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▶ Availability of large human interactions dataset, popularity
of online service (MySpace.com, LinkedIn.com etc), salient
connection of the 9/11 hijackers arouse growing interest in
SNA.

▶ Social network analysis (SNA):
▶ models directed interactions among people, organizations

and groups

▶ emphasizes the existence of links among individuals
(binary interaction), with directed and/or weighted edges

▶ limits to the use of network topology to roles discovery
without sufficiently exploiting the language content of
interactions (messages).

▶ Outside SNA literature, models of words clustering for topic
discovery are developed, including

▶ Probabilistic Latent Semantic Indexing (Hofmann, 2001)
▶ Latent Dirichlet Allocation (LDA) (Blei, et al, 2003)
▶ Hierarchical Dirichlet Processes (Teh, et al, 2004)
▶ Aurthor-Topic Model (Steyvers, et al, 2004)

▶ The above language models are inappropriate for SNA.
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▶ Author-Recipient-Topic Models (ART)
▶ models the language associated with social network

interactions
▶ conditions topics distribution jointly on author and recipient

pairs
▶ discover people’s roles by clustering using author-recipient

conditioned topic distribution.
▶ Role-Author-Recipient-Topic Models (RART)

▶ extends ART and explicit captures roles of people, by
generating role associations for the author and recipients,
and conditioning the topic distribution on the role
assignment.

▶ represents that one person can have multiple roles
▶ has three variants.



ART model
▶ d: document(message)
▶ ad : an author
▶ rd : the set of recipients for each message
▶ x: a recipient
▶ z: a topic
▶ �ad x : the topic distribution specific to the author-recipient

pair (ad , x)
▶ �z : word distribution specific to the topic z



ART model

Figure 1: Three related models, and the ART model.



Inference

▶ The joint distribution of of the topic mixture �ij for each author-recipient
pair (i , j), the word mixture �t for each topic t , a set of recipients x, a set
of topics z and a set of words w in the corpus is given by

▶ Marginal distribution of a corpus:

▶ Inference by Gibbs Sampling



Inference

▶ the conditional distribution of a topic and recipient for the word wdi given
all other words’s topic and recipient assignments, xdi and z−di

where nijt is the number of tokens assigned to topic t and the
author-recipient pair (i , j), and mtv denotes the number of tokens of
word v assigned to topic t .

▶ the posterior estimates of � and �



RATR models

▶ To better explore the roles of authors, an additional level of
latent variables can be introduced to model roles.

▶ Of particular interest, a person can have multiple roles
simultaneously. e.g. professor and mountain climber.

▶ Each role is associated with a set of topics, and these
topics may overlap.

▶ professors’ topics: meeting times, grant proposals, and
friendly relations

▶ climbers’ topics: mountains, climbing equipment, and also
meeting times and friendly relations

▶ In RART, authors, roles and message-contents are
modeled simultaneously.



Graphical Models for RART Model

Figure 2: Three possible variants for the Role-Author-Reipient-Topic
(RART) model.



Inference for RART1

▶ For the RART1 model, the joint distribution of a topic
mixture �ij for each author-role recipient-role pair (i , j), the
role mixture  k for each author k , the word mixture �t for
each topic t , a set of sender roles g, a set of recipients
roles h, a set of topics z and a set of words w is given by

▶ The marginal distribution of a corpus can be obtained by
Integrating over Ψ,Θ and Φ, and summing over x,g,h, z.

▶ Gibbs sampling formulae can be derived in a similar ways
as ART model.



Data sets

1. Enron email corpus
▶ is subpoenaed as part of the investigation by the Federal

Energy Regulatory Commission (FERC), and then placed
in the public record;

▶ after text normalization filter (lowercasing, removal of
quoted email text, etc), contains 147 users, 23,488 email
messages, 22,901 unique words.

2. Personal email sent and received by McCallum between
Jan. and Sept. 2004.

▶ 13,633 unique messages written by 825 authors;
▶ after applying the same normalization procedure, obtain a

text corpus containing 457,057 word tokens, and a
vocabulary of 22,901 unique words.



Figure 3: Power-law relationship between the frequency of occurrence of of an
author (or an author-recipient pair) and the rank determined by the above frequency of
occurrence. In the author plots, we treat both the sender and the recipients as authors.



Topics and Prominent Relations from ART

Figure 4: An illustration of several topics from a 50-topic run for the Enron email data
set.



Topics and Prominent Relations from ART

Figure 5: The four topics most prominent in McCallums email exchange with
Padhraic Smyth, from a 50-topic run of ART on 9 months of McCallums email.



Stochastic Blockstructures and Roles (a small subset
of Enron Data)

▶ Compare Geaccone (User 9, Executive assistant), McCarty (CFO & Vice President,User 8), Hayslett (User
6)

▶ Compare Blair (user 4, gas pipeline logistics) and Watson (user 14 pipeline facility planning)
▶ Compare McCarty (user 8), Horton (user 5, President), Rapp (user 12 lawyer), Harris (user 15, mid-level

manager)
▶ ART emphasizes role similarity, but not group membership: Considering Thomas(user 3, an energy future

trader) to both Rapp (user 12), and Lokey (user 16, a regulatory affairs manager)
▶ The results of Traditional SNA is opposite to ART: User 1-3 (the only people in this matrix who were not

member of Enron Transwestern Division) are put in different blocks.
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Stochastic Blockstructures and Roles (McCallum’s
email)

(a) SNA Inverse JS Net-
work for a 10 topic run on
McCallum Email Data.

(b) Pairs considered
most alike by ART
and SNA on McCallum
email.

(c) Pairs with the highest
rank difference between
ART and SNA on McCal-
lum email.



Perplexity Comparison between AT and ART



Experimental Results with RART

(d) table 6 Each role is shown with the most prominent users and the the
corresponding conditional probabilities.

(e) table 7 Each user is shown with his most prominent roles and the
corresponding conditional probabilities.

Illustrations of two roles from a 50-topic, 15-group run for
the McCallum email data set.
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