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Participatory Democracy: A process emphasizing the 
role of citizen involvement in political decision-making.
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How can we make decisions at scale in the 
face of polarization, and extreme opinions? 
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Abstract

In the last decade, blogs have exploded in number, 

popularity and scope. However, many commentators 

and researchers speculate that blogs isolate readers in 

echo chambers, cutting them off from dissenting opin-

ions. Our empirical paper tests this hypothesis.  Using 

a hand-coded sample of over 1,000 comments from 33 

of the world’s top blogs, we nd that agreement out-

numbers disagreement in blog comments by more than 

3 to 1. However, this ratio depends heavily on a blog’s 

genre, varying between 2 to 1 and 9 to 1. Using these 

hand-coded blog comments as input, we also show that 

natural language processing techniques can identify 

the linguistic markers of agreement. We conclude by 

applying our empirical and algorithmic ndings to 

practical implications for blogs, and discuss the many 

questions raised by our work.

1. Introduction 

It’s hardly possible to overstate the value, in the pre-
sent state of human improvement, of placing human 
beings in contact with other persons dissimilar to 
themselves, and with modes of thought and action un-
like those with which they are familiar.

— John Stuart Mill, 1848 [29]

There is no denying the meteoric rise of blogs. Ma-
jor blogging services launched in 1999; today, the blog 
index Technorati [43] tracks over 112 million of them. 
The elite,  most heavily trafficked blogs have even 
started to impact major events in real (offline) life. In 
2002, top bloggers led a focused examination of Trent 
Lott’s allegedly racist comments at a political event—
shortly afterward, he stepped down as Senate Majority 
Leader. Many prominent bloggers received official 
press passes to the 2004 presidential election. In 2004 
and 2005, bloggers exposed forged military records 
shown on 60 Minutes, leading to the resignation of its 
anchorman Dan Rather.

While the prominence and power of blogs continue 
to rise, our empirical knowledge of the blogosphere 
remains in its early stages. In particular, a number of 
commentators have questioned the potential of blogs to 
further fragment the media landscape—effectively 
shattering it into 112 million pieces.  As early as 1996, 
Nicholas Negroponte theorized about The Daily Me, a 
newspaper perfectly tailored to your individual tastes 
and preferences [31]. Nothing appears in The Daily Me 
to challenge the beliefs you already hold. Cass Sun-
stein, a law professor at the University of Chicago, 
hypothesized that blogs may in fact be the modern 
Daily Me [40, 42]. Building on existing work in group 
psychology, Sunstein warns that blogs acting as echo 
chambers could intensely polarize readers and snuff 
out dissent. Still, the question remains: are blogs echo 
chambers?

This paper attempts to answer that question. Our 
empirical study draws on a sample of over 1,000 blog 
comments made on 33 of the world’s top blogs. We 
focus on comments because they are an essential, and 
mostly unstudied, aspect of blogs and the “writable” 
Web. Indeed, on many popular blogs, comments take 
on a life of their own. One of the blog posts in our 
sample, a short essay about the press and Barack 
Obama, triggered 486 comments from readers; those 
comments occupy more than 80% of the page. In con-
trast with other work on political linkage patterns in 
blogs [1, 21], our study covers multiple blog genres 
and is one of the first to shed light on blog readership 
[6].

In this paper, we first review relevant results from 
experimental group psychology and computer-
mediated communication. Next we present our meth-
odology for collecting blog comments and the results 
of our hand-annotation on an agree–disagree–neither 
scale. Using the annotated comments as input, we also 
show that purely computational approaches can learn 
the linguistic markers of agreement. We conclude by 
applying our findings, both empirical and algorithmic, 
to practical implications for blogs, and outline some of 
the many questions raised by our study.

2. Literature review

Laying a foundation for how commenters may be-
have in the blogosphere, we open this section with a 
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Divided We Stand:
The Polarizing of American Politics
A recent Zogby poll found that 70 percent of
Americans believe the Democratic and Republican
parties should both be broad-based and pursue com-
promise rather than polarization. The same poll
found that a solid majority believe the two parties are
too focused on their respective base voters and that
as a result compromise has become impossible in
Washington, D.C. Looking at recent partisan battles
over Social Security, presidential appointments, Terry
Schiavo, the culture war, the Iraq war, and more, one
can understand why so many Americans hold these
views. There appears to be no end in sight to this
bare-knuckles partisanship that substitutes for poli-
tics today. Amid all the reporting on the partisan
wars, however, what has been missing is recognition
of how extreme positions on political issues are incit-
ed by certain fundamental realities of our nation and
our political system. Consequently it will be difficult
to change without dealing with these root causes.
The first reality is simply demographics: where peo-
ple live, and how partisan demographics have been
lining up in recent years along regional lines. The
infamous USA Today map showing the division
between “red” and “blue” America only begins to
encapsulate the consequences of this recent trend.

