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ABSTRACT
e “big data” era is characterized by an explosion of information in the form of digital data
collections, ranging from scientific knowledge, to social media, news, and everyone’s daily life.
Examples of such collections include scientific publications, enterprise logs, news articles, social
media, and general web pages. Valuable knowledge about multi-typed entities is often hidden
in the unstructured or loosely structured, interconnected data. Mining latent structures around
entities uncovers hidden knowledge such as implicit topics, phrases, entity roles and relationships.

In this monograph, we investigate the principles and methodologies of mining latent entity
structures from massive unstructured and interconnected data. We propose a text-rich informa-
tion network model for modeling data in many different domains. is leads to a series of new
principles and powerful methodologies for mining latent structures, including (1) latent topical
hierarchy, (2) quality topical phrases, (3) entity roles in hierarchical topical communities, and (4)
entity relations. is book also introduces applications enabled by the mined structures and points
out some promising research directions.

KEYWORDS
information networks, text mining, link analysis, topic modeling, phrase extraction,
role discovery, clustering, ranking, relationship mining, probabilistic models, real-
world applications, efficient and scalable algorithms
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1

C H A P T E R 1

Introduction
1.1 MOTIVATION

e success of database technology is largely attributed to the efficient and effective handling of
structured data. e construction of a well-structured database is often the premise of subsequent
applications. However, the explosion of “big data” poses great challenges on this practice since
the real world data are largely unstructured, or loosely structured. It is crucial to uncover latent
structures of real-world entities, such as the topics and communities they are involved in, the roles
the entities play in these topics and communities, and the relations they potentially have with
each other. By mining massive unstructured or loosely structured data associated with entities,
one can construct semantically rich structures which reveal the relationships among entities. e
uncovered structures facilitate browsing information and retrieving knowledge from the data.

Mining latent entity structures will enhance knowledge engineering effectively in many
applications. For example, mining entity structures hidden in billions of web pages will turn ex-
tensive web data to knowledge that will enrich open-domain knowledge-bases. Mining entity
structures hidden in social media will help reorganize scattered information from hundreds of
millions of individuals and improve the social network services. In news data, the topics, as well
as the entity relations, are buried in the text rather than in the form of relational tuples. Mining
such news data will enable us to extract multiple types of entities like people, locations, orga-
nizations, and events, for effective news understanding and analysis. In a bibliographic database
like DBLP¹ or PubMed,² research papers are explicitly linked with authors, venues, and terms.
Many interesting semantic relationships, such as advisor-advisee between authors, are hidden in
the publication records; moreover, the research topics of authors, venues and terms are also hid-
den or unorganized, preventing insightful organization of the entities. Mining hidden research
network structures will help scientific research tremendously.

¹http://www.informatik.uni-trier.de/
²http://www.ncbi.nlm.nih.gov/pubmed/

http://www.informatik.uni-trier.de/
http://www.ncbi.nlm.nih.gov/pubmed/


2 1. INTRODUCTION

1.2 DATAMODEL: ATEXT-RICHHETEROGENEOUS
INFORMATIONNETWORKMODEL

Many real datasets collected in our world contain both unstructured data and some (weak) struc-
tures, as shown in the following examples.

Example 1.1 Research publications. A bibliographic database like DBLP and PubMed con-
tains unstructured paper text (titles, abstracts, full text, etc.), as well as structures, in the sense
that every paper is explicitly linked with authors, venues, and years.

Example 1.2 News articles. A collection of news articles contains unstructured news text (ti-
tles, snippets, full text, etc.), as well as weak structures, in the sense that every news article is
implicitly linked with named entities like persons, locations, and organizations.

Example 1.3 Social media. A social media website like Twitter contains unstructured tweets,
as well as structures, in the sense that every tweet is linked with tweeters, URLs or hashtags.
ere are also links among the tweeters by their following relationship. In addition, every tweeter
is linked to his/her profile. e profile may have structured fields such as interests and locations,
while each field may contain unstructured text.

To systematically model unstructured and interconnected data, we model our datasets using
a text-rich heterogeneous information network model, defined as follows.

Definition 1.4 Text-rich heterogeneous information network. A text-rich heterogeneous in-
formation network can be formally represented by a tuple H D .fVtg; fEx;yg;D/, where Vt is the
set of type-t nodes, Ex;y is the set of link weights, linking between the nodes of types x and y

(x and y may be identical), and D D fdvg is the set of documents. Note that dv is the document
attached to node v, and dv can be empty if node v is not attached with any text.

e computer science research publication dataset, DBLP, for example, can be formally
represented as follows.

Example 1.5 eDBLPnetwork. e network has three types of nodes: V1 for papers, V2 for
authors, and V3 for venues, and two types of links: E1;2 for the links between papers and authors;
and E1;3 for the links between paper and its publication venue. A short document di , which is the
title of the paper, is attached to every paper node v1

i 2 V1. Note that only the titles are available
as unstructured text in the DBLP database.

Our data model is a generalization of several simpler forms of data: (i) text-only corpus, in
which E D ; and jDj D jV j; (ii) text-absent heterogeneous network, in which D D ;; and (iii)
textual corpus with meta data or star-schema network, in which all the links share a central type
of nodes.
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e text-rich heterogeneous information network will be the input from which we mine
latent entity structures. e algorithms studied in this book do not always require the existence
of both text and links, so they can work when certain information is missing.

1.3 LATENTENTITY STRUCTURE
To understand what structures are important, we analyze examples of knowledge that people are
interested in discovering from the text-rich information networks.

Example 1.6 From research publications, people often ask the following questions:

• Who are the leading researchers in Computer Science?

• (continued) What are their specializations?

• Who are the peer researchers of Jure Leskovec?

• With whom will he collaborate?

To answer questions like these, it is beneficial to discover latent research topics in multiple gran-
ularity and related authors, as well as discovering relations among researchers.

Example 1.7 From news articles, people ask:

• Who are the top 10 active politicians regarding the gun control issue?;

• What are important events related to the U.S.-Cuba relationship?;

and so on. In order to answer these questions, one must understand the latent topics in news, and
the related entities like people and events.

Example 1.8 From social networks, people ask:

• Is Angelina Jolie a relative, schoolmate, colleague, or other friend of Matthew Crocker?;

• What is Andrew’s interest and expertise?;

• Who are the most influential Twitter users on the topic of the movie “e Interview?”;

and so on. ese questions require one to understand the latent topics in social media, and the
relations between users in the social network.

In general, the latent topics, the roles of entities in the topics, and relations between en-
tities are the main latent structures to be covered in this book. With these structures, a number
of applications that rely on structured database queries or information network analysis can be
enabled. We discuss a few applications in Chapter 7.
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Formally, the latent structures can be defined as tuples in the form of .R; A; B; x/, where
A and B represent topics, phrases, or entities, R represent a relation between A and B , and x is
a numeric value to quantify the relation. e following cases are covered in this book.

• A is a topic, B is a topic, R represents that the relation A is a subtopic of B , and x 2 Œ0; 1�

represents the probability of seeing topic A given topic B .

• A is a phrase, B is a topic, R represents that the relation A is a topical phrase in B , and
x 2 Œ0; 1� represents the representativeness of phrase A in topic B .

• A is an entity, B is a topic, R represents that A plays a certain role in B , and x 2 Œ0; 1�

implies the importance of entity A in that role.

• A is an entity, B is an entity, R represents the a certain relationship between the two entities,
and x 2 Œ0; 1� implies the likelihood of that relationship.

1.4 THEMININGFRAMEWORK
is section presents a framework for mining hierarchical topics and uncovering hidden entity
relations. It comprises the following functionalmodules: hierarchical topic and community discovery,
topical phrase mining, entity topical role analysis, and entity relationship mining.

1.4.1 HIERARCHICALTOPICANDCOMMUNITYDISCOVERY
As shown in the example questions, knowledge is often confined to a certain scope in a large
network. For example, to mine opinion leaders, we need to specify a scope since different com-
munities or sub-communities may have different opinion leaders. By mining topical communities
from a network, one can use a community as its contextual scope. For example, the communities
formed by research topics can provide suitable context for analyzing important contributors in
each community.

In particular, we explore the hierarchical structure of a topic. Hierarchy is an effective and
efficient structure for both humans and machines to use in many applications. is module is to
construct a topical hierarchy from a text-rich heterogeneous information network.

1.4.2 TOPICAL PHRASEMINING
Single words often contain lots of ambiguity in comparison with phrases which are often less
ambiguous for humans to comprehend. For example, the topic of query processing may be de-
scribed by the phrases {‘query processing’, ‘query optimization’, ‘top-k queries’, : : :}, while its
parent topic can be “databases,” described by {‘query processing’, ‘database systems’, ‘concurrency
control’, : : :}. is module mines phrases from the text automatically and ranks them according
to their representativeness in each topic.
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1.4.3 ENTITYTOPICALROLEANALYSIS
After a topical community is discovered, one can analyze the roles of entities in a desired scope.
ere are two types of questions to be answered.

• Type-A: For a given topical community,what is the role of a specific entity in the community?
For instance, which topics within the community get published in a particular conference?
Or, which specific topics within the community does an author contribute to?

• Type-B: Given a topical community and an entity type,which entities play the most important
roles in the community? For example, an author’s contribution to the topics of a community
(by publishing papers) represents the author’s role in that community.

1.4.4 ENTITYRELATIONSHIPMINING
is module is to mine latent relationships among entities from multiple signals, such as text and
links.

In summary, the main features of the mining framework are as follows.

• Leveraging data redundancy: e massive unstructured data contain repetitive patterns. Our
text mining techniques leverage these patterns, instead of specific linguistic analysis for
individual documents or sentences. erefore, it is generally applicable to a large amount of
data, and its power gains when the size of data increases.

• Recursive hierarchy construction: e hierarchy is constructed in a top-down order. One can
recursively apply our method to expand the hierarchy. It is flexible to revise part of the
hierarchy with other remaining parts intact.

