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Dear instructors/users of these slides:

Please feel free to include these slides in your own
material, or modify them as you see fit. If you decide
to incorporate these slides into your presentations,
please include the following note:

4 )
R. Zafarani, M. A. Abbasi, and H. Liu, Social Media Mining:

An Introduction, Cambridge University Press, 2014.
\Free book and slides at http://socialmediamining.info/

or include a link to the website:
http://socialmediamining.info/
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Social Forces

A Social Forces connect individuals in different ways

A When individuals get connected, we observe
distinguishable patterns in their connectivity networks.
I Assortativity , also known as social similarity

A In networks with assortativity :

T Similar nodes are connected to one another more
often than dissimilar nodes.

A Social networks are assortative

I A high similarity between friends is observed

T We observe similar behavior, interests, activities, or shared
attributes such as language among friends
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Why are connected people similar?

Influence
A The process by which a user (i.e., influential) affects another user

A The influenced user becomes more similar to the influential figure.

A Example: If most of our friends/family members switch to a cellphone
company, we might switch [i.e., become influenced] too.

Homophily
A Similar individuals becoming friends

due to their high similarity
A Example: Two musicians are more likely to
become friends.

Confounding

AThe environment As effect on maki |
A Example: Two individuals living in the same city are more likely to become
friends than two random individuals
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Influence, Homophily, and Confounding
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Source of Assortativity in Networks

Both influence and Homophily generate similarity
In social networks

Influence
Makes connected nodes
similar to each other

Homophily
Selects similar nodes an
links them together
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Assortativity Example

The city's draft tobacco control strategy says more
than 60% of under -16s in Plymouth smoke regularly

News Sport Weather Travel v Radio More...

BBC RADIO DEVON
Listen Live Listen Again

BBC Local Page last updated at 14:58 GMT, Monday, 14 June 2010 15:58 UK

Devon E-mail this to a friend & Printable version
Things to do

Patches for Plymouth's young smokers

Nature & Outdoors

e By Jo Irving » MORE FROM DEVON
./ BBC Devon website
Religion & Ethics NEWS

Arts & Culture
BBC Introducing SPoRy
TV & Radio WEATHER
Local BBC Sites TRAVEL
News
Sport
Travel N | Plymouth NHS Trust Stop Smoking Service

Neighbouring Sites
Cornwall
Dorset
Somerset

Related BBC Sites
England

A i - . A i v. ?Y
More than 60% of Plymouth's under-16s smoke
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A Smoker friends influence their Influence
non -smoker friends

A Smokers become friends Homophily
I Can this explain smoking behavior?

A There are lots of places that

Confoundin
people can smoke J
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1. How can we measure assortativity ?

2. How can we measure influence or homophily ?

3. How can we model influence or homophily ?

4. How can we distinquish between the two  ?
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Measuring Assortativity

Social Media Mining http://socialmediamining.info/ Influence and Homophily | 10



Assortativity: An Example

A The friendship network in a A
US high school in 1994 N>
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A Colors represent races,
— Wihit@: whites
I Grey: blacks
. hispanics
I Black : others

A High assortativity between
Individuals of the same race
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Measuring Assortativity for Nominal Attributes

A Assume nominal attributes are assigned to nodes
I Example: race

A Edges between nodes of the same type can be
used to measure assortativity of the network

I Same type = nodes that share an attribute value
I Node attributes could be nationality, race, sex, etc.

% Z (S(f(f\)i)/ H(v;)) = %;Az’jé(f@f)/f@j))
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Kronecker delta function
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Assortativity  Significance

A Assortativity significance

I The difference between measured assortativity and
expected assortativity

I The higher this difference, the more significant the
assortativity observed

Example

I In a school, 50% of the population is white and the
other 50% is hispanic .

I We expect 50% of the connections to be between
members of different races

I If all connections are between members of different
races, then we have a significant finding
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Assortativity  Significance

Assortativity Expected assortativity

' (according to configuration model)
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This iIs modularity
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Normalized Modularity [  Finding the Maximum

The maximum happens when all vertices of the
same type are connected to one another
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