The second fundamental reality is how those region-
al partisan demographics are funneled as votes
through our winner-take-all electoral system. The
electoral process of choosing our representatives one
winner-take-all district at a time is carving our
nation into red and blue one-party fiefdoms. Given
the regional partisan demographics, in 90 percent of
legislative districts at the federal and state levels it’s
possible for only one side to win because there are
simply too many voters of one type packed into that
district. (This effect is occurring outside whatever
shenanigans take place as a result of partisan gerry-
manders during the redistricting process.)

In combination, these two are greatly contributing to
the toxic brew that we know today as partisan poli-
tics. This essay explores the subtleties and ramifica-
tions of these phenomena in greater detail and makes
predictions for the future of American politics.

Winner-Take-All Is Making Most of Us Losers
Under our winner-take-all rules, we elect one district
representative at a time. Whichever party’s candi-
date has the most votes wins, and all other parties
and their candidates lose. Hence, the term “winner-
take-all,” because one side wins all the representa-
tion while everyone else wins nothing. Of course,
this is how our system has operated for a long time,
but over the last fifteen years something new has
begun to occur. In particular, three factors are
changing the course of politics.

First, in this era of red versus blue America, the
nation has begun to balkanize along regional lines
with deep partisan divisions. Like other large winner-
take-all democracies, such as India and Canada,
entire regions of the United States have become one-
party fiefdoms. The Democrats control the cities,
most of the coasts, and sizable chunks of the
Midwest, while the GOP dominates rural areas and
most of the fly-over zones between the coasts. On
the other’s turf, it is difficult for the minority party
to win any elections, leading to not only loss of
political competition but even minimal debate of
important issues.

Note that this is not the result of partisan gerry-
mandering during the redistricting process, which
some observers cite as an explanation for the lack of
political competition. No, this is something different
in which partisan residential patterns—where peo-
ple live—are outstripping the ability of the map-
makers to greatly affect the outcome of elections.

B Y  S T E V E N  H I L L
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popularity and scope. However, many commentators 

and researchers speculate that blogs isolate readers in 

echo chambers, cutting them off from dissenting opin-

ions. Our empirical paper tests this hypothesis.  Using 

a hand-coded sample of over 1,000 comments from 33 

of the world’s top blogs, we nd that agreement out-

numbers disagreement in blog comments by more than 

3 to 1. However, this ratio depends heavily on a blog’s 

genre, varying between 2 to 1 and 9 to 1. Using these 

hand-coded blog comments as input, we also show that 

natural language processing techniques can identify 

the linguistic markers of agreement. We conclude by 
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1. Introduction 

It’s hardly possible to overstate the value, in the pre-
sent state of human improvement, of placing human 
beings in contact with other persons dissimilar to 
themselves, and with modes of thought and action un-
like those with which they are familiar.

— John Stuart Mill, 1848 [29]

There is no denying the meteoric rise of blogs. Ma-
jor blogging services launched in 1999; today, the blog 
index Technorati [43] tracks over 112 million of them. 
The elite,  most heavily trafficked blogs have even 
started to impact major events in real (offline) life. In 
2002, top bloggers led a focused examination of Trent 
Lott’s allegedly racist comments at a political event—
shortly afterward, he stepped down as Senate Majority 
Leader. Many prominent bloggers received official 
press passes to the 2004 presidential election. In 2004 
and 2005, bloggers exposed forged military records 
shown on 60 Minutes, leading to the resignation of its 
anchorman Dan Rather.