• Phrase-represented topic: Each topic is represented by a ranked list of topical phrases, such
that a child topic is a subset of its parent topic. e ranked list of phrases is much more
interpretable than the ranked list of unigrams as the traditional visualization.

• Entity-embedded topic: e linked entity information enhances the topic discovery solely
based on textual information. For example, the authors and venues linked to each paper
help finding its topics. In our framework, each topic can be enriched with ranked lists of
entities, which has two advantages: (i) the entities provide additional informative context
for each topic in the hierarchy; and (ii) the entity positions in the hierarchy are discovered
and ready to query as we construct the hierarchy.

• Dependency modeling of entity relations: Utilizing heterogeneous links and text information,
our method is able to capture a variety of semantic signals, including constraints and de-
pendencies, to recover a certain relationship with the best known accuracy.
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e rest of the book is organized as follows. e above four modules are presented in Chap-
ters 2–5. Chapter 6 focuses on solving a computational challenge to scale up the method. Finally,
Chapter 7 discusses the applications and the research frontier.
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C H A P T E R 2

Hierarchical Topic and
Community Discovery

Automated organization of topics from unstructured and interconnected data at multiple levels of
granularity is an important problem in knowledge engineering with many valuable applications,
such as information summarization, search, and online analytical processing (OLAP). A student
could familiarize herself with a new domain by perusing such a hierarchy and quickly learning the
topics of the domain. Or, a researcher could discover which phrases are representative of his topic
of interest, assisting his search for relevant work and discovering potential subtopics to focus on.

With a vast amount of data and dynamic changes in users’ need, it is too costly to rely on
human experts to do manual annotation and provide ready-to-use topical hierarchies. us, it is
critical to create a robust method for automated construction of high-quality topical hierarchies from
text-rich heterogeneous information networks, a key task in the framework of mining latent entity
structures.

is chapter proposes a method that discovers hierarchical topics recursively, that is, grows
the topical tree gradually from the root. A key operation of the methodology is to mine subtopics
of a topic represented by a leaf vertex in the current tree, so that vertices that represent subtopics
will be added as children of this vertex. Repeating this operation will grow the tree recursively in
a top-down manner. e tree constructed at any time during this process encodes the discovered
topics so far, and can be used as output of the mined hierarchical topics.

e recursive strategy has the following advantages.

• e parent-child relation is ensured during the recursion. In non-recursive methods, the
parent-child relation may not be obvious due to sampling along long paths.

• One can stop expanding the hierarchy after a number of growing operations as needed.
is contrasts with non-recursive methods where all of the topics must be inferred before
the algorithm stops.

• It is flexible to revise part of a hierarchy with the other remaining parts intact. In non-
recursive methods, the change of the shape of a hierarchy may result in an entirely different
hierarchy.
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• As a network-based analysis method, it can be extended naturally to heterogeneous net-
works, with or without text. e non-recursive methods have intricate generative processes
and are hard to be extended to other networks.
For the data where no text information is available, the method can be applied to find

hierarchical community structures only based on links.

2.1 GENERATIVEMODELFORTEXTORHOMOGENEOUS
NETWORKS

In this section we propose a method for recursively discovering hierarchical topics from text only.
e method is based on analysis with term co-occurrence networks, which are converted from the
collection of documents. e analysis technique can be applied to generic homogeneous networks
(with only one type of nodes and links). For convenience we index all the unique words in this
corpus using a vocabulary of V words.

Given a text corpus, our goal is to construct a topical hierarchy. A topical hierarchy is a tree
of topics, where each child topic is about a more specific theme within the parent topic. Statisti-
cally, a topic t is characterized by a probability distribution over words �t . �t;x D p.xjt / 2 Œ0; 1� is
the probability of seeing the word x in topic t , and

PV
xD1 �t;x D 1. For example, in a topic about

the database research area, the probability of seeing “database,” “system,” and “query” is high, and
the probability of seeing “speech,” “handwriting,” and “animation” is low. is characterization
is advantageous in statistical modeling of text, but is weak in human interpretability, due to two
reasons. First, unigrams (i.e., single words) may be ambiguous, especially across specific topics.
Second, the probability p.xjt / reflects the popularity of a word x in the topic t , but not its dis-
criminating power. For example, a general word “algorithm” may have higher probability than a
discriminative word “locking” in the database topic.

For these reasons, we choose to enhance the topic representation with ranked phrases.
Phrases reduce the ambiguity of unigrams. And the ranking should reflect both their popular-
ity and discriminating power for a topic. For example, the database topic can be described as:
{“database systems,” “query processing,” “concurrency control,” : : :}. A phrase can appear in mul-
tiple topics, though it will have various ranks in them.

Formally, we define a topical hierarchy as follows.

Definition 2.1 Topical hierarchy. A topical hierarchy is defined as a tree T in which each node
is a topic. Every non-leaf topic t has Ct child topics. Topic t is characterized by a probability
distribution over words �t , and visualized as an ordered list of phrases Pt D fPt;1; Pt;2; : : : g,
where Pt;i is the phrase ranked at the i-th position for topic t .

e number of child topics Ct of each topic can be specified as input, or decided automat-
ically by the construction method. In both cases, we assume it is bounded by a small number K,
such as 10. is is for efficient browsing of the topics. e number K is named the width of the
tree T .
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For convenience, we denote a topic using the top-down path from root to this topic. e
root topic is denoted as o. Every non-root topic t is denoted by �t ˇ �t , where �t is the notation of
its parent topic, and �t is the index of t among its siblings. For example, the topic t1 in Figure 2.1
is denoted as oˇ 1, and its child t5 is denoted as oˇ 1ˇ 2. e level ht of a topic t is defined
to be the number of “ˇ” in its notation. So the root topic is at level 0, and t5 is at level 2. e
height h of a tree is defined to be the maximal level over all the topics in the tree. Clearly, the total
number T of topics is upper bounded by KhC1�1

K�1
.

..

t0

.

o

.

t1

.

oˇ 1

.

t2

.

t3

.
t4

.
t5

. oˇ 1ˇ 2.
t6

.
t7

.
t8

.
t9

Topic Word distribu-
tion

Representative
phrase

t0(o) data:0.01, learn-
ing:0.01 …

database system,
machine learning
…

t1(oˇ 1) database:0.05,
system:0.01 …

database system,
management …

t2(oˇ 2) information:0.1,
retrieval:0.05 …

information re-
trieval, web search
…

t3(oˇ 3)
learning:0.11,
classifica-
tion:0.01 …

learning, classifica-
tion, feature selec-
tion …

t4(oˇ 1ˇ 1) query:0.12, pro-
cessing:0.07 …

query processing,
query optimization
…

t5(oˇ 1ˇ 2)
system:0.08,
distributed:0.03
…

distributed
database, con-
currency control
…

Figure 2.1: An example of the topical hierarchy. Each topic can be denoted by the path from root
topic to it.

Now we present a network analysis technique for topical hierarchy construction. Every
topic node t in the topical hierarchy is associated with a term co-occurrence network Gt . e root
node o is associated with the term co-occurrence network Go constructed from the collection of
documents. Go consists of V nodes and a set of links E . A node v 2 ŒV � represents a term, and
a link .i; j / between two nodes represents a co-occurrence of the two terms in a document. e
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number of links eij 2 E between two nodes i and j is equal to the number of co-occurrences of
the two terms. For every non-root node t ¤ o, we construct a subnetwork Gt by clustering the
term co-occurrence network of its parent �t . Gt has all of the nodes from G�t , but only those
links belonging to the particular subtopic t .

We choose to use term co-occurrence network for topic analysis instead of document-term
topic modeling because it naturally supports recursive mining: the clustering result for one topic
can be used as the input when further partitioning the topic into subtopics. We name this method
CATHY (Construct A Topical HierarchY). It produces a topical hierarchy in a top-down, recur-
sive manner.

Step 1. Construct the term co-occurrence network Go from the document collection. Set
t D o.

Step 2. For a topic t , cluster the term co-occurrence network Gt into subtopic subnetworks
Gt=z; z 2 ŒCt �.

Step 3. Recursively apply Step 2 to each subtopic t ˇ z; z 2 ŒCt � to construct the hierarchy
in a top-down fashion.

In the following, we introduce the process of clustering for one topic t . We assume Ct D k.
e value of k can be either specified by users or chosen using a model selection criterion such as
the Bayesian Information Criterion [Schwarz, 1978].

In the term “co-occurrence” network Gt , we assume every co-occurrence of two terms i and
j is attributed to a topic t ˇ z; z 2 ŒCt � D Œk�.us, the total link frequency eij between i and j is
the summation of the number of links between i and j in each of the k topics: et

ij D
Pk

zD1 etˇz
ij .

e goal is thus to estimate etˇz
ij for z D 1 : : : k. is is different from other network analysis

approaches which hard partition their nodes or edges.
To generate a topic-t ˇ z link, we first generate one end node i following a multinomial

distribution p.i jt ˇ z/ D �tˇz;i , and then generate the other end node j with the same multi-
nomial distribution p.j jt ˇ z/ D �tˇz;j . e probability of generating a topic-t ˇ z link .i; j /

is therefore p.i jt ˇ z/p.j jt ˇ z/ D �tˇz;i�tˇz;j .
With this generative assumption for each individual link, we can derive the distribution of

topical frequency for any two terms .i; j /. If we repeat the generation of topic-t ˇ z links for �tˇz

iterations, then the chance of generating a particular topic-t ˇ z link between i and j can bemod-
eled as a Bernoulli trial with the success probability �tˇz;i�tˇz;j . When �tˇz is large, the total
number of successes etˇz

ij approximately follows a Poisson distribution Pois.�tˇz�tˇz;i�tˇz;j /.
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Now we can write down the generative model for random variables etˇz
ij with parameters

�tˇz; �tˇz :

etˇz
ij � Poisson.�tˇz�tˇz;i�tˇz;j /; z D 1; : : : ; k (2.1)
VX

iD1

�tˇz;i D 1; �tˇz;i � 0; �tˇz � 0: (2.2)

e constraints guarantee a probabilistic interpretation. According to the expectation property of
the Poisson distribution, E.etˇz

ij / D �tˇz�tˇz;i�tˇz;j . Also, according to the additive property
of expectations,

