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Social media

Social media has transformed society
Reduced barriers to communication
Democratized content publication

As a computer scientist...
Tend to ignore users
Social media makes users a part of the system

Important to understand interactions
Within the system (traditional CS)
Between users and system (HCI)
Among users themselves (sociology)
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What is social media?

Systems with user interaction as critical component

Online communities
Facebook, MySpace, YouTube

Communication systems
Skype, Instant Messaging

Social news media
Blogs, iReport

Online worlds
World of WarCraft, Second Life
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Why is social media interesting?

Two reasons (to me):

.  Observe social interaction at scale
Social media based user interactions
Scale not possible before

.  Relate information and people
Online social networks now content-sharing systems
Can attach reputation of users to content
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.  Observe social interactions



Anyone recognize this network?



Alan Mislove //  NetSci International School

.  Observe social interactions

Zachary’s Karate Club

Collecting it involved massive field work
Manually observe people
Trace interactions for two years (!)
Will discuss more later

Limit in scalability of this approach
Biases from interviewing
Time spent



Anyone recognize this network?
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Opportunity:  Large-scale data

An opportunity to scale up observations
“Field work” required may be reduced

Social media sites have complete history record
Interactions, discussions, friendship creation (and deletion), ...
Entire evolution of a group of users

At incredible detail
 of Facebook users online on given day
B people-minutes spent on Facebook each month
Every interaction recorded
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What scale has been studied before?
:   people in a Karate club

[Zachary, J. Anth. Res. ]

:   people using a corporate email system 
[Adamic and Adar, Social Networks ]

:  , people using a university email system 

[Kossinets and Watts, Science ]

:  ,, people using an online blogging service 
[Backstrom et al., KDD ]

:  ,, people using an instant messaging service 
[Leskovec and Horvitz, WWW ]

(stats and slides borrowed from Jure Leskovec)
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The curse of scale

Scale is both a blessing and a curse

Blessing
Confidence in results
Certain effects only seen at scale

Curse
Miss many local interactions
Links “mean” less
Comparing networks hard

Important to keep limitations in mind
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.  Relate information to people

Popular way to connect and share content
Photos, videos, blogs, profiles, news, status...
MySpace ( M), Facebook ( M)

Growing exponentially

Incredible amounts of content being shared
Facebook ( M photos/month)
YouTube ( hours of video/min)
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A new way of organizing information

Web organized with content-content links
Link structure exploited (e.g., PageRank)

Social media organized using 
User-user links (social network)
User-content links (favorites, etc)

New platform for information sharing



Web
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A new way of organizing information

Web organized with content-content links
Link structure exploited (e.g., PageRank)

Social media organized using 
User-user links (social network)
User-content links (favorites, etc)

New platform for information sharing



Social networks

Web
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Relates information to people

Today, social network used to structure information

Can we extract other information?
Combination of who and what very powerful

Social network connects content with
(Multiple) user’s reputation
Community the user is part of
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But why study networks?

Does network science make sense for social media?
Why not study interactions directly?

Natural fit with interactions
Users only interact with small subset of others

Degrees of influence beyond friends
Obesity                       [Fowler and Christakis, NE J. Med. ]

Altruism                                        [Fowler et al., Econ. Let. ]

Example: Zachary’s Karate Club 
Can predict behavior with network view

[Zachary, J. Anth. Res. ]
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What sort of questions are we asking?

Already know lots about networks
Scale-free [Barabasi and Albert, ], High clustering [Watts and Strogatz, 
], Navigable [Adamic and Adar, ] [Liben-Nowell ], Hubs and 
authorities [Page and Brin, ] [Kleinberg, ], Dense core [Mislove et al. 
]

And have lots of models
Preferential Attachment [Barabasi and Albert, Nature ], Small-world 
[Watts and Strogatz, ], Copying [Kleinberg et al., ], Congestion 
[Mihail et al., ], Bowtie [Broder et al., ], Jellyfish [Tauro et al., ]

Thus, going to focus on social aspects
Why do they look the way they do?
What can this tell us?





Alan Mislove //  NetSci International School

This lecture

Basically, discuss things I find interesting
By no means an exhaustive list

To understand social media, need to understand social interactions
Thus, will cover some sociology, anthropology, ...

Examine how users are interacting on social media sites
And explore what these sites can tell us

Slides “borrowed” from many places
Jure Leskovec in particular
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Outline

Four parts:

  Primer on social sciences

  Measuring social media

  Leveraging social media

  Open questions
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Goals

Provide an overview of research on social media and networks

Get you excited about this research area

Give pointers to further reading
Papers cited throughout talk

Spark discussion
Interrupt and ask questions!





PART I

Primer on social sciences

- or -

What have people studied this before?



Alan Mislove //  NetSci International School

Three classic papers

Discuss results at a high level
Goal is not an in-depth discussion

Results will frame our discussion of social media





The Strength of Weak Ties

by Mark S. Granovetter

[American Journal of Sociology, vol.  issue .  May 
]
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Focused on two topics
Micro-level interactions within a small group
Macro-level patterns within a society

“Strong” ties considered the important ones
Close friends, family
“Weak” ties considered less important

But, mapping not understood
How do large-scale patterns emerge?
...certain analogies to physics...

“Classical” sociology





Alan Mislove //  NetSci International School

Granovetter’s idea

Construct simple model:
If two people have a common strong tie, they must 

have a tie between each other 

Matches intuition from real world
If you have two close friends, they (at least) know 
each other

What are the implications of this model?



Forbidden

OK

OK
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Bridges

Social networks can be divided into communities
Clubs, schools, employers, ...

