces theoretical
grounding that can help address some of the most persistent
questions in crowd work, and suggests design interventionsthat learn from history rather than repeat it.
ACM Classification KeywordsH.5.3. Information Interfaces and Presentation (e.g. HCI):
Group and Organization Interfaces
Author Keywords
Crowd work; gig work; on–demand work; piecework
INTRODUCTION
The past decade has seen a flourishing of computationally–mediated labor. A framing of work into modular, pre–definedcomponents enables computational hiring and management
of workers at scale [68, 17, 83]. In this regime, distributedworkers engage in work whenever their schedules allow, oftenwith little to no awareness of the broader context of the work,
and often with fleeting identities and associations [104, 94].For years, such labor was limited to information work such asdata annotation and surveys [82, 161, 166, 51, 119]. However,Permission to make digital or hard copies of all or part of this work for personal or
classroom use is granted without fee provided that copies are not made or distributed
for profit or commercial advantage and that copies bear this notice and the full citation
on the first page. Copyrights for components of this work owned by others than the
author(s) must be honored. Abstracting with credit is permitted. To copy otherwise, or
republish, to post on servers or to redistribute to lists, requires prior specific permission
and/or a fee. Request permissions from permissions@acm.org.CHI 2017, May 06 - 11, 2017, Denver, CO, USA© 2017 Copyright held by the owner/author(s). Publication rights licensed to ACM.
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physically embodied work such as driving and cleaning havenow spawned multiple online labor markets as well [94, 3, 1,
2]. In this paper we will use the term on–demand labor, tocapture this pair of related phenomena: first, crowd work [83],
on platforms such as Amazon Mechanical Turk (AMT) andother sites of (predominantly) information work; and second,
gig work [48, 118], often as platforms for one–o↵ jobs, likedriving, courier services, and administrative support.The realization that complex goals can be accomplished bydirecting crowds of workers has spurred firms to explore sitesof labor such as AMT to find the limits of this distributed,

on–demand workforce. Researchers have also taken to thespace in earnest, developing systems that enable new forms ofproduction (e.g. [14, 18, 117]) and pursuing social scientificinquiry into the workers on these platforms [128, 138]. Thisresearch has identified the sociality of gig work [54], as well
as the frustration and disenfranchisement that these systemse↵ect [72, 104, 106]. Others have focused on the responsesto this frustration, reflecting on the resistance that workersexpress against digitally–mediated labor markets [94, 133].This body of research has broadly worked toward the answer toone central question: What does the future hold for on–demandwork and those who do it? Researchers have o↵ered insightson this question along three major threads: First, what are thecomplexity limits of on–demand work — specifically, howcomplex are the goals that crowd work can accomplish, andwhat kinds of industries may eventually utilize it [142, 79, 165,

164, 110, 59]? Second, how far can work be decomposed intosmaller microtasks [27, 100, 92, 29, 111]? And third, what
will work and the place of work look like for workers [72, 73,
54, 106]?
This research has largely sought to answer these questions byexamining extant on–demand work phenomena. So far, it hasnot o↵ered an ontology to describe or understand the develop-
ments in worker processes that researchers have developed, or
the emergent phenomena in social environments; nor has anyresearch gone so far as to anticipate future developments.Piecework as a lens to understand on–demand workIn this paper, we o↵er a framing for on–demand work as acontemporary instantiation of piecework, a work and payment

structure which breaks tasks down into discrete jobs, whereinpayment is made for output, rather than for time. We are not
the first to relate on–demand work to piecework: in 2013, for
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ABSTRACT 7KLV� SDSHU� DUJXHV� WKDW� GHVLJQHUV� FRPPLWWHG� WR� DGYDQFLQJ�

MXVWLFH�DQG�RWKHU�QRQ�PDUNHW�YDOXHV�PXVW�DWWHQG�QRW�RQO\�WR�

WKH�GHVLJQ�RI�REMHFWV��SURFHVVHV��DQG�VLWXDWLRQV��EXW�DOVR�WR�

WKH�ZLGHU�HFRQRPLF�DQG�FXOWXUDO�LPDJLQDULHV�RI�GHVLJQ�DV�D�

VRFLDO� UROH��7KH�SDSHU� LOOXVWUDWHV� WKH� DUJXPHQW� WKURXJK� WKH�

FDVH�RI�7XUNRSWLFRQ��RULJLQDOO\�DQ�DFWLYLVW�WRRO�IRU�ZRUNHUV�

LQ�$PD]RQ�0HFKDQLFDO� 7XUN� �$07��� EXLOW� E\� WKH� DXWKRUV�

DQG� PDLQWDLQHG� VLQFH� ������ 7KH� SDSHU� DQDO\]HV� SXEOLF�

GHSLFWLRQV�RI�7XUNRSWLFRQ�ZKLFK�FDVW�GHVLJQHUV�DV�FUHDWLYH�

LQQRYDWRUV�DQG�$07�ZRUNHUV�DV�ZLWKRXW�DJHQF\�RU�FDSDFLW\�

WR�FKDQJH�WKHLU�VLWXDWLRQ��:H�DUJXH�WKDW�GHVLJQHUV¶�HOHYDWHG�

VWDWXV� DV� ZRUNHUV� LQ� NQRZOHGJH� HFRQRPLHV� FDQ� KDYH�

SUDFWLFDO�FRQVHTXHQFHV�IRU�WKH�SROLWLFV�RI�WKHLU�GHVLJQ�ZRUN��

:H�H[SODLQ�WKH�FRQVHTXHQFHV�RI�WKLV�VWDWXV�IRU�7XUNRSWLFRQ�

DQG�KRZ�ZH�DGDSWHG�RXU�DSSURDFK�LQ�UHVSRQVH�RYHU�WKH�ORQJ�

WHUP��:H�DUJXH� IRU� DQDO\VHV�RI� SRZHU� LQ�GHVLJQ�ZRUN� WKDW�

DFFRXQW�IRU�DQG�GHYHORS�FRXQWHUV�WR�KHJHPRQLF�EHOLHIV�DQG��

SUDFWLFHV�DERXW�GHVLJQ�DV�KLJK�VWDWXV�ODERU���

Author Keywords $FWLYLVP��GHVLJQ�� HWKLFV�� HFRQRPLFV�� VRFLDO� WKHRU\�� FULWLFDO�

GHVLJQ��KXPDQ�FRPSXWDWLRQ��$PD]RQ�0HFKDQLFDO�7XUN�

INTRODUCTION: THE POLITICS OF DESIGN IN 

KNOWLEDGE ECONOMIES 
+&,�ZRUNV�DW�WKH�JDS�EHWZHHQ�WHFKQRORJLFDO�SRVVLELOLW\�DQG�

KXPDQ� GHVLUHV�� FRQIOLFWV�� DQG� ODERU�� 6RPH� ZRUN� WR� PDNH�

WKLQJV� WKDW� PDNH� QHZ� NLQGV� RI� UHODWLQJ� SRVVLEOH�� 2WKHUV�

DGYRFDWH� IRU� WKH� PDNLQJ� RI� WKLQJV� DV� D� ZD\� RI� EULQJLQJ�
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ERWK�JHQHUDWH�QHZ� VRXUFHV�RI� ILQDQFLDO� YDOXH� DQG� LPSURYH�

PDWHULDO�FRQGLWLRQV�IRU�OLYLQJ���
:LWKLQ�VXFK�D�PLOLHX��GHVLJQHUV�DQG�+&,�SUDFWLWLRQHUV�KDYH�

D� SULYLOHJHG� SODFH� DV� D� UHVHDUFK� FRPPXQLW\� WKDW� VHOI�
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These	figures	are	subjective 
data based	on	workers’	
opinions	on	an	online	forum	

and	survey	responses

The	lack	of	reward and task 
duration data has	prevented	us	
from	objectively	analysing	

workers’	hourly	wage
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• N=2,676	workers

• Task	description	

• title,	keywords,	description,	task	IDs,	

requester	IDs,	reward ($)
• Task	status	

• submitted	vs.	returned

• Timestamps (task start, task end, task return)

Data



• N=2,676	workers	

• Task	description	

• title,	keywords,	description,	task	IDs,	

requester	IDs,	reward ($)
• Task	status	

• submitted	vs. returned

• Timestamps (task start, task end, task return)

Data

These	pieces	of	information	enable	

us	to	calculate	hourly	wage



It	is	surprisingly	hard	to	get	accurate	estimation	of	hourly	wage



Task	Start Task	End

Task	Interval
Task	Reward	($)

=	Per-task	Hourly	Wage

Task	Interval

Hourly	Wage	Estimation	(Naïve)