E.
X
i;j

etˇz
ij / D

X
i;j

�tˇz�tˇz;i�tˇz;j D �tˇz

X
i

�tˇz;i

X
j

�tˇz;j D �tˇz :

In other words, �tˇz is the total expected number of links in topic t ˇ z.
One important implication due to the additive property of Poisson distribution is that

et
ij D

kX
zD1

etˇz
ij � Poisson.

kX
zD1

�tˇz�tˇz;i�tˇz;j /: (2.3)

So given the model parameters, the probabilities of all observed links are

p.fet
ij gj�; �/ D

Y
i;j 2ŒV �

p.et
ij j�i ; �j ; �/

D
Y

i;j 2ŒV �

.
Pk

zD1 �tˇz�tˇz;i�tˇz;j /
et

ij exp.�
Pk

zD1 �tˇz�tˇz;i�tˇz;j /

et
ij Š

: (2.4)

In this model, the observed information is the total number of links between every pair of
nodes, including zero links and self-links. e parameters which must be learned are the role of
each node in each topic �tˇz;i ; i 2 ŒV �; z D 1; : : : ; k, and the expected number of links in each
topic �tˇz . e total number of free parameters to learn is therefore kV . We learn the param-
eters by the Maximum Likelihood (ML) principle: find the parameter values that maximize the
likelihood in Eq. (2.4). We use the Expectation-Maximization (EM) algorithm that iteratively
infers the model parameters:

E � step W Oetˇz
ij D et

ij

�tˇz�tˇz;i�tˇz;jPk
xD1 �tˇx�tˇx;i�tˇx;j

(2.5)

M � step W
�tˇz D

X
i;j

Oetˇz
ij (2.6)

�tˇz;i D

P
j Oe

tˇz
ij

�tˇz

: (2.7)
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Intuitively, the E-step calculates the expected number of links Oetˇz
ij in each topic t ˇ z

between the terms i and j : the ratio of Oetˇz
ij to et

ij is proportional to its Poisson parameter
�tˇz�tˇz;i�tˇz;j . e M-step calculates the ML parameter estimates: �tˇz;i is the ratio of the
total number of links in topic t ˇ z where one end node is i and �tˇz , which is the sum of the
total expected number of links in topic t ˇ z.

We update Oetˇz
ij ; �tˇz;i ; �tˇz at each iteration. Note that if et

ij … E , we do not need to
calculate Oetˇz

ij because it equals 0. erefore, the time complexity for each iteration is O..jE j C
V /k/ D O.jE jk/. Like other EM algorithms, the solution converges to a local maximum and the
result may vary with different initializations. e EM algorithm may run multiple times with
random initializations to find the solution with the best likelihood. We empirically find that the
EM algorithm generally requires hundreds of iterations to converge. A more scalable method will
be introduced in Chapter 6.

It is important to note that this method naturally supports top-down hierarchical clus-
tering. To further discover subtopics of a topic, we can extract the subnetwork where E tˇz D

fOetˇz
ij j Oe

tˇz
ij � 1g (the expected number of links attributed to that topic, ignoring values less than

1) and then apply the same generative model on the subnetwork. is process repeats recursively
until the desired hierarchy is constructed.

After the hierarchy is discovered, we can use the technique in next chapter to visualize the
topics with topical phrases. A sample output with the DBLP publication titles is visualized in
Figure 2.2.

Root

informa�on retrieval / natural language / machine 

transla�on / ques�on answering…

informa�on 

retrieval / 

ques�on 

answering / 

relevance 

feedback / 

informa�on 

extrac�on…

web 

search / 

search 

engine / 

world wide 

web /

seman�c 

web...

natural 

language/ 

speech 

recogni�on / 

part-of-speech 

tagging / 

language 

modeling…

machine 

transla�on / 

sta�s�cal 

machine 

transla�on / 

word sense 

disambigua�on / 

named en�ty…

query processing / database systems / concurrency 

control / query op�miza�on / data management…

query 

processing / 

query 

op�miza�on / 

deduc�ve 

databases / 

rela�onal 

databases…

concurrency 

control / 

database 

systems / 

distributed 

systems / 

main 

Memory…

ar�ficial 

intelligence / 

knowledge 

base / 

database 

system / 

expert 

system…

data 

management / 

data 

integra�on/ 

data 

warehousing / 

data 

Warehouse…

…
…

Figure 2.2: Sample output from CATHY—topical hierarchy of text only. Each node in the hierarchy
contains a ranked list of phrases.

2.2 GENERATIVEMODELFORHETEROGENEOUS
NETWORK

As we discussed in Chapter 1, digital documentary data collections often contain additional in-
formation beyond plain text. For example, a research paper is linked to its authors and the venue it
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was published. A tweet is linked to its twitter and the hashtags or URLs mentioned in the tweet.
e text linked with multi-typed objects (authors, venues, twitters, hashtags, etc.) form text-rich
heterogeneous information networks.

data

database 

queries

system 

query…

divesh srivastava

jeffrey f. naughton

christos faloutsos

raghu ramakrishnan

surajit chaudhuri…

SIGMOD/

ICDE 

VLDB 

PODS 

CIKM…

model 

retrieval 

learning 

informaEon 

text…

w. bruce croH 

chengxiang zhai

james allan

maarten de rijke

c. lee giles…

SIGIR

ACL 

CIKM

IJCAI

AAAI…
……

Term Author Venue Term Author Venue

Figure 2.3: Sample output from NetClus—clusters of multi-typed entities. Each rounded rectangle
represents one cluster, containing a ranked list of unigrams and two ranked lists of entities.

Few approaches utilize link information from typed entities that may be present in the
data. Conversely, existing methods for heterogeneous network analysis and topic modeling have
demonstrated that multiple types of linked entities improve the quality of topic discovery (e.g.,
NetClus [Sun et al., 2009]), but these methods are not designed for finding hierarchical structures
(see Figure 2.3 for an example output of NetClus).

In this section, we develop a method that makes use of both textual information and het-
erogeneous linked entities to automatically construct multi-typed topical hierarchies. It is an ex-
tension of the generative model for text in the last section.

First, we extend the definition of text-based topical hierarchy to heterogeneous topical hi-
erarchy.

Definition 2.2 Heterogeneous Topical Hierarchy. A heterogeneous topical hierarchy is de-
fined as a tree T in which each node is a topic. Topic t is characterized by a probabilistic distri-
bution for each type of entities, including terms. We assume each node type x has a multinomial
distribution �x;tˇz in each subtopic t ˇ z; z 2 Œk�, such that �x

tˇz;i is the importance of node vx
i

in topic t ˇ z, subject to
P

i �x
tˇz;i D 1. Each node type x also has a multinomial distribution

�x
tˇ0 for the background topic.

Example 2.3 In a computer science publication network, each of the three node types “term,”
“author,” and “venue” has a ranking distribution in each topic in the hierarchy. e distributions
for a hypothetical topic about database may be: (i) term - {database: 0.01, system: 0.005, query:
0.004, …}; (ii) author - {Sujarit Chaudhuri: 0.03, Jeffery F. Naughton: 0.02, …}; and (iii) venue
- {SIGMOD: 0.2, VLDB: 0.25, …}

Second, we extend the definition of edge-weighted network associated with each topic
node from homogeneous network to heterogeneous network. Formally, every topic node t in the
topical hierarchy is now associated with an edge-weighted network Gt D .fV t

xg; fE t
x;yg/, where
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V t
x is the set of type-x nodes in topic t , and E t

x;y is the set of link weights between type x and
type y nodes (x and y may be identical) in topic t . e

x;y;t
i;j 2 E t

x;y represents the weight of the link
between node vx

i of type x and node v
y
j of type y.

To construct the network Go for the root topic o, we convert the text-attached heteroge-
neous information network H D .fVxg; fEx;yg;D/ into a collapsed network. Assume there are
m node types and m2 link types in H . Type-1 nodes are documents. Go is obtained by con-
verting the documents into term co-occurrence links and adding them into the network in H .
Go D .fVxg

m
xD2 [ fVmC1 D ŒV �g; fEx;yg

m
x;yD2 [ fEx;mC1g

mC1
xD2 /. e .mC 1/-th type of nodes in

Go are terms. If an entity is linked to a document in H , then it is linked with all the words in
that document. e link weight between an entity and a word in Go is equal to the summation
of the link weight between the entity and all the documents in H .

Example 2.4 We can construct a collapsed network from the research publications, with m D 3

types of nodes: term, author, and venue; and l D 5 types of links: term-term, term-author, term-
venue, author-author, author-venue. e link weight between every two nodes is equal to the
number of papers where the two objects co-occur.

When there is only text information, the collapsed network reduces to term co-occurrence
network, as we discussed in the last section. When there is no text information, Go D H .

For every non-root node t ¤ o, we construct a subnetwork Gt by clustering the network
G�t of its parent �t . Gt inherits the nodes from G�t , but contains only the fraction of the original
link weights that belongs to the particular subtopic t . In other words, we softly partition the link
weights in Gt into subtopics. Figure 2.4 visualizes the weight of each link in each network and
subnetwork by line thickness (disconnected nodes and links with weight 0 are omitted).

is method is named CATHYHIN (construct a topical hierarchy from heterogeneous
information network). It outputs a heterogeneous topical hierarchy in a top-down, recursive way.

Step 1. Construct the edge-weighted network Go. Set t D o.

Step2. For a topic t , cluster the network Gt into subtopic subnetworks Gtˇz; z 2 ŒCt � using
a generative model.

Step 3. Recursively apply Step 2 to each subtopic t ˇ z; z 2 ŒCt � to construct the hierarchy
in a top-down fashion.

After the hierarchy is discovered, we can use the technique in Chapter 3 to visualize the
topics with topical phrases, and analyze entity roles using the technique in Chapter 4. A sample
output for the DBLP network is visualized in Figure 2.5.