Define a bridge as a link that is the only path between two users

Claim:  With Granovetter’s assumption, bridges must be weak
Why?
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“Bridge”

Bridges

Social networks can be divided into communities
Clubs, schools, employers, ...

Define a bridge as a link that is the only path between two users

Claim:  With Granovetter’s assumption, bridges must be weak
Why?
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Importance of bridges

Bridges connect communities
Build up society from a set of communities

Thus, weak ties (bridges) can help the micro → macro mapping

Bridges must necessarily carry any new information
Example:  People often find new jobs via weak ties
Societies with weak ties better able to adapt
Hence, the strength of weak ties

But, what is the structure of weak ties at scale?
Are the really necessary for conveying information





An Experimental Study of the 
Small World Problem

by Jeffery Travers and Stanley Milgram

[Sociometry, vol. no. . ]
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Six degrees of separation now common saying
Popularized by this study

At the time, sociologists had no idea of shortest path

Assume M people, each with ~ friends
Expect - intermediaries
But does not consider network structure

High clustering increases path lengths
What is the actual value?
How to measure?

Six degrees of Kevin Bacon
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Procedure

Selected  people in Nebraska and Boston
Mailed a packet containing instructions

Packet specified a destination person
Name, address, profession, and city

Asked to forward to someone known personally
Send a card back to Milgram
And add name to a roster

Why?
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How long are the (successful) paths?



SOCIOMETRY  

NUMBER OF INTERMEDIARIES 
FIGURE 1 

Lengths of Completed Chains 

Boston business contracts, two distinguishable distributions emerged. The 
mean of the Sharon distribution is 6.1 links, and that of the Boston distribu- 
tion is 4.6. The difference is significant a t  a level better than .0005, as 
assessed by the distribution-free Mann-Whitney U test. (Note that more 
powerful statistical tests of the significance of differences between means 
cannot be applied to these data, since those tests assume normality of under- 
lying distributions. The shape of the true or theoretical distribution of 
lengths of acquaintance chains is precisely what we do not know.) 

Qualitatively, what seems to occur is this. Chains which converge on 
the target principally by using geographic information reach his hometown 
or the surrounding areas readily, but once there often circulate before en- 
tering the target's circle of acquaintances. There is no available information 
to narrow the field of potential contacts which an individual might have 
within the town. Such additional information as a list of local organizations 
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Implications

Not only do short chains exist...
But people can find them!
With only local information

Thus, social networks are navigable
 of chains coalesced into  people
Important structural properties

However, how did users “route”?
Did they rely on certain network properties?
Do shorter paths exist?





Neocortex Size as a Constraint on 
Group Size in Primates

by Robin I. M. Dunbar

[Journal of Human Evolution, vol. . ]
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Part of the brain of mammals, involved in
Sensory perception
Motor commands
Spatial reasoning
Thought and language
Social interactions

In hominids, represents  of brain by volume

Theory: large brain size due to “social” nature of primates
Measure “social” level by looking at typical group size
If true, then brain size should correlate with being “social”

Neocortex
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Neocortex size and group size



478 R. I. M. DUNBAR 

100 

! 
.A 

8’. 
.ii 

IO - 
a 
.; O++’ A 

++ 
4 00 

e 
+++ A 

0 

6 
0 

2 I- oncuao 

I( 

Figure 1. Mean group size for individual genera plotted against neocortex ratio (relative to rest of brain; 
i.e., total brain volume less neocortex). (0) Polygamous anthropoids; (+ ) monogamous anthropoids; (0 ) 
diurnal prosimians; (0) nocturnal prosimians; (A) hominoids. Source: Table 1. 

analysis carried out at the genus level. With so few cases in which a genus is represented by 

more than one species, it is not clear that a great deal would be gained by using a more 

sophisticated approach. 

The final methodological issue concerns the statistical analysis. There have been a number 

ofrecent discussions as to which methods give the best estimate for underlying relationships in 

comparative analyses of this kind (see for example Harvey & Mace, 1982; Rayner, 1985; 

Harvey & Pagel, 1991). In general, the performance of the three most common techniques 

for line-fitting (least-squares regression, major axis and reduce major axis) depends both on 

the assumptions that are made about the error variances and on the covariance between the 

two variables. In general, the three methods agree in their estimates of the slope parameter 

only when r* > 0.9, with regression analysis, in particular, tending to underestimate the slope 

when the covariance is low. Harvey & Page1 (1991) specifically reject the use of the reduced 

major axis on the grounds that it ignores information contained in the covariance (and so can 

yield a slope estimate even when two variables are uncorrelated). Nonetheless, it is used here 

in preference to major axis analysis because Kendall & Stuart (1979) have shown that, if the 

errors are unknown, then the reduced major axis gives the maximum-likelihood estimate of 

the functional relation. Aiello (1992) has shown that the major axis tends to overestimate the 

slope under exactly those conditions where regression analysis tends to underestimate it 

(namely, when r2<0.9), whereas reduced major axis tends to yield intermediate values. 

Rayner (1985) also recommends the reduced major axis in preference to other techniques in 

situations (such as the present) where the error variances are unknown, because it is the only 

one of the three techniques that is independent of the error correlation. 

All data were log-transformed for analysis. 

Results 
Tests of the social hypotheses 
Mean group size is plotted against various indices of relative neocortex size in Figures 1 and 2. 
In each case, there is a significant regression between group size and neocortex size across the 

Strong correlation observed
Holds across many species of primates
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Each individual can only maintain so many relationships
Bounded by brain size

Not just number of relationships, it’s the pairs (dyads)
Who likes who, who doesn’t, etc

Is this true for humans?
Social groups are less well-defined
Dunbar predicts value of  from neocortex size

What about different relationship types?
What is the variance across individuals?

