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Preface

The importance of text mining applications has increased in recent
years because of the large number of web-enabled applications which
lead to the creation of such data. While classical applications have
focussed on processing and mining raw text, the advent of web enabled
applications requires novel methods for mining and processing, such as
the use of linkage, multi-lingual information or the joint mining of text
with other kinds of multimedia data such as images or videos. In many
cases, this has also lead to the development of other related areas of
research such as heterogeneous transfer learning.

An important characteristic of this area is that it has been explored
by multiple communities such as data mining, machine learning and
information retrieval. In many cases, these communities tend to have
some overlap, but are largely disjoint and carry on their research in-
dependently. One of the goals of this book is to bring together re-
searchers of different communities together in order to maximize the
cross-disciplinary understanding of this area.

Another aspect of the text mining area is that there seems to be a
distinct set of researchers working on newer aspects of text mining in the
context of emerging platforms such as data streams and social networks.
This book is also an attempt to discuss both the classical and modern
aspects of text mining in a unified way. Chapters are devoted to many
classical methods such as clustering, classification and topic modeling.
In addition, we also study different aspects of text mining in the context
of modern applications in social and information networks, and social
media. Many new applications such as data streams have also been
explored for the first time in this book.

Each chapter in the book is structured as a comprehensive survey
which discusses the key models and algorithms for the particular area.
In addition the future trends and research directions are presented in
each chapter. It is hoped that this book will provide a comprehensive
understanding of the area to students, professors and researchers.

xi






Chapter 1

AN INTRODUCTION TO TEXT MINING

Charu C. Aggarwal
IBM T. J. Watson Research Center
Yorktown Heights, NY

charu@us.ibm.com

ChengXiang Zhai

University of Illinois at Urbana-Champaign
Urbana, IL

czhai@cs.uiuc.edu

Abstract

The problem of text mining has gained increasing attention in recent
years because of the large amounts of text data, which are created in
a variety of social network, web, and other information-centric applica-
tions. Unstructured data is the easiest form of data which can be created
in any application scenario. As a result, there has been a tremendous
need to design methods and algorithms which can effectively process a
wide variety of text applications. This book will provide an overview
of the different methods and algorithms which are common in the text
domain, with a particular focus on mining methods.

1. Introduction

Data mining is a field which has seen rapid advances in recent years [8]
because of the immense advances in hardware and software technology
which has lead to the availability of different kinds of data. This is
particularly true for the case of text data, where the development of
hardware and software platforms for the web and social networks has
enabled the rapid creation of large repositories of different kinds of data.
In particular, the web is a technological enabler which encourages the

C.C. Aggarwal and C.X. Zhai (eds.), Mining Text Data, DOI 10.1007/978-1-4614-3223-4 1, 1
© Springer Science+Business Media, LLC 2012



2 MINING TEXT DATA

creation of a large amount of text content by different users in a form
which is easy to store and process. The increasing amounts of text data
available from different applications has created a need for advances in
algorithmic design which can learn interesting patterns from the data in
a dynamic and scalable way.

While structured data is generally managed with a database system,
text data is typically managed via a search engine due to the lack of
structures [5]. A search engine enables a user to find useful informa-
tion from a collection conveniently with a keyword query, and how to
improve the effectiveness and efficiency of a search engine has been a
central research topic in the field of information retrieval [13, 3|, where
many related topics to search such as text clustering, text categoriza-
tion, summarization, and recommender systems are also studied [12, 9,
7].

However, research in information retrieval has traditionally focused
more on facilitating information access [13] rather than analyzing infor-
mation to discover patterns, which is the primary goal of text mining.
The goal of information access is to connect the right information with
the right users at the right time with less emphasis on processing or
transformation of text information. Text mining can be regarded as go-
ing beyond information access to further help users analyze and digest
information and facilitate decision making.There are also many applica-
tions of text mining where the primary goal is to analyze and discover
any interesting pattterns, including trends and outliers, in text data,
and the notion of a query is not essential or even relevant.

Technically, mining techniques focus on the primary models, algo-
rithms and applications about what one can learn from different kinds
of text data. Some examples of such questions are as follows:

s What are the primary supervised and unsupervised models for
learning from text data? How are traditional clustering and clas-
sification problems different for text data, as compared to the tra-
ditional database literature?

s What are the useful tools and techniques used for mining text
data? Which are the useful mathematical techniques which one
should know, and which are repeatedly used in the context of dif-
ferent kinds of text data?

m  What are the key application domains in which such mining tech-
niques are used, and how are they effectively applied?

A number of key characteristics distinguish text data from other forms
of data such as relational or quantitative data. This naturally affects the
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mining techniques which can be used for such data. The most important
characteristic of text data is that it is sparse and high dimensional. For
example, a given corpus may be drawn from a lexicon of about 100,000
words, but a given text document may contain only a few hundred words.
Thus, a corpus of text documents can be represented as a sparse term-
document matriz of size n X d, when n is the number of documents, and
d is the size of the lexicon vocabulary. The (7, j)th entry of this matrix
is the (normalized) frequency of the jth word in the lexicon in document
1. The large size and the sparsity of the matrix has immediate implica-
tions for a number of data analytical techniques such as dimensionality
reduction. In such cases, the methods for reduction should be specifi-
cally designed while taking this characteristic of text data into account.
The variation in word frequencies and document lengths also lead to a
number of issues involving document representation and normalization,
which are critical for text mining.

Furthermore, text data can be analyzed at different levels of represen-
tation. For example, text data can easily be treated as a bag-of-words,
or it can be treated as a string of words. However, in most applica-
tions, it would be desirable to represent text information semantically
so that more meaningful analysis and mining can be done. For exam-
ple, representing text data at the level of named entities such as people,
organizations, and locations, and their relations may enable discovery
of more interesting patterns than representing text as a bag of words.
Unfortunately, the state of the art methods in natural language process-
ing are still not robust enough to work well in unrestricted text domains
to generate accurate semantic representation of text. Thus most text
mining approaches currently still rely on the more shallow word-based
representations, especially the bag-of-wrods approach, which, while los-
ing the positioning information in the words, is generally much simpler
to deal with from an algorithmic point of view than the string-based
approach. In special domains (e.g., biomedical domain) and for special
mining tasks (e.g., extraction of knowledge from the Web), natural lan-
guage processing techniques, especially information extraction, are also
playing an important role in obtaining a semantically more meaningful
representation of text.

Recently, there has been rapid growth of text data in the context
of different web-based applications such as social media, which often
occur in the context of multimedia or other heterogeneous data domains.
Therefore, a number of techniques have recently been designed for the
joint mining of text data in the context of these different kinds of data
domains. For example, the Web contains text and image data which
are often intimately connected to each other and these links can be used
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to improve the learning process from one domain to another. Similarly,
cross-lingual linkages between documents of different languages can also
be used in order to transfer knowledge from one language domain to
another. This is closely related to the problem of transfer learning [11].

The rest of this chapter is organized as follows. The next section
will discuss the different kinds of algorithms and applications for text
mining. We will also point out the specific chapters in which they are
discussed in the book. Section 3 will discuss some interesting future
research directions.

2. Algorithms for Text Mining

In this section, we will explore the key problems arising in the con-
text of text mining. We will also present the organization of the different
chapters of this book in the context of these different problems. We in-
tentionally leave the definition of the concept ”text mining” vague to
broadly cover a large set of related topics and algorithms for text anal-
ysis, spanning many different communities, including natural language
processing, information retrieval, data mining, machine learning, and
many application domains such as the World Wide Web and Biomedi-
cal Science. We have also intentionally allowed (sometimes significant)
overlaps between chapters to allow each chapter to be relatively self
contained, thus useful as a standing-alone chapter for learning about a
specific topic.

Information Extraction from Text Data: Information Extraction
is one of the key problems of text mining, which serves as a starting
point for many text mining algorithms. For example, extraction of enti-
ties and their relations from text can reveal more meaningful semantic
information in text data than a simple bag-of-words representation, and
is generally needed to support inferences about knowledge buried in text
data. Chapter 2 provides an survey of key problems in Information Ex-
traction and the major algorithms for extracting entities and relations
from text data.

Text Summarization: Another common function needed in many text
mining applications is to summarize the text documents in order to ob-
tain a brief overview of a large text document or a set of documents on
a topic. Summarization techniques generally fall into two categories. In
extractive summarization, a summary consists of information units ex-
tracted from the original text; in contrast, in abstractive summarization,
a summary may contain “synthesized” information units that may not
necessarily occur in the text documents. Most existing summarization
methods are extractive, and in Chapter 3, we give a brief survey of these
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commonly used summarization methods.

Unsupervised Learning Methods from Text Data: Unsupervised
learning methods do not require any training data, thus can be applied
to any text data without requiring any manual effort. The two main un-
supervised learning methods commonly used in the context of text data
are clustering and topic modeling. The problem of clustering is that
of segmenting a corpus of documents into partitions, each correspond-
ing to a topical cluster. The problems of clustering and topic modeling
are closely related. In topic modeling we use a probabilistic model in
order to determine a soft clustering, in which each document has a
membership probability of the cluster, as opposed to a hard segmenta-
tion of the documents. Topic models can be considered as the process
of clustering with a generative probabilistic model. Each topic can be
considered a probability distribution over words, with the representative
words having the highest probability. Each document can be expressed
as a probabilistic combination of these different topics. Thus, a topic
can be considered to be analogous to a cluster, and the membership
of a document to a cluster is probabilistic in nature. This also leads
to a more elegant cluster membership representation in cases in which
the document is known to contain distinct topics. In the case of hard
clustering, it is sometimes challenging to assign a document to a sin-
gle cluster in such cases. Furthermore, topic modeling relates elegantly
to the dimension reduction problem, where each topic provides a con-
ceptual dimension, and the documents may be represented as a linear
probabilistic combination of these different topics. Thus, topic-modeling
provides an extremely general framework, which relates to both the clus-
tering and dimension reduction problems. In chapter 4, we study the
problem of clustering, while topic modeling is covered in two chapters
(Chapters 5 and 8). In Chapter 5, we discuss topic modeling from the
perspective of dimension reduction since the discovered topics can serve
as a low-dimensional space representation of text data, where semanti-
cally related words can “match” each other, which is hard to achieve
with bag-of-words representation. In chapter 8, topic modeling is dis-
cussed as a general probabilistic model for text mining.

LSI and Dimensionality Reduction for Text Mining: The prob-
lem of dimensionality reduction is widely studied in the database liter-
ature as a method for representing the underlying data in compressed
format for indexing and retrieval [10]. A variation of dimensionality re-
duction which is commonly used for text data is known as latent seman-
tic indexing [6]. One of the interesting characteristics of latent semantic
indexing is that it brings our the key semantic aspects of the text data,
which makes it more suitable for a variety of mining applications. For ex-
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ample, the noise effects of synonymy and polysemy are reduced because
of the use of such dimensionality reduction techniques. Another family
of dimension reduction techniques are probabilistic topic models,notably
PLSA, LDA, and their variants; they perform dimension reduction in a
probabilistic way with potentially more meaningful topic representations
based on word distributions. In chapter 5, we will discuss a variety of
LSI and dimensionality reduction techniques for text data, and their use
in a variety of mining applications.

Supervised Learning Methods for Text Data: Supervised learning
methods are general machine learning methods that can exploit train-
ing data (i.e., pairs of input data points and the corresponding desired
output) to learn a classifier or regression function that can be used to
compute predictions on unseen new data. Since a wide range of applica-
tion problems can be cast as a classification problem (that can be solved
using supervised learning), the problem of supervised learning is some-
times also referred to as classification. Most of the traditional methods
for text mining in the machine learning literature have been extended
to solve problems of text mining. These include methods such as rule-
based classifier, decision trees, nearest neighbor classifiers, maximum-
margin classifiers, and probabilistic classifiers. In Chapter 6, we will
study machine learning methods for automated text categorization, a
major application area of supervised learning in text mining. A more
general discussion of supervised learning methods is given in Chapter 8.
A special class of techniques in supervised learning to address the issue
of lack of training data, called transfer learning, are covered in Chapter
7.

Transfer Learning with Text Data: The afore-mentioned example
of cross-lingual mining provides a case where the attributes of the text
collection may be heterogeneous. Clearly, the feature representations in
the different languages are heterogeneous, and it can often provide use-
ful to transfer knowledge from one domain to another, especially when
their is paucity of data in one domain. For example, labeled English
documents are copious and easy to find. On the other hand, it is much
harder to obtain labeled Chinese documents. The problem of transfer
learning attempts to transfer the learned knowledge from one domain to
another. Some other scenarios in which this arises is the case where we
have a mixture of text and multimedia data. This is often the case in
many web-based and social media applications such as Flickr, Youtube
or other multimedia sharing sites. In such cases, it may be desirable to
transfer the learned knowledge from one domain to another with the use
of cross-media transfer. Chapter 7 provides a detailed survey of such
learning techniques.
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Probabilistic Techniques for Text Mining: A variety of probabilis-
tic methods, particularly unsupervised topic models such as PLSA and
LDA and supervised learning methods such as conditional random fields
are used frequently in the context of text mining algorithms. Since such
methods are used frequently in a wide variety of contexts, it is useful
to create an organized survey which describes the different tools and
techniques that are used in this context. In Chapter 8, we introduce
the basics of the common probabilistic models and methods which are
often used in the context of text mining. The material in this chapter is
also relevant to many of the clustering, dimensionality reduction, topic
modeling and classification techniques discussed in Chapters 4, 5, 6 and
7.