In Section 2.2.1, we describe a unified generative model and present an inference algo-
rithm with a convergence guarantee. In Section 2.2.2, we further extend the approach to allow
different link types to have different degrees of importance in the model (allowing the model to,
for example, decide to pay unequal attention to term co-occurrence information and co-author
information).
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Figure 2.4: An illustration of the CATHYHIN framework. (L) Step 1: CATHYHIN analyses a
node-typed and edge-weighted network, with no central star objects. (M) Step 2: A unified generative
model is used to partition the edge weights into clusters and rank single nodes in each cluster (here,
node rank within each node type is represented by variations in node size). (Rbottom) Step 3: Patterns
of nodes are ranked within each cluster, grouped by type. is step is discussed in Chapter 3. (R top)
Step 4: Each cluster is also an edge-weighted network, and is therefore recursively analyzed. e final
output is a hierarchy, where the patterns of nodes of each cluster have a ranking within that cluster,
grouped by type.
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Figure 2.5: Sample output from CATHYHIN—topical hierarchy of multi-typed entities. Each node
has a ranked list of phrases and two ranked entity lists.
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2.2.1 THEBASICMODEL
We first introduce the basic generative model, which considers all link types to be equally impor-
tant. For a given topic t , we assume Ct D k. e value of k can be either specified by users or
chosen using a model selection criterion. We discuss the choice of k in Section 2.2.3.

We assume every link has a direction. For undirected networks, we convert them to directed
networks by duplicating each link between vx

i and v
y
j in both directions vx

i ! v
y
j and v

y
j ! vx

i .
So this model can be applied to both undirected and directed networks.

To derive the model, we first assume the links between any two nodes can be decomposed
into one or multiple unit-weight links (e.g., a link with weight 2 can be seen as a summation of
two unit-weight links). Later we will discuss the case where the link weight is not an integer.
Each unit-weight link has a topic label, which is either a subtopic t ˇ z; z 2 Œk�, or a dummy
label t ˇ 0, implying the link is generated by a background topic and should not be attributed to
any subtopic of t .

Table 2.1: Notations used in CATHYHIN

Symbol Description

Gt the edge-weighted network associated with topic t

V
t
x the set of nodes of type x in topic t

E
t
x,y the set of non-zero link weights of type (x, y) in topic t

πt the parent topic of topic t

Ct the number of child topics of topic t

o the root topic

m the number of node types

l the number of link types

nx,y the total number of type-x and type-y node pairs that have links

vxi the i-th node of type x

e
x,y,t
i,j the link weight between vxi and v

y
j in topic t

Mt the sum of link weight in topic t:
∑

i,j,x,y e
x,y,t
i,j

M
x,y
t the sum of type-(x, y) link weight in topic t:

∑
i,j e

x,y,t
i,j

φxt the distribution over type-x nodes in topic t

φxt/0 the background distribution over type-x nodes in topic t

ρ the distribution over subtopics

θ the distribution over link types

αx,y the importance of link type (x, y)

Symbol Description

e generative process for a link with unit weight is as follows.

1. Generate the topic label z according to a multinomial distribution �t .

2. Generate the link type .x; y/ according to a multinomial distribution � .

3. If z 2 Œk�:

(a) Generate the first end node u1 from the type-x ranking distribution �x
tˇz .
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(b) Generate the second end node u2 from the type-y ranking distribution �
y
tˇz .

Otherwise, (z D 0):

(a) Generate the first end node u1 from the type-x ranking distribution �x
tˇ0.

(b) Generate the second end node u2 from the type-y ranking distribution �
y
t .

Example 2.5 A link between two terms query and processing in a topic t ˇ z D t ˇ 1 (Database)
may be generated in the following order: (i) generate the topic label z D 1 with probability
�tˇz D 0:2; (ii) generate the link type .x; y/ D .term; term/ according to �x;y D 0:15; (iii) gen-
erate the first end node u1 Dquery from the term distribution �x

tˇz;u1
D 0:004; and (iv) generate

the second end node u2 Dprocessing from the term distribution �
y
tˇz;u2

D 0:001.
is process is repeated for M t times, to generate all the unit-weight links. Note that when

generating a background topic link, the two nodes i and j are not symmetric. e first end node
is a background node, and can have a background topic link with any other nodes based simply
on their importance in the parent topic, irrespective of any subtopic. Highly ranked nodes in the
background topic tend to have a link distribution over all nodes that is similar to their distribution
in the parent topic. is part can be altered if the network follows a different assumption about
the background nodes. See Figure 2.6 for a graphical representation of the model.

u1 u2

x y

θ

φ

z

ρ

M t

Figure 2.6: e generative process of the “unit-weight” links.

With these generative assumptions for each unit-weight link, we can derive the distribution
of link weight for any two nodes .vx

i ; v
y
j /. First, we notice that the total number of topic-t ˇ z
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unit-weight links is expected to be M t�tˇz . It implies that we are expected to repeat the gen-
eration of topic-t ˇ z unit-weight links for M t�tˇz times. Second, we investigate how many
topic-t ˇ z unit-weight links will be generated between two certain nodes vx

i and v
y
j , among all

the topic-t ˇ z links. Consider the event, the two end nodes are vx
i and v

y
j , for each generated

topic-t ˇ z link. It is a Bernoulli trial with success probability �x;y�x
tˇz;i�

y
tˇz;j for z 2 Œk�. When

M t�tˇz is large, the total number of successes e
x;y;tˇz
i;j asymptotically follows a Poisson distri-

bution Pois
�
M t�tˇz�x;y�x

tˇz;i�
y
tˇz;j

�
. Similarly, the total number of background topic links

e
x;y;tˇ0
i;j asymptotically follows a Poisson distribution Pois

�
M t�tˇ0�x;y�x

tˇ0;i�
y
t;j

�
.

One important implication due to the additive property of Poisson distribution is:

e
x;y;t
i;j D

kX
zD0

e
x;y;tˇz
i;j � Poisson

�
M t�x;ys

x;y;t
i;j

�
; (2.8)

where s
x;y;t
i;j D

Pk
zD1 �tˇz�x

tˇz;i�
y
tˇz;j C �tˇ0�x

tˇ0;i�
y
t;j .

is leads to a “collapsed” model as depicted in Figure 2.7. ough we have so far assumed
the link weight to be an integer, this collapsed model remains valid with non-integer link weights
(due to Lemma 2.7, discussed in Section 2.2.2).

e
x,y,t
i,j

φ θ e

∑
x,y |Vt

x||V
t
y |

ei ,j
x,y,t

Figure 2.7: e “collapsed” generative process of the link weights.

Given the model parameters, the probabilities of all observed links are:

p
�
fe

x;y;t
i;j gj�; �; �

�
D

Y
vx

i
;v

y

j

�
M t�x;ys

x;y;t
i;j

�e
x;y;t

i;j exp
�
�M t�x;ys

x;y;t
i;j

�
e

x;y;t
i;j Š

: (2.9)

We learn the parameters by the Maximum Likelihood (ML) principle: Find the parameter
values that maximize the likelihood in Eq. (2.9). First, we take the logarithm and remove the part
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independent of the parameters:

L.�; �; �/ D
X

vx
i

;v
y

j

h
e

x;y;t
i;j log

�
�x;ys

x;y;t
i;j

�
�M t�x;ys

x;y;t
i;j

i
D

X
vx

i
;v

y

j

e
x;y;t
i;j

"
log �x;y C log

 
kX

zD1

�tˇz�x
tˇz;i�

y
tˇz;j C �tˇ0�x

tˇ0;i�
y
t;j

!#

�M t
X

vx
i

;v
y

j

�x;y

 
kX

zD1

�tˇz�x
tˇz;i�

y
tˇz;j C �tˇ0�x

tˇ0;i�
y
t;j

!
:

e gradient method is hard to apply due to the logarithm of summation. We introduce an
auxiliary distribution q

x;y
i;j over subtopics for every link .vx

i ; v
y
j /. ey satisfy

kX
zD0

q
x;y;z
i;j D 1;8vx

i ; v
y
j : (2.10)

Due to Jensen’s inequality, we have:

log
 

kX
zD1

�tˇz�x
tˇz;i�

y
tˇz;j C �tˇ0�x

tˇ0;i�
y
t;j

!
D log

 
kX

zD1

q
x;y;z
i;j

�tˇz�x
tˇz;i�

y
tˇz;j

q
x;y;z
i;j

C q
x;y;0
i;j

�tˇ0�x
tˇ0;i�

y
t;j

q
x;y;0
i;j

!
�

kX
zD1

q
x;y;z
i;j log

�tˇz�x
tˇz;i�

y
tˇz;j

q
x;y;z
i;j

C q
x;y;0
i;j log

�tˇ0�x
tˇ0;i�

y
t;j

q
x;y;0
i;j

where the equality holds if and only if:

�tˇz�x
tˇz;i�

y
tˇz;j

q
x;y;z
i;j

D
�tˇ0�x

tˇ0;i�
y
tˇj

q
x;y;0
i;j

;8z D 1; : : : ; k: (2.11)

We define an auxiliary function F.q; �; �; �/:

F .q; �; �; �/ DX
vx

i
;v

y

j

e
x;y;t
i;j

 
log �x;y C

kX
zD1

q
x;y;z
i;j log

�tˇz�x
tˇz;i�

y
tˇz;j

q
x;y;z
i;j

C q
x;y;0
i;j log

�tˇ0�x
tˇ0;i�

y
t;j

q
x;y;0
i;j

!