Implications
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Doing this sort of work takes significant effort!
Zachary:  people,  Milgram:  chains,  Dunbar:  people

Key results:
Network structure influenced by strong/weak links
Networks have (navigable) short paths
Expected bound on degree for each node

Do results hold for at large scale?
Or, for social media at all?

What social science questions can we answer with social media?

Social science primer:  Summary





PART II

Measuring social media

- or -

What does Facebook look like?



Measurement and Analysis of 
Online Social Networks

by Alan Mislove, Massimiliano Marcon, 
Krishna P. Gummadi, Peter Druschel, and 

Bobby Bhattacharjee

[Proceedings of IMC ]
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Social media captures some notion of friendship
How hard is it to be Facebook ‘friends’?

‘Friend’-ship has different implications
Flickr:  bookmark
LinkedIn:  send messages
Facebook:  view (some) content

Question:  Do mechanisms and policies make 
social networks look different?

Myriad of social networking sites
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Comparing multiple sites

Measurement study of the structure of multiple online social networks
 M users,  M links

Data from four diverse online social networks
Flickr:   photo sharing
LiveJournal:   blogging site
Orkut:  social networking site
YouTube:  video sharing

Goals are two-fold:
Measure online social networks at scale
Understand static structural properties
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Measuring social networks

Sites reluctant to give out data
Cannot enumerate user list
Instead, performed crawls of user graph

Picked known seed user
Crawled all of his friends
Added new users to list

Continued until all known users crawled

Effectively performed a BFS of graph
Reachable from seed user
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Challenges

Obtaining data using crawling presents unique challenges

Crawling quickly
Underlying social networks changing rapidly
Consistent snapshot hard to get
Need to complete the crawl quickly



Crawling completely
Social networks aren’t necessarily connected
Some users have no links, or small clusters
Need to estimate the crawl coverage
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Data collected

Able to crawl large portion of networks

Node degrees vary by orders of magnitude
However, networks share many key properties

To ground analysis, will compare to Web [Broder et al., INFOCOM’]



Flickr LiveJournal Orkut YouTube

Number of Users

Avg. Friends per User



Alan Mislove //  NetSci International School

Data collected

Able to crawl large portion of networks

Node degrees vary by orders of magnitude
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Data collected

Able to crawl large portion of networks

Node degrees vary by orders of magnitude
However, networks share many key properties

To ground analysis, will compare to Web [Broder et al., INFOCOM’]



Flickr LiveJournal Orkut YouTube

Number of Users

Avg. Friends per User

1.8 M 5.2 M 3.0 M 1.1 M

12.2 16.9 106.1 4.2
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Are online social networks power-law?

Estimated coefficients with maximum likelihood testing
Flickr, LiveJournal, YouTube have good K-S goodness-of-fit
Orkut deviates due to partial crawl

Similar coefficients imply a similar distribution of in/outdegree



Flickr

LiveJournal

Orkut

YouTube

Web

Outdegree γ Indegree γ

1.74 1.78

1.59 1.65

1.50 1.50

1.63 1.99

2.67 2.09
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How are the links distributed?

Distribution of indegree and outdegree is similar, unlike Web
Underlying cause is link symmetry
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What fraction of links are symmetric?

Social networks show high level of link symmetry
Even though links in most networks are directed

High symmetry increases network connectivity
Reduces network diameter



Flickr LiveJournal Orkut YouTube

Symmetric Links



Alan Mislove //  NetSci International School

What fraction of links are symmetric?

Social networks show high level of link symmetry
Even though links in most networks are directed

High symmetry increases network connectivity
Reduces network diameter



Flickr LiveJournal Orkut YouTube

Symmetric Links 62% 73% 100% 79%
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Implications of high symmetry

High link symmetry implies indegree equals outdegree
Users tend to receive as many links as the give

Unlike other complex networks, such as the Web
Sites like cnn.com receive much links more than they give 

Implications is that ‘hubs’ become ‘authorities’
May impact search algorithms (PageRank, HITS)

So far, observed networks are power-law with high symmetry
Take a closer look next
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Complex network structure

What is the high-level structure of online social networks?
A jellyfish, like the Internet? [Tauro et al, JCN ]

A bowtie, like the Web? [Broder et al., WWW ]

In particular, is there a core of the network?
Core is a (minimal) connected component
Removing core disconnects remaining nodes

Approximate core detection by removing 
high-degree nodes

When does network break apart?
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Does a core exist?

Yes, networks contain core consisting of - of nodes
Removing core disconnects other nodes

What about remaining nodes (the fringe)?
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How clustered is the fringe?

Low-degree users show high degree of clustering
Networks are small-world, may be scale-free
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Implications

Disparate networks show similar overall structure
Mechanisms and policies don’t cause networks to look different

Network contains dense core of users
Core necessary for connectivity of  of users
Most short paths pass through core
Could be used for quickly disseminating information

Fringe is highly clustered
Users with few friends form mini-cliques
Similar to previously observed offline behavior
Could be leveraged for sharing information of local interest





User Interactions in Social Networks
and their Implications

by Christo Wilson, Bryce Boe, Alessandra Sala, 
Krishna P. Puttaswamy, and Ben Y. Zhao

[Proceedings of EuroSys ]
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Recall, social media defined by user interaction
“Links” represent interacting users

But all links may not be equal, represent
Best friends
Acquantances
Enemies
Users who don’t know each other

Being “friends “ on social media sites requires very little effort

Question:  What do social media links imply?
Do these represent real “friends”?