Mining Text Streams: Many recent applications on the web create
massive streams of text data. In particular web applications such as
social networks which allow the simultaneous input of text from a wide
variety of users can result in a continuous stream of large volumes of
text data. Similarly, news streams such as Reuters or aggregators such
as Google news create large volumes of streams which can be mined con-
tinuously. Such text data are more challenging to mine, because they
need to be processed in the context of a one-pass constraint [1]. The
one-pass constraint essentially means that it may sometimes be difficult
to store the data offline for processing, and it is necessary to perform
the mining tasks continuously, as the data comes in. This makes algo-
rithmic design a much more challenging task. In chapter 9, we study
the common techniques which are often used in the context of a variety
of text mining tasks.

Cross-Lingual Mining of Text Data: With the proliferation of web-
based and other information retrieval applications to other applications,
it has become particularly useful to apply mining tasks in different lan-
guages, or use the knowledge or corpora in one language to another.
For example, in cross-language mining, it may be desirable to cluster a
group of documents in different languages, so that documents from dif-
ferent languages but similar semantic topics may be placed in the same
cluster. Such cross-lingual applications are extremely rich, because they
can often be used to leverage knowledge from one data domain into an-
other. In chapter 10, we will study methods for cross-lingual mining of
text data, covering techniques such as machine translation, cross-lingual
information retrieval, and analysis of comparable and parallel corpora.

Text Mining in Multimedia Networks: Text often occurs in the
context of many multimedia sharing sites such as Flickr or Youtube.
A natural question arises as to whether we can enrich the underlying
mining process by simultaneously using the data from other domains
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together with the text collection. This is also related to the problem of
transfer learning, which was discussed earlier. In chapter 11, a detailed
survey will be provided on mining other multimedia data together with
text collections.

Text Mining in Social Media: One of the most common sources of
text on the web is the presence of social media, which allows human
actors to express themselves quickly and freely in the context of a wide
range of subjects [2]. Social media is now exploited widely by commer-
cial sites for influencing users and targeted marketing. The process of
mining text in social media requires the special ability to mine dynamic
data which often contains poor and non-standard vocabulary. Further-
more, the text may occur in the context of linked social networks. Such
links can be used in order to improve the quality of the underlying min-
ing process. For example, methods that use both link and content [4]
are widely known to provide much more effective results which use only
content or links. Chapter 12 provides a detailed survey of text mining
methods in social media.

Opinion Mining from Text Data: A considerable amount of text on
web sites occurs in the context of product reviews or opinions of different
users. Mining such opinionated text data to reveal and summarize the
opinions about a topic has widespread applications, such as in support-
ing consumers for optimizing decisions and business intelligence. spam
opinions which are not useful and simply add noise to the mining pro-
cess. Chapter 13 provides a detailed survey of models and methods for
opinion mining and sentiment analysis.

Text Mining from Biomedical Data: Text mining techniques play
an important role in both enabling biomedical researchers to effectively
and efficiently access the knowledge buried in large amounts of literature
and supplementing the mining of other biomedical data such as genome
sequences, gene expression data, and protein structures to facilitate and
speed up biomedical discovery. As a result, a great deal of research work
has been done in adapting and extending standard text mining methods
to the biomedical domain, such as recognition of various biomedical en-
tities and their relations, text summarization, and question answering.
Chapter 14 provides a detailed survey of the models and methods used
for biomedical text mining.

3. Future Directions

The rapid growth of online textual data creates an urgent need for
powerful text mining techniques. As an interdisciplinary field, text data
mining spans multiple research communities, especially data mining,
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natural language processing, information retrieval, and machine learn-
ing with applications in many different areas, and has attracted much
attention recently. Many models and algorithms have been developed
for various text mining tasks have been developed as we discussed above
and will be surveyed in the rest of this book.

Looking forward, we see the following general future directions that
are promising:

= Scalable and robust methods for natural language under-
standing: Understanding text information is fundamental to text
mining. While the current approaches mostly rely on bag of words
representation, it is clearly desirable to go beyond such a simple
representation. Information extraction techniques provide one step
forward toward semantic representation, but the current informa-
tion extraction methods mostly rely on supervised learning and
generally only work well when sufficient training data are avail-
able, restricting its applications. It is thus important to develop
effective and robust information extraction and other natural lan-
guage processing methods that can scale to multiple domains.

= Domain adaptation and transfer learning: Many text min-
ing tasks rely on supervised learning, whose effectiveness highly
depends on the amount of training data available. Unfortunately,
it is generally labor-intensive to create large amounts of training
data. Domain adaptation and transfer learning methods can al-
leviate this problem by attempting to exploit training data that
might be available in a related domain or for a related task. How-
ever, the current approaches still have many limitations and are
generally inadequate when there is no or little training data in
the target domain. Further development of more effective domain
adaptation and transfer learning methods is necessary for more
effective text mining.

» Contextual analysis of text data: Text data is generally associ-
ated with a lot of context information such as authors, sources, and
time, or more complicated information networks associated with
text data. In many applications, it is important to consider the
context as well as user preferences in text mining. It is thus impor-
tant to further extend existing text mining approaches to further
incorporate context and information networks for more powerful
text analysis.

= Parallel text mining: In many applications of text mining, the
amount of text data is huge and is likely increasing over time,
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thus it is infeasible to store the data in one machine, making it
necessary to develop parallel text mining algorithms that can run
on a cluster of computers to perform text mining tasks in parallel.
In particular, how to parallelize all kinds of text mining algorithms,
including both unsupervised and supervised learning methods is a
major future challenge. This direction is clearly related to cloud
computing and data-intensive computing, which are growing fields
themselves.
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Information extraction is the task of finding structured information from
unstructured or semi-structured text. It is an important task in text
mining and has been extensively studied in various research commu-
nities including natural language processing, information retrieval and
Web mining. It has a wide range of applications in domains such as
biomedical literature mining and business intelligence. Two fundamen-
tal tasks of information extraction are named entity recognition and
relation extraction. The former refers to finding names of entities such
as people, organizations and locations. The latter refers to finding the
semantic relations such as Founder0f and HeadquarteredIn between en-
tities. In this chapter we provide a survey of the major work on named
entity recognition and relation extraction in the past few decades, with
a focus on work from the natural language processing community.

Information extraction, named entity recognition, relation extraction

1. Introduction

Information extraction from text is an important task in text min-
ing. The general goal of information extraction is to discover structured
information from unstructured or semi-structured text. For example,
given the following English sentence,

In 1998, Larry Page and Sergey Brin founded Google Inc.

we can extract the following information,

FounderQf (Larry Page, Google Inc.),
FounderOf (Sergey Brin, Google Inc.),
FoundedIn(Google Inc., 1998).

C.C. Aggarwal and C.X. Zhai (eds.), Mining Text Data, DOI 10.1007/978-1-4614-3223-4 2, 11
© Springer Science+Business Media, LLC 2012
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Such information can be directly presented to an end user, or more
commonly, it can be used by other computer systems such as search
engines and database management systems to provide better services to
end users.

Information extraction has applications in a wide range of domains.
The specific type and structure of the information to be extracted de-
pend on the need of the particular application. We give some example
applications of information extraction below:

m Biomedical researchers often need to sift through a large amount
of scientific publications to look for discoveries related to partic-
ular genes, proteins or other biomedical entities. To assist this
effort, simple search based on keyword matching may not suffice
because biomedical entities often have synonyms and ambiguous
names, making it hard to accurately retrieve relevant documents.
A critical task in biomedical literature mining is therefore to au-
tomatically identify mentions of biomedical entities from text and
to link them to their corresponding entries in existing knowledge
bases such as the FlyBase.

= Financial professionals often need to seek specific pieces of informa-
tion from news articles to help their day-to-day decision making.
For example, a finance company may need to know all the company
takeovers that take place during a certain time span and the details
of each acquisition. Automatically finding such information from
text requires standard information extraction technologies such as
named entity recognition and relation extraction.

= Intelligence analysts review large amounts of text to search for in-
formation such as people involved in terrorism events, the weapons
used and the targets of the attacks. While information retrieval
technologies can be used to quickly locate documents that describe
terrorism events, information extraction technologies are needed to
further pinpoint the specific information units within these docu-
ments.

m  With the fast growth of the Web, search engines have become an
integral part of people’s daily lives, and users’ search behaviors are
much better understood now. Search based on bag-of-word repre-
sentation of documents can no longer provide satisfactory results.
More advanced search problems such as entity search, structured
search and question answering can provide users with better search
experience. To facilitate these search capabilities, information ex-
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Terrorism Template

Slot Fill Value
Incident: Date 07 Jan 90
Incident: Location Chile: Molina
Incident: Type robbery
Incident: Stage of execution | accomplished
Incident: Instrument type gun
Human Target: Name “Enrique Ormazabal Ormazabal”
Human Target: Description | “Businessman”: “Enrique Ormazabal Ormazabal”
Human Target: Type civilian: “Enrique Ormazabal Ormazabal”
Human Target: Number 1: “Enrique Ormazabal Ormazabal”

A Sample Document

Santiago, 10 Jan 90 — Police are carrying out intensive operations in the
town of Molina in the seventh region in search of a gang of alleged extremists
who could be linked to a recently discovered arsenal. It has been reported
that Carabineros in Molina raided the house of of 25-year-old worker Mario
Munoz Pardo, where they found a fal rifle, ammunition clips for various
weapons, detonators, and material for making explosives.

It should be recalled that a group of armed individuals wearing ski masks
robbed a businessman on a rural road near Molina on 7 January. The
businessman, Enrique Ormazabal Ormazabal, tried to resist; The men shot
him and left him seriously wounded. He was later hospitalized in Curico.
Carabineros carried out several operations, including the raid on Munoz’
home. The police are continuing to patrol the area in search of the alleged
terrorist command.

Figure 2.1. Part of the terrorism template used in MUC-4 and a sample document
that contains a terrorism event.

traction is often needed as a preprocessing step to enrich document
representation or to populate an underlying database.

While extraction of structured information from text dates back to
the ’70s (e.g. DeJong’s FRUMP program [28]), it only started gaining
much attention when DARPA initiated and funded the Message Un-
derstanding Conferences (MUC) in the ’90s [33]. Since then, research
efforts on this topic have not declined. Early MUCs defined information
extraction as filling a predefined template that contains a set of prede-
fined slots. For example, Figure 2.1 shows a subset of the slots in the
terrorism template used in MUC-4 and a sample document from which
template slot fill values were extracted. Some of the slot fill values such
as “Enrique Ormazabal Ormazabal” and “Businessman” were extracted
directly from the text while others such as robbery, accomplished and
gun were selected from a predefined value set for the corresponding slot
based on the document.
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Template filling is a complex task and systems developed to fill one
template cannot directly work for a different template. In MUC-6, a
number of template-independent subtasks of information extraction were
defined [33]. These include named entity recognition, coreference reso-
lution and relation extraction. These tasks serve as building blocks to
support full-fledged, domain-specific information extraction systems.

Early information extraction systems such as the ones that partici-
pated in the MUCs are often rule-based systems (e.g. [32, 42]). They
use linguistic extraction patterns developed by humans to match text
and locate information units. They can achieve good performance on the
specific target domain, but it is labor intensive to design good extraction
rules, and the developed rules are highly domain dependent. Realizing
the limitations of these manually developed systems, researchers turned
to statistical machine learning approaches. And with the decomposition
of information extraction systems into components such as named entity
recognition, many information extraction subtasks can be transformed
into classification problems, which can be solved by standard supervised
learning algorithms such as support vector machines and maximum en-
tropy models. Because information extraction involves identifying seg-
ments of text that play different roles, sequence labeling methods such
as hidden Markov models and conditional random fields have also been
widely used.

Traditionally information extraction tasks assume that the structures
to be extracted, e.g. the types of named entities, the types of relations, or
the template slots, are well defined. In some scenarios, we do not know
in advance the structures of the information we would like to extract
and would like to mine such structures from large corpora. For example,
from a set of earthquake news articles we may want to automatically
discover that the date, time, epicenter, magnitude and casualty of an
earthquake are the most important pieces of information reported in
news articles. There have been some recent studies on this kind of
unsupervised information extraction problems but overall work along
this line remains limited.

Another new direction is open information extraction, where the sys-
tem is expected to extract all useful entity relations from a large, diverse
corpus such as the Web. The output of such systems includes not only
the arguments involved in a relation but also a description of the rela-
tion extracted from the text. Recent advances in this direction include
systems like TEXTRUNNER [6], WOE [66] and REVERB [29].