Naïve method of	calculating	hourly	wage
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=	Per-worker	Hourly	Wage
Σ Task	Reward	($)

Σ Task	Interval

Hourly	Wage	Estimation	(Naïve)



Naïve method of	calculating	hourly	wage

Worker

=	Per-worker	Hourly	Wage
Σ Task	Reward	($)

Σ Task	Interval

Hourly	Wage	Estimation	(Naïve)



People	could	work	on	tasks	concurrently

Interval1

Interval2

Wage	Under-estimation

Worker



Intervalbatch

Intervalbatch <	Interval1 +	Interval2

Wage	Under-estimation

Interval1

Interval2

Worker



Worker

Intervalbatch

Intervalbatch <	Interval1 +	Interval2

Wage	Under-estimation

Interval1

Interval2
This	may	cause	naïve	method	to	over-estimate work durations 
due to interval overlaps and under-estimate the hourly wage



Interval1 Interval2

There	could	be	a	short	gap	between	two	tasks	

(e.g., time	to	search	for	a	task)	

Wage	Over-estimation
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Wage	Over-estimation



Intervalbatch

Interval1 Interval2

Intervalbatch >	Interval1 +	Interval2

The	naïve	method	may	under-estimate a work interval due to 
time between tasks and over-estimate the hourly wage

Wage	Over-estimation



Wage	over- and	under-estimation	may	affect	the	accuracy	of	

hourly	wage	calculation

To	reduce	the	effects	of	interval	overlaps	and	time	between	

tasks,	we	used	a	temporal clustering method to	compute	

hourly	wage

Interval	overlap Time	between	tasks
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We	want	to	cluster	temporally	close	

tasks	together	to	ignore	this	small gap

Temporal	Clustering
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While	keeping	this	isolated	task	disjoint

Temporal	Clustering
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If	dk is	smaller	than	D,	
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Task	4

If	dk is	smaller	than	D,	we	
group	the	time	intervals	

together,	

D

d1 d2

D

Temporal	Clustering



Task	1

Task	2

Task	3

Task	4

If	dk is	smaller	than	D,	we	
group	the	time	intervals	

together,	and	otherwise	

keep	them	disjoint

D

d1 d2

D

Temporal	Clustering



Task	1

Task	2

Task	3

Task	4 Tcluster

Temporal	Clustering:	Cluster-based	Hourly	Wage	
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Tcluster



Task	1

Task	2

Task	3

Task	4

Temporal	Clustering:	Cluster-based	Hourly	Wage	

Tcluster

$cluster

We	define	per-cluster hourly wage as $cluster / Tcluster



Temporal	Clustering:	Cluster-based	Hourly	Wage	

Worker

Per-worker	Hourly	Wage	

with	Clustering

Σ Cluster	Reward	($)

Σ Cluster	Interval

=

Because	different	choice	of	D yield	different	sets	of	

clusters,	we	use	D=0	and	D=1	minute	and	see	their	

effects	on	cluster-based	hourly	wages



Worker	Hourly	Wage:	Result	(Naïve)

Per-worker	Hourly	Wage	($/h)
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Worker	Hourly	Wage:	Result	(Naïve)

Per-worker	Hourly	Wage	($/h)

D
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ty

Median	hourly	wage	=	$1.77/h

Naïve



Worker	Hourly	Wage:	Result	(Clustered)

Per-worker	Hourly	Wage	($/h)

D
e
n
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ty

The	wage	distribution	becomes	

more	flat	(median	=	$2.11/h).	
Naïve
D=0



Worker	Hourly	Wage:	Result	(Clustered)

Per-worker	Hourly	Wage	($/h)

D
e
n
si
ty

Naïve
D=0
D=1

The	D=1	wage	distribution	is	more	flat	

compared	to	the	naïve	distribution	but	peakier	

compared	to	D=0.	D=1	median	is	$1.99/h



Worker	Hourly	Wage:	Result

Per-worker	Hourly	Wage	($/h)

D
e
n
si
ty

Naïve
D=0
D=1

Median	worker	hourly	wage	is	around	$2/h. Naïve	
estimation	method	under-estimates	the	hourly	wage	

by	approximately	12%	(compared	to	D=1).



The	majority	of	workers	on	Amazon	Mechanical	Turk	

work	with	hourly wage below $2/h

Takeaway	1



How much are workers earning on 
Amazon Mechanical Turk?