What do links mean?
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This paper

Study interaction
Wall posts, status comments, messages

Question: Are social links valid indicators of real user interaction?
First large scale study of Facebook
 million users ( of total users)
 million interactions

Use data to show highly skewed distribution of interactions
< of people on Facebook talk to > of their friends
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Collecting data
Crawling social networks is difficult

Too large to crawl completely, must be sampled
Privacy settings may prevent crawling

Facebook is divided into networks (regions, schools, companies)
Regional networks not authenticated

Crawled Facebook regional networks
 largest networks: London, Australia, New York, ...  (March – May )
Start with  random ‘seed’ users, perform BFS search

Data recorded for each user:
Friends, wall posts, photo comments
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How many social links have interaction?

 of users interact with less than  of their friends
Many links never backed by interaction

What if we only look at “interaction” links?
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Interaction network

Not all social links are created equal
Many (most?) social links are never “used”

What is the right way to model social networks?
Take user interactivity into account

Interaction network:  A social network parameterized by
n : minimum number of interactions per link
t : some window of time for interactions

For this study
n =  and t = { to the present}
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How many interaction links exist?

Interaction graph prunes unused edges
Appears to be a limit in interaction degree
Results agree with Dunbar’s number



Limit

Dunbar’s
number
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Summary

First large scale analysis of Facebook interaction
Significant fraction of user population

Question: Are social links valid indicators of real user interaction?
In general, no
Formulate new model of social networks: Interaction network

Interaction networks have different characteristics than social networks
More even distribution of links
Bound on number of links per person

Maybe a better way to measure social networks?





An Experimental Study of Search in 
Global Social Networks

by Peter Sheridan Dodds, Roby Muhamad, and 
Duncan J. Watts

[Science, vol.  no. . August ]
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How did user pick next hop?
Limited, local information
No global view exists
How did users find short paths?
What made networks navigable?

Are results only for US?
Milgram’s study had only one destination
Generalizable to different sources/destinations?
What about languages, cultures, etc?

Questions unanswered in Milgram’s study
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Internet-based social search experiment
Replicate Milgram’s study using social media
Much cheaper to do today

Participants registered online and were allocated target
There were  target persons from  countries

Similar instructions to Milgram
Relay a message to their target
Pass message only acquaintance they knew personally
Considered “closer” than themselves to the target

Experimental design
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Data collected

, individuals registered
 initiated message chains
Participation rate after the first step was 

, distinct message chains
Included total of , individuals from  countries
Two orders of magnitude more than Milgram

Information collected about the links
How user had come to know the other person
Type and strength of the relationship
Why they considered their nominated acquaintance a suitable recipient
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Who did users pick?

Friendships used in preference to business or family ties
Half formed through either work or school affiliations

In successful chains, non-close ties chosen more 
“Weak” ties are responsible for social connectivity
Bridge communities



An Experimental Study of Search
in Global Social Networks

Peter Sheridan Dodds,1 Roby Muhamad,2 Duncan J. Watts1,2*

We report on a global social-search experiment in which more than 60,000
e-mail users attempted to reach one of 18 target persons in 13 countries by
forwarding messages to acquaintances. We find that successful social search is
conducted primarily through intermediate to weak strength ties, does not
require highly connected “hubs” to succeed, and, in contrast to unsuccessful
social search, disproportionately relies on professional relationships. By ac-
counting for the attrition of message chains, we estimate that social searches
can reach their targets in a median of five to seven steps, depending on the
separation of source and target, although small variations in chain lengths and
participation rates generate large differences in target reachability. We con-
clude that although global social networks are, in principle, searchable, actual
success depends sensitively on individual incentives.

It has become commonplace to assert that any
individual in the world can reach any other
individual through a short chain of social ties
(1, 2). Early experimental work by Travers
and Milgram (3) suggested that the average
length of such chains is roughly six, and
recent theoretical (4) and empirical (4–9)
work has generalized the claim to a wide
range of nonsocial networks. However, much
about this “small world” hypothesis is poorly
understood and empirically unsubstantiated.
In particular, individuals in real social net-
works have only limited, local information
about the global social network and, there-
fore, finding short paths represents a non-
trivial search effort (10–12). Moreover, and
contrary to accepted wisdom, experimental
evidence for short global chain lengths is
extremely limited (13–15). For example,
Travers and Milgram report 96 message
chains (of which 18 were completed) initiated
by randomly selected individuals from a city
other than the target’s (3). Almost all other
empirical studies of large-scale networks
(4–9, 16–19) have focused either on non-
social networks or on crude proxies of social
interaction such as scientific collaboration,
and studies specific to e-mail networks have
so far been limited to within single institu-
tions (20).

We have addressed these issues by con-
ducting a global, Internet-based social search
experiment (21). Participants registered on-
line (http://smallworld.sociology.columbia.
edu) and were randomly allocated one of 18
target persons from 13 countries (table S1).

Targets included a professor at an Ivy League
university, an archival inspector in Estonia, a
technology consultant in India, a policeman
in Australia, and a veterinarian in the Norwe-
gian army. Participants were informed that
their task was to help relay a message to their
allocated target by passing the message to a
social acquaintance whom they considered
“closer” than themselves to the target. Of the
98,847 individuals who registered, about
25% provided their personal information and
initiated message chains. Because subsequent
senders were effectively recruited by their
own acquaintances, the participation rate af-
ter the first step increased to an average of
37%. Including initial and subsequent send-
ers, data were recorded on 61,168 individuals
from 166 countries, constituting 24,163 dis-
tinct message chains (table S2). More than
half of all participants resided in North Amer-
ica and were middle class, professional,
college educated, and Christian, reflecting
commonly held notions of the Internet-using
population (22).

