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Online Job Markets

• Web destinations where one finds work 
• Open calls to hire cheap, immediate, skilled, and 

easily accessible labor online 

1. Crowdsourcing platforms 
• micro-tasks: image labeling, sentiment recognition 
• collaborative tasks: citizens for biodiversity 

2. Freelancing marketplaces 
• micro-gigs: virtual/physical  
• resume preparation, website design, plumbing, 

assembling furniture
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Crowdsourcing 
Platform

micro-tasks by requesters
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Data production in Crowdsourcing

workers
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Content creation 
NYPL Lab



Receipt Transcription  
on AMT

5



Platform

micro-gigs by requesters 
• résumé preparation  
• website design 
• plumbing 
• furniture assembly 
• cleaning services
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Freelancing Marketplaces

workers



Online and offline help
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FoW vision

• The current view of online labor markets tends to see 
humans as low-level agents, in the service of broader 
AI goals. 

• We envision FoW as a place where humans are 
empowered with the ability to 

• get help from a mix of humans and AI machines 

• enhance their capabilities through skill acquisition 

• feel safe
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This talk’s purpose and outline

Data Science cares about data and insights 

• Humans care about 
• how they are treated: fairness 
• how they are doing: skill, feedback 
• how they feel: fatigue, boredom, motivation 
• what they are learning: capital advancement
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Fairness  

with Shady Elbassuoni, American University in Beirut
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Disparity/Unfairness in Online Jobs

The unbalanced targeting of workers based on their 
protected attributes 

The French Criminal Law lists                                         
23 such attributes 

gender, ethnicity, sexual orientation
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EDBT 2016

The evils of discrimination

Disparate treatment is the illegal 
practice of treating an entity, such as a 
creditor or employer, differently based on 
a protected characteristic such as race, 
gender, age, religion, sexual orientation, 
or national origin. 

Disparate impact is the result of 
systematic disparate treatment, where 
disproportionate adverse impact is 
observed on members of a protected 
class.
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protected	attributes inferred	attributes

A ranking formulation 
Input: a query and a set of workers  
Output: a ranking of workers
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Most unfair partitioning problem
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TaskRabbit

•20 most popular services in 45 US cities 

•2,182 unique taskers, 287 queries: Home Cleaning 

•Rank of each tasker  

•picture used to assign gender, ethnicity 

•not used: badge, reviews, and hourly rate
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Number of queries for different partitionings
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Summary of results

• All 112 queries returned white taskers in the top-50 
• For the 89 queries (gender): 83% of top-50 are males
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Generalization of fairness model

•On any given site, we consider: 

•a set of labeled groups G 

•a set of job-related queries Q 

•a set of locations L 

•Each query q in Q contains a set of keywords such as 
``Home Cleaning'' or ``Logo Design’' 

S. Elbassuoni, S. Amer-Yahia, A. Ghizzawi: Fairness of Scoring in Online Job 
Marketplaces. ACM Tansactions in Data Science, 2020 
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Discrimination
• The discrimination value of a triple <g,q,l> denotes 

the discrimination of g wrt query q at location l 

• variants(g,a) are all groups that differ by one attribute 
only: e.g., for a group of black females, variants are 
black males, asian females, white females. 
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On TaskRabbit

Black Females 
for Home
Cleaning in San Francisco 
EMD (0.5+0.25+0.4)/3 
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On Google Jobs

Discrimination of Black 
Females wrt one group, 
Asian Females: 
Jaccard
(0.8+0.5)/2  = 0.65
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Different Fairness aggregations

•Worker-fairness  

•Which 2 groups TaskRabbit is the most unfair for? 

•Query-fairness 

•What are the 5 least discriminating jobs for Asian 
males at all locations? 

