
Social Comparisons and 
Contributions to Online Communities: 

A Field Experiment on MovieLens

Yan Chen
Univ. of Michigan

(www.communitylab.org)

Maxwell Harper
Univ. of Minnesota

Sherry Li
UT-Dallas

Joseph Konstan
Univ. of Minnesota

November 13, 2008

Outline

• Online communities and under-contribution problem

– MovieLens (www.movielens.org)

– Recommender systems

• Social comparison theory

• Experimental design

• Theory

• Analyses and main results

• Discussions



Online Communities

• Online communities: 
groups of people meet to 

– Share information: e.g. cancer support groups

– Produce info goods: e.g. open source

– Play games: e.g. ESP games 

– Carry out business: e.g. Xerox service engineers

• Opportunities to create new social capital

Free-rider Problem

• Online communities: 
groups of people meet to 

– Share information: e.g. cancer support groups

– Produce info goods: e.g. open source

– Play games: e.g. ESP games 

– Carry out business: e.g. Xerox service engineers

• Nonparticipation and under-contribution 
(Butler 2001)
– 50% of the social, hobby and working mailing lists had no 

traffic over a 122 day period
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Example: 
Napster/Kazaa

• 66% of users share absolutely nothing 
(2000*)

• 1% of users share 50% of the content
• 25% of users share 98%
• By 2005, the free-rider problem is worse

– 85% of users share nothing†

* Adar and Huberman, “Free Riding on Gnutella”, First Monday, 2000
† Hughes et al., “Free Riding in Gnutella Revisited: the bell tolls”, 2005

Under-contribution: Solutions

• Incentive-compatible mechanisms for public goods 
provision
– Tax-subsidy schemes

• Online communities
– Rarely use monetary transfers
– Voluntary participation
– Voluntary contribution
– Lots of information about users

• Social information as non-pecuniary mechanism:
– Social comparison theory



Social Comparison Theory
• Festinger (1954): people evaluate themselves by 

comparison with other people
• Social comparisons affect behavior

(Suls, Martin and Wheeler 2002)
– Information for the right behavior
– Ambiguous situations 

• Conformity theory
– Akerlof (80)
– Jones (84)
– Bernheim (94)

• Inequality aversion
– Fehr and Schmidt (99)
– Bolton and Ockenfels (00)

Social Information 
in the Lab and Field

• Lab experiments
– Cason and Mui (1998): sequential dictator game

– Duffy and Feltovic (1999): learning

– Bohnet and Zeckhouser (2004): ultimatum games

– Krupka and Weber (2005): binary dictator game

• Field experiments
– Frey and Meier (2004): mail fundraising

– Shang and Croson (2005): on-air fund drive



Designer’s Challenge

• Peripheral participants
– become active contributors

• Core participants/power users
– Sustain and improve contribution

• Personalized social information



movielens.org

• Active and successful online communities
– 100,000 users, 15,000 active within the past year

– 13 million ratings of 9,043 movies

• Main activities
– Rate movies

– Receive recommendations

• Collaborative filtering technology

• 22% of movies have few than 40 ratings

• Software can’t make accurate predictions

K-Nearest Neighbor 
Collaborative Filtering

?

TargetTarget
UserUser

Weighted 
Sum
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Source: John Riedl



• insert slide on new user incentives

Movielens Users and Our Sample

Criteria: 

• Active in the past year

• At least 30 ratings

• Given us permission to send 
emails



398 Participants

Experimental Design
• Stage 1: Pre-experiment survey (398/1966)

– Time to search for and rate ten movies

– Willingness to pay for a list of top-ten movies

– Number of ratings: perceived position 

– Net benefit: perceived position in distribution

• Stage 2: Experimental Newsletter
– RatingInfo treatment: 134 users

– NetBenefit treatment: 130

– Control: 134

Pre- survey

Week 1 2                  3                 4              5                 6 

Personalized 
newsletter

RatingInfo

NetBenefit 

Control



Experimental Design
• Stage 3: post-experiment survey

– ML related questions

– General social survey

– Personality 

– Demographics

• Survey response rate: 78%

Pre- survey
Post- survey

Week 1 2                  3                 4              5                 6 

Personalized 
newsletter

RatingInfo

NetBenefit 

Control

Stage 2: Social Information in Newsletter

• RatingInfo treatment
– median number of ratings by similar users
– Groups: Below-median, median, above-median

• NetBenefit treatment
– average benefit score of similar users
– Groups: Below-average, average, above-average