In addition to providing his or her chosen
contact’s name and e-mail address, each
sender was also required to describe how he
or she had come to know the person, along
with the type and strength of the resulting
relationship. Table 1 lists the frequencies
with which different types of relationships—
classified by type, origin, and strength—were

invoked by our population of 61,168 active
senders. When passing messages, senders
typically used friendships in preference to
business or family ties; however, almost half
of these friendships were formed through ei-
ther work or school affiliations. Furthermore,
successful chains in comparison with incom-
plete chains disproportionately involved pro-
fessional ties (33.9 versus 13.2%) rather than
friendship and familial relationships (59.8
versus 83.4%) (table S3). Successful chains
were also more likely to entail links that
originated through work or higher education
(65.1 versus 39.6%) (table S4). Men passed
messages more frequently to other men
(57%), and women to other women (61%),
and this tendency to pass to a same-sex con-
tact was strengthened by about 3% if the
target was the same gender as the sender and
similarly weakened in the opposite case. In-
dividuals in both successful and unsuccessful
chains typically used ties to acquaintances
they deemed to be “fairly close.” However, in
successful chains “casual” and “not close”
ties were chosen 15.7 and 5.9% more fre-
quently than in unsuccessful chains (table
S5), thus adding support, and some resolu-
tion, to the longstanding claim that “weak”
ties are disproportionately responsible for so-
cial connectivity (23).

Senders were also asked why they consid-
ered their nominated acquaintance a suit-
able recipient (Table 2). Two reasons—
geographical proximity of the acquaintance
to the target and similarity of occupation—
accounted for at least half of all choices, in
general agreement with previous findings
(24, 25). Geography clearly dominated the
early stages of a chain (when senders were
geographically distant) but after the third step
was cited less frequently than other charac-
teristics, of which occupation was the most
often cited. In contrast with previous claims
(3, 12), the presence of highly connected
individuals (hubs) appears to have limited
relevance to the kind of social search embod-
ied by our experiment (social search with
large associated costs/rewards or otherwise
modified individual incentives may behave
differently). Participants relatively rarely
nominated an acquaintance primarily because
he or she had many friends (Table 2,
“Friends”), and individuals in successful

1Institute for Social and Economic Research and Pol-
icy, Columbia University, 420 West 118th Street,
New York, NY 10027, USA. 2Department of Sociology,
Columbia University, 1180 Amsterdam Avenue, New
York, NY 10027, USA.

*To whom correspondence should be addressed. E-
mail: djw24@columbia.edu

Table 1. Type, origin, and strength of social ties used to direct messages. Only the top five categories in
the first two columns have been listed. The most useful category of social tie is medium-strength
friendships that originate in the workplace.

Type of relationship % Origin of relationship % Strength of relationship %

Friend 67 Work 25 Extremely close 18
Relatives 10 School/university 22 Very close 23
Co-worker 9 Family/relation 19 Fairly close 33
Sibling 5 Mutual friend 9 Casual 22
Significant other 3 Internet 6 Not close 4

R E P O R T S
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How did this change?

Users tend to use geography early in the path
Try and get message to the right region

Then, switch to other attributes
Work, education, ...



chains were far less likely than those in in-
complete chains to send messages to hubs
(1.6 versus 8.2%) (table S6). We also find no
evidence of message “funneling” (3, 9)
through a single acquaintance of the target:
At most 5% of messages passed through a
single acquaintance of any target, and 95% of
all chains were completed through individu-
als who delivered at most three messages. We
conclude that social search appears to be
largely an egalitarian exercise, not one whose
success depends on a small minority of ex-
ceptional individuals.

Although the average participation rate
(about 37%) was high relative to those report-
ed in most e-mail–based surveys (26), the
compounding effects of attrition over multi-
ple links resulted in exponential attenuation
of chains as a function of their length and
therefore an extremely low chain completion
rate (384 of 24,163 chains reached their
targets). Chains may have terminated (i)
randomly, because of individual apathy or
disinclination to participate (3, 27); (ii) pref-
erentially at longer chain lengths, corre-
sponding to the claim that chains get “lost” or
are otherwise unable to reach their targets (13);
or (iii) preferentially at short chain lengths,
because, for example, individuals nearer the
target are more likely to continue the chain.

Our findings support the random-failure
hypothesis for two reasons. First, with the
exception of the first step (which is special
because senders register rather than receive
a message from an acquaintance), the attri-
tion rate remains almost constant for all
chain lengths at which we have a sufficient-
ly large N; hence small confidence intervals
(Fig. 1A). Second, senders who did not
forward their messages after one week were
asked why they had not participated. Less
than 0.3% of those contacted claimed that
they could not think of an appropriate re-
cipient, suggesting that lack of interest or
incentive, not difficulty, was the main rea-
son for chain termination.