Information extraction from semi-structured Web pages has also been
an important research topic in Web mining (e.g. [40, 45, 25]). A ma-
jor difference of Web information extraction from information extraction
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studied in natural language processing is that Web pages often contain
structured or semi-structured text such as tables and lists, whose extrac-
tion relies more on HTML tags than linguistic features. Web information
extraction systems are also called wrappers and learning such systems is
called wrapper induction. In this survey we only cover information ex-
traction from purely unstructured natural language text. Readers who
are interested in wrapper induction may refer to [31, 20] for in-depth
surveys.

In this chapter we focus on the two most fundamental tasks in in-
formation extraction, namely, named entity recognition and relation ex-
traction. The state-of-the-art solutions to both tasks rely on statistical
machine learning methods. We also discuss unsupervised information
extraction, which has not attracted much attention traditionally. The
rest of this chapter is organized as follows. Section 2 discusses current
approaches to named entity recognition, including rule-based methods
and statistical learning methods. Section 3 discusses relation extraction
under both a fully supervised setting and a weakly supervised setting.
We then discuss unsupervised relation discovery and open information
extraction in Section 4. In Section 5 we discuss evaluation of information
extraction systems. We finally conclude in Section 6.

2. Named Entity Recognition

A named entity is a sequence of words that designates some real-
world entity, e.g. “California,” “Steve Jobs” and “Apple Inc.” The task
of named entity recognition, often abbreviated as NER, is to identify
named entities from free-form text and to classify them into a set of
predefined types such as person, organization and location. Oftentimes
this task cannot be simply accomplished by string matching against
pre-compiled gazetteers because named entities of a given entity type
usually do not form a closed set and therefore any gazetteer would be
incomplete. Another reason is that the type of a named entity can be
context-dependent. For example, “JFK” may refer to the person “John
F. Kennedy,” the location “JFK International Airport,” or any other
entity sharing the same abbreviation. To determine the entity type
for “JFK” occurring in a particular document, its context has to be
considered.

Named entity recognition is probably the most fundamental task in
information extraction. Extraction of more complex structures such as
relations and events depends on accurate named entity recognition as a
preprocessing step. Named entity recognition also has many applications
apart from being a building block for information extraction. In question
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answering, for example, candidate answer strings are often named enti-
ties that need to be extracted and classified first [44]. In entity-oriented
search, identifying named entities in documents as well as in queries is
the first step towards high relevance of search results [34, 21].

Although the study of named entity recognition dates back to the early
'90s [56], the task was formally introduced in 1995 by the sixth Message
Understanding Conference (MUC-6) as a subtask of information extrac-
tion [33]. Since then, NER has drawn much attention in the research
community. There have been several evaluation programs on this task,
including the Automatic Content Extraction (ACE) program [1], the
shared task of the Conference on Natural Language Learning (CoNLL)
in 2002 and 2003 [63], and the BioCreAtIvE (Critical Assessment of
Information Extraction Systems in Biology) challenge evaluation [2].

The most commonly studied named entity types are person, organiza-
tion and location, which were first defined by MUC-6. These types are
general enough to be useful for many application domains. Extraction of
expressions of dates, times, monetary values and percentages, which was
also introduced by MUC-6, is often also studied under NER, although
strictly speaking these expressions are not named entities. Besides these
general entity types, other types of entities are usually defined for spe-
cific domains and applications. For example, the GENIA corpus uses a
fine-grained ontology to classify biological entities [52]. In online search
and advertising, extraction of product names is a useful task.

Early solutions to named entity recognition rely on manually crafted
patterns [4]. Because it requires human expertise and is labor intensive
to create such patterns, later systems try to automatically learn such
patterns from labeled data [62, 16, 23]. More recent work on named
entity recognition uses statistical machine learning methods. An early
attempt is Nymble, a name finder based on hidden Markov models [10].
Other learning models such as maximum entropy models [22], maximum
entropy Markov models [8, 27, 39, 30], support vector machines [35] and
conditional random fields [59] have also been applied to named entity
recognition.

2.1 Rule-based Approach

Rule-based methods for named entity recognition generally work as
follows: A set of rules is either manually defined or automatically learned.
Each token in the text is represented by a set of features. The text is
then compared against the rules and a rule is fired if a match is found.

A rule consists of a pattern and an action. A pattern is usually a
regular expression defined over features of tokens. When this pattern
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matches a sequence of tokens, the specified action is fired. An action
can be labeling a sequence of tokens as an entity, inserting the start or
end label of an entity, or identifying multiple entities simultaneously. For
example, to label any sequence of tokens of the form “Mr. X” where X
is a capitalized word as a person entity, the following rule can be defined:

(token = “Mr.” orthography type = FirstCap) — person name.

The left hand side is a regular expression that matches any sequence
of two tokens where the first token is “Mr.” and the second token has
the orthography type FirstCap. The right hand side indicates that the
matched token sequence should be labeled as a person name.

This kind of rule-based methods has been widely used [4, 62, 16, 61,
23]. Commonly used features to represent tokens include the token itself,
the part-of-speech tag of the token, the orthography type of the token
(e.g. first letter capitalized, all letters capitalized, number, etc.), and
whether the token is inside some predefined gazetteer.

It is possible for a sequence of tokens to match multiple rules. To
handle such conflicts, a set of policies has to be defined to control how
rules should be fired. One approach is to order the rules in advance so
that they are sequentially checked and fired.

Manually creating the rules for named entity recognition requires hu-
man expertise and is labor intensive. To automatically learn the rules,
different methods have been proposed. They can be roughly categorized
into two groups: top-down (e.g. [61]) and bottom-up (e.g. [16, 23]).
With either approach, a set of training documents with manually la-
beled named entities is required. In the top-down approach, general
rules are first defined that can cover the extraction of many training
instances. However, these rules tend to have low precision. The system
then iteratively defines more specific rules by taking the intersections
of the more general rules. In the bottom-up approach, specific rules
are defined based on training instances that are not yet covered by the
existing rule set. These specific rules are then generalized.

2.2 Statistical Learning Approach

More recent work on named entity recognition is usually based on sta-
tistical machine learning. Many statistical learning-based named entity
recognition algorithms treat the task as a sequence labeling problem.
Sequence labeling is a general machine learning problem and has been
used to model many natural language processing tasks including part-
of-speech tagging, chunking and named entity recognition. It can be
formulated as follows. We are given a sequence of observations, denoted
as € = (x1,x9,...,2,). Usually each observation is represented as a
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Steve  Jobs was a co-founder of Apple Inc.
B-PER I-PER O 0 O 0 B-ORG I-ORG

Figure 2.2.  An example sentence with NER labels in the BIO notation. PER stands
for person and ORG stands for organization.

feature vector. We would like to assign a label y; to each observation x;.
While one may apply standard classification to predict the label y; based
solely on x;, in sequence labeling, it is assumed that the label y; depends
not only on its corresponding observation x; but also possibly on other
observations and other labels in the sequence. Typically this dependency
is limited to observations and labels within a close neighborhood of the
current position i.

To map named entity recognition to a sequence labeling problem, we
treat each word in a sentence as an observation. The class labels have
to clearly indicate both the boundaries and the types of named entities
within the sequence. Usually the BIO notation, initially introduced for
text chunking [55], is used. With this notation, for each entity type T,
two labels are created, namely, B-T and I-T. A token labeled with B-T is
the beginning of a named entity of type T while a token labeled with I-T
is inside (but not the beginning of) a named entity of type T. In addition,
there is a label 0 for tokens outside of any named entity. Figure 2.2 shows
an example sentence and its correct NER label sequence.

2.2.1 Hidden Markov Models. In a probabilistic framework,
the best label sequence y = (y1,¥2,...,¥yn) for an observation sequence
x = (r1,22,...,Ty) is the one that maximizes the conditional probabil-
ity p(y|x), or equivalently, the one that maximizes the joint probability
p(x,y). One way to model the joint probability is to assume a Markov
process where the generation of a label or an observation is dependent
only on one or a few previous labels and/or observations. If we treat y
as hidden states, then we essentially have a hidden Markov model [54].

An example is the Nymble system developed by BBN, one of the
earliest statistical learning-based NER systems [10]. Nymble assumes
the following generative process:

(1) Each y; is generated conditioning on the previous label y;_; and the
previous word x;_1.

(2) If z; is the first word of a named entity, it is generated conditioning
on the current and the previous labels, i.e. y; and y;_1.

3) If €Ty is inside a named entity, it is generated conditioning on the
g g
[)revi()us observation Ti—1.
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For subsequences of words outside of any named entity, Nymble treats
them as a NoT-A-NaME class. Nymble also assumes that there is a magical
+end+ word at the end of each named entity and models the probability
of a word being the final word of a named entity. With the generative
process described above, the probability p(x,y) can be expressed in
terms of various conditional probabilities.

Initially x; is simply the word at position i. Nymble further augments
it into x; = (w, f)i, where w is the word at position i and f is a word
feature characterizing w. For example, the feature FourDigitNum indi-
cates that the word is a number with four digits. The rationale behind
introducing word features is that these features may carry strong corre-
lations with entity types. For example, a four-digit number is likely to
be a year.

The model parameters of Nymble are essentially the various multino-
mial distributions that govern the generation of z; and y;. Nymble uses
supervised learning to learn these parameters. Given sentences labeled
with named entities, Nymble performs maximum likelihood estimation
to find the model parameters that maximize p(X,Y’) where X denotes
all the sentences in the training data and Y denotes their true label
sequences. Parameter estimation essentially becomes counting. For ex-
ample,

c(c1,co, W)

p(yi = c1lyi-1 = co, zi-1 = W) clea) (2.1)
where c¢; and cy are two class labels and w is a word. p(y; = c1|yi—1 =
c9,x;—1 = w) is the probability of observing the class label c; given that
the previous class label is co and the previous word is w. ¢(cy, co,w) is
the number of times we observe class label c¢; when the previous class
label is co and the previous word is w, and ¢(cg, w) is the number of times
we observe the previous class label to be ¢y and the previous word to be
w regardless of the current class label.

During prediction, Nymble uses the learned model parameters to find
the label sequence y that maximizes p(x,y) for a given . With the
Markovian assumption, dynamic programming can be used to efficiently
find the best label sequence.

2.2.2 Maximum Entropy Markov Models. The hidden
Markov models described above are generative models. In general, re-
searchers have found that when training data is sufficient, compared with
generative models that model p(z|y), discriminative models that directly
model p(y|z) tend to give a lower prediction error rate and thus are
preferable [65]. For named entity recognition, there has also been such
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a shift from generative models to discriminative models. A commonly
used discriminative model for named entity recognition is the maximum
entropy model [9] coupled with a Markovian assumption. Existing work
using such a model includes [8, 27, 39, 30].

Specifically, with a Markovian assumption, the label y; at position ¢
is dependent on the observations within a neighborhood of position i as
well as a number of previous labels:

!
p(ylz) Hp (ily—p 2. (2.2)
In the equation above, y,f:/,lC refers to (Yi—k, Yi—k+1,---,Yi—1) and :1:’”
refers to (2;_;,wi_11,...,2i4). And with maximum entropy models

the functional form of p(yz\y; Loaith

i—1 i+l
i—1 z-‘,—l . exXp (ZJ Ajfj(yz’yz k z+l)>
(Z/z’yz kL l) = S . (2.3)
Sy exp (S, f vk @)

In the equation above, f;(-) is a feature function defined over the current
label, the previous k labels as well as 2] + 1 observations surrounding
the current observation, and A; is the weight for feature f;. An example
feature is below:

FWi,yi—1,2) = {

follows an exponential model:

1 if y;—1 = 0 and y; = B-PER and word(z;) = “Mr.”,
0 otherwise .

The model described above can be seen as a variant of the maximum
entropy Markov models (MEMMs), which were formally introduced by
McCallum et al. for information extraction [48].

To train a maximum entropy Markov model, we look for the fea-
ture weights A = {);} that can maximize the conditional probability
p(Y'|X) where X denotes all the sentences in the training data and
Y denotes their true label sequences. Just like for standard maximum
entropy models, a number of optimization algorithms can be used to
train maximum entropy Markov models, including Generalized Itera-
tive Scaling (GIS), Improved Iterative Scaling (IIS) and limited memory
quasi-Newton methods such as L-BFGS [15]. A comparative study of
these optimization methods for maximum entropy models can be found
in [46]. L-BFGS is a commonly used method currently.

2.2.3 Conditional Random Fields. Conditional random
fields (CRFs) are yet another popular discriminative model for sequence
labeling. They were introduced by Lafferty et al. to also address infor-
mation extraction problems [41]. The major difference between CRF's
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MEMM CRF

HMM

Figure 2.3. Graphical representations of linear-chain HMM, MEMM and CRF.

and MEMMs is that in CRFs the label of the current observation can
depend not only on previous labels but also on future labels. Also, CRF's
are undirected graphical models while both HMMs and MEMMSs are di-
rected graphical models. Figure 2.3 graphically depicts the differences
between linear-chain (i.e. first-order) HMM, MEMM and CRF. Ever
since they were first introduced, CRF's have been widely used in natural
language processing and some other research areas.