What	contributes	to	the	low	wage?

Research	Questions



How	much	are	workers	earning	on	

Amazon	Mechanical	Turk?

What contributes to the low wage?

Research	Questions
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Unpaid	work
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Low	reward Qualifications Task	typesRequesters
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What	contributes	to	the	low	wage?

$
Unpaid work

¢
Low	reward Requesters Qualifications Task	types



“
”

[…]	aspects	of	turking [(working	

on	Amazon	Mechanical	Turk)]	like	

simply	searching	for	jobs	can	take	

a	considerable	amount	time.

The	time	spent	learning	and	

searching	are	clear	examples	of	

invisible	[(unpaid)]	work	that	

Turkers must	engage	in	[…].

Being A Turker 
David Martin, Benjamin V. Hanrahan, Jacki O’Neill 

Xerox Research Centre Europe 
6 chemin de Maupertuis, Grenoble France 

{david.martin, ben.hanrahan, jacki.oneill}@xrce.xerox.com 
 

Neha Gupta 
University of Nottingham 

University Park NG7 2TD Nottingham 
neha.gupta@xrce.xerox.com 

 
ABSTRACT 
We conducted an ethnomethdological analysis of publicly 
available content on Turker Nation, a general forum for 
Amazon Mechanical Turk (AMT) users. Using forum data 
we provide novel depth and detail on how the Turker 
Nation members operate as economic actors, working out 
which Requesters and jobs are worthwhile to them. We 
show some of the key ways Turker Nation functions as a 
community and also look further into Turker-Requester 
relationships from the Turker perspective – considering 
practical, emotional and moral aspects. Finally, following 
Star and Strauss [25] we analyse Turking as a form of 
invisible work. We do this to illustrate practical and ethical 
issues relating to working with Turkers and AMT, and to 
promote design directions to support Turkers and their 
relationships with Requesters.  

Author Keywords 
Ethnomethodology; content analysis; crowdsourcing; 
microtasking; Amazon Mechanical Turk; Turker Nation.  

ACM Classification Keywords  
H.5.3 Group and Organizational Interfaces – Computer, 
Supported Cooperative Work  

General Terms  
Human Factors  

INTRODUCTION 
The concept of crowdsourcing was originally defined by 
Jeff Howe of Wired Magazine as “the act of a company or 
institution taking a function once performed by employees 
and outsourcing it to an undefined (and generally large) 
network of people in the form of an open call.” [8] This 
‘undefined network of people’ is the key topic of this 
article. We present the findings of an ethnomethodological 
analysis of posts and threads on a crowdsourcing forum 
called Turker Nation1. We have sought to understand 
members of the crowd – their reasoning practices, 
concerns, and relationships with requesters and each other 
– as they are shown in their posts on the forum. We seek to 
present them as faithfully as possible, in their own words, in 

                                                           
1 http://turkernation.com/forum.php 

order to provide more definition to this network of people. 
We believe that this will be beneficial for researchers and 
businesses working within the crowdsourcing space.  

Crowdsourcing encompasses multiple types of activity: 
invention, project work, creative activities, and 
microtasking. This latter is our focus here. The most well-
known microtask platform is Amazon Mechanical Turk 
(AMT)2, and the Turker Nation forum that we studied is 
dedicated to users of this platform. The basic philosophy of 
microtasking and AMT is to delegate tasks that are difficult 
for computers to do to a human workforce. This has been 
termed ‘artificial artificial intelligence’. Tasks like image 
tagging, duplicate recognition, translation, transcription, 
object classification, and content generation are common. 
‘Requesters’ (the AMT term for people who have work to 
be completed) post multiple, similar jobs as Human 
Intelligence Tasks (HITs), which can then be taken up by 
registered ‘Turkers’. Turkers (termed ‘Providers’ by AMT) 
are the users completing the HITs, which typically take 
seconds or minutes paid at a few cents at a time.  

For Amazon, the innovative idea was to have an efficient 
and cost effective way to curate and manage the quality of 
content on their vast databases (weeding out duplicates, 
vulgar content, etc.). While Amazon is still a big Requester, 
AMT has been deployed as a platform and connects a wide 
variety of Requesters with up to 500,000 Providers. 
However, Fort et al. [6] have performed an analysis on the 
available data and suggest that real number of active 
Turkers is between 15,059 and 42,912; and that 80% of the 
tasks are carried out by the 20% most active (3,011–8,582) 
Turkers. While these numbers are useful, the research 
community still has little deep qualitative knowledge about 
this workforce. Questions remain unanswered such as: how 
and what do they look for in jobs; what are their concerns; 
and how do they relate to requestors?  