• Control
– Percentage of the movies that you’ve rated are comedies…



Stage 2: Options of Activities

• Same five shortcuts for each condition
– Rate popular movies: increase own benefit, easy
– Rate rare movies: costly, but help other users
– Update database: costly, but help other users
– Invite a buddy: increase own benefit, easy
– Just visit the Movielens homepage

Rating Info Treatment 



Net Benefit Treatment 

Control 



Activity page: rate popular movies 

Activity page: rate rare movies 



Activity page: update database

Creating Peer Groups Based on ML Age

Membership Total # users Months in ML

Treatment Cohort (active users) Mean Std dev min max

Rating Info New 45 (27) 3.1 1.1 0.2 5.5

Mid 45 (35) 14.3 8 5.5 31.2

Old 44 (37) 56.5 11.5 32.1 69.1

Net Benefit New 44 (31) 3.2 1.3 0.2 5.5

Mid 43 (27) 11.8 4.7 5.5 20.9

Old 43 (32) 54.3 24.7 23 113.8

Control New 55 (32) 2.9 1.2 0.9 5.5

Mid 39 (25) 14.1 5.4 5.7 26.2

Old 40 (31) 55.7 17.5 28.2 113.8



A Theoretical Framework: 
A Neoclassical Model Harper, Li, Chen, Konstan (2005)

• User’s neoclassical benefit function:

where Q quality of recommendations,γi marginal benefit from movie 

recommendation,X number of ratings, d database entries,

f′ > 0, f″ ≤ 0, v′ > 0, v″ ≤ 0, c′ > 0, c″ ≥ 0.

• Ratings: private and public good
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Solution and Model Estimation
• Solution: inefficient amount of rating

• Model estimation 

– Explains 34% of variance in rating behavior

)]ln(ln[ln
1

1
ln *

iiii
i

i fcx −−+
−

= γβ
β

0 1 2 3 4ln

ln 4.351 0.028 0.971 0.353 0.042

i i i i i i

i i i i i i

x a a a a f a c Z

x f c Z

γ β ε
γ β ε

= + + + + + Λ +

= + + + − + Λ +

����

����



Extension to a 2-period model

• t: the month before pre-survey

• t+1: the month after newsletter

• Xi: user i’s life time rating

• xi: user i’s monthly rating

• di: user i’s number of database entries

• Without social information: neoclassical model

• With social information:
– Conformity

– Difference aversion

Rating Info Treatment
• Extending to 2-period model and incorporating 

conformity

• gi : disutility from deviating from social norm

• Proposition 1
• Below-median users rate more movies than median 

users:           ≥

• Above-median users rate less than median users        ≤

• Conformity to median                        ≤
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Net Benefit Treatment 

• Incorporating distribution preferences

• gl envy; gh charity concern

• Proposition 2
• Average/low score users will rate more popular movies

• High score users will rate rare movies and update 
database if gh is sufficiently large 
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Results (RatingInfo) 
Below-median users increase ratings by 530%.

• Below-median users rated more than median (p=0.02);
• Above-median users rated more than median (p=0.03);
• Distance from median is smaller in the month after (p=0.02).



Conformity and Competition
• Below-median users: +530% 
• Above-median users: - 60% 
• Asymmetry in behavior change may be due to 

competitiveness
• Survey measure on competitiveness 

• “It’s achievement, rather than popularity 
with others, that gets you ahead 
nowadays.”

Conformity and Competition



Net Benefit Treatment: Popular Ratings
• Above  < Average ; Below < Average (p=0.03)  

Net Benefit Treatment: Rare Ratings
• Above > Below (p=0.01);  Average > Below



Net Benefit Treatment: Database Entries

• 94% of database entries come from above-mean users

Measures on Altruism 

• Prop 2: High-benefit score users will rate rare movies and 
update database if charity concern is sufficiently large 

• Survey: “I see myself as someone who 

– a) is helpful and unselfish with others; 

– b) can be cold and aloof; 

– c) is considerate and kind to almost everyone; 

– d) likes to cooperate with others; 

– e) is often on bad terms with others; 

– f) feels little concern for others; 

– g) is on good terms with nearly everyone.”



High Net Benefit  Users:

More altruistic users rated less popular movies

High Net Benefit  Users:  

More altruistic users rated more rare movies



High Net Benefit  Users: 

More altruistic users had more database entries

Are the effects due to anchoring? 

Information provided Corr (xt+1, info); (p values) 

Rating Info
You have rated xxx movies -0.091  (0.297)

Median number of ratings -0.058  (0.503)

Net Ben
Your net benefit score 0.070   (0.428)

Average net benefit score 0.144   (0.103)

Control
% ratings that were comedies -0.135  (0.119)

Average rating in this genre 0.139   (0.110)

P.S. Regression to the mean? No. (Difference in difference analysis)



Red Queen Effect

• The Red Queen said, “…it takes all the running you 
can do, to keep in the same place.”