Usually linear-chain CRFs are used for sequence labeling problems
in natural language processing, where the current label depends on the
previous one and the next one labels as well as the observations. There
have been many studies applying conditional random fields to named
entity recognition (e.g. [49, 59]). Specifically, following the same notation
used earlier, the functional form of p(y|x) is as follows:

Z(x)

where Z(x) is a normalization factor of all possible label sequences:

plylz) = ——exp S Nfiwnyinxd) |, (24)
j

7

Z@) = > exp | > > NfilWhyip, i) (2.5)
y’ (]

To train CRFs, again maximum likelihood estimation is used to find
the best model parameters that maximize p(Y'|X). Similar to MEMMs,
CRFs can be trained using L-BFGS. Because the normalization factor
Z(x) is a sum over all possible label sequences for @, training CRFs is
more expensive than training MEMMs.

In linear-chain CRFs we cannot define long-range features. General
CRFs allow long-range features but are too expensive to perform ex-
act inference. Sarawagi and Cohen proposed semi-Markov conditional
random fields as a compromise [58]. In semi-Markov CRF's, labels are
assigned to segments of the observation sequence @ and features can mea-
sure properties of these segments. Exact learning and inference on semi-
Markov CRFs is thus computationally feasible. Sarawagi and Cohen
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applied Semi-Markov CRFs to named entity recognition and achieved
better performance than standard CRFs.

3. Relation Extraction

Another important task in information extraction is relation extrac-
tion. Relation extraction is the task of detecting and characterizing
the semantic relations between entities in text. For example, from the
following sentence fragment,

Facebook co-founder Mark Zuckerberg

we can extract the following relation,

FounderO0f (Mark Zuckerberg, Facebook).

Much of the work on relation extraction is based on the task defini-
tion from the Automatic Content Extraction (ACE) program [1]. ACE
focuses on binary relations, i.e. relations between two entities. The two
entities involved are also referred to as arguments. A set of major relation
types and their subtypes are defined by ACE. Examples of ACE major
relation types include physical (e.g. an entity is physically near another
entity), personal/social (e.g. a person is a family member of another
person), and employment/affiliation (e.g. a person is employed by
an organization). ACE makes a distinction between relation extraction
and relation mention extraction. The former refers to identifying the
semantic relation between a pair of entities based on all the evidence
we can gather from the corpus, whereas the latter refers to identifying
individual mentions of entity relations. Because corpus-level relation ex-
traction to a large extent still relies on accurate mention-level relation
extraction, in the rest of this chapter we do not make any distinction
between these two problems unless necessary.

Various techniques have been proposed for relation extraction. The
most common and straightforward approach is to treat the task as a
classification problem: Given a pair of entities co-occurring in the same
sentence, can we classify the relation between the two entities into one
of the predefined relation types? Although it is also possible for rela-
tion mentions to cross sentence boundaries, such cases are less frequent
and hard to detect. Existing work therefore mostly focuses on relation
extraction within sentence boundaries.

There have been a number of studies following the classification ap-
proach [38, 71, 37, 18, 19]. Feature engineering is the most critical
step of this approach. An extension of the feature-based classification
approach is to define kernels rather than features and to apply kernel
machines such as support vector machines to perform classification. Ker-
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nels defined over word sequences [14], dependency trees [26], dependency
paths [13] and parse trees [67, 68] have been proposed.

Both feature-based and kernel-based classification methods require a
large amount of training data. Another major line of work on relation
extraction is weakly supervised relation extraction from large corpora
that does not rely on the availability of manually labeled training data.
One approach is the bootstrapping idea to start with a small set of seed
examples and iteratively find new relation instances as well as new ex-
traction patterns. Representative work includes the Snowball system [3].
Another approach is distant supervision that makes use of known rela-
tion instances from existing knowledge bases such as Freebase [50].

3.1 Feature-based Classification

A typical approach to relation extraction is to treat the task as a clas-
sification problem [38, 71, 37, 18, 19]. Specifically, any pair of entities
co-occurring in the same sentence is considered a candidate relation in-
stance. The goal is to assign a class label to this instance where the class
label is either one of the predefined relation types or mil for unrelated
entity pairs. Alternatively, a two-stage classification can be performed
where at the first stage whether two entities are related is determined
and at the second stage the relation type for each related entity pair is
determined.

Classification approach assumes that a training corpus exists in which
all relation mentions for each predefined relation type have been man-
ually annotated. These relation mentions are used as positive training
examples. Entity pairs co-occurring in the same sentence but not labeled
are used as negative training examples. Each candidate relation instance
is represented by a set of features that are carefully chosen. Standard
learning algorithms such as support vector machines and logistic regres-
sion can then be used to train relation classifiers.

Feature engineering is a critical step for this classification approach.
Researchers have examined a wide range of lexical, syntactic and seman-
tic features. We summarize some of the most commonly used features
as follows:

s Entity features: Oftentimes the two argument entities, including
the entity words themselves and the entity types, are correlated
with certain relation types. In the ACE data sets, for example,
entity words such as father, mother, brother and sister and the
person entity type are all strong indicators of the family relation
subtype.
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m Lexical contextual features: Intuitively the contexts surround-
ing the two argument entities are important. The simplest way to
incorporate evidence from contexts is to use lexical features. For
example, if the word founded occurs between the two arguments,
they are more likely to have the FounderOf relation.

m Syntactic contextual features: Syntactic relations between the
two arguments or between an argument and another word can often
be useful. For example, if the first argument is the subject of the
verb founded and the second argument is the object of the verb
founded, then one can almost immediately tell that the FounderOf
relation exists between the two arguments. Syntactic features can
be derived from parse trees of the sentence containing the relation
instance.

» Background knowledge: Chan and Roth studied the use of
background knowledge for relation extraction [18]. An example is
to make use of Wikipedia. If two arguments co-occur in the same
Wikipedia article, the content of the article can be used to check
whether the two entities are related. Another example is word
clusters. For example, if we can group all names of companies such
as IBM and Apple into the same word cluster, we achieve a level
of abstraction higher than words and lower than the general entity
type organization. This level of abstraction may help extraction
of certain relation types such as Acquire between two companies.

Jiang and Zhai proposed a framework to organize the features used
for relation extraction such that a systematic exploration of the feature
space can be conducted [37]. Specifically, a relation instance is repre-
sented as a labeled, directed graph G = (V, E, A, B), where V is the set
of nodes in the graph, F is the set of directed edges in the graph, and
A and B are functions that assign labels to the nodes.

First, for each node v € V', A(v) = {a1,az,..., a4} is a set of at-
tributes associated with node v, where a; € X, and ¥ is an alphabet that
contains all possible attribute values. For example, if node v represents
a token, then A(v) can include the token itself, its morphological base
form, its part-of-speech tag, etc. If v also happens to be the head word
of arg, or argy, then A(v) can also include the entity type. Next, func-
tion B : V. — {0,1,2,3} is introduced to distinguish argument nodes
from non-argument nodes. For each node v € V, B(v) indicates how
node v is related to arg; and arg,. 0 indicates that v does not cover any
argument, 1 or 2 indicates that v covers arg; or arg,, respectively, and 3
indicates that v covers both arguments. In a constituency parse tree, a
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Figure 2.4. An example sequence representation. The subgraph on the left represents
a bigram feature. The subgraph on the right represents a unigram feature that states
the entity type of arg,.
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Figure 2.5. An example constituency parse tree representation. The subgraph rep-
resents a subtree feature (grammar production feature).

node v may represent a phrase and it can possibly cover both arguments.
Figures 2.4, 2.5 and 2.6 show three relation instance graphs based on the
token sequence, the constituency parse tree and the dependency parse
tree, respectively.

Given the above definition of relation instance graphs, a feature of
a relation instance captures part of the attributive and/or structural
properties of the relation instance graph. Therefore, it is natural to
define a feature as a subgraph of the relation instance graph. For-
mally, given a graph G = (V, E, A, B), which represents a single relation
instance, a feature that exists in this relation instance is a subgraph
G' = (V' E' A", B') that satisfies the following conditions: V' C V,
E'CE,and Yv e V', A'(v) C A(v), B'(v) = B(v).
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Figure 2.6. An example dependency parse tree representation. The subgraph repre-
sents a dependency relation feature between arg, Palestinians and of.

It can be shown that many features that have been explored in pre-
vious work on relation extraction can be transformed into this graphic
representation. Figures 2.4, 2.5 and 2.6 show some examples.

This framework allows a systematic exploration of the feature space
for relation extraction. To explore the feature space, Jiang and Zhai con-
sidered three levels of small unit features in increasing order of their com-
plexity: unigram features, bigram features and trigram features. They
found that a combination of features at different levels of complexity
and from different sentence representations, coupled with task-oriented
feature pruning, gave the best performance.

3.2 Kernel Methods

An important line of work for relation extraction is kernel-based clas-
sification. In machine learning, a kernel or kernel function defines the
inner product of two observed instances represented in some underlying
vector space. It can also be seen as a similarity measure for the observa-
tions. The major advantage of using kernels is that observed instances
do not need to be explicitly mapped to the underlying vector space in
order for their inner products defined by the kernel to be computed. We
will use the convolution tree kernel to illustrate this idea below.

There are generally three types of kernels for relation extraction:
sequence-based kernels, tree-based kernels and composite kernels.

3.2.1 Sequence-based Kernels. Bunescu and Mooney de-
fined a simple kernel based on the shortest dependency paths between
two arguments [13]. Two dependency paths are similar if they have the
same length and they share many common nodes. Here a node can be
represented by the word itself, its part-of-speech tag, or its entity type.
Thus the two dependency paths “protestors — seized < stations” and
“troops — raided <— churches” have a non-zero similarity value because
they can both be represented as “Person — VBD < Facility,” although
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they do not share any common word. A limitation of this kernel is that
any two dependency paths with different lengths have a zero similarity.
In [14], Bunescu and Mooney introduced a subsequence kernel where
the similarity between two sequences is defined over their similar subse-
quences. Specifically, each node in a sequence is represented by a feature
vector and the similarity between two nodes is the inner product of their
feature vectors. The similarity between two subsequences of the same
length is defined as the product of the similarities of each pair of their
nodes in the same position. The similarity of two sequences is then
defined as a weighted sum of the similarities of all the subsequences of
the same length from the two sequences. The weights are introduced to
penalize long common subsequences. Bunescu and Mooney tested their
subsequence kernel for protein-protein interaction detection.

3.2.2 Tree-based Kernels. Tree-based kernels use the same
idea of using common substructures to measure similarities. Zelenko
et al. defined a kernel on the constituency parse trees of relation in-
stances [67]. The main motivation is that if two parse trees share many
common subtree structures then the two relation instances are similar
to each other. Culotta and Sorensen extended the idea to dependency
parse trees [26]. Zhang et al. [68] further applied the convolution tree
kernel initially proposed by Collins and Duffy [24] to relation extraction.
This convolution tree kernel-based method was later further improved
by Qian et al. [53] and achieved a state-of-the-art performance of around
77% of F-1 measure on the benchmark ACE 2004 data set.

We now briefly discuss the convolution tree kernels. As we explained
earlier, a kernel function corresponds to an underlying vector space in
which the observed instances can be represented. For convolution tree
kernels, each dimension of this underlying vector space corresponds to
a subtree. To map a constituency parse tree to a vector in this vector
space, we simply enumerate all the subtrees contained in the parse tree.
If a subtree 7 occurs k times in the parse tree, the value for the dimen-
sion corresponding to 7 is set to k. Only subtrees containing complete
grammar production rules are considered. Figure 2.7 shows an example
parse tree and all the subtrees under the NP “the company.”

Formally, given two constituency parse trees 77 and 7%, the convolu-
tion tree kernel K is defined as follows:

K(T1,Ty) = > Y Y Li(m)i(ng). (2.6)

n1€N1 na€Ns i
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Figure 2.7. Left: The constituency parse tree of a simple sentence. Right: All the
subtrees of the NP “the company” considered in convolution tree kernels.

Here N7 and N5 are the sets of all nodes in 77 and T5 respectively. 4
denotes a subtree in the feature space. I;(n) is 1 if subtree i is seen
rooted at node n and 0 otherwise.

It is not efficient to directly compute K as defined in Equation 2.6. In-
stead, we can define C'(n1,n2) = >, I;(n1)I;(n2). C(ni,n2) can then be
computed in polynomial time based on the following recursive property:

m If the grammar productions at n; and ng are different, then the
value of C(n1,n2) is 0.

m If the grammar productions at n, and no are the same and ny and
ny are pre-terminals, then C(ni,n2) is 1. Here pre-terminals are
nodes directly above words in a parse tree, e.g. the N, V and D in
Figure 2.7.

s If the grammar productions at n, and no are the same and n; and
ng are not pre-terminals,

ncn

C(ni,ne) = H 1+ C(ch(ni,j),ch(ng, 7)), (2.7)

where nc(n) is the number of child-nodes of n, and ch(n, j) is the
j-th child-node of n. Note that here nc(ny) = nc(nz).

With this recursive property, convolution tree kernels can be efficiently
computed in O(|N7||Nz|) time.