While the prominence and power of blogs continue 
to rise, our empirical knowledge of the blogosphere 
remains in its early stages. In particular, a number of 
commentators have questioned the potential of blogs to 
further fragment the media landscape—effectively 
shattering it into 112 million pieces.  As early as 1996, 
Nicholas Negroponte theorized about The Daily Me, a 
newspaper perfectly tailored to your individual tastes 
and preferences [31]. Nothing appears in The Daily Me 
to challenge the beliefs you already hold. Cass Sun-
stein, a law professor at the University of Chicago, 
hypothesized that blogs may in fact be the modern 
Daily Me [40, 42]. Building on existing work in group 
psychology, Sunstein warns that blogs acting as echo 
chambers could intensely polarize readers and snuff 
out dissent. Still, the question remains: are blogs echo 
chambers?

This paper attempts to answer that question. Our 
empirical study draws on a sample of over 1,000 blog 
comments made on 33 of the world’s top blogs. We 
focus on comments because they are an essential, and 
mostly unstudied, aspect of blogs and the “writable” 
Web. Indeed, on many popular blogs, comments take 
on a life of their own. One of the blog posts in our 
sample, a short essay about the press and Barack 
Obama, triggered 486 comments from readers; those 
comments occupy more than 80% of the page. In con-
trast with other work on political linkage patterns in 
blogs [1, 21], our study covers multiple blog genres 
and is one of the first to shed light on blog readership 
[6].

In this paper, we first review relevant results from 
experimental group psychology and computer-
mediated communication. Next we present our meth-
odology for collecting blog comments and the results 
of our hand-annotation on an agree–disagree–neither 
scale. Using the annotated comments as input, we also 
show that purely computational approaches can learn 
the linguistic markers of agreement. We conclude by 
applying our findings, both empirical and algorithmic, 
to practical implications for blogs, and outline some of 
the many questions raised by our study.

2. Literature review

Laying a foundation for how commenters may be-
have in the blogosphere, we open this section with a 
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Divided We Stand:
The Polarizing of American Politics
A recent Zogby poll found that 70 percent of
Americans believe the Democratic and Republican
parties should both be broad-based and pursue com-
promise rather than polarization. The same poll
found that a solid majority believe the two parties are
too focused on their respective base voters and that
as a result compromise has become impossible in
Washington, D.C. Looking at recent partisan battles
over Social Security, presidential appointments, Terry
Schiavo, the culture war, the Iraq war, and more, one
can understand why so many Americans hold these
views. There appears to be no end in sight to this
bare-knuckles partisanship that substitutes for poli-
tics today. Amid all the reporting on the partisan
wars, however, what has been missing is recognition
of how extreme positions on political issues are incit-
ed by certain fundamental realities of our nation and
our political system. Consequently it will be difficult
to change without dealing with these root causes.
The first reality is simply demographics: where peo-
ple live, and how partisan demographics have been
lining up in recent years along regional lines. The
infamous USA Today map showing the division
between “red” and “blue” America only begins to
encapsulate the consequences of this recent trend.

The second fundamental reality is how those region-
al partisan demographics are funneled as votes
through our winner-take-all electoral system. The
electoral process of choosing our representatives one
winner-take-all district at a time is carving our
nation into red and blue one-party fiefdoms. Given
the regional partisan demographics, in 90 percent of
legislative districts at the federal and state levels it’s
possible for only one side to win because there are
simply too many voters of one type packed into that
district. (This effect is occurring outside whatever
shenanigans take place as a result of partisan gerry-
manders during the redistricting process.)

In combination, these two are greatly contributing to
the toxic brew that we know today as partisan poli-
tics. This essay explores the subtleties and ramifica-
tions of these phenomena in greater detail and makes
predictions for the future of American politics.

Winner-Take-All Is Making Most of Us Losers
Under our winner-take-all rules, we elect one district
representative at a time. Whichever party’s candi-
date has the most votes wins, and all other parties
and their candidates lose. Hence, the term “winner-
take-all,” because one side wins all the representa-
tion while everyone else wins nothing. Of course,
this is how our system has operated for a long time,
but over the last fifteen years something new has
begun to occur. In particular, three factors are
changing the course of politics.

First, in this era of red versus blue America, the
nation has begun to balkanize along regional lines
with deep partisan divisions. Like other large winner-
take-all democracies, such as India and Canada,
entire regions of the United States have become one-
party fiefdoms. The Democrats control the cities,
most of the coasts, and sizable chunks of the
Midwest, while the GOP dominates rural areas and
most of the fly-over zones between the coasts. On
the other’s turf, it is difficult for the minority party
to win any elections, leading to not only loss of
political competition but even minimal debate of
important issues.