LITERATURE REVIEW 
To date much of the research on AMT takes the employers’ 
perspective, e.g. [14, 15, 17, 18], and this has in turn been 
highlighted [6, 16]. Silberman et al. [23] note that this 
mainstream research looks at how: “[to] motivate better, 
cheaper and faster worker performance […] to get good 

                                                           
1 http://turkernation.com/forum.php 
2 http://www.mturk.com 
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The	issue	of	unpaid	work	has	been	identified	in	prior	work,	

but	its effects are not quantified



We	quantify	three	types	of	unpaid	work

Time	spent	on	
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Task	Submit	and	Return

Worker

Submit



Task	Submit	and	Return

Worker

Returned

Reward	will	not	be	paid	and	

so	the	time	spent	is	wasted



Submitted Returned

Timereturned

Returned

Timesubmitted

Time	Spent	on	Returned Tasks

Σ Σ

For	all	tasks	from	all	workers	



Submitted Returned

Timereturned

Returned

Timesubmitted

Time	Spent	on	Returned Tasks: Result

Σ Σ
=	98,202	hours	(68.2%)	 = 45,778 hours (31.8%)
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Task	Accept and	Reject

Worker
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Task	Accept	and	Reject

Worker

Reject



We	had	data	on	task	accept	vs.	reject	status	for	

29.6%	of	the	submitted	tasks

Time	Spent	on	Rejected Tasks

Timeaccepted

Accepted Rejected

Timerejected

Accept Reject

Σ Σ



We	had	data	on	task	accept	vs.	reject	status	for	

29.6%	of	the	submitted	tasks

Time	Spent	on	Rejected Tasks: Result

Timeaccepted

Accepted Rejected

Timerejected

Accept Reject

Σ Σ
=	33,130	hours	(99.3%)	 = 240 hours (0.7%) 



We	quantify	three	types	of	unpaid	work

Time	spent	on	

returned tasks

Reject

Time	spent	on	

rejected tasks
Time	

between tasks

Returned



Time	Between Tasks

Worker

We	want	to	know	the	effect	of	

this	small	gap	between	tasks	

(e.g., task	search	time)



Δ

Clustering	(D=1min)

Clustering	(D=0min)

Time	Between Tasks

Worker

Σ



Δ

Clustering	(D=1min)

Clustering	(D=0min)

Time	Between Tasks: Result

Worker

Σ = 4,603 hours



45,778 hours

31.8% of	work

Reject

240 hours

0.7% of	work
4,603 hours

4.7% of	work

Returned

Result



Returning	tasks	has	the	biggest	impact	on	the	hourly	wage.	In	

fact,	31.8% of work time is wasted due to this unpaid work. 

Takeaway	2
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Workers	are	underpaid.	Is	this	because	

all	requesters	treat	workers	unfairly,	or	

are	there	are	small	number	of	people	

who	request	very	low	paid	tasks?

< $2/h



Workers	are	underpaid.	Is	this	because	

all	requesters	treat	workers	unfairly,	or	

are	there	are	small	number	of	people	

who	request	very	low	paid	tasks?

< $2/h



Workers	are	underpaid.	Is	this	because	

all	requesters	treat	workers	unfairly,	or	

are	there	a	small	number	of	requesters	

who	post	many	very	low	paid	tasks?

< $2/h



We	investigated	the	distribution	of	per-requester hourly payment
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Per-requester	Hourly	Payment

Σ Task	Payment	($)

Σ Task	Interval

Per-requester	

Hourly	Payment
=

Requester

Workers



Per-requester	Hourly	Payment:	Result
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Per-requester	Hourly	Payment:	Result
D
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Per-requester	Hourly	Payment	($/h)

Median=$4.57/h

N=19,598	requesters



About	half	of	the	requesters	pay	below	$5/h,	which	is	

below	the	U.S.	federal	minimum	wage.	