3.2.3 Composite Kernels. It is possible to combine different
kernels into a composite kernel. This is when we find it hard to include
all the useful features into a single kernel. Zhao and Grishman defined
several syntactic kernels such as argument kernel and dependency path
kernel before combing them into a composite kernel [70]. Zhang et al.
combined an entity kernel with the convolution tree kernel to form a
composite kernel [69].
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3.3 Weakly Supervised Learning Methods

Both feature-based and kernel-based classification methods for rela-
tion extraction rely on a large amount of training data, which is expen-
sive to obtain. A solution to this problem is weakly supervised learn-
ing methods that work with much less training data. The most notable
weakly supervised method for relation extraction is bootstrapping, which
starts from a small set of seed relation instances and iteratively learns
more relation instances and extraction patterns. It has been widely ex-
plored [12, 3]. More recently, another learning paradigm called distant
supervision has been proposed to make use of a large number of known
relation instances in existing large knowledge bases to create training
data [50]. For both bootstrapping and distant supervision, noisy training
data is automatically generated. To achieve good performance, careful
feature selection and pattern filtering need to be carried out.

3.3.1 Bootstrapping. A representative work on bootstrapping
for relation extraction is the Snowball system developed by Agichtein
and Gravano [3], which improved over an earlier system called DIPRE
developed by Brin [12]. The idea behind Snowball is simple. We start
with a set of seed entity pairs that are related through the target rela-
tion. For example, if the target relation is HeadquarteredIn, we may
use seed pairs such as (Microsoft, Redmond), (Google, Mountain View)
and (Facebook, Palo Alto). Given a large corpus, we then look for co-
occurrences of these entity pairs within close proximity. The assumption
is that if two entities related through the target relation co-occur closely,
the context in which they co-occur is likely to be a pattern for the target
relation. For example, we may find sentence fragments such as “Google’s
headquarters in Mountain View” and “Redmond-based Microsoft” and
extract patterns like “ORG’s headquarters in LOC” and “LOC-based ORG.”
With these patterns, we can search the corpus and find more (ORG, LOC)
entity pairs that have the HeadquarteredIn relation. We add these en-
tity pairs to the set of seed relation instances and repeat the process.
More patterns and entity pairs are added to the results until a certain
condition is satisfied.

An important step in bootstrapping methods is to evaluate the qual-
ity of extraction patterns so as not to include many noisy patterns
during the extraction process. For example, from the seed entity pair
(Google, Mountain View) we may also find “Google, Mountain View”
in the corpus. However, the pattern “ORG, LOC” is not a reliable one
and thus should not be used. Heuristic methods have been proposed to
judge the quality of an extraction pattern. Usually two factors are con-
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sidered, coverage and precision. Coverage is related to the percentage of
true relation instances that can be discovered by the pattern. Precision
is related to the percentage of correct relation instances among all the
relation instances discovered by the pattern.

3.3.2 Distant Supervision. In bootstrapping only a small
set of seed entity pairs is used. With the growth of the social Web,
much human knowledge has been contributed by a large crowd of users
and stored in knowledge bases. A well-known example is Wikipedia.
Another example is Freebase, a knowledge base that stores structured
human knowledge such as entity relations [11]. With such freely available
knowledge, it becomes possible to use a large set of entity pairs known to
have a target relation to generate training data. Mintz et al. proposed
distant supervision for relation extraction based on this idea [50]. They
assume that if two entities participate in a relation, any sentence that
contain these two entities express that relation. Because this assumption
does not always hold, Mintz et al. use features extracted from differ-
ent sentences containing the entity pair to create a richer feature vector
that is supposed to be more reliable. They define lexical, syntactic and
named entity tag features. They use standard multi-class logistic regres-
sion as the classification algorithm. Their experiments show that this
method can reach almost 70% of precision based on human judgment.
Nguyen and Moschitti further used knowledge from both YAGO and
Wikipedia documents for distant supervision and achieved around 74%
F-1 measure [51].

4. Unsupervised Information Extraction

In Section 2 and Section 3, we discussed named entity recognition and
relation extraction where the entity types and relation types are well de-
fined in advance based on the application. A large amount of labeled
training data is also required in order to learn a good named entity rec-
ognizer or relation extractor. However, both defining the structures for
the information to be extracted and annotating documents according to
the defined structures require human expertise and are time consuming.
To alleviate this problem, recently there has been an increasing amount
of interest in unsupervised information extraction from large corpora.

In this section we review some recent studies along this line. We first
discuss relation discovery and template induction where the goal is to
discover salient relation types or templates for a given domain. The key
idea is to cluster entities or entity pairs based on their lexico-syntactic
contextual features. We then discuss open information extraction where
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the goal is to extract any type of relation from a large, diverse corpus
such as the Web.

4.1 Relation Discovery and Template Induction

In Section 3 we discussed relation extraction when the types of rela-
tions to be extracted are known in advance. There are also cases where
we do not have any specific relation types in mind but would like to
discover salient relation types from a given corpus. For example, given a
set of articles reporting hurricane events, it would be useful if we could
automatically discover that one of the most important relations for this
domain is the hit relation between a hurricane and the place being hit.

Shinyama and Sekine first proposed to study this problem, which they
referred to as Unrestricted Relation Discovery [60]. They started by col-
lecting a large number of news articles from different news sources on
the Web. They then used simple clustering based on lexical similarity to
find articles talking about the same event. In this way they could enrich
the feature representation of an entity using its multiple occurrences in
different articles. Next they performed syntactic parsing and extracted
named entities from these articles. Each named entity could then be
represented by a set of syntactic patterns as its features. For example,
a pattern may indicate that the entity is the subject of the verb hit.
Finally, they clustered pairs of entities co-occurring in the same arti-
cle using their feature representations. The end results were tables in
which rows corresponded to different articles and columns corresponded
to different roles in a relation. They were able to achieve around 75% of
accuracy for the discovered tables.

Rosenfeld and Feldman formulated unsupervised relation discovery in
a more general way [57]. It is assumed that the input of the problem
consists of entity pairs together with their contexts. An unsupervised re-
lation discovery algorithm clusters these entity pairs into disjoint groups
where each group represents a single semantic relation. There is also a
garbage cluster to capture unrelated entity pairs or unimportant rela-
tions. The contexts for each entity pair consist of the contexts of each
entity and the contexts of the two entities’ co-occurrences. An entity
pair can be represented by a set of features derived from the contexts.
Rosenfeld and Feldman considered only surface pattern features. For
example, “arg;, based in argy” is a pattern to capture a co-occurrence
context between the two entities. For clustering, Rosenfeld and Feldman
considered hierarchical agglomerative clustering and K-means cluster-
ing. Their method was able to discover relations such as City0fState
and EmployedIn.
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While relation discovery considers binary relations only, a more com-
plex task is to automatically induce an information extraction template,
which may contain multiple slots playing different semantic roles. The
most straightforward solution is to identify candidates of role fillers first
and then cluster these candidates into clusters. However, this simplified
clustering approach does not consider an important observation, which
is that a single document tends to cover different slots. To remedy this
problem, Marx et al. proposed a cross-component clustering algorithm
for unsupervised information extraction [47]. The algorithm assigns a
candidate from a document to a cluster based on the candidate’s feature
similarity with candidates from other documents only. In other words,
the algorithm prefers to separate candidates from the same document
into different clusters. Leung et al. proposed a generative model to
capture the same intuition [43]. Specifically, they assume a prior distri-
bution over the cluster labels of candidates in the same document where
the prior prefers a diversified label assignment. Their experiments show
that clustering results are better with this prior than without using the
prior.

The aforementioned two studies assume a single template and do not
automatically label the discovered slots. Chambers and Jurafsky pre-
sented a complete method that is able to discover multiple templates
from a corpus and give meaningful labels to discovered slots [17]. Specif-
ically, their method performs two steps of clustering where the first clus-
tering step groups lexical patterns that are likely to describe the same
type of events and the second clustering step groups candidate role fillers
into slots for each type of events. A slot can be labeled using the syn-
tactic patterns of the corresponding slot fillers. For example, one of the
slots discovered by their method for the bombing template is automat-
ically labeled as “Person/Organization who raids, questions, discovers,
investigates, diffuses, arrests.” A human can probably infer from the
description that this refers to the police slot.

4.2 Open Information Extraction

Relation discovery and template induction usually work on a corpus
from a single domain, e.g. articles describing terrorism events, because
the goal is to discover the most salient relations from such a domain-
specific corpus. In some cases, however, our goal is to find all the poten-
tially useful facts from a large and diverse corpus such as the Web. This
is the focus of open information extraction, first introduced by Banko et
al. [6].
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Open information extraction does not assume any specific target re-
lation type. It makes a single pass over the corpus and tries to extract
as many relations as possible. Because no relation type is specified in
advance, part of the extraction results is a phrase that describes the re-
lation extracted. In other words, open information extraction generates
(arg,,rel,arg,) tuples.

In [7], Banko and Etzioni introduced an unlexicalized CRF-based
method for open information extraction. The method is based on the
observation that although different relation types have very different se-
mantic meanings, there exists a small set of syntactic patterns that cover
the majority of semantic relation mentions. It is therefore possible to
train a relation extraction model that extracts arbitrary relations. The
key is not to include lexical features in the model.

Later work on open information extraction introduced more heuristics
to improve the quality of the extracted relations. In [29], for example,
Fader et al. proposed the following two heuristics: (1) A multi-word
relation phrase must begin with a verb, end with a preposition, and be
a contiguous sequence of words in the sentence. (2) A binary relation
phrase ought to appear with at least a minimal number of distinct ar-
gument pairs in a large corpus. It is found that the two heuristics can
effectively lead to better extraction results.

5. Evaluation

To evaluate information extraction systems, manually annotated doc-
uments have to be created. For domain-specific information extraction
systems, the annotated documents have to come from the target domain.
For example, to evaluate gene and protein name extraction, biomedical
documents such as PubMed abstracts are used. But if the purpose is to
evaluate general information extraction techniques, standard benchmark
data sets can be used. Commonly used evaluation data sets for named
entity recognition include the ones from MUC [33], CoNLL-2003 [63]
and ACE [1]. For relation extraction, ACE data sets are usually used.

The typical evaluation metrics for information extraction are preci-
sion, recall and F-1 scores. Precision measures the percentage of correct
instances among the identified positive instances. Recall measures the
percentage of correct instances that can be identified among all the pos-
itive instances. F-1 is the geometric mean of precision and recall.

For named entity recognition, strictly speaking a correctly identified
named entity must satisfy two criteria, namely, correct entity boundary
and correct entity type. Most evaluation is based on the exact match
of entity boundaries. However, it is worth nothing that in some cases
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credit should also be given to partial matches, e.g. when the goal is only
to tell whether an entity is mentioned in a document or a sentence [64].

For relation extraction, as we have mentioned, there are two levels of
extraction, corpus-level and mention-level. While evaluation at mention
level requires annotated relation mention instances, evaluation at corpus
level requires only truly related entity pairs, which may be easier to
obtain or annotate than relation mentions.

Currently, the state-of-the-art named entity recognition methods can
achieve around 90% of F-1 scores when trained and tested on the same
domain [63]. It is generally observed that person entities are easier to
extract, followed by locations and then organizations. It is important
to note that when there is domain change, named entity recognition
performance can drop substantially. There have been several studies
addressing the domain adaptation problem for named entity recognition
(e.g. [36, 5]).

For relation extraction, the state-of-the-art performance is lower than
that of named entity recognition. On the ACE 2004 benchmark data
set, for example, the best F-1 score is around 77% for the seven major
relation types [53].

6. Conclusions and Summary

Information extraction is an important text mining problem and has
been extensively studied in areas such as natural language processing, in-
formation retrieval and Web mining. In this chapter we reviewed some
representative work on information extraction, in particular work on
named entity recognition and relation extraction. Named entity recog-
nition aims at finding names of entities such as people, organizations
and locations. State-of-the-art solutions to named entity recognition
rely on statistical sequence labeling algorithms such as maximum en-
tropy Markov models and conditional random fields. Relation extrac-
tion is the task of finding the semantic relations between entities from
text. Current state-of-the-art methods use carefully designed features
or kernels and standard classification to solve this problem.

Although supervised learning has been the dominating approach to in-
formation extraction, weakly supervised methods have also drawn much
attention. Bootstrapping is a major technique for semi-supervised rela-
tion extraction. More recently, with large amounts of knowledge made
available in online knowledge bases, distant supervision provides a new
paradigm of learning without training data.

Unsupervised information extraction aims to automatically induce the
structure of the information to be extracted such as the relation types
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and the templates. Clustering is the main technique used for unsuper-
vised information extraction.