Note that this is not the result of partisan gerry-
mandering during the redistricting process, which
some observers cite as an explanation for the lack of
political competition. No, this is something different
in which partisan residential patterns—where peo-
ple live—are outstripping the ability of the map-
makers to greatly affect the outcome of elections.
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High Level Design Goals
“Number of Candidates = Number of Voters”

• No voter can look at all candidates
• Need small group interactions, limit cognitive 

load

Support not just voting but also interaction, collaboration, 
and discussion

Align incentives. Promote fairness. Recognize minority 
opinion

Support unstructured decision spaces



Participatory Budgeting

Ashish Goel
Anilesh Krishnaswamy
Sukolsak Sakshuwong
Tanja Aitamurto

Stanford University



US-wide push for 
participatory budgeting; multiple 
workshops at the White House



Participatory Budgeting via K-
Approval Voting

• A set of proposed spending projects get put to the ballot for 
residents directly

• Every voter chooses K projects, for a fixed K

• The projects that get the most votes get implemented, subject 
to a budget cap

• Our digital voting platform used in Chicago, NYC, Long Beach, 
Vallejo, Boston, Cambridge, among others

10



Our platform as used in Chicago



Our platform as used in Chicago: Map elements



Three Problems with K-Approval 
Voting

• No recognition of trade-offs:

• Wrong question: Is it better to build a fountain in a park or 
fill a pothole on a street?

• Right question: Is it better to build a fountain for $10K or fill 
a pothole for $1K?

• Strange incentives: There exist cases where a voter should 
vote for A over B even if she prefers B and B is winning, i.e. K-
Approval voting is not even weakly strategy proof

• Aggregation? What is the rationale for choosing projects?
13



Knapsack voting 
for divisible 
projects
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Our interface for asking users to submit a full budget



Our interface for asking users to submit a full budget
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Strategy-Proofness with overlap 
utilities

• Basic idea: make voters recognize trade-offs.  Ask users to submit an entire 
budget, i.e. an entire solution to a knapsack problem

• Assume all projects cost the same — without loss of generality. 
Aggregation method: choose the projects which get the most votes

• Overlap utility: If a voter wants allocation x for a budget item and the final 
chosen budget has an allocation y  for that item, then the voter’s utility 
from that item is min{x, y}

• Truth-telling is a dominant strategy: A voter can not increase her 
utility by misreporting her preferred budget

18



Other Incentive Properties

• Under budget constraints, maximizing overlap utility is equivalent to 
minimizing the L1 norm between the chosen budget and the original 
budget

• Hence, also truthful if the penalty perceived by a user is the total 
disagreement between her ideal budget and the final chosen budget

• Under arbitrary additive utilities over (divisible) projects, the best response 
of a user to everyone else’s vote is weakly strategy-proof: If A is winning, 
and I want A to win, I will put A in my knapsack solution

19



Knapsack voting 
for divisible 
projects
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Optimum solution to knapsack 
problem: choose projects in 
decreasing order of “value for 
money”



Our comparison based interface as deployed in Chicago



From Comparisons to Knapsack

• Assume every pair of projects (a,b) gets compared the same number of times. Let 
w(a,b) be the number of times a beats b.

• Rank aggregation: Assume there is a true societal ranking R. If a < b in R, then 
Prob[a beats b in a comparison] = p > 1/2

• The problem of finding the Maximum Likelihood Estimator R given observed 
w(a,b) is NP-Hard

• Knapsack aggregation: Assume there is a true knapsack solution S. If a is in S and b 
is not, then Prob[a beats b in comparison] = p > 1/2; Prob [b beats a in a 
comparison] = 1-p. Else, the probability is 1/2.

• Theorem: Choosing the B projects that win the most comparisons is the MLE for 
the observed w(a,b), without any need to know p

22



Future Directions

•Joint interface for soliciting proposals and voting

•From ordinal approximations to cardinal 
approximations? Powerful new direction in social 
choice theory [Anshelevich et al. 2015]

•Empirical evaluation: good aggregation? good 
long-term decisions?

•More unstructured settings?