To estimate the reachability of all targets,
we first aggregate the 384 completed chains
across targets (Fig. 1B), finding the average
chain length to be !L" # 4.05. However,
this number is misleading because it repre-
sents an average only over the completed
chains, and shorter chains are more likely to
be completed. An “ideal” frequency distribu-
tion of chain lengths n$(L) (i.e., the chain
lengths that would be observed in the hypo-
thetical limit of zero attrition) may be esti-
mated by accounting for observed attrition as
follows: n$%L) # n(L) /& i#0

L'1(1'ri) (Fig.
1C, bars), where n(L) is the observed number

of chains completed after L steps (Fig. 1B)
and rL is the maximum-likelihood attrition
rate from step L to step L ( 1 (Fig. 1A,
circles). Using the observed values of rL, we
have reconstructed the most likely ideal dis-
tribution n$(L) (Fig. 1C, bars) under our as-
sumption of random attrition. Because the tail
of the distribution is poorly specified (owing
to the small number of observed chains at
large, L), we measure its median L* rather
than its mean. We find L* # 7, and this can
be thought of as the typical ideal chain length
for a hypothetical average individual. By re-
peating the above procedure for chains that
started and ended in the same country (L* #
5) or in different countries (L* # 7), we can
disentangle to some extent the different un-
derlying distributions of chains, yielding an
estimated range of typical chain lengths 5 !
L* ! 7, depending on the geographical sep-
aration of source and target.

Although the range of L* and the variation
in attrition rates across targets do not appear
great, the compounding effects of attrition
over the length of a message chain can nev-
ertheless generate large differences in mes-
sage completion rates. For example, a
decrease of 15% in attrition rates, when
compounded over the same ideal distribution
with L* # 6, can generate an 800% increase
in completion rate. The same attrition rates
[e.g., r0 # 0.75, rL # 0.63 (L " 1)], when
applied over chains with L* # 5 and 7,
respectively, can lead to completion rates that
vary by up to a factor of three.

Taken together, this evidence suggests a
mixed picture of search in global social net-
works. On the one hand, all targets may in
fact be reachable from random initial senders
in only a few steps, with surprisingly little
variation across targets in different countries
and professions. On the other hand, small
differences in either participation rates or the
underlying chain lengths can have a dramatic
impact on the apparent reachability of differ-
ent targets. Target 5 (a professor at a promi-
nent U.S. university) stands out in this re-
spect. Because 85% of senders were college
educated and more than half were American,
participants may have anticipated little diffi-
culty in reaching him, thus accounting for his
chains’ attrition rate (54%) being much lower
than that of any other target (60 to 68%).
Target 5 received a notable 44% of all
completed chains, yet this result is consis-
tent with his “true” reachability being little
different from that of other targets; his
allocated senders may simply have been
more confident of success.

Our results therefore suggest that if indi-
viduals searching for remote targets do not
have sufficient incentives to proceed, the
small-world hypothesis will not appear to
hold (13), but that even a slight increase in
incentives can render social searches success-

Table 2. Reason for choosing next recipient. All quantities are percentages. Location, recipient is
geographically closer; Travel, recipient has traveled to target’s region; Family, recipient’s family originates
from target’s region; Work, recipient has occupation similar to target; Education, recipient has similar
educational background to target; Friends, recipient has many friends; Cooperative, recipient is considered
likely to continue the chain; Other, includes recipient as the target.

L N Location Travel Family Work Education Friends Cooperative Other

1 19,718 33 16 11 16 3 9 9 3
2 7,414 40 11 11 19 4 6 7 2
3 2,834 37 8 10 26 6 6 4 3
4 1,014 33 6 7 31 8 5 5 5
5 349 27 3 6 38 12 6 3 5
6 117 21 3 5 42 15 4 5 5
7 37 16 3 3 46 19 8 5 0

Fig. 1. Distributions of message chain lengths.
(A) Average per-step attrition rates (circles)
and 95% confidence interval (triangles). (B)
Histogram representing the number of chains
that are completed in L steps (!L" # 4.01).
(C) “Ideal” histogram of chain lengths recov-
ered from (B) by accounting for message attri-
tion (A). Bars represent the ideal histogram
recovered with average values of r [circles in
(A)] for the histogram in (B); lines represent a decomposition of the complete data into chains that
start in the same country as the target (circles) and those that start in a different country
(triangles).
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Summary

Replicated Milgram’s study using social media
Can shed light on unanswered questions

Do results generalize?
Found median chain length of , agrees well

How did users route?
Geography dominated early
Work and education dominated later

Provides insight into structure of navigable social networks





PART III

Leveraging social media

- or -

What is this all good for?
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Three papers on leveraging social media

Cover three topics
Tracking information flow
Applying social media to real-world problems
Privacy implications of social media





Meme-tracking and the Dynamics
of the News Cycle

by Jure Leskovec, Lars Backstrom, and 
Jon Kleinberg

[Proceedings of KDD ]
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Leveraging social media

Networks are used to spread information
Can social media shed light on information flow through society?

Focus on news media
How do people find out about news?

Who “finds” stories?
What role does the media/social web play?
How do they influence each other?

This paper:  Can social media shed light on information flow?
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Meme:  Unit of culture
Coined by Dawkins 
Describes evolution of culture

Internet examples:  Rickroll, LOLCat, FAIL

Focus on memes
Entities (Obama) too course-grained
Common sequences (web .) too noisy
Hyperlinks too fine-grained

Use quotes to extract memes
“...palling around with terrorists...”

Memes
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Data collected

Use dataset from spinn3r.com
August - October 
 million documents (blog entries/news stories)

. million sites
 million quotes

Challenge:  Quotes mutate
“...terrorists who would target their own country...”
“...terrorists who targeted their own country...”
“...terrorists who target their own country...”
“...terrorists who would bomb their own country...”

How to determine which quotes are the same?



spinn3r
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Clustering quotes



ABC

CEF

ABCD

BCDXY ABCDEFG

ABCDEF

ABCDE

CEFP

UVCEXF

BCD

CEFPQ

Nodes are quotes
Edges are inclusion relations
Edges have weights
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Clustering quotes
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Example of cluster

All based on Sarah Palin’s terrorists quote:
“Our opponent is someone who sees America, it seems, as being so imperfect, imperfect enough 

that he’s palling around with terrorists who would target their own country.”