With the fast growth of textual data on the Web, it is expected that fu-
ture work on information extraction will need to deal with even more di-
verse and noisy text. Weakly supervised and unsupervised methods will
play a larger role in information extraction. The various user-generated
content on the Web such as Wikipedia articles will also become impor-
tant resources to provide some kind of supervision.
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Abstract

Numerous approaches for identifying important content for automatic
text summarization have been developed to date. Topic representation
approaches first derive an intermediate representation of the text that
captures the topics discussed in the input. Based on these representa-
tions of topics, sentences in the input document are scored for impor-
tance. In contrast, in indicator representation approaches, the text is
represented by a diverse set of possible indicators of importance which
do not aim at discovering topicality. These indicators are combined,
very often using machine learning techniques, to score the importance
of each sentence. Finally, a summary is produced by selecting sentences
in a greedy approach, choosing the sentences that will go in the summary
one by one, or globally optimizing the selection, choosing the best set of
sentences to form a summary. In this chapter we give a broad overview
of existing approaches based on these distinctions, with particular at-
tention on how representation, sentence scoring or summary selection
strategies alter the overall performance of the summarizer. We also
point out some of the peculiarities of the task of summarization which
have posed challenges to machine learning approaches for the problem,
and some of the suggested solutions®.

1Portions of this chapter have already appeared in our more detailed overview of summa-
rization research [67]. The larger manuscript includes sections on generation techniques for
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1. How do Extractive Summarizers Work?

Summarization systems need to produce a concise and fluent summary
conveying the key information in the input. In this chapter we constrain
our discussion to extractive summarization systems for short, paragraph-
length summaries and explain how these systems perform summariza-
tion. These summarizers identify the most important sentences in the
input, which can be either a single document or a cluster of related
documents, and string them together to form a summary. The decision
about what content is important is driven primarily by the input to the
sumimarizer.

The choice to focus on extractive techniques leaves out the large body
of text-to-text generation approaches developed for abstractive summa-
rization, but allows us to focus on some of the most dominant approaches
which are easily adapted to take users’ information need into account
and work for both single- and multi-document inputs. Moreover, by ex-
amining the stages in the operation of extractive summarizers we are able
to point out commonalities and differences in summarization approaches
which relate to critical components of a system and could explain the
advantages of certain techniques over others.

In order to better understand the operation of summarization systems
and to emphasize the design choices system developers need to make, we
distinguish three relatively independent tasks performed by virtually all
summarizers: creating an intermediate representation of the input which
captures only the key aspects of the text, scoring sentences based on that
representation and selecting a summary consisting of several sentences.

Intermediate representation Even the simplest systems derive
some intermediate representation of the text they have to summarize
and identify important content based on this representation. Topic rep-
resentation approaches convert the text to an intermediate representa-
tion interpreted as the topic(s) discussed in the text. Some of the most
popular summarization methods rely on topic representations and this
class of approaches exhibits an impressive variation in sophistication and
representation power. They include frequency, TF.IDF and topic word
approaches in which the topic representation consists of a simple table

summarization, evaluation issues and genre specific summarization which we do not address
in this chapter. http://dx.doi.org/10.1561/1500000015
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of words and their corresponding weights, with more highly weighted
words being more indicative of the topic; lexical chain approaches in
which a thesaurus such as WordNet is used to find topics or concepts of
semantically related words and then give weight to the concepts; latent
semantic analysis in which patterns of word co-occurrence are identified
and roughly construed as topics, as well as weights for each pattern;
full blown Bayesian topic models in which the input is represented as
a mixture of topics and each topic is given as a table of word prob-
abilities (weights) for that topic. Indicator representation approaches
represent each sentence in the input as a list of indicators of importance
such as sentence length, location in the document, presence of certain
phrases, etc. In graph models, such as LexRank, the entire document is
represented as a network of inter-related sentences.

Score sentences Once an intermediate representation has been de-
rived, each sentence is assigned a score which indicates its importance.
For topic representation approaches, the score is commonly related to
how well a sentence expresses some of the most important topics in the
document or to what extent it combines information about different top-
ics. For the majority of indicator representation methods, the weight of
each sentence is determined by combining the evidence from the differ-
ent indicators, most commonly by using machine learning techniques to
discover indicator weights. In LexRank, the weight of each sentence is
derived by applying stochastic techniques to the graph representation of
the text.

Select summary sentences Finally, the summarizer has to select
the best combination of important sentences to form a paragraph length
summary. In the best n approaches, the top n most important sentences
which combined have the desired summary length are selected to form
the summary. In maximal marginal relevance approaches, sentences are
selected in an iterative greedy procedure. At each step of the procedure
the sentence importance score is recomputed as a linear combination
between the original importance weight of the sentence and its similarity
with already chosen sentences. Sentences that are similar to already
chosen sentences are dispreferred. In global selection approaches, the
optimal collection of sentences is selected subject to constraints that try
to maximize overall importance, minimize redundancy, and, for some
approaches, maximize coherence.

There are very few inherent dependencies between the three process-
ing steps described above and a summarizer can incorporate any com-
bination of specific choices on how to perform the steps. Changes in the
way a specific step is performed can markedly change the performance
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of the summarizer, and we will discuss some of the known differences as
we introduce the traditional methods.

In ranking the importance of sentences for summaries, other factors
also come into play. If we have information about the context in which
the summary is generated, this can help in determining importance.
Context can take the form of information about user needs, often pre-
sented through a query. Context can include the environment in which
an input document is situated, such as the links which point to a web
page. Another factor which affects sentence ranking is the genre of a
document. Whether the input document is a news article, an email
thread, a web page or a journal article influences the strategies used to
select sentences.

We begin with a discussion of topic representation approaches in Sec-
tion 2. In these approaches the independence between the methods for
deriving the intermediate representation and those for scoring sentences
is most clear and we emphasize the range of choices for each as we dis-
cuss individual approaches. In Section 3 we discuss approaches that
focus attention on the contextual information necessary for determining
sentence importance rather than the topic representation itself. We fol-
low with a presentation of indicator representation approaches in Section
4. We then discuss approaches to selecting the sentences of a summary
in Section 5 before concluding.

2. Topic Representation Approaches

Topic representation approaches vary tremendously in sophistication
and encompass a family of methods for summarization. Here we present
some of the most widely applied topic representation approaches, as
well as those that have been gaining popularity because of their recent
successes.

2.1 Topic Words

In remarkably early work on text summarization [53], Luhn proposed
the use of frequency thresholds to identify descriptive words in a docu-
ment to be summarized, a simple representation of the document’s topic.
The descriptive words in his approach exclude the most frequent words
in the document, which are likely to be determiners, prepositions, or
domain specific words, as well as those occurring only a few times A
modern statistical version of Luhn’s idea applies the log-likelihood ra-
tio test [22] for identification of words that are highly descriptive of the
input. Such words have been traditionally called “topic signatures” in
the summarization literature [46]. The use of topic signatures words
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as representation of the input has led to high performance in selecting
important content for multi-document summarization of news [15, 38].

Topic signatures are words that occur often in the input but are rare
in other texts, so their computation requires counts from a large col-
lection of documents in addition to the input for summarization. One
of the key strengths of the log-likelihood ratio test approach is that it
provides a way of setting a threshold to divide all words in the input into
either descriptive or not. The decision is made based on a test for sta-
tistical significance, to large extent removing the need for the arbitrary
thresholds in the original approach.

Information about the frequency of occurrence of words in a large
background corpus is necessary to compute the statistic on the basis
of which topic signature words are determined. The likelihood of the
input I and the background corpus is computed under two assumptions:
(H1) that the probability of a word in the input is the same as in the
background B or (H2) that the word has a different, higher probability,
in the input than in the background.

H1: P(w|I) = P(w|B) = p (w is not descriptive)

H2: P(w|I) = p;r and P(w|B) = pp and p; > pp (w is descriptive)

The likelihood of a text with respect to a given word of interest, w,
is computed via the binomial distribution formula. The input and the
background corpus are treated as a sequence of words w;: wiws ... wy.
The occurrence of each word is a Bernoulli trial with probability p of
success, which occurs when w; = w. The overall probability of observing
the word w appearing k times in the IV trials is given by the binomial
distribution

bk o) = () )= Y (3.1

For H1, the probability p is computed from the input and the back-
ground collection taken together. For H2, p; is computed from the input,
po from the background, and the likelihood of the entire data is equal to
the product of the binomial for the input and that for the background.
More specifically, the likelihood ratio is defined as

b(k, N, p)
b(klaNI7pI)'b(kBaNBapB)

where the counts with subscript I are computed only from the input to
the summarizer and those with index B are computed over the back-
ground corpus.

The statistic equal to —2log A has a known statistical distribution
(x?), which can be used to determine which words are topic signatures.

A=

(3.2)
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Topic signature words are those that have a likelihood statistic greater
than what one would expect by chance. The probability of obtaining
a given value of the statistic purely by chance can be looked up in a
x? distribution table; for instance a value of 10.83 can be obtained by
chance with probability of 0.001.

The importance of a sentence is computed as the number of topic
signatures it contains or as the proportion of topic signatures in the
sentence. Both of these sentence scoring functions are based on the
same topic representation, the scores they assign to sentences may be
rather different. The first approach is likely to score longer sentences
higher, simply because they contain more words. The second approach
favors density of topic words.

2.2 Frequency-driven Approaches

There are two potential modifications that naturally come to mind
when considering the topic words approach. The weights of words in
topic representations need not be binary (either 1 or 0) as in the topic
word approaches. In principle it would even be beneficial to be able to
compare the continuous weights of words and determine which ones are
more related to the topic. The approaches we present in this section—
word probability and TF.IDF—indeed assign non-binary weights related
on the number of occurrences of a word or concept. Research has already
shown that the binary weights give more stable indicators of sentence
importance than word probability and TF.IDF [34]. Nonetheless we
overview these approaches because of their conceptual simplicity and
reasonable performance. We also describe the lexical chains approach to
determining sentence importance. In contrast to most other approaches,
it makes use of WordNet, a lexical database which records semantic rela-
tions between words. Based on the information derived from WordNet,
lexical chain approaches are able to track the prominence, indicated by
frequency, of different topics discussed in the input.

Word probability is the simplest form of using frequency in the
input as an indicator of importance?. The probability of a word w, p(w)
is computed from the input, which can be a cluster of related documents
or a single document. It is calculated as the number of occurrences of a
word, ¢(w) divided by the number of all words in the input, N:

2Raw frequency would be even simpler, but this measure is too strongly influenced by doc-
ument length. A word appearing twice in a 10 word document may be important, but not
necessarily so in a 1000 word document. Computing word probability makes an adjustment
for document length.
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plw) = 42 (33)

SUMBASIC is one system developed to operationalize the idea of using
frequency for sentence selection. It relies only on word probability to
calculate importance [94]. For each sentence S; in the input it assigns
a weight equal to the average probability p(w;) of the content words in
the sentence®, estimated from the input for summarization:

- Zw¢65jp(wi)
{wilw; € S;}

Then, in a greedy fashion, SUMBASIC picks the best scoring sentence
that contains the word that currently has the highest probability. This
selection strategy assumes that at each point when a sentence is selected,
a single word—that with highest probability—represents the most im-
portant topic in the document and the goal is to select the best sentence
that covers this word. After the best sentence is selected, the probability
of each word that appears in the chosen sentence is adjusted. It is set
to a smaller value, equal to the square of the probability of the word
at the beginning of the current selection step, to reflect the fact that
the probability of a word occurring twice in a summary is lower than
the probability of the word occurring only once. This selection loop is
repeated until the desired summary length is achieved.

With continuous weights, there are even greater number of possibil-
ities for defining the sentence scoring function compared to the topic
words method: the weights can be summed, multiplied, averaged, etc.
In each case the scoring is derived by the same representation but the re-
sulting summarizer performance can vary considerably depending on the
choice [68]. The sentence selection strategy of SUMBASIC is a variation
of the maximal marginal relevance strategy, but an approach that opti-
mizes the occurrence of important words globally over the entire sum-
mary instead of greedy selection perform better [89]. Word probabilities
can serve as the basis for increasingly complex views of summarization
[50].

TF*IDF weighting (Term Frequency*Inverse Document Frequency)

The word probability approach relies on a stop word list to eliminate
too common words from consideration. Deciding which words to in-
clude in a stop list, however, is not a trivial task and assigning TF*IDF
weights to words [79, 87] provides a better alternative. This weighting

Weight(S;) (3.4)

3Sentences that have fewer than 15 content words are assigned weight zero and a stop word
list is used to eliminate very common words from consideration.
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exploits counts from a background corpus, which is a large collection of
documents, normally from the same genre as the document that is to be
summarized; the background corpus serves as indication of how often a
word may be expected to appear in an arbitrary text.

The only additional information besides the term frequency c(w) that
we need in order to compute the weight of a word w which appears c(w)
times in the input for summarization is the number of documents, d(w),
in a background corpus of D documents that contain the word. This
allows us to compute the inverse document frequency:

TF xIDF,, = c¢(w).log d(Dw) (3.5)

In many cases c¢(w) is divided by the maximum number of occurrences
of any word in the document, which normalizes for document length.
Descriptive topic words are those that appear often in a document, but
are not very common in other documents. Words that appear in most
documents will have an IDF close to zero. The TF*IDF weights of
words are good indicators of importance, and they are easy and fast to
compute. These properties explain why TF*IDF is incorporated in one
form or another in most current systems [25, 26, 28-30, 40].