23



Large-Scale Decision-Making 
via Small Group Interactions: 

Ashish Goel
David Lee
Stanford University

The Importance of Triads
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Vox Populi, Nature 1907
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Median voter theorem: Reporting true values is 
incentive compatible [Black, 1948]



What is the ideal way to 
regulate off-road traffic?

26

How can you aggregate unstructured estimates or 
where there is no consistent vocabulary for a voter to 

express her position?
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Consensus

Triadic Interaction
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Triadic Interaction
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Suppose that triads could 
find their 1-median.

Magic Box!!

Triadic Interaction



30

Suppose that triads could 
find their 1-median.

Magic Box!!

Triadic Interaction

(On the line, each member just votes among the 
other two — back to comparisons!)



Triadic Consensus
Participants

   ...
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Triadic Consensus
Participants
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Triadic Consensus
Participants

   ...
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Winner is the remaining color



A binary tree
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h=1,000,000



A binary tree
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h=1,000,000

The winner is chosen 
from the top d levels... 

a) d = 500,000
b) d = 1,000
c) d = 20
d) d = 2



A square grid

39

n=1,000,001



A square grid

39

With 99%, the winner is in 
the center dxd square... 

a) d = 500,000
b) d = 1,000
c) d = 20
d) d = 3

n=1,000,001
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For any three nodes A, B, C, there is a 
unique node X that lies on the pairwise 
shortest paths between A, B, and C
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NASH EQUILIBRIUM?

• Assumption: Participants are not strategic in declaring their 
positions

• Strategy space: the votes cast in any triadic interaction

• Truthful voting is a Nash equilibrium in extensive form game

Assumption too strong? Think of designing the right mechanism 
as an open Problem, and interpret this result only as an analysis 
of the dynamics with truthful voters.

41



REPLACE MEDIAN FINDING 
WITH COMPARISONS?

• Simulation Evidence for trees and grids — take a 21x21 grid 
or a 10 level full binary tree, and run the modified triadic 
process to completion

• 1000 trials

• Optional: replicate every node many times before running 
the trial

• Interesting future direction: Provable bounds

42
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21x21 grid, no replication, winner from triad
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21x21 grid, 5x replication, winner from triad



Magic Box!!
A two person reduction?

47
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FUTURE
• Generalize past median spaces and to other “magic boxes”

• Experimental studies of small group consensus

• Other small group mechanisms

• An axiomatic treatment of the problem, or more detailed 
models

• Advertising for diversity?

48

Fiorina and Plott 1978
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A B C {A, B, C}

Original Preferences Compromise Positions

Monday, April 14, 14

By moving to a compromise position, the 
total weight for A, B, and C in the lottery 

goes from 3 to 9.

Food for thought: 
Probabilistic 

Voting

A user can make as many proposals to solve a complex 
problem as she likes

Each user has only one vote, but she can change her 
vote as many times as she likes

A proposal that ends up with K votes gets K*K tickets 
to a lottery

Goal: Reward consensus-building

Problem: The Nash equilibria of 
this game are not well behaved, 
even on the line 



Finland off-road traffic law 

Tanja Aitamurto, Helen Landermore, David Lee







281$

764$

0"

0.05"

0.1"

0.15"

0.2"

0.25"

0.3"

0" 500" 1000" 1500" 2000" 2500" 3000"

ε"

#$of$comparisons$

Evolu7on$of$ε9Borda$ranking$for$Algorithm$1$$



55

Detection of a 
minority cluster

(ratings are key)



QUESTIONS?
THANKS!
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Social choice functions
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Social choice functions
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Triadic Consensus: A Voting Rule for Crowdsourcing Applications

ASHISH GOEL and DAVID LEE, Stanford University

Motivated by the hope of developing group consensus mechanisms over the internet, we study an urn-based
voting rule where each participant acts as a voter and a candidate. We prove that when participants lie in a
one-dimensional space, this voting protocol finds a (1� �/

⇥
n) approximation of the Condorcet winner with

high probability while only requiring an expected O( 1
�2

log2 n
�2

) comparisons on average per voter. Moreover,
this voting protocol is shown to have a quasi-truthful Nash equilibrium: namely, a Nash equilibrium exists
which is not truthful, but produces a winner with the same probability distribution as that of the truthful
strategy. We discuss implications of our work for designing low communication complexity and ‘truthful’
voting protocols.