How to reduce to a single meme?



is palling around with terrorists

as being so imperfect he is palling around with terrorists who would target their own country

a force for good in the world

we see america as a force for good in this world we see america as
a force for exceptionalism our opponents see america as imperfect

enough to pal around with terrorists who would bomb their own country

s as being so imperfect enough
uld target their own country

america it seems as being so imperfect

this is not a man who sees america as you see america and as i see america

this is not a man who sees america as you see it and how i see america

palling around with terrorists who would target their own country

that he s palling around with terrorists who would target their own country

pal around with terrorists who targeted their own country

palling around with terrorists who target their own country

this is someone who sees america as impe
around with terrorists who targeted th

our opponent is someone who sees america as imperfect enough to pal around with
terrorists who targeted their own country

our opponent though is someone who sees america it seems as being so imperfect
that he s palling around with terrorists who would target their own country

this is not a man who sees america as you see it and how i see america we see

imperfect imperfect enough that
ld target their own country

perfect imperfect enough that
would target their own country

is someone who sees america it seems as being so imperfect that he s palling
around with terrorists who would target their own country

our opponent is someone who sees america it seems as being so imperfect that
he s palling around with terrorists who would target their own country

our opponent is someone who sees america as imperfect enough to pal around with
terrorists who target their own country

we see america as a force of good in this
world we see an america of exceptionalism

someone who sees america as imperfe
around with terrorists who targeted th

someone who sees america it seems as being so imperfect that he s palling around
with terrorists who would target their own country

sees america as imperfect enough to pal around with terrorists who targeted their own country

terrorists who would target their own country

imperfect enough that he s palling around
with terrorists who would target their country

Figure 1: A small portion of the full set of variants of Sarah Palin’s quote, “Our opponent is someone who sees America, it seems,
as being so imperfect, imperfect enough that he’s palling around with terrorists who would target their own country.” The arrows
indicate the (approximate) inclusion of one variant in another, as part of the methodology developed in Section 2.
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Figure 2: Phrase graph. Each phrase is a node and we want to
delete the least edges so that each resulting connected compo-
nent has a single root node/phase, a node with zero out-edges.
By deleting the indicated edges we obtain the optimal solution.

To begin, we define some terminology. We will refer to each
news article or blog post as an item, and refer to a quoted string
that occurs in one or more items as a phrase. Our goal is to pro-
duce phrase clusters, which are collections of phrases deemed to
be close textual variants of one another. We will do this by building
a phrase graph where each phrase is represented by a node and di-
rected edges connect related phrases. Then we partition this graph
in such a way that its components will be the phrase clusters.
We first discuss how to construct the graph, and then how we par-

tition it. The dominant way in which one finds textual variants in
our quote data is excerpting — when phrase p is a contiguous sub-
sequence of the words in phrase q. Thus, we build the phrase graph
to capture these kinds of inclusion relations, relaxing the notion of
inclusion to allow for very small mismatches between phrases.

The phrase graph. First, to avoid spurious phrases, we set a lower
bound L on the word-length of phrases we consider, and a lower
bound M on their frequency — the number of occurrences in the
full corpus. We also eliminate phrases for which at least an ε frac-
tion occur on a single domain — inspection reveals that frequent

phrases with this property are exclusively produced by spammers.
(We use ε = .25, L = 4, andM = 10 in our implementation.)
After this pre-processing, we build a graphG on the set of quoted

phrases. The phrases constitute the nodes; and we include an edge
(p, q) for every pair of phrases p and q such that p is strictly shorter
than q, and p has directed edit distance to q — treating words as
tokens — that is less than a small threshold δ (δ = 1 in our im-
plementation) or there is at least a k-word consecutive overlap be-
tween the phrases we use k = 10). Since all edges (p, q) point from
shorter phrases to longer phrases, we have a directed acyclic graph
(DAG)G at this point. In general, one could use more complicated
natural language processing techniques, or external data to create
the edges in the phrase graph. We experimented with various other
techniques and found the current approach robust and scalable.
Thus, G encodes an approximate inclusion relationship or long

consecutive overlap among all the quoted phrases in the data, al-
lowing for small amounts of textual mutation. Figure 1 depicts a
very small portion of the phrase DAG for our data, zoomed in on
a few of the variants of a quote by Sarah Palin. Only edges with
endpoints not connected by some other path in the DAG are shown.
We now add weights wpq to the edges (p, q) of G, reflecting

the importance of each edge. The weight is defined so that it de-
creases in the directed edit distance from p to q, and increases in
the frequency of q in the corpus. This latter dependence is impor-
tant, since we particularly wish to preserve edges (p, q) when the
inclusion of p in q is supported by many occurrences of q.

Partitioning the phrase graph. How should we recognize a good
phrase cluster, given the structure of G? The central idea is that
we are looking for a collection of phrases related closely enough
that they can all be explained as “belonging” either to a single long
phrase q, or to a single collection of phrases. The outgoing paths
from all phrases in the cluster should flow into a single root node
q, where we define a root inG to be a node with no outgoing edges
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Solution: Create a DAG
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Solution: Create a DAG
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Resulting memes



Spikes show nature of -hour news cycle
Memes quickly enter and leave collective conscience
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Tracking memes

First, determine “peak” intensity of each meme
Distinct peak present



 0

 0.2

 0.4

 0.6

 0.8

 1

-3 -2 -1  0  1  2  3  4  5

Vo
lu

m
e 

re
la

tiv
e 

to
 p

ea
k

Time relative to peak [days], t



Alan Mislove //  NetSci International School

Where do the memes come from?