Centroid summarization [73], which has become a popular baseline
system, is also built on TF.IDF topic representation. In this approach,
an empirically determined threshold is set, and all words with TF.IDF
below that threshold are considered to have a weight of zero. In this
way the centroid approach is similar to the topic word approach be-
cause words with low weight are treated as noise and completely ignored
when computing sentence importance. It also resembles the word prob-
ability approach because it keeps differential weights (TF.IDF) for all
word above the threshold. The sentence scoring function in the centroid
method is the sum of weights of the words in it.

Lexical chains [3, 86, 31] and some related approaches represent topics
that are discussed throughout a text by exploiting relations between
words. They capture semantic similarity between nouns to determine
the importance of sentences. The lexical chains approach captures the
intuition that topics are expressed using not a single word but instead
different related words. For example, the occurrence of the words “car”,
“wheel”, “seat”, “passenger” indicates a clear topic, even if each of the
words is not by itself very frequent. The approach heavily relies on
WordNet [63], a manually compiled thesaurus which lists the different
senses of each word, as well as word relationships such as synonymy,
antonymy, part-whole and general-specific.
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A large part of Barzilay and Elhadad’s original work on applying
lexical chains for summarization [3] is on new methods for construct-
ing good lexical chains, with emphasis on word sense disambiguation of
words with multiple meanings (i.e. the word “bank” can mean a financial
institution or the land near a river or lake). They develop an algorithm
that improves on previous work by waiting to disambiguate polysemous
words until all possible chains for a text have been constructed; word
senses are disambiguated by selecting the interpretations with the most
connections in the text. Later research further improved both the run-
time of the algorithms for building of lexical chains, and the accuracy of
word sense disambiguation [86, 31].

Barzilay and Elhadad claim that the most prevalent discourse topic
will play an important role in the summary and argue that lexical chains
provide a better indication of discourse topic than does word frequency
simply because different words may refer to the same topic. They define
the strength of a lexical chain by its length, which is equal to the number
of words found to be members of the same chain, and its homogeneity,
where homogeneity captures the number of distinct lexical items in the
chain divided by its length. They build the summary by extracting one
sentence for each highly scored chain, choosing the first sentence in the
document containing a representative word for the chain.

This strategy for summary selection—one sentence per important
topic—is easy to implement but possibly too restrictive. The question
that stands out, and which Barzilay and Elhadad raise but do not ad-
dress, is that maybe for some topics more than one sentence should be
included in the summary. Other sentence scoring techniques for lexical
chain summarization have not been explored, i.e. sentences that include
several of the highly scoring chains may be even more informative about
the connection between the discussed topics.

In later work, researchers chose to avoid the problem of word sense dis-
ambiguation altogether but still used WordNet to track the frequency of
all members of a concept set [82, 102]. Even without sense disambigua-
tion, these approaches were able to derive concepts like {war, campaign,
warfare, effort, cause, operation, conflict}, {concern, carrier, worry, fear,
scare} or {home, base, source, support, backing}. Each of the individual
words in the concept could appear only once or twice in the input, but
the concept itself appeared in the document frequently.

The heavy reliance on WordNet is clearly a bottleneck for the ap-
proaches above, because success is constrained by the coverage of Word-
Net. Because of this, robust methods such as latent semantic analysis
that do not use a specific static hand-crafted resource have much appeal.
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2.3 Latent Semantic Analysis

Latent semantic analysis (LSA) [19] is a robust unsupervised tech-
nique for deriving an implicit representation of text semantics based on
observed co-occurrence of words. Gong and Liu [33] proposed the use of
LSA for single and multi-document generic summarization of news, as
a way of identifying important topics in documents without the use of
lexical resources such as WordNet.

Building the topic representation starts by filling in a n by m matrix
A: each row corresponds to a word from the input (n words) and each
column corresponds to a sentence in the input (m sentences). Entry
a;; of the matrix corresponds to the weight of word ¢ in sentence j. If
the sentence does not contain the word, the weight is zero, otherwise
the weight is equal to the TF*IDF weight of the word. Standard tech-
niques for singular value decomposition (SVD) from linear algebra are
applied to the matrix A, to represent it as the product of three matrices:
A = UXVT. Every matrix has a representation of this kind and many
standard libraries provide a built-in implementation of the decomposi-
tion.

Matrix U is a n by m matrix of real numbers. Each column can
be interpreted as a topic, i.e. a specific combination of words from the
input with the weight of each word in the topic given by the real number.
Matrix Y is diagonal m by m matrix. The single entry in row ¢ of the
matrix corresponds to the weight of the “topic”, which is the ith column
of U. Topics with low weight can be ignored, by deleting the last k
rows of U, the last k rows and columns of ¥ and the last k rows of
VT, This procedure is called dimensionality reduction. It corresponds
to the thresholds employed in the centroid and topic words approaches,
and topics with low weight are treated as noise. Matrix V7 is a new
representation of the sentences, one sentence per row, each of which is
expressed not in terms of words that occur in the sentence but rather
in terms of the topics given in U. The matrix D = XV combines the
topic weights and the sentence representation to indicate to what extent
the sentence conveys the topic, with d;; indicating the weight for topic
1 in sentence j.

The original proposal of Gong and Liu was to select one sentence for
each of the most important topics. They perform dimensionality reduc-
tion, retaining only as many topics as the number of sentences they want
to include in the summary. The sentence with the highest weight for each
of the retained topics is selected to form the summary. This strategy suf-
fers from the same drawback as the lexical chains approach because more
than one sentence may be required to convey all information pertinent
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to that topic. Later researchers have proposed alternative procedures
which have led to improved performance of the summarizer in content
selection. One improvement is to use the weight of each topic in order
to determine the relative proportion of the summary that should cover
the topic, thus allowing for a variable number of sentences per topic.
Another improvement was to notice that often sentences that discuss
several of the important topics are good candidates for summaries [88].
To identify such sentences, the weight of sentence s; is set to equal

Weight(s;) =

Further variations of the LSA approach have also been explored [72,
35]. The systems that rely on LSA best exemplify the significance of the
procedure for sentence scoring. In the many variants of the algorithm,
the topic representation remains the same while the way sentences are
scored and chosen varies, directly influencing the performance of the
summarizer when selecting important content.

2.4 Bayesian Topic Models

Bayesian models are the most sophisticated approach for topic repre-
sentation proposed for summarization which has been steadily gaining
popularity [18, 36, 97, 11].

The original Bayesian model for multi-document summarization [18,
36|, derives several distinct probabilistic distributions of words that ap-
pear in the input. One distribution is for general English (G), one for
the entire cluster to be summarized (C') and one for each individual doc-
ument ¢ in that cluster (D;). Each of G, C and D consist of tables of
words and their probabilities, or weights, much like the word probability
approach, but the weights are very different in G, C' and D: a word with
high probability in general English is likely to have (almost) zero weight
in the cluster table C'. The tables (probability distributions) are derived
as a part of a hierarchical topic model [8]. It is an unsupervised model
and the only data it requires are several multi-document clusters; the
general English weights reflect occurrence of words across most of the
input clusters.

The topic model representations are quite appealing because they cap-
ture information that is lost in most of the other approaches. They, for
example, have an explicit representation of the individual documents
that make up the cluster that is to be summarized, while it is customary
in other approaches to treat the input to a multi-document summarizer
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as one long text, without distinguishing document boundaries. The
detailed representation would likely enable the development of better
summarizers which conveys the similarities and differences among the
different documents that make up the input for multi-document sum-
marization [55, 24, 54]. It is also flexible in the manner in which it
derives the general English weights of words, without the need for a
pre-determined stop word list, or IDF values from a background corpus.

In addition to the improved representation, the topic models highlight
the use of a different sentence scoring procedure: Kullback-Lieber (KL)
divergence. The KL divergence between two probability distributions
captures the mismatch in probabilities assigned to the same events by
the two distributions. In summarization, the events are the occurrence
of words. The probability of words in the summary can be computed
directly, as the number of times the word occurs divided by the total
number of words.

In general the KL divergence of probability distribution () with respect
to distribution P over words w is defined as

UPIQ) =3 Pl § (3.7)

P(w) and Q(w) are the probablhtles of win P and @) respectively.

Sentences are scored and selected in a greedy iterative procedure [36].
In each iteration the best sentence i to be selected in the summary
is determined as the one for which the KL divergence between C, the
probabilities of words in the cluster to be summarized, and the summary
so far, including 7, is smallest.

KL divergence is appealing as a way of scoring and selecting sentence
in summarization because it truly captures an intuitive notion that good
summaries are similar to the input. Thinking about a good summary
in this way is not new in summarization [21, 74] but KL provides a way
of measuring how the importance of words, given by their probabilities,
changes in the summary compared to the input. A good summary would
reflect the importance of words according to the input, so the divergence
between the two will be low. This intuition has been studied extensively
in work on automatic evaluation of content selection in summarization,
where another indicator of divergence—Jensen Shannon divergence—has
proven superior to KL [45, 52].

Given all this, information theoretic measures for scoring sentences
are likely to gain popularity even outside the domain on Bayesian topic
model representations. All that is necessary in order to apply a diver-
gence to score the summary is a table with word probabilities. The word
probability approaches in the spirit of SUMBASIC [68] can directly ap-
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ply divergence measures to score sentences rather than sum, multiply
or average the probabilities of words; other methods that assign weights
to words can normalize the weights to get a probability distribution of
words. In the next section we will also discuss an approach for summa-
rizing academic articles which uses KL divergence to score sentences.

2.5 Sentence Clustering and Domain-dependent
Topics

In multi-document summarization of news, the input by definition
consists of several articles, possibly from different sources, on the same
topic. Across the different articles there will be sentences that contain
similar information. Information that occurs in many of the input docu-
ments is likely important and worth selecting in a summary. Of course,
verbatim repetition on the sentence level is not that common across
sources. Rather, similar sentences can be clustered together [59, 39, 85].
In summarization, cosine similarity is standardly used to measure the
similarity between the vector representations of sentences [78].

In this approach, clusters of similar sentences are treated as proxies for
topics; clusters with many sentences represent important topic themes in
the input. Selecting one representative sentence from each main cluster
is one way to produce an extractive summary, while minimizing possible
redundancy in the summary.

The sentence clustering approach to multi-document summarization
exploits repetition at the sentence level. The more sentences there are in
a cluster, the more important the information in the cluster is considered.
Below is an example of a sentence cluster from different documents in
the input to a multi-document summarizer. All four sentences share
common content that should be conveyed in the summary.

S1 PAL was devastated by a pilots’ strike in June and by the region’s currency crisis.
S2 In June, PAL was embroiled in a crippling three-week pilots’ strike.

S3 Tan wants to retain the 200 pilots because they stood by him when the majority
of PAL’s pilots staged a devastating strike in June.

S4 In June, PAL was embroiled in a crippling three-week pilots’ strike.

Constraining each sentence to belong to only one cluster is a distinct
disadvantage of the sentence clustering approach, and graph methods
for summarization which we discuss in the next section, have proven to
exploit the same ideas in a more flexible way.

For domain-specific summarization, however, clustering of sentences
from many samples from the domain can give a good indication about
the topics that are usually discussed in the domain, and the type of
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information that a summary would need to convey. In this case, Hid-
den Markov Models (HMM) that capture “story flow”—what topics are
discussed in what order in the domain— can be trained [5, 28]. These
models capitalize on the fact that within a specific domain, information
in different texts is presented following a common presentation flow. For
example, news articles about earthquakes often first talk about where the
earthquake happened, what its magnitude was, then mention human ca-
sualties or damage, and finally discuss rescue efforts. Such “story flow”
can be learned from multiple articles from the same domain. States
in the HMM correspond to topics in the domain, which are discovered
via iterative clustering of similar sentences from many articles from the
domain of interest. Each state (topic) is characterized by a probability
distribution which indicates how likely a given word is to appear in a sen-
tence that discusses the topic. Transitions between states in the model
correspond to topic transitions in typical texts. These HMM models do
not require any labelled data for training and allow for both content se-
lection and ordering in summarization. The sentences that have highest
probability of conveying important topics are selected in the summary.

Even simpler approach to discovering the topics in a specific domain
can be applied when there are available samples from the domain that
are more structured and contain human-written headings. For exam-
ple, there are plenty of Wikipedia articles about actors and diseases.
Clustering similar section headings, where similarity is defined by cosine
similarity for example, will identify the topics discussed in each type of
article [80]. The clusters with most headings represent the most com-
mon topics, and the most common string in the cluster is used to label
it. This procedure discovers for example that when talking about actors,
writers most often include information about their biography, early life,
career and personal life. Then to summarize web pages returned by a
search for a specific actor, the system can create a Wikipedia-like web
page on the fly, selecting sentences from the returned results that convey
these topics.

3. Influence of Context

In many cases, the summarizer has available additional materials that
can help determine the most important topics in the document to be
summarized. For example in web page summarization, the augmented
input consists of other web pages that have links to the pages that we
want to summarize. In blog summarization, the discussion following the
blog post is easily available and highly indicative of what parts of the
blog post are interesting and important. In summarization of scholarly
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papers, later papers that cite the paper to be summarized and the ci-
tation sentences in particular, provide a rich context that indicate what
sentences in the original paper are important. User interests are often
taken into account in query-focused summarization, where the query pro-
vides additional context. All of these approaches relying on augmented
input have been exploited for summarization.