�M t
X

vx
i

;v
y

j

�x;y

 
kX

zD1

�tˇz�x
tˇz;i�

y
tˇz;j C �tˇ0�x

tˇ0;i�
y
t;j

!
:
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F can be maximized by iteratively applying two alternating steps: (i) Fix �; �; �, choose
q to optimize F ; and (ii) fix q, choose �; �; � to optimize F . For (i), Eq. (2.11) and Eq. (2.10)
together imply:

q
x;y;z
i;j .�; �; �/ D

�tˇz�x
tˇz;i�

y
tˇz;jPk

cD1 �tˇc�x
tˇc;i�

y
tˇc;j C �tˇ0�x

tˇ0;i�
y
t;j

; z D 1; : : : ; k (2.12)

q
x;y;0
i;j .�; �; �/ D

�tˇ0�x
tˇ0;i�

y
t;jPk

cD1 �tˇc�x
tˇc;i�

y
tˇc;j C �tˇ0�x

tˇ0;i�
y
t;j

: (2.13)

For (ii), we use the Lagrange multiplier method to incorporate the probability constraints
for �; �, and �. e gradient method yields a closed-form solution:

�x;y.q/ D

P
vx

i
;v

y

j
e

x;y;t
i;j

M t
(2.14)

�t;z.q/ D

P
vx

i
;v

y

j
e

x;y;t
i;j q

x;y;z
i;j

M t
(2.15)

�x
t=z;i .q/ D

P
v

y

j
.e

x;y;t
i;j q

x;y;z
i;j C e

y;x;t
j;i q

y;x;z
j;i /P

vx
u ;v

y

j
.e

x;y;t
u;j q

x;y;z
u;j C e

y;x;t
j;u q

y;x;z
j;u /

; z D 1; : : : ; k (2.16)

�x
t=0;i .q/ D

P
v

y

j
e

x;y;t
i;j q

x;y;0
i;jP

vx
u ;v

y

j
e

x;y;t
u;j q

x;y;0
u;j

: (2.17)

During the iterations, the value of function F keeps non-decreasing. Let
q.a/; � .a/; �.a/; �.a/ denote the parameter values after the a-th iteration. We then have:
L.� .a/; �.a/; �.a// D F.q.aC1/; � .a/; �.a/; �.a//. erefore, the value of L.� .a/; �.a/; �.a//

also keeps non-decreasing during the iterations. Since the function L is upper bounded,
L.� .a/; �.a/; �.a// eventually converges to a local maximum.

is solution is similar to an Expectation-Maximization (EM) algorithm that is used for
ML inference for many statistical models. In fact, we have the following theorem.

eorem2.6 e solution Eqs. (2.12)–(2.17) derived from the collapsed model (Figure 2.6) is equiv-
alent to an EM solution derived from the unrolled model (Figure 2.7).

Proof. In the unrolled model, the likelihood of a unit-weight link can be written as:

p.x; y; u1; u2j�; �; �; t/ D p.x; yj�/
X

z

p.zj�t /p.u1jx; t ˇ z; �/p.u2jy; t ˇ z; �/

in which the topic z is a latent variable. e EM algorithm iteratively applies the following two
steps.
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Expectation step (E-step). Calculate the expected value of the log likelihood function with re-
spect to the conditional distribution of latent variables given observed variables under the current
estimate of the parameters � .a/; �.a/; �.a/:

Q.�; �; �j� .a/; �.a/; �.a//

D
X

x;y;u1;u2

X
z

p.zjx; y; t; u1; u2; � .a/; �.a/; �.a// log p.x; y; u1; u2jt ˇ z; �; �; �/

D
X

x;y;u1;u2

X
z

p.zjx; y; t; u1; u2; � .a/; �.a/; �.a// log p.x; yj�/p.u1jt ˇ z; �/p.u2jt ˇ z; �/:

Applying Bayes’ theorem, we have:

p.zjx; y; u1; u2; � .a/; �.a/; �.a/; t / D
p.z; x; y; u1; u2j�

.a/; �.a/; �.a/; t /

p.x; y; u1; u2j� .a/; �.a/; �.a/; t /

D
p.x; yj� .a/p.zj�

.a/
t /p.u1jt ˇ z; �.a//p.u2jt ˇ z; �.a//P

c p.x; yj� .a//p.cj�
.a/
t /p.u1jt ˇ c; �.a//p.u2jt ˇ c; �.a//

D
p.zj�

.a/
t /p.u1jt ˇ z; �.a//p.u2jt ˇ z; �.a//P

c p.cj�
.a/
t /p.u1jt ˇ c; �.a//p.u2jt ˇ c; �.a//

D

8̂̂<̂
:̂

�tˇz�x
tˇz;u1

�
y
tˇz;u2Pk

cD1 �tˇc�x
tˇc;u1

�
y
tˇc;u2

C�tˇ0�x
tˇ0;u1

�
y
t;u2

z 2 Œk�

�tˇ0�x
tˇ0;u1

�
y
t;u2Pk

cD1 �tˇc�x
tˇc;u1

�
y
tˇc;u2

C�tˇ0�x
tˇ0;u1

�
y
tˇu2

z D 0:
(2.18)

We omit the superscript .a/ in Eq. (2.18). Comparing Eq. (2.18) with Eqs. (2.12) and (2.13),
we find that the auxiliary distribution q we introduced above is actually equal to the posterior
distribution over the topics on each link. Now we can write Q as:

Q.�; �; �j� .a/; �.a/; �.a//

D
X

x;y;u1;u2

X
z

p.zjx; y; u1; u2; � .a/; �.a/; �.a/; t / log p.x; yj�/p.u1jt ˇ z; �/p.u2jt ˇ z; �/

D
X

x;y;e
x;y;t

i;j
2Et

x;y

e
x;y;t
i;j

 
kX

zD1

q
x;y;z
i;j

.a/ log �x
tˇz;i�

y
tˇz;j C q

x;y;0
i;j

.a/ log �x
tˇ0;i�

y
t;j C log �x;y

!
:

Maximization step (M-step). Find the parameters that maximize Q:

� .aC1/; �.aC1/; �.aC1/
D arg max

�;�;�
Q.�; �; �j� .a/; �.a/; �.a//:
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Using the Lagrange multiplier method, we can obtain the solution:

� .aC1/
x;y D

P
e

x;y;t

i;j
2Et

x;y
e

x;y;t
i;j

M t
(2.19)

�
.aC1/
tˇz D

P
e

x;y;t

i;j
2Et

x;y
e

x;y;t
i;j q

x;y;z
i;j

.a/

M t
(2.20)

�x
tˇz;i

.aC1/
D

P
e

x;y;t

i;j
2Et

x;y
e

x;y;t
i;j q

x;y;z
i;j

.a/
C
P

e
y;x;t

j;i
2Et

y;x
e

y;x;t
j;i q

y;x;z
j;i

.a/P
e

x;y;t

u;j
2Et

x;y
e

x;y;t
u;j q

x;y;z
u;j

.a/
C
P

e
y;x;t

j;u
2Et

y;x
e

y;x;t
j;u q

y;x;z
j;u

.a/
(2.21)

�x
tˇ0;i

.aC1/
D

P
e

x;y;t

i;j
2Et

x;y
e

x;y;t
i;j q

x;y;0
i;j

.a/

P
e

x;y;t

u;j
2Et

x;y
e

x;y;t
u;j q

x;y;0
u;j

.a/
: (2.22)

It is easy to verify the equivalence of Eqs. (2.19)–(2.22) and Eqs. (2.14)–(2.17).
is theorem shows that we can derive the same solution from both the unrolled generative

model and the collapsed model. e unrolled model is natural and intuitive, but the collapsed
model is easier for extension, as we will see in the next subsection.

e theorem also incarnates q as a posterior distribution over the topics on each link. Based
on this, we can calculate the expected number of topic-t ˇ z links between every two nodes:

Oe
x;y;tˇz
i;j D e

x;y;t
i;j q

x;y;z
i;j : (2.23)

en we have the update rules based on Oex;y;z
i;j .

• E-step:

Oe
x;y;tˇz
i;j D

e
x;y;t
i;j �tˇz�x

tˇz;i�
y
tˇz;jPk

cD1 �t;c�x
tˇc;i�

y
tˇc;j C �tˇ0�x

tˇ0;i�
y
t;j

(2.24)

Oe
x;y;tˇ0
i;j D

e
x;y;t
i;j �tˇ0�x

tˇ0;i�
y
t;jPk

cD1 �tˇc�x
tˇc;i�

y
tˇc;j C �tˇ0�x

tˇ0;i�
y
t;j

: (2.25)
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• M-step:
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j
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x;y;t
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M t
(2.26)
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Oe
x;y;tˇ0
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ese equations are intuitive. In the E-step, the expected link weight of each subtopic Oe is
calculated from the posterior distribution q given the current parameter estimates. is can be
viewed as soft clustering of links. In the M-step, the parameters are re-estimated based on the
link clustering: the link type weight �x;y is calculated as dividing the total link weight of type
.x; y/ by the total link weight; the topic distribution �t is estimated by the expected number of
links in each subtopic; and the ranking distribution over nodes in each topic t ˇ z is estimated
by the total number of topic-t ˇ z links associated these nodes.

We update Oe; �; � at each iteration because �x;y is a constant. e EM algorithm can be
executed multiple times with random initializations, and the solution with the best likelihood will
be chosen.

e subnetwork for topic t ˇ z is naturally extracted from the estimated Oe (expected link
weight attributed to each topic). For efficiency purposes, we remove links whose weight is less
than 1, and then filter out all resulting isolated nodes. We can then recursively apply the same
generative model to the constructed subnetworks until the desired hierarchy is constructed.

2.2.2 LEARNINGLINK-TYPEWEIGHTS
e generative model described above does not differentiate between the importance of different
link types. However, we may wish to discover topics that are biased toward certain types of links,
and the bias may vary at different levels of the hierarchy. For example, in the computer science
domain, the links between venues and other entities may be more important indicators than other
link types in the top level of the hierarchy; however, these same links may be less useful for
discovering sub-areas in the lower levels (e.g., authors working in different sub-areas may publish
in the same venue).

We therefore extend the basic model to capture the importance of different link types. We
introduce a link-type weight ˛x;y > 0 for each link type .x; y/. We use these weights to scale a
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link’s observed weight up or down, so that a unit-weight link of type .x; y/ in the original network
will have a scaled weight ˛x;y . us, a link of type .x; y/ is valued more when ˛x;y > 1, less when
0 < ˛x;y < 1, and becomes negligible as ˛x;y approaches 0.