Categories and Subject Descriptors: F.2 [Theory of Computation]: Analysis of Algorithms and Problem
Complexity; J.4 [Computer Applications]: Social and Behavioral Sciences—Economics

General Terms: Algorithms, Economics, Theory

Additional Key Words and Phrases: Computational social choice, probabilistic voting rules, crowdsourcing,
quasi-truthful voting, strategic voting, communication complexity
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cle X (February 2012), 0 pages.
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1. INTRODUCTION

f(rankings)

Voting is often used as a method for achieving consensus among a group of individuals.
This may happen, for example, when a committee chooses a representative or some
friends go out to watch a movie. When the group is small, this process is relatively
easy; however, for larger groups, the typical requirement of ranking all candidates
becomes impractical and rough heuristics are often applied to narrow down opinions
to a few representative ones before a vote is taken.

This problem of large-scale preference aggregation is even more interesting in light
of the rising potential of crowdsourcing. For instance, suppose a university were to
pose the following question to all its alumni, students and faculty: “What is an ideal
curriculum for computer science undergraduates?” Such a strategy could be fruitful
if there were a good way to aggregate the received proposals. However, aggregation
seems challenging. In particular, it may not be practical for a participant to even look
through the resulting set of proposals, making seemingly simple tasks such as choosing
top ranked proposals, difficult.

In this paper, we propose a randomized voting rule for the previously mentioned
consensus scenarios. In our problem setting, each participant proposes exactly one
proposal, representing his or her stance on the question of interest. A random triad of
participants is then selected and each selected member is made to vote between the
other two. Roughly speaking (details are elaborated in Section ??), if there is a three-
way tie, the participants are thrown out from the election; otherwise, the losers are
replaced by ‘copies’ of the winner. This process is then repeated until there is only a
single participant remaining, who is declared the winner.

ACM Journal Name, Vol. X, No. X, Article X, Publication date: February 2012.
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Problem

...
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Enter preference elicitation

...

!
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Enter preference elicitation



:)

Can we find the output ranking with a 
small number of comparisons?



Many negative theoretical results.
Service, Adams 2012Conitzer, Sandholm 2002, 2005

Can we find the output ranking with a 
small number of comparisons?

m proposals, n voters
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Many negative theoretical results.
Service, Adams 2012Conitzer, Sandholm 2002, 2005

Can we find the output ranking with a 
small number of comparisons?

m proposals, n voters



Can we “approximate” the output ranking 
with a 

small number of comparisons?

Ask a voter to compare random pairs 
of proposals



Eliciting the Borda winner



Eliciting the Borda winner



Eliciting the Borda winner



Eliciting the Borda winner



Eliciting the Borda winner

Randomly sample comparisons!



Algorithm for Eliciting Borda

0 0 0 0 0 0
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Algorithm for Eliciting Borda
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Algorithm for Eliciting Borda
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Algorithm for Eliciting Borda





Notes:

• Independent of n

• O(log m) per person if m < n



Eliciting the Condorcet winner



Eliciting the Condorcet winner



Algorithm for Eliciting Condorcet

0 0 0 0 0 0



Algorithm for Eliciting Condorcet

0 0 0 0 0 0



Algorithm for Eliciting Condorcet

0 0 1 0 0 0



Again, note:

• Independent of n

• O(log2 m) per person if m < n

There is hope for efficient scaling!



Honesty, trust, and efficient elicitation

We want
verification

This means
     (mn)...



What about other  
social choice functions?



What about other  
social choice functions?

We need a more general  
notion of approximation



An approximate winner is one that 
could have resulted from a small 
perturbation in voter preferences



Ex 1: Kendall-tau distance
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Ex 1: Kendall-tau distance



Ex 1: Kendall-tau distance

• Prior algorithm still works for Borda

• But not easy to think about others



Ex 2: Tournament distance
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Ex 2: Tournament distance

• Prior algs work for Borda and Condorcet

•                suffices for all tournament 
social choice functions



Finland off-road traffic law 

Tanja Aitamurto, Helen Landermore, David Lee







281$

764$

0"

0.05"

0.1"

0.15"

0.2"

0.25"

0.3"

0" 500" 1000" 1500" 2000" 2500" 3000"

ε"

#$of$comparisons$

Evolu7on$of$ε9Borda$ranking$for$Algorithm$1$$



90

Detection of a 
minority cluster

(ratings are key)


