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Communities: Definition

Functional definition of communities
Communities serve as organizing principles of nodes in social networks and are created on
shared affiliation, role, activity, social circle, interest or function

Cover
Cover of a social graph is a set of communities such that each node is assigned to at
least one community
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Facebook Friendship Graph: Global Communities
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Communities: Structural Properties

Structural properties of communities

Separability: good communities are well-separated from the rest of the network

Density: good communities are well connected

Cohesiveness: it should be relatively hard to split a good community
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Applications

Traffic optimization
Traffic inside communities is more intensive, so it makes sense to place all nodes comprising large
communities onto the same data node/warehouse

Link and attribute prediction
Thanks to the homophily principle of community organization, users inside communities tend to
have similar attribute values and increased probability of establishing new links

Graph closeness
Estimating how close are nodes in the social graph is possible by comparing their community
memberships

Spam detection
It is possible to not only detect single spammers by analyzing their content, but to detect spam
networks by analyzing links

Recommender systems
Enhancing social recommendation systems with a-priori known groupings of users
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Task Definition

Input
social graph

algorithm parameters

Output
Found cover of global communities (user-community assignments)
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Requirements

Ability to discover overlapping community structure
People tend to split their social activities into different circles

Support for directed edges
Directed edges (parasocial relationships) are common in content networks

Support for weighted edges
Edge weights could be used to add apriori knowledge about similarity of users

High accuracy
The algorithm must prove its applicability to real and synthetic graphs

Efficiency
The algorithm must have low computational complexity

Distributed version
The algorithm must be runnable in cloud environment (e.g., Amazon EC2)
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Approach: Speaker-listener Label Propagation Algorithm

Speaker-listener Label Propagation Algorithm (SLPA)

1 The memory of each node is initialized with a unique community label
2 The following steps are repeated until the maximum iteration T is reached

a. One node is selected as a listener
b. Each neighbor of the selected node randomly selects a label with probability proportional

to the occurrence frequency of this label in its memory and sends the selected label to
the listener

c. The listener adds the most popular label received to its memory
3 The post-processing based on the labels in the memories and the threshold r is applied to

output the communities
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Approach: Speaker-listener Label Propagation Algorithm

Advantages
1 Able to uncover overlapping/disjoint global/local community structure
2 Supports directed edges and edge weights
3 High accuracy
4 O(T · |E|) complexity (|E| – number of edges in the graph)
5 Easy distributable in a natural way
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Approach: Initialization Using Maximum Cliques

Idea

Extract maximum cliques with at least k nodes

Assign the same label to all nodes within a single clique

Communities tend to organize themselves around cliques

Conrad Lee et al 2010
Detecting Highly Overlapping Community Structure by Greedy Clique Expansion
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Approach: Specific Interaction Rules for Local Communities

Idea
Local community - a community of a user’s contacts

Find local communities for each node

Listener accepts 1 most frequent label from each local community at each iteration

Resulting global communities inherit the structure of local communities

Local Community Detection
1 Extract ego-network (1.5-neighbourhood) of each user
2 Apply SLPA to the user’s ego-network

Anton Korshunov (ISPRAS) Attribute detection of social network users RCDL-2013 10 / 36



Accuracy Evaluation with Synthetic Graphs and Covers

Sample graph by LFR benchmark: N = 120, On = 10, Om = 6

Normalized Mutual Information (NMI) of covers X and Y

NMI(X : Y ) = 1− 1
2 [H(X|Y )norm + H(Y |X)norm]
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Accuracy Evaluation

Undirected non-weighted graphs by LFR benchmark
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Performance Evaluation: Scalability by Graph Size

Spark.Bagel implementation @ Amazon EC2
threadsCount = 80
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Performance Evaluation: Scalability by Cluster Size

Spark.Bagel implementation @ Amazon EC2
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Demographic Attributes

Categorical
gender

relationship status

social status

education level

political views

religious views

...