When the link type weights ˛x;y are specified for the model, the EM inference algorithm
is unchanged, with the exception that all the e

x;y;t
i;j in the update equations should be replaced

by ˛x;ye
x;y;t
i;j . When all ˛x;y ’s are equal, the weight-learning model reduces to the basic model.

Most of the time, the weights of the link types will not be specified explicitly by users, and must
therefore be learned from the data.

We first note an important property of the model, justifying our previous claim that link
weights need not be integers.

Lemma 2.7 Scale-invariant e EM solution is invariant to a constant scale-up of all the link
weights. at is, if we replace all the e

x;y;t
i;j with ce

x;y;t
i;j , all the resulting q

x;y;z
i;j ; �tˇz; �x;y and �x

tˇz;i

remain unchanged for topic t as well as for all the descendant topics of t .
e proof is straightforward by induction.
With the scale-invariant property on the link weights, we can prove the following theorem.

eorem 2.8 For a set of l positive numbers ˛x;y > 0, there exist another set of l positive num-
bers ˇx;y > 0, such that the EM solution based on link weights ˛x;y and ˇx;y are identical, andQ

e
x;y;t

i;j
>0

e
x;y;t
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i;j /.
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/
, N D

P
x;y nx;y . We define:

ˇx;y � �
1
N ˛x;y : (2.30)

e scale-invariant property implies that the EM solution based on link weights ˛x;y and
ˇx;y are identical. So we have:Y

e
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.ˇx;ye
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i;j / D
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e
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i;j : (2.31)

With this theorem, we can assume thatw.l.o.g., the product of all the non-zero link weights
remains invariant before and after scaling:Y

e
x;y;t

i;j
>0

e
x;y;t
i;j D

Y
e

x;y;t

i;j
>0

.˛x;ye
x;y;t
i;j / (2.32)
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which reduces to
Q

x;y ˛
nx;y
x;y D 1, where nx;y D jE t

x;y j is the number of non-zero links with type
.x; y/. With this constraint, we maximize the likelihood p.fe

x;y;t
i;j gj�; �; �; ˛/:
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(2.33)

s:t:
Y
x;y

˛
nx;y
x;y D 1; ˛x;y > 0; (2.34)

where M t
x;y D

P
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i
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j
e

x;y;t
i;j is the total weight for type .x; y/ links. With Sterling’s approxima-

tion nŠ � .n
e
/n
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2�n, we rewrite the log likelihood:
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X
x;y

nx;y log ˛x;y D 0: (2.36)

Using the Lagrange multiplier method, we can find the optimal value for ˛ when the other pa-
rameters are fixed:
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With some transformation of the denominator:
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we can see more clearly that the link type weight is negatively correlated with two factors: the
average link weight M t

x;y

nx;y
and the KL-divergence of the expected link weight distribution to the

observed link weight distribution
P
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. e first factor is used to balance
the scale of link weights of different types (e.g., a type-1 link always has X times greater weight
than a type-2 link). e second factor measures the importance of a link type in the model. e
more the prediction diverges from the observation, the worse the quality of a link type.

erefore, we have the following iterative algorithm for optimizing the joint likelihood.
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1. Initialize all the parameters.

2. Fixing ˛, update �; � using EM equations:
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x;y;z
i;j D

˛x;ye
x;y;t
i;j �tˇz�x

tˇz;i�
y
tˇz;jPk

cD1 �tˇc�x
tˇc;i�

y
tˇc;j C �tˇ0�x

tˇ0;i�
y
t;j
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3. Fixing �; �, update ˛ using Eq. (2.37).

4. Repeat Steps 2 and 3 until the likelihood converges.

For each iteration, the time complexity is O.
P

x;y nx;y/, that is, linear to the total number
of non-zero links. e likelihood is guaranteed to converge to a local optimum. Once again, a
random initialization strategy can be employed to choose a solution with the best local optimum.

It is important to note that the learned link weights indicate the overall importance of
a type in the following sense: how much the original link weight of each type should be re-
scaled. A larger link weight corresponds to a link type that should be counted more when we
fit the likelihood of the observation. If we want to see the subtle difference of the importance
for each individual link, a possible modeling strategy is to parameterize the link weights ˛x;y

(e.g., according to the attributes or topological features of nodes such as their degree or weighted
degree).

2.2.3 SHAPEOFHIERARCHY
In this section, we discuss the following issues that affect the shape of the constructed hierarchy.

• Number of children for each topic. Since our framework is recursive, the shape of the tree
is essentially determined by how many children each node has, that is, how many subtopics
each topic has. For every topic, our model can work with an arbitrary number of subtopics
that is larger than 1. However, it may be more reasonable to have a certain number of
subtopics than others. In general, we prefer each topic to have a small number of subtopics
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(e.g., between 2 and 10) tomake it easy for browsing. For example, if the root has 5 subtopics
and each of them has 4 subtopics, the 3 level hierarchy is in general easier to browse than
directly showing all 20 topics under the root.
Given a range of the numbers of subtopics, such as Œ2; 10�, we would like to choose a reason-
able number of children k for each topic. It is a model selection problem. Among various
model selection strategies in the literature, we select two of them and introduce how they
can be adapted for our model.
e first strategy was proposed by Smyth [2000] to adopt cross-validation to choose the
parameter K. In our setting, we can first fit the generative model to a sampled subnetwork
H t of the given network Gt . en we evaluate the likelihood of the model on the rest part
of the network Gt �H t , which is called the held-out network. By checking the averaged
held-out likelihood with varying number of sub-clusters, the parameter with the maximum
value will be chosen as the best candidate.
e second strategy is based on the Bayesian information criterion (BIC). A similar criterion
is Akaike information criterion (AIC). Both BIC and AIC resolve the overfitting problem.
When we increase the number of topics k, it is possible to increase the likelihood, but may
result in overfitting because the model will have a larger number of parameters. BIC and
AIC introduce a penalty term for the number of parameters in the model, and the penalty
term is larger in BIC than in AIC. Using BIC, the measure for our model is defined as:

BIC D �2 log p
�
fe

x;y;t
i;j gj�; �; �

�
C j�; �; �j � log jE t

j;

where j�; �; �j is the number of free parameters in the model and jE t j refers to the size of
observed links. As we only care about the number of topics k, j�; �; �j can be reduced to
jV t jk plus a constant independent of k, where jV t j is the number of nodes. We can then
select k with the largest BIC score.
BIC is derived under the assumption that the data distribution is in the exponential family.
Cross validation only assumes that the sampled network and the held-out network are gen-
erated from the same model. Comparing these two criteria, we generally recommend cross
validation over BIC when there are sufficient data. However, when the network is small,
cross validation is prone to high variation and BIC can be used as an alternative.

• Depth of the hierarchy.A simple and intuitive strategy to decide the depth of the hierarchy
is to rely on the selected number of children mentioned above. For example, if the best
number of topics is k D 1, it implies we should stop expanding the current topic node. In
practice, we can set a threshold on the largest depth of the tree, as well as the size of the
network. Once the tree has reached the maximal depth, or the size of the network in current
topic is too small, we can terminate the recursion. A general implication is that the more
children each node has, the less deep the final hierarchy will be.
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• Balance of subtree size. e distribution of �t ’s determines the size of subtrees. e more
evenly distributed �t ’s are, the more balanced the subtrees. Generally, we would like to
generate a balanced tree because it is efficient for browsing. If this is the case, we should
randomly initialize the topic of each link from a uniform distribution. In case one would
like to generate a skewed hierarchy, the random initialization of each link’s topic distribu-
tion should follow a non-uniform multinomial, which can be generated from a Dirichlet
prior. Our model can be extended into a Bayesian framework, which can incorporate con-
jugate prior for all the parameters. e shape of the hierarchy can then be controled by the
hyperparameters of the prior.

2.3 EMPIRICALANALYSIS

Table 2.2: # Links in CATHYHIN datasets

DBLP (# Nodes) Term (6,998) Author (12,886) Venue (20)

Term 693,132 900,201 104,577

Author – 156,255 99,249

NEWS (# Nodes) Term (13,129) Person (4,555) Location (3,845)

Term 686,007 386,565 506,526

Person – 53,094 129,945

Location – – 85,047

DBLP (# Nodes)

NEWS (# Nodes)

Term (6,998) Author (12,886) Venue (20)

Term (13,129) Person (4,555) Location (3,845)

e lack of gold standard is a known issue for unsupervised topic modeling methods. As
such, people have proposed evaluation metrics without relying on labels. We leverage the existing
evaluation metrics, pointwise mutual information [Newman et al., 2010] and intrusion detec-
tion [Chang et al., 2009] that are proved to be effective in text-based topic modeling, and modify
them to evaluate the multi-typed topic hierarchy. e metrics can be used to compare different
methods in arbitrary datasets.

We evaluate the performance of the introduced methods on two datasets (see Table 2.2 for
summary statistics of the constructed networks).

• DBLP:We take 33,313 recently published computer science papers from a subset of DBLP,
which contain papers published in 20 conferences related to the areas of Artificial Intelli-
gence, Databases, Data Mining, Information Retrieval, Machine Learning, and Natural
Language Processing. We construct a heterogeneous network with three node types: term
(from paper title), author and venue, and five link types: term-term, term-author, term-
venue, author-author, and author-venue. As a paper is always published in exactly one venue,
there can naturally be no venue-venue links.
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• NEWS: We take 43,168 news articles on 16 top stories in 2013 from Google News. Text
contents are extracted from html pages by heuristic rules, and an information extraction
algorithm [Li et al., 2013] is used to extract entities. e 16 topics are: Bill Clinton, Boston
Marathon, Earthquake, Egypt, Gaza, Iran, Israel, Joe Biden, Microsoft, Mitt Romney,
Nuclear power, Steve Jobs, Sudan, Syria, Unemployment, US Crime. We construct a het-
erogeneous network with three node types: term (from article title), person and location,
and six link types: term-term, term-person, term-location, person-person, person-location,
and location-location.
e evaluation is twofold: (i) we evaluate the efficacy of subtopic discovery given a topic

and its associated heterogeneous network; and (ii) we perform several “intruder detection” tasks
to evaluate the quality of the constructed hierarchy based on human judgment.