Takeaway	3



Takeaways

< $2/h Crowd	workers	are	underpaid	and	they	often	

earn	below	$2/h

$
Unpaid	work,	particularly	returning	tasks	

has	a	large	impact	on	the	hourly	wage	

Majority	of	the	requesters	reward	

workers	below	$5/h



Discussion	and	Future	Work

• Could	we	create	tools for workers to	make	it	easier	to	

search	for	tasks	that	give	them	good	wage,	avoid	tasks	that	

are	not	completable,	and	find	requesters	fair	wage?

• Could	we	create	technologies for requesters to	help	them	

pay	fairly?



How	can	we	nudge	more	people	

to	pledge	and	help	them	keep	

committing	to	their	promises?

Discussion	and	Future	Work



Jobs in the platform economy
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Paychecks, Paydays, and the Online Platform Economy
February 2016 
Big Data on Income Volatility

Source: JPMorgan Chase Institute



Source: JPMorgan Chase Institute



The percentage of people who experienced more than a 30 
percent month-to-month change in total income:

Income Volatility Among U.S. Individuals

Source: JPMorgan Chase Institute



Median income individuals experienced nearly $500 in labor 
income fluctuations across months, with spikes in earnings 
larger but less frequent than dips.

Income Volatility Among U.S. Individuals

Source: JPMorgan Chase Institute



Sources of Monthly Changes in Labor Income

Income Volatility Among U.S. Individuals

Source: JPMorgan Chase Institute



The Online Platform Economy

Source: JPMorgan Chase Institute



The Online Platform Economy
Although 1 percent of adults earned income from the Online 
Platform Economy in a given month, more than 4 percent 
participated over the three-year period.

Source: JPMorgan Chase Institute



The Online Platform Economy
The Online Platform Economy was a secondary source of 
income, and participants did not increase their reliance on 
platform earnings over time.

Source: JPMorgan Chase Institute



The Online Platform Economy
Monthly platform earnings in active months, in dollars and as 
a percentage of total income 

Source: JPMorgan Chase Institute



The Online Platform Economy
Almost half of active labor participants (46%) relied on labor 
platforms for more than 25% of their income. In any given 
month, 40% of all individuals who participated in labor 
platforms were actively earning on them. 

Source: JPMorgan Chase Institute

Reliance on, and active participation in, labor platforms



The Online Platform Economy
Reliance on capital platforms was significantly lower than on 
labor platforms. 25% of active participants relied on capital 
platforms for more than 25% of their income, including 17% of 
active participants who earned 75% or more of their total 
income from capital platforms.

Source: JPMorgan Chase Institute

Reliance on, and active participation in, capital platforms



The Online Platform Economy
Earnings from labor platforms offset dips in non-platform 
income, but earnings from capital platforms supplemented  
non-platform income

Source: JPMorgan Chase Institute

Earnings in months with and without platform earnings 



The Online Platform Economy
Monthly platform earnings in active months, in dollars and as 
a percentage of total income 

Source: JPMorgan Chase Institute



Pew Research Center

24% of Americans earned money from the digital platform 
economy in 2016



Source: Pew Research Center



Source: Pew Research Center



Source: Pew Research Center



The Online Platform Economy
4.2% of adults in the 3 year JPMorgan study participated in 
the platform economy.  In increased 47x from 2012-2015.

In 2016, Pew Research estimated that 24% of Americans 
earned money from the platform economy.  8% from a gig 
platform, and 18% from selling something online.

A key question concerns the nature of platform work and 
employment. Within a traditional employer-employee 
relationship, workers can usually expect benefits like access 
to unemployment insurance, employer contributions to 
Social Security, and worker’s compensation, among others. 
Typically, no such “social contract” exists in the Online 
Platform Economy



U.S. Department of Labor
Wage and Hour Division
Washington, D.C. 20210

Misclassification of employees as independent contractors is found in an 
increasing number of workplaces in the United States, in part reflecting 
larger restructuring of business organizations. When employers 
improperly classify employees as independent contractors, the 
employees may not receive important workplace protections such as 
the minimum wage, overtime compensation, unemployment 
insurance, and workers’ compensation. Misclassification also results in 
lower tax revenues for government and an uneven playing field for 
employers who properly classify their workers. Although independent 
contracting relationships can be advantageous for workers and 
businesses, some employees may be intentionally misclassified as a 
means to cut costs and avoid compliance with labor laws.

The Department of Labor’s Wage and Hour Division (WHD) continues to 
receive numerous complaints from workers alleging misclassification, and 
the Department continues to bring successful enforcement actions against 
employers who misclassify workers. In addition, many states have 
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