Integral
age

income

...
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Attribute Values of Twitter Users
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Attribute Values of Twitter Users
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Problems
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Task Definition

Input
user tweets

user profile

algorithm parameters

Output
Values of predicted attributes
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Issues

Informal chatter style

Lots of mycrosyntax, slang, abbreviations and spelling mistakes

Limited message length

Manual labeling of training set is time-consuming

High dynamicity of Twitter language → periodical retraining is required

Lots of citations (retweets) → lack of original text
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Approach

1 Building training sets
I languages: EN, RU, DE, FR, IT, ES, PT, KO
I attributes: gender, age, relationship status, political and religious views

2 Preprocessing
I removing retweets
I filtering by language

3 Binary feature extraction
I sources: raw tweet texts and user profiles
I features: [1..7]-grams over cased/uncased characters and tokens

4 Feature selection
I Conditional Mutual Information

5 Model learning
I Online Passive-aggressive Algorithm

6 Classification
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Training Set Compilation

Advantages
Automatic compilation

Support of multiple user attributes through Facebook

Multilinguality
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Result

Anton Korshunov (ISPRAS) Attribute detection of social network users RCDL-2013 23 / 36



Result
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Accuracy Evaluation

Users Tweets Accuracy Baseline

age (birthdate) 1180 56640 69.1% 65.0%
age (+year of graduation) 3755 180240 71.4% 63.3%
gender (profile) 17050 818400 83.3% 50.0%
gender (+dictionary) 70734 3395424 89.2% 50.0%
relationship status 1901 202175 89.0% %
political views 662 31776 73.7% 53.8%
religious views 1491 71568 88.0% 76.5%

English users

48 original (non-retweet) tweets for each user

baseline corresponds to classification into the most common class
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Accuracy Evaluation: Impact of Non-confidence
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Overlap of Social Network Populations
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Aligning & Merging Social Graphs

Benefits
Allow cross-platform information exchange and usage

Enrich existing profiles with data from other networks

Cold-start problem solving
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Contact Lists Merging
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Task Definition

Input
Two different ego-networks < A,B > of a single user:

Profile attributes (name, birthday, home town, ...)

Social links (friendship, subscription, ...)

Output
All profile pairs (v, u) | v ∈ A, u ∈ B that belong to the same real person
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Joint Link-Attribute Model

c

u
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v
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a

Main idea
If v and u are connected
in graph A than their
matches µ(v) and µ(u)
should be as similar as
possible in graph B

Criteria for choosing projections
How similar is v to its possible projection based on similarity of profile fields?

How many contacts a possible projection shares with projections of neighbours of v?
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Joint Link-Attribute Model

Steps
1 Build Conditional Random Fields model

from Twitter and Facebook graphs
2 Estimate anchor nodes (a-priori known

projections)
3 Compute edge energies

I profiles: string similarity of fields
I graph: weighted Dice measure

4 Find the optimal configuration of
matching nodes

5 Filter the results by pruning unwanted
matches
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Sergey Bartunov, Anton Korshunov et al
Joint Link-Attribute User Identity Resolution in Online Social Networks
The 6th SNA-KDD Workshop August 2012, Beijing, China
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Result
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Accuracy Evaluation

Results

algorithm R P F1

Baseline 1 (weighted sum) 0.45 0.94 0.61
Baseline 2 (probability distance) 0.51 1.0 0.69
Joint Link-Attribute model 0.8 1.0 0.89

Dataset

Twitter Facebook
# of seeds 16
# of profiles 398 977
# of connections 1 728 10 256
# of matches 141
# anchor nodes 71
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Baseline

Optimal matching as an assignment problem
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sim(A2, B3)
sim(A3, B3)

Optimal 
matching

A1

A2

A3

B1

B2

B3

B4

Similarity functions
1 weighted sum of profile similarity vector V (v, µ(v))

2 1− profile-distance(v, µ(v))
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Thank you!

QUESTIONS ?
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