2.3.1 EFFICACYOF SUBTOPICDISCOVERY
We first present a set of experiments designed to evaluate just the subtopic discovery step (Step
2 in Section 2.2). It is the fundamental element of the recursive framework.
Evaluation measure: We extend the pointwise mutual information (PMI) metric in order to
measure the quality of the multi-typed topics. e metric of pointwise mutual information PMI
has been proposed by Newman et al. [2010] as a way of measuring the semantic coherence of top-
ics. It is generally preferred over other quantitative metrics such as perplexity or the likelihood of
held-out data. In order to measure the quality of the multi-typed topics, we extend the definition
of PMI as follows.

For each topic, PMI calculates the average relatedness of each pair of the words ranked at
top-K:

PMI.v ; v/ D
2

K.K � 1/

X
1�i<j �K

log p.vi ; vj /

p.vi /p.vj /
; (2.44)

where PMI 2 Œ�1;1� and v are the top K most probable words of the topic. PMI D 0 implies
that these words are independent; PMI > 0 .< 0/ implies they are overall positively (negatively)
correlated.

However, the multi-typed topic contains not only words, but also other types of entities.
So we define heterogeneous pointwise mutual information as:
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where vx are the top K most probable type-x nodes in the given topic. When x D y, HPMI
reduces to PMI. e HPMI-score for every link type .x; y/ is calculated and averaged to obtain
an overall score. We set K D 20 for all node types.¹
¹e one exception is venues, as there are only 20 venues in the DBLP dataset, so we set K D 3 in this case.
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Methods for comparison:

• CATHYHIN (equal weight) – e weight for every link type is set to be 1.

• CATHYHIN (learn weight) – e weight of each link type is learned, as described in
Section 2.2.2. No parameters need hand tuning.

• CATHYHIN (norm weight) – e weight of each link type is explicitly set as: ˛x;y D
1P

i;j e
x;y

i;j

. is is a heuristic normalization which forces the total weight of the links for
each link type to be equal.

• NetClus – A state-of-the-art clustering and ranking method for heterogeneous networks.
e link-type weight learning method for CATHYHIN does not apply to NetClus because
NetClus does not have a single objective function to optimize.

• TopK – Select the top K nodes from each type according to their frequency to form a
pseudo topic. is method serves as a baseline value for the proposed HPMI metric.

We discover the subtopics of four datasets:

• DBLP (20 conferences) – Aforementioned DBLP dataset. is dataset is used for evaluat-
ing the performance when constructing the first level of the hierarchy.

• DBLP (database area) – A subset of the DBLP dataset consisting only of papers published
in five database conferences. By using this dataset, we analyze the quality of discovered
subtopics in a lower level of the hierarchy.

• NEWS (16 topics) – Aforementioned NEWS dataset.

• NEWS (4 topic subset) – A subset of the NEWS dataset limited to 4 topics, which center
around different types of entities: Bill Clinton, Boston Marathon, Earthquake, Egypt.

We show the heterogeneous pointwise mutual information averaged over the learned topics
in Tables 2.3 and 2.4, our generative model consistently posts a higher HPMI score than Net-
Clus (and TopK) across all links types in every dataset. Although NetClus HPMI values are better
than the TopK baseline, the improvement of our best performing method—CATHYHIN (learn
weight)—over the TopK baseline are better than the improvement posted by NetClus by fac-
tors ranging from 2–5.8. Even the improvement over the TopK baseline of CATHYHIN (equal
weight), which considers uniform link type weights, is better than the improvement posted by
NetClus by factors ranging from 1.6–4.6.

CATHYHIN with learned link-type weights consistently yields the highest overall HPMI
scores, although CATHYHIN with normalized link type weights sometimes shows a slightly
higher score for particular link types (e.g., Author-Author for both DBLP datasets, and Person-
Person for both NEWS datasets). CATHYHIN (norm weight) assigns a high weight to a link
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Table 2.3: Heterogeneous pointwise mutual information in DBLP (20 conferences and database area)

)

DBLP (Database Area)
Term-

Term

Term-

Author

Author-

Author

Term-

Venue

Author-

Venue
Overall

Top K -0.5228 -0.1069 0.4545 0.0348 -0.3650 -0.0761

NetClus -0.3962 0.0479 0.4337 0.0368 -0.2857 0.0260

CATHYHIN (equal weight) 0.0561 0.4799 0.6496 0.0722 -0.0033 0.3994

CATHYHIN (norm weight) -0.1514 0.3816 0.6971 0.0408 0.2464 0.3196

CATHYHIN (learn weight) 0.3027 0.6435 0.5574 0.1165 0.1805 0.5205

DBLP (20 Conferences)
Term-

Term

Term-

Author

Author-

Author

Term-

Venue

Author-

Venue
Overall

Top K -0.4825 -0.0204 0.5466 -1.0051 -0.4208 -0.0903

NetClus -0.1995 0.5186 0.5404 0.2851 1.2659 0.4045

CATHYHIN (equal weight) 0.2936 0.8812 0.6595 0.5191 1.0466 0.6949

CATHYHIN (norm weight) 0.1825 0.8674 0.9476 0.7472 1.3307 0.7601

CATHYHIN (learn weight) 0.4964 1.0618 0.7161 1.1283 1.7511 0.9168

DBLP (Database Area) 

DBLP (20 Conferences)

Term-

Term

Term-

Author

Author-

Author

Term-

Venue

Author-

Venue
Overall

Term-

Term

Term-

Author

Author-

Author

Term-

Venue

Author-

Venue
Overall

type whose total link weights were low in the originally constructed network, pushing the dis-
covered subtopics to be more dependent on that link type. Normalizing the link-type weights
does improve CATHYHIN performance in many cases, as compared to using uniform link-type
weights. However, this heuristic determines the link type weight based solely on their link den-
sity. It can severely deteriorate the coherence of desne but valuable link types, such as Term-Term
in both DBLP datasets, and rely too heavily on sparse but uninformative entities, such as Venues
in the Database subtopic of the DBLP dataset.

Figure 2.8 demonstrates the learned link weights by CATHYHIN (learn weight) on DBLP
datasets. At the first level, the term-venue and author-venue link types are assigned high weight,
because the venue is a most important discriminator for general areas. At the second level, the
venue links are much less useful for discovering subtopics in each area.

We may conclude from these experiments that CATHYHIN’s unified generative model
consistently outperforms the state-of-the-art heterogeneous network analysis technique NetClus.
In order to generate coherent, multi-typed topics at each level of a topical hierarchy, it is important
to learn the optimal weights of different entity types, which depends on the link-type density, the
granularity of the topic to be partitioned, and the specific domain.

2.3.2 TOPICALHIERARCHYQUALITY
e second set of evaluations assesses the ability of the method to construct a hierarchy of multi-
typed topics that human judgement deems to be high quality. We generate and analyze multi-
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Table 2.4: Heterogeneous pointwise mutual information in NEWS (16 topics collection and 4 topics
subset)

NEWS (4

topics subset)

Term-

Term

Term-

Person

Person-

Person

Term-

Location

Person-

Location

Location-

Location
Overall

TopK -0.2479 0.1671 0.0716 0.0787 0.2483 0.3632 0.1317

NetClus 0.1279 0.3835 0.2909 0.3240 0.4728 0.4271 0.3575

CATHYHIN

(equal weight)
1.0471 0.7917 0.4902 0.8506 0.6821 0.6586 0.7610

CATHYHIN

(norm weight)
0.7975 0.8825 0.5553 0.8682 0.8077 0.7346 0.8023

CATHYHIN

(learn weight)
0.9935 0.9354 0.5142 0.9784 0.7389 0.7645 0.8434

NEWS (16

topics)

Term-

Term

Term-

Person

Person-

Person

Term-

Location

Person-

Location

Location-

Location
Overall

TopK -1.7060 -0.8663 -0.8462 -1.0238 -0.5665 -0.4578 -0.8783

NetClus -0.3847 0.0943 0.0313 -0.1114 0.1291 0.1376 -0.0274

CATHYHIN

(equal weight)
0.7804 1.0170 0.8393 0.8354 0.9467 0.6382 0.8749

CATHYHIN

(norm weight)
0.8579 1.1143 0.9086 0.8530 0.9624 0.7143 0.9284

CATHYHIN

(learn weight)
0.9234 1.1109 0.7966 0.9731 0.9718 0.6965 0.9500

NEWS (4

topics subset)

Term-

Term

Term-

Author

Person-

Person

Term-

Location

Person-

Location

Location-

Location
Overall

Term-

Term

Term-

Author

Person-

Person

Term-

Location

Person-

Location

Location-

Location
Overall

NEWS (16

topics subset)

typed topical hierarchies using the DBLP dataset (20 conferences) and the NEWS dataset (16
topics collection).

We design three Intruder Detection tasks for human evaluation. Each task involves a set of
questions asking humans to discover the “intruder” object from several options. ree annotators
manually completed each task, and their evaluation scores were pooled.

e first task is Phrase Intrusion, which evaluates how well the hierarchies are able to
separate phrases in different topics. Each question consists of X (X D 5 in our experiments)
phrases; X � 1 of them are randomly chosen from the top phrases of the same topic and the
remaining phrase is randomly chosen from a sibling topic. e second task is Entity Intrusion, a
variation that evaluates how well the hierarchies are able to separate entities present in the dataset
in different topics. For each entity type, each question consists of X entity patterns; X � 1 of them
are randomly chosen from the top patterns of the same topic and the remaining entity pattern
is randomly chosen from a sibling topic. is task is constructed for each entity type in each
dataset (Author and Venue in DBLP; Person and Location in NEWS). e third task is Topic
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Figure 2.8: Learned link weights in DBLP.