Second, track where articles come from
Media peak is . hours before blog peak
Blog volume persists much longer
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Summary

Can social media shed light on information flow?

Collected data on over  million documents
Unprecedented scale

Found interesting interaction between media and blogs
Media has short attention span

But causes peak intensity
Blogs have more persistent volume





Predicting the Future With Social Media

by Sitaram Asur and Bernardo A. Huberman

[Arxiv .]
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Social media enables communication
Facebook wall
Orkut scraps
Twitter tweets

Essentially, we have microphone above the world
Have complete conversations for huge group of users
Can access collective wisdom

Can we extract information from these conversations?
In aggregate?

Social media and communication
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This paper: twitter + movies

Focus on twitter
Most data is publicly available
Messages are short

Can we use twitter to predict the future?

Focus on box-office returns for movies
Relatively short term (~ week window/movie)

Existing techniques to compare against
Gold standard is Hollywood Stock Exchange
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Hollywood stock exchange (HSX)

Example of a prediction market
Uses play money

Can buy movie stocks
Each H = M US gross take

Each movie has a listed delist date
 weeks after open, cashed out
Value is US gross take

Surprisingly accurate
 of  Oscar nominees in 
 of  eventual winners
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Can we use social media?

Focus on mentions of  movies on twitter

Obtained data by searching repeatedly
Three weeks around release date
Most activity in this period
Most money made in this period

Total of .M tweets



Armored
Avatar

The Blind Side
The Book of Eli

Daybreakers
Dear John

Did You Hear About The Morgans
Edge Of Darkness

Extraordinary Measures
From Paris With Love

The Imaginarium of Dr Parnassus
Invictus

Leap Year
Legion

Twilight : New Moon
Pirate Radio

Princess And The Frog
Sherlock Holmes

Spy Next Door
The Crazies
Tooth Fairy

Transylmania
When In Rome
Youth In Revolt
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Making predictions

Busiest time is around release
Promotions, advertising, ...

Opening weekend makes 
most money

Predict take by looking at
pre-release tweet rate

How many tweets before open?
Compare to HSX
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How accurate are the predictions?

Very accurate!
Coefficient of determination (R) is .
Versus . for HSX
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Summary

First look at using social media for prediction

Relatively simple approach, naïve predictor
Simply looking at number of mentions before release
Outperformed existing gold standard

What else can we use social media to predict?
Stock markets?

But unclear causality
Do movie studios only promote movies they expect to be a hit?
What about duds?





You Are Who You Know:  Inferring User 
Profiles in Online Social Networks

by Alan Mislove, Bimal Viswanath, 
Krishna P. Gummadi, and Peter Druschel

[Proceedings of WSDM ]
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Users upload information to social media sites
Profile information
Status updates
Photos, videos

Privacy model for data
Choose what to reveal
And what to keep private

When reasoning about privacy
Don’t often consider implicit data
What structure of the network reveals about us

Social media and privacy



+
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What is implicit data?

Example: MIT’s Project Gaydar
Predict sexual orientation based on friends

Exploiting homophily 
People associate with others like them

What about other attributes?
Using friends-of-friends?



or      ?
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This paper

Explore how much implicit data exists on online social networks?
Or, how much information can be inferred?
How much data is needed to be able to infer?

Idea: Use communities
Project Gaydar used -hop friends
Using > hop friends is challenging

Exponential growth in size
Unclear relationship to source

Look for groupings of users
Called communities
Potentially share attributes
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Social network data

Crawled two Facebook networks
Rice University (university)
New Orleans (regional)

Rice: authoritative attributes 
Queried student directory
College (dormitory), major(s), year

New Orleans: extracted attributes from profile
High school, favorite movies, birthday
Non-authoritative, incomplete, freeform text



RICE

new orleans
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Do attributes define communities?

Put users into groups based on attributes
Determine if these are communities

Need metric to rate communities

Modularity rates community strength
Range [-,]
 represents expected in random graph
≥. represents community structure
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Attribute communities for Rice ugrads

Communities based on shared college or year
Multiple, overlapping community structures

Suggests we can build an algorithm to infer attributes
Given a few users who share an attribute, can we guess the remaining ones?



major

matriculation year

residential college

Communities
Community SizeCommunity SizeCommunity Size

ModularityCommunities
Min Avg Max

Modularity

65 1 23 105 0.004

4 95 305 398 0.259

9 130 135 142 0.385
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Can we infer Rice undergrad classes?

Can infer attributes with high accuracy
Different communities show different characteristics
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Summary

Privacy an important issue in social media
What information are users revealing without knowing it?

Demonstrated that many attributes can be inferred
Even if user didn’t provide them

Good interpretation:  Can reduce burden on users
Don’t have to fill in entire profile

Bad interpretation:  Can figure out attributes users don’t reveal
Privacy is a function of what friends reveal





PART IV

Open questions

- or -

What should I work on?
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Is Facebook changing us?

Recall strength of weak ties
Necessary for bridging communities
Important for information flow

Why are they weak?
Little interaction
When information flows, its important

Facebook aggregates all of our weak ties
Example: news feed often has low signal-to-noise ratio
Mostly stories from weak ties

Is this reducing the strength of weak ties?
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Is the data representative?

Social media users tend to be more educated, literate, urban
Is data obtained from social media representative?

Is there a way to correct for inherent bias?
Can we subsample the data?



US Population Twitter Users
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Questions?