– Lewis Carroll’s Through the Looking-Glass

• Rating Info: 

relative rankings of total movie ratings remain the 
same (Spearman > 0.9)

• Net Benefit: 

relative rankings of net benefit scores remain the 
same (Spearman >= 0.8)

Summary
• Social comparison significantly influence behavior

• Rating Information
– Below median: increase # of ratings by 530%

– Above median: decrease # of ratings by 62%

• Conformity vs. competitive preferences

• Net Benefit
– Above : rate more rare; update more database entries

– Average: rate more pop

– Effect of altruism

• Design Implications: personalization



Design Implications: Personalization

• Personalized social information
– Below

• median rating information

• More ratings 

– Power users
• Average net benefit 

• High-cost activities that help others

Future Work

• Other forms of social information
– Leaderboard: ESP game

• Other reward
– Promotion: slashdot

– Barnstar: wikipedia

• Work-oriented online communities
– SourceForge 



Knowledge Market Design:
A Field Experiment at Google Answers

Yan Chen, Yong-Mi Kim, Teck Ho 

February 13, 2009

Outline

• Background: 
Internet Question-and-Answer Services 

• Design problem: 
contract design for knowledge markets

• Experimental design
• Results
• Discussions



Internet Q&A Services

• Commercial services: use money
– Google Answers (2002-2006)
– Uclue (2005-present)
– BitWine 

• Community-based services
– AnswerPoint (from AskJeeves.com, ask.com)
– Yahoo! Answers
– AnswerBag

Internet Q&A Services





Features of Google Answers

• User pricing: $2 - $200
– GA provide pricing guideline

• Researchers select questions
• Reputation system

– Consumer rating of answers: 1-5 stars
– Total # of questions answered
– Total # of refunds
– Unique identification of researchers

• Social preference
– Reciprocity: tips
– Altruism: free comments, some community aspects

Literature: Field Data

• Economics
– Edelman (2004)

• More experienced answerer: higher rating
• Positive corr between rating and answer length

– Regner (2005)
• Frequent askers are more likely to tip: reputation
• 18% one-time user also tips: social preference
• Answerers put more effort if asker tipped 

frequently before



Literature: Field Data

• Information Science
– Rafaeli, Raban and Ravid (2005, 2007)

• Data: GA 06/2002-10/2004
• participation, i.e., # of questions answered
• Average price of questions $19.37
• Average dollar value of an answer: $20.20

– Adamic, Zhang, Bakshy and Ackerman 
(2008): YA 

• 3 categories of forums
• Answer length: significant predictor of best 

answers

Literature: Field Data

• Information Science
– Yang, Adamic and Ackerman (2008)

• Taskcn
• Requester posts task and price
• Sealed bid all-pay auction: winner gets money
• Price uncorrelated with number of submissions

– Nam, Ackerman and Adamic (2008)
• Knowledge-iN
• Interviews
• Motivations for participation: altruism, personal 

learning and personal interests



Literature: Field Experiment

• Raban and Harper (2008)
– Several sites
– Quality

• GA > free sites
• YA > other free sites
• Higher price leads to higher quality

Research Questions

• Knowledge market design
– What’s the effect of money?

• Fixed price vs. bonus contracts
• Effects of pricing on quality of answers
• Traffic and amount of frivolous questions

– What’s the effect of a reputation system?
– How social preference might change the 

optimal contract
• Reciprocity
• Altruism: community-based systems



Gift Exchange:

Answerer

Asker

pl

ph

Answerer

el

eh

el

eh

-b, 1+c

0, 0

1+a, -d

1, 1

Sequential Prisoners’ Dilemma: Dominant strategy equilibrium, SPNE

Asker

Nature

selfish

reciprocal

pl

ph

el

eh

Answerer
0, 0

1+a, -d

el -b, 1+c

1, 1eh

Gift exchange: reciprocal types

Asker

pl

ph

Answerer
eh
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0, 0

1, 1

p

1-p

When p is sufficiently high, ph and eh can be supported in equilibrium. 



Experimental Design

• Question selection
– Real reference questions from IPL: 50,000
– From 2003 on: time used on record
– Select c.a. 1-hour questions, with verification by RA
– Open ended: effort and quality can vary

• Problem with question selection
– Our censorship might have removed the variations 

• Compare with Harper et al (2008)

Experimental Design

• Four treatments (based on 10,000 GA questions)
– $20 fixed price (baseline)
– $30 fixed price 
– $20 + $10 tip conditional on good answer
– $20 + $10 tip unconditional

• Sufficient variations in price?