•Location-fairness 

•Out of NYC, Boston and Washington DC, what is 
the least discriminating location for women 
looking for an event staffing job on TaskRabbit?
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On TaskRabbit (June to August 2019)
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All jobs offered in 56 cities: 3,311 workers; 5,361 query/location



On Google Job Search (June to August 2019)

27

top/bottom 10 TaskRabbit (q,l) 
Google Keyword Planner



TaskRabbit quantification results



TaskRabbit comparison results
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Summary of fairness
•Framework to quantify discrimination in ranking 

•can be used by workers, requesters, platform designers 

•accommodates many fairness measures 

•accommodates many optimization formulations 

•Open questions 

•Explaining discrimination 

•Repairing discrimination
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This talk’s purpose and outline

• Humans care about 
• how they are treated: fairness 
• how they are doing: skill, feedback 
• how they feel: fatigue, boredom, motivation 
• what they are learning: capital advancement 
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Skill and Motivation 

with Senjuti Basu Roy The New Jersey Institute of Technology 

and Gautam Das UT Arlington
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Self-appointment in AMT
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Algorithmic assignment



Algorithmic Task Assignment 

• Input: collaborative tasks, workers 
• Output: one team per task  

• Each task has  
• Budget, Required Expertise, Expected Quality 
• English comprehension for audio transcription 

• Each worker has human factors:  
• Skill, Expected wage, Acceptance ratio 

  

H. Rahman, S. B. Roy, S. Thirumuruganathan, S. Amer-Yahia, G. Das: 
Task Assignment Optimization in Collaborative Crowdsourcing. 
ICDM 2015
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Goal: maximize crowd-work quality

worker skills task quality

task budget
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workers’ wages



Quality Experiments

• Phase 1: 8 multi-choice questions/task, to assess skills  

• Phase 2: Collaborative Document Editing task  
• 20 workers asked to produce reports on 5 different topics:              

1) Political unrest in Egypt,  
2) NSA document leakage,  
3) Playstation games,  
4) All electric cars  
5) Global warming 

• Phase 3: Completed tasks evaluated by crowd workers 
• 150 AMT workers (selected similarly) 
• Completeness, Grammar, Neutrality, Clarity, Timeliness, Added-

Value
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Outcome Quality 
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Group-level Human Factors

• In some cases, outcome quality was low 
• Conflicting opinions 
• Edit wars 

CostSkill Affinity

team 
size

Critical Mass
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A two-stage solution

40

An instance optimal exact algorithm and a 2-
approximation algorithm (when distance is a metric) 

2. Form one team that maximizes intra-affinity, and 
satisfies skill and cost (variant of Compact Location) 

3. Decompose into smaller teams, each satisfies critical 
mass and maximizes inter-affinity (variant of 
Minimum Bisection)



Experiments with Affinity and Critical Mass 
 
• Translation task with 120 AMT workers 
• Region more effective than age/gender
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Motivation on AMT 
More than fun and money. worker motivation in  
crowdsourcing-a study on mechanical turk.  
N. Kaufmann, T. Schulze, and D. Veit. AMCIS 2011 
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What to observe?

43

J. Pilourdault, S. Amer-Yahia, S. B. Roy, D. Lee:  Task Relevance and 
Diversity as Worker Motivation in Crowdsourcing. ICDE 2018



Two Motivation Factors

 intrinsic factor, task diversity 
 extrinsic factor, task payment

44

worker-specific  
to be learned between iterations
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Summary so far

• Human factors dictate algorithm design 

• Human factors must be observed 

• Skill, affinity, critical mass yield higher quality 
contributions 

• Motivation yields better worker retention
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This talk’s purpose and outline

• Humans care about 
• how they are treated: fairness 
• how they are doing: skill, feedback 
• how they feel: fatigue, boredom, motivation 
• what they are learning: capital advancement 
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Peer Learning 
with Payam Esfandiari and Senjuti Basu Roy (NJIT) 
SIGKDD 2019
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Peer Learning

Explore how affinity affects learning potential

• Formalize Learning Potential (LP) 
• Formalize Affinity structures (AFF) 
• Algorithms with provable theoretical guarantees 
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Learning Potential
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Affinity
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Example Task
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Team Formation with Affinity and 
Learning Potential
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Simplified Formulation

The learning potential expressions are polynomial time 
solvable problems, because the primary operation 
they require is sorting.
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Problem variants and algorithms
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Experiments with fact checking/learning
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Summary
•We, researchers, have a big role to play in  

•providing fairness assessment tools 

•helping workers find jobs that improve their skills, 
and account for human factors such as affinity 
and motivation 

•Existing platforms can rethink their design to 
empower humans and be at the frontier of FoW.
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Open challenges

•Fairness  

•explain and repair discrimination 

•Learning  

•train for a new job with upskilling strategies 

•Putting it all together 

•optimize for more than one objective 

•enable portability across platforms by building 
ML-enabled human data management systems
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