Intrusion, which tests the quality of the parent-child relationships in the generated hierarchies.
Each question consists of a parent topic t and X candidate child topics. X � 1 of the child topics
are actual children of t in the generated hierarchy, and the remaining child topic is not. Each topic
is represented by its top 5 ranked patterns of each type—e.g., for the NEWS dataset, the top 5
phrases, people, and locations are shown for each topic.

For DBLP, we generate 210 phrase intrusion questions, 210 entity instrusion questions for
both author and venue type, and 60 topic intrusion questions. For NEWS, we generate 280 phrase
intrusion questions, 280 entity instruction questions for both person and location type, and 100
topic intrusion questions. Figure 2.9 shows examples of generated questions in DBLP. For each
question, 3 human annotators with background knowledge of computer science and news select
the intruder phrase, entity, or subtopic. If they are unable to make a choice, or choose incorrectly
or inconsistently, the question is marked as a failure.

Methods for comparison:

• CATHYHIN – As defined in Section 2.2.

• CATHYHIN₁ – e pattern length of text and every entity type is restricted to 1

• CATHY – As defined in Section 2.1, the hierarchy is constructed only from textual infor-
mation.
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• CATHY₁ – e phrase length is restricted to 1.

• CATHYheuristic_HIN – Since neither CATHY nor CATHY₁ provides topical ranks for
entities, we construct this method to have a comparison for the Entity Intrusion task. We
use a heuristic entity ranking method based on the textual hierarchy generated by CATHY,
and the original links in the network (see Chapter 4).

• NetClusphrase – NetClus is used for subtopic discovery, followed by the topical mining
and ranking method of CATHYHIN, as described in Chapter 3.

• NetClusphrase_₁ – Equivalent to NetClusphrase with the phrase length restricted to 1.

• NetClus – As defined in Sun et al. [2009].

e optimal smoothing parameter for NetClus is �S D 0:3 and 0:7 in DBLP and NEWS,
respectively.

Table 2.5 displays the results of the intruder detection tasks. For the Entity Intrusion task
on the DBLP dataset, we restricted the entity pattern length to 1 in order to generate mean-

Phrase Intrusion

Question 1/210 data mining

natural language

database systems

data management

query processing

management system

data system

web search

search engine

semantic web

search results

web pages

data management

data integration

data sources

data warehousing

data applications

query processing

query optimization

query databases

relational databases

query data

database system

database design

expert system

management system

design system

KDD SDM

EMNLP ACL

ICDE

AAAI

ICDM

HLT-NAACL

query optimization data management database sstems

association rules logic programs data streams

Question 2/210

Question 1/210

Question 1/60

Parent topic Child topic 1 Child topic 2 Child topic 3 Child topic 3

Question 2/210

Venue Intrusion

Topic Intrusion

Figure 2.9: Examples of Intruder Detection questions.
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ingful questions. is renders the methods CATHYHIN₁ and NetClusphrase_₁ equivalent to
CATHYHIN and NetClusphrase, respectively, so we omit the former methods from reporting.

Table 2.5: Results of Intruder Detection tasks (% correct intruders identified)

DBLP NEWS

Phrase Venue Author Topic Phrase Location Person Topic

CATHYHIN 0.83 0.83 1.0 1.0 0.65 0.70 0.80 0.90

CATHYHIN1 0.64 – – 0.92 0.40 0.55 0.50 0.70

CATHY 0.72 – – 0.92 0.58 – – 0.65

CATHY1 0.61 – – 0.92 0.23 – – 0.50

CATHYheur HIN – 0.78 0.94 0.92 – 0.65 0.45 0.70

NetCluspattern 0.33 0.78 0.89 0.58 0.23 0.20 0.55 0.45

NetCluspattern 1 0.53 – – 0.58 0.20 0.45 0.30 0.40

NetClus 0.19 0.78 0.83 0.83 0.15 0.35 0.25 0.45

DBLP NEWS

Experiment results:ePhrase Intrusion task performsmuch better when phrases are used rather
than unigrams, for both CATHYHIN and CATHY, on both datasets. e NEWS dataset ex-
hibits a stronger preference for phrases, as opposed to the DBLP dataset, which may be due to the
fact that the terms in the NEWS dataset are more likely to be noisy and uninformative outside
of their context, whereas the DBLP terms are more technical and therefore easier to interpret.
is characteristic may also help explain why the performance of every method on DBLP data
is consistently higher than on NEWS data. However, neither phrase mining and ranking nor
unigram ranking can make up for poor performance during the topic discovery step, as seen in
the three NetClus variations. erefore, both phrase representation and high quality topics are
necessary for good topic interpretability.

For the Entity Intrusion task, all of the relevant methods show comparable performance
in identifying Author and Venue intruders in the DBLP dataset (although CATHYHIN is still
consistently the highest). Since the DBLP dataset is well structured, and the entity links are
highly trustworthy, identifying entities by topic is likely easier. However, the entities in theNEWS
dataset were automatically discovered from the data, and the link data is therefore noisy and
imperfect. CATHYHIN is the most effective in identifying both Location and Person intruders.
Once again, both better topic discovery and improved pattern representations are responsible
for CATHYHIN’s good results, and simply enhancing the pattern representations, whether for
CATHY or NetClus, cannot achieve competitive performance.

CATHYHIN performs very well in the Topic Intrusion task on both datasets. Similar
to the Phrase Intrusion task, both CATHYHIN and CATHY yield equally good or better result
when phrases and entity patterns aremined, rather than just terms and single entities.e fact that
CATHYHIN always outperforms CATHY demonstrates that utilizing entity link information
is indeed helpful for improving topical hierarchy quality. In all three intruder detection tasks
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on both datasets, CATHYHIN consistently outperforms all other methods, showing that an
integrated heterogeneous model consistently produces a more robust hierarchy which is more
easily interpreted by human judgment.

2.3.3 CASE STUDY

Table 2.6: e “information retrieval” topic, as generated by three methods

CATHYHIN CATHYheuristic HIN NetCluspattern

{information retrieval;

web search; retrieval} /

{W. Bruce Croft; Iadh

Ounis; James Allen} /

{SIGIR; WWW; ECIR}

{information retrieval;

search engine; web

search} / {Ryen W.

White; C. Lee Giles;

Mounia Lalmas} /

{SIGIR; WWW; ECIR}

{information retrieval;

statistical machine

translation; conditional

random fields} / {W.

Bruce Croft; Zheng

Chen; Chengxiang

Zhai} / {ACL; SIGIR;

HLT-NAACL}

CATHYHIN CATHYheuristic_HIN Net Cluspattern

In Section 2.3.2, we analyzed the two main reasons for the performance gain of CATHY-
HIN: improved pattern representations and better topic discovery. In Figure 2.5 we showed real
examples of the constructed hierarchy in the DBLP data. It is clear that the multi-typed enti-
ties enrich the context of each topic and improve the representations of text-only topics. Here
we use one simple example to illustrate the topic discovery performance, using the same topic
representations.

Table 2.6 illustrates three representations of the topic “information retrieval” (one of the
six areas in DBLP dataset). Overall, CATHYHIN finds more “pure” information retrieval enti-
ties. CATHYheuristic_HIN generates very similar top-ranked phrases and venues, but different
authors. While the top authors found by CATHYheuristic_HIN indeed work on information
retrieval, they spread their interest in other fields too, such as data mining and human computer
interaction. is is because CATHYheuristic_HIN only uses the links between text and entities
to rank entities posterior to the text-based topic discovery, while CATHYHIN can further use
the author-author and author-venue links to refine the topics and find the more accurate posi-
tion for each entity. NetCluspattern also utilizes the multiple types of links, but it mixes different
topics, such as information retrieval and natural language processing, perhaps due to the hard
partitioning of papers and heuristic combination of ranking and clustering.

As a worst-case study, Table 2.7 illustrates three representations of the topic “Egypt” (one
of the 16 top stories in NEWS dataset), each with its least comprehensible subtopic. e loca-
tions found within the CATHYHIN subtopic are sensible. However, CATHYheuristic_HIN
first constructs phrase-represented topics from text, and then uses entity link information to rank
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entities in each topic. us, the entities are not assured to fit well into the constructed topic,
and indeed, the CATHYheuristic_HIN subtopic’s locations are not reasonable given the parent
topic. For example, CATHY discovers “supreme leader/army general sex/court/supreme court/egypts
prosecutor general” to be a subtopic of “egypt/egypts morsi/egypt imf loan/egypts president/muslim
brotherhood.” Resorting to the original network links to discover each topic’s entity rankings re-
sults in the claim that the locations “US/Sudan/Iran/Washington” represent a subtopic of locations
“Egypt/Cairo/Tahrir Square/Port Said,” which is not easily interpretable. Finally, NetCluspattern
conflates “Egypt” with several other topics, and the pattern representations can do little to im-
prove the topic interpretability.

Table 2.7: e “Egypt” topic and the least sensible subtopic, as generated by three methods (only
Phrases and Locations are shown)

CATHYHIN CATHYheuristic HIN NetCluspattern

{egypt; egypts; death toll;

morsi} / {Egypt; Egypt

Cairo; Egypt Israel; Egypt

Gaza}

{egypt; egypts morsi; egypt

imf loan; egypts president}

/ {Egypt; Cairo; Tahrir

Square; Port Said}

{bill clinton; power nu-

clear; rate unemployment;

south sudan} / {Egypt

Cairo; Egypt Coptic; Israel

Jerusalem; Libya Egypt}

↓ ↓ ↓

{death toll; egyptian; sexual

harassment; egypt soccer} /

{Egypt Cairo; Egypt Gaza;

Egypt Israel}

{supreme leader; army gen-

eral sex; court; supreme

court} / {US; Sudan; Iran;

Washington}

{egypts coptic pope; egypts

christians; obama rom-

ney; romney campaign}

/ {Egypt Cairo; Egypt

Coptic; Israel Jerusalem;

Egypt}

CATHYHIN CATHYheuristic_HIN Net Cluspattern
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