• Timing: sent 4 per day, one from each category

• One-shot: new user for each question



Examples: IPL Questions

• Our school theme this month is APPRECIATION. Can 
you recommend any stories or books that emphasize 
that theme for Middle School students (grade 6-8)? I also 
need for elementary students, but Middle School is a 
priority. 

• I have heard that supposedly when after you receive a 
massage you are often told to drink lots of water (or 
fluids, I would guess) because receiving a massage 
releases toxins and you need to flush them out of your 
system. Frankly, this sounds like hippie stuff. Is there 
any actual hard scientific evidence to support or refute 
this claim?  If your answer is good, I’ll add a $10 tip.



10K Questions from GA

Hypotheses

• Price effects
– Higher price leads to longer answers (effort)
– Higher price leads to better answers (quality)

• Tip effects
– Promise of a tip leads to longer answers (effort)
– Promise of a tip leads to better answers (quality)

• Reputation
– Researchers with higher past average rating will 

provide higher quality answers



Data Analysis

• Outcome measures
– Length of answers: word count
– Quality of answers: rater data

• Control
– Difficulty of each question

• Raters
– Inter-rater reliability test
– Semi-professionals: 

SI graduate students finished SI 647

Rating Procedures

• 16 raters from SI 647 
(Information Resources and Services)

• Two sets of 100 GA question & answer 
pairs 
– Set A: 75 IPL + 25 GA
– Set B: 100 GA from 10K questions

• Each q&a rated by 8 independent raters
• Training sessions + 5 rating sessions
• Randomized order of q&a



Rating answer quality

1. Please rate the difficulty of the question

2. Please rate the answer for the following factors:
A. The question that was asked is answered.
B. The answer is thorough, addressing all question parts.
C. The sources cited are credible and authoritative.
D. The links provided are to relevant web sites or pages.
E. Information in the cited sources is summarized.
F. Only information pertinent to the question is presented.
G. The answer is well-organized and written clearly, avoiding 

jargon and/or inappropriate language.

3. Please rate the overall quality of the answer



Interrater Reliability

• Interrater reliability provides an indication 
of the extent to which variance in the 
ratings is attributable to differences among 
objects rated
– i.e. relation of one rated object to other rated 

object is same across judges → high 
interrater reliability

• Intraclass correlation coefficient
– Multi-rater generalization of Cohen’s Kappa

Interrater Reliability

Group Difficulty (Q1) Overall 
Quality (Q3)

Summed 
(Q2 A-G)

A (IPL) 0.71 0.77 0.78

A (Non-IPL) 0.86 0.77 0.73

A (all) 0.77 0.77 0.77

B 0.89 0.72 0.72

Interrater reliability assessed with ICC[3,8]



Analysis of Multi-Item Scale

• Q2 parts A-G - summated multi-item rating scale 
measuring “quality”
– Cronbach’s alpha = 0.84
– Items reflect single underlying construct

• Pearson correlation of summated scale (Q2 A-
G) and overall rating (Q3)
– Group A: 0.75 to 0.92
– Group B: 0.74 to 0.95
– Q2 A-G and Q3 measuring something very similar
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Rater rating = 0.847 Consumer rating (p<0.01), based on 125 GA questions. 
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Result: Determinants of Answer Length

• Answer length as a proxy for effort:
– corr(reported time, wordcount)= 0.635
– p=0.015, n=14

• Regression results:
– Higher price leads to significantly longer 

answers
– Researchers with higher past reputation gave 

significantly longer answers



Tobit Regressions

Result: Determinants of Answer Quality

Ordered
Probit



Quality: Reputation Effects

• Price is not a significant predictor of quality
• Nor is an ex ante promised tip
• Researcher past reputation is the most 

significant predictor for quality
• Compare with Harper et al (2008)

– Rater background: MSI vs English
– Official answer vs. [answer+comments]

Summary

• Effort (word count):
– Higher price leads to longer answers and 

more links
– Higher reputation leads to longer answers

• Quality
– Not price elastic
– Higher reputation leads to better answers



Knowledge Market Design

• Money
– Eliminates frivolous questions
– Reduces volume
– Higher prices leads to longer, but not better answers: 

pay enough or don’t pay at all?

• Reputation
– Greater effort and higher quality

• Point and level system: making contribution 
evaluable, but multi-dimensional tasks, might 
skew incentives
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