3.1 Web Summarization

One type of web page context to consider is the text in pages that link
to the one that has to be summarized, in particular the text surrounded
by the hyperlink tag pointing to the page. This text often provides a
descriptive summary of a web page (e.g., “Access to papers published
within the last year by members of the NLP group”). Proponents of us-
ing context to provide summary sentences argue that a web site includes
multimedia, may cover diverse topics, and it may be hard for a summa-
rizer to distinguish good summary content from bad [20]. The earliest
work on this approach was carried out to provide snippets for each result
from a search engine [2|. To determine a summary, their system issued
a search for a URL, selected all sentences containing a link to that URL
and the best sentence was identified using heuristics. Later work has
extended this approach through an algorithm that allows selection of a
sentence that covers as many aspects of the web page as possible and
that is on the same topic [20] . For coverage, Delort et al. used word
overlap, normalized by sentence length, to determine which sentences
are entirely covered by others and thus can be removed from consider-
ation for the summary. To ensure topicality, Delort’s system selects a
sentence that is a reference to the page (e.g., “CNN is a news site”) as
opposed to content (e.g., “The top story for today...”). He computes
topicality by measuring overlap between each context sentence and the
text within the web page, normalizing by the number of words in the
web page. When the web page does not have many words, instead he
clusters all sentences in the context and chooses the sentence that is
most similar to all others using cosine distance.

In summarization of blog posts, important sentences are identified
based on word frequency [41]. The critical difference from other ap-
proaches is that here frequency is computed over the comments on the
post rather then the original blog entry. The extracted sentences are
those that elicited discussion.
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3.2 Summarization of Scientific Articles

Impact summarization [60] is defined as the task of extracting sen-
tences from a paper that represent the most influential content of that
paper. Language models provide a natural way for solving the task.
For each paper to be summarized, impact summarization methods find
other papers in a large collection that cite that paper and extract the
areas in which the references occur. A language model is built using the
collection of all reference areas to a paper, giving the probability of each
word to occur in a reference area. This language model gives a way of
scoring the importance of sentences in the original article: important
sentences are those that convey information similar to that which later
papers discussed when referring to the original paper. The measure of
similarity between a sentence and the language model is measured by
KL divergence. In order to account for the importance of each sentence
within the summarized article alone, the approach uses word probabil-
ities estimated from the article. The final score of a sentence is a lin-
ear combination of impact importance coming from KL divergence and
intrinsic importance coming from the word probabilities in the input
article.

3.3 Query-focused Summarization

In query-focused summarization, the importance of each sentence will
be determined by a combination of two factors: how relevant is that sen-
tence to the user question and how important is the sentence in the con-
text of the input in which it appears. There are two classes of approaches
to this problem. The first adapts techniques for generic summarization
of news. For example, an approach using topic signature words [15] is
extended for query-focused summarization by assuming that the words
that should appear in a summary have the following probability: a word
has probability zero of appearing in a summary for a user defined topic if
it neither appears in the user query nor is a topic signature word for the
input; the probability of the word to appear in the summary is 0.5 if it
either appears in the user query or is a topic signature, but not both; and
the probability of a word to appear in a summary is 1 if it is both in the
user query and in the list of topic signature words for the input. These
probabilities are arbitrarily chosen, but in fact work well when used to
assign weights to sentences equal to the average probability of words in
the sentence. Graph-based approaches [71] have also been adapted for
query-focused summarization with minor modifications.

Other approaches have been developed that use new methods for iden-
tifying relevant and salient sentences. These approaches have usually
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been developed for specific types of queries. For example, many people
have worked on generation of biographical summaries, where the query
is the name of the person for whom a biography should be generated.
Most people use some balance of top-down driven approaches that search
for patterns of information that might be found in a biography, often
using machine learning to identify the patterns, combined with bottom-
up approaches that sift through all available material to find sentences
that are biographical in nature [7, 98, 81, 105, 6]. The most recent
of these approaches uses language modeling of biographical texts found
on Wikipedia and non-biographical texts in a news corpus to identify
biographical sentences in input documents.

Producing snippets for search engines is a particularly useful query
focused application [92, 95].

3.4 Email Summarization

Summarization must be sensitive to the unique characteristics of email,
a distinct linguistic genre that exhibits characteristics of both written
text and spoken conversation. A thread or a mailbox contains one or
more conversations between two or more participants over time. As
in summarization of spoken dialog, therefore, summarization needs to
take the interactive nature of dialog into account; a response is often
only meaningful in relation to the utterance it addresses. Unlike spo-
ken dialog, however, the summarizer need not concern itself with speech
recognition errors, the impact of pronunciation, or the availability of
speech features such as prosody. Furthermore, responses and reactions
are not immediate and due to the asynchronous nature of email, they
may explicitly mark the previous email passages to which they are rele-
vant.

In early research on summarization of email threads, [66] used an ex-
tractive summarizer to generate a summary for the first two levels of
the discussion thread tree, producing relatively short “overview sum-
maries.” They extracted a sentence for each of the two levels, using
overlap with preceding context. Later work on summarization of email
threads [75] zeroed in on the dialogic nature of email. Their summarizer
used machine learning and relied on email specific features in addition
to traditional features, including features related to the thread and fea-
tures related to email structure such as the number of responders to a
message, similarity of a sentence with the subject, etc. Email conversa-
tions are a natural means of getting answers to one’s questions and the
asynchronous nature of email makes it possible for one to pursue sev-
eral questions in parallel. As a consequence, question-answer exchanges
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figure as one of the dominant uses of email conversations. These obser-
vations led to research on identification of question and answer pairs in
email [84, 64] and the integration of such pairs in extractive summaries
of email [58].

Email summarizers have also been developed for a full mailbox or
archive instead of just a thread. [69] present a system that can be used
for browsing an email mailbox and that builds upon multi-document
summarization techniques. They first cluster all email in topically re-
lated threads. Both an overview and a full-length summary are then
generated for each cluster.A more recent approach to summarization of
email within a folder uses a novel graph-based analysis of quotations
within email [10]. Using this analysis, Carenini et al.’s system computes
a graph representing how each individual email directly mentions other
emails, at the granularity of fragments and sentences.

4. Indicator Representations and Machine
Learning for Summarization

Indicator representation approaches do not attempt to interpret or
represent the topics discussed in the input. Instead they come up with a
representation of the text that can be used to directly rank sentences by
importance. Graph methods are unique because in their most popular
formulations they base summarization on a single indicator of impor-
tance, derived from the centrality of sentences in a graph representation
of the input. In contrast other approaches employ a variety of indica-
tors and combine them either heuristically or using machine learning to
decide which sentences are worthy to be included in the summary.

4.1 Graph Methods for Sentence Importance

In the graph models inspired by the PageRank algorithm [25, 61],
the input is represented as a highly connected graph. Vertices represent
sentences and edges between sentences are assigned weights equal to the
similarity between the two sentences. The method most often used to
compute similarity is cosine similarity with TF*IDF weights for words.
Sometimes, instead of assigning weights to edges, the connections be-
tween vertices can be determined in a binary fashion: the vertices are
connected only if the similarity between the two sentences exceeds a pre-
defined threshold. Sentences that are related to many other sentences
are likely to be central and would have high weight for selection in the
summary.

When the weights of the edges are normalized to form a probability
distribution so that the weight of all outgoing edges from a given vertex
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sum up to one, the graph becomes a Markov chain and the edge weights
correspond to the probability of transitioning from one state to another.
Standard algorithms for stochastic processes can be used to compute the
probability of being in each vertex of the graph at time ¢ while making
consecutive transitions from one vertex to next. As more and more
transitions are made, the probability of each vertex converges, giving the
stationary distribution of the chain. The stationary distribution gives
the probability of (being at) a given vertex and can be computed using
iterative approximation. Vertices with higher probabilities correspond
to more important sentences that should be included in the summary.

Graph-based approaches have been shown to work well for both single-
document and multi-document summarization [25, 61]. Since the ap-
proach does not require language-specific linguistic processing beyond
identifying sentence and word boundaries, it can also be applied to other
languages, for example, Brazilian Portuguese [62]. At the same time, in-
corporating syntactic and semantic role information in the building of
the text graph leads to superior results over plain TF*IDF cosine simi-
larity [13].

Using different weighting schemes for links between sentences that
belong to the same article and sentences from different articles can help
separate the notions of topicality within a document and recurrent topics
across documents. This distinction can be easily integrated in the graph-
based models for summarization [96].

Graph representations for summarization had been explored even be-
fore the PageRank models became popular. For example, the purpose
of an older graph-based system for multi-document summarization [55]
is to identify salient regions of each story related to a topic given by
a user, and compare the stories by summarizing similarities and differ-
ences. The vertices in the graph are words, phrases and named entities
rather than sentences and their initial weight is assigned using TF*IDF.
Edges between vertices are defined using synonym and hypernym links
in WordNet, as well as coreference links. Spreading activation is used to
assign weights to non-query terms as a function of the weight of their
neighbors in the graph and the type of relation connecting the nodes.

In order to avoid problems with coherence that may arise with the
selection of single sentences, the authors of another approach [78] argue
that a summarizer should select full paragraphs to provide adequate
context. Their algorithm constructs a text graph for a document using
cosine similarity between each pair of paragraphs in the document. The
shape of the text graph determines which paragraphs to extract. In
their experiments, they show that two strategies, selecting paragraphs
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that are well connected to other paragraphs or first paragraphs of topical
text segments within the graph, both produce good summaries.

A combination of the subsentential granularity of analysis where nodes
are words and phrases rather than sentences and edges are syntactic
dependencies has also been explored [44]. Using machine learning tech-
niques, the authors attempt to learn what portions of the input graph
would be included in a summary. In their experiments on single doc-
ument summarization of news articles, properties of the graph such as
incoming and outgoing links, connectivity and PageRank weights are
identified as the best class of features that can be used for content selec-
tion. This work provides an excellent example of how machine learning
can be used to combine a range of indicators of importance rather than
committing to a single one.

4.2 Machine Learning for Summarization

Edmundson’s early work [23] set the direction for later investigation
of applying machine learning techniques for summarization [43]. He
proposed that rather than relying on a single representation of topics
in the input, many different indicators of importance can be combined.
Then a corpus of inputs and summaries written by people can be used
to determine the weight of each indicator.

In supervised methods for summarization, the task of selecting im-
portant sentences is represented as a binary classification problem, par-
titioning all sentences in the input into summary and non-summary sen-
tences. A corpus with human annotations of sentences that should be
included in the summary is used to train a statistical classifier for the dis-
tinction, with each sentences represented as a list of potential indicators
of importance. The likelihood of a sentence to belong to the summary
class, or the confidence of the classifier that the sentence should be in
the summary, is the score of the sentence. The chosen classifier plays the
role of a sentence scoring function, taking as an input the intermediate
representation of the sentence and outputting the score of the sentence.
The most highly scoring sentences are selected to form the summary,
possibly after skipping some because of high similarity to already cho-
sen sentences.

Machine learning approaches to summarization offer great freedom
because the number of indicators of importance is practically endless
[40, 70, 104, 44, 27, 37, 99, 51]. Any of the topic representation ap-
proaches discussed above can serve as the basis of indicators. Some
common features include the position of the sentence in the document
(first sentences of news are almost always informative), position in the



A Survey of Text Summarization Techniques 63

paragraph (first and last sentences are often important), sentence length,
similarity of the sentence with the document title or headings, weights
of the words in a sentence determined by any topic representation ap-
proach, presence of named entities or cue phrases from a predetermined
list, etc.

It is hardly an exaggeration to say that every existing machine learn-
ing method has been applied for summarization. One important differ-
ence is whether the classifier assumes that the decision about inclusion in
the summary is independently done for each sentence. This assumption
is apparently not realistic, and methods that explicitly encode dependen-
cies between sentences such as Hidden Markov Models and Conditional
Random Fields outperform other learning methods [14, 30, 83].

A problem inherent in the supervised learning paradigm is the neces-
sity of labeled data on which classifiers can be trained. Asking annota-
tors to select summary-worthy sentences is a reasonable solution [93] but
it is time consuming and even more importantly, annotator agreement is
low and different people tend to choose different sentences when asked
to construct an extractive summary of a text [76]. Partly motivated by
this issue and partly because of their interest in ultimately developing
abstractive methods for summarization many researchers have instead
worked with abstracts written by people (often professional writers).
Researchers concentrated their efforts on developing methods for auto-
matic alignment of the human abstracts and the input [56, 42, 104, 4,
17] in order to provide labeled data of summary and non-summary sen-
tences for machine learning. Some researchers have also proposed ways
to leverage the information from manual evaluation of content selection
in summarization in which multiple sentences can be marked as express-
ing the same fact that should be in the summary [16, 27]. Alternatively,
one could compute similarity between sentences in human abstracts and
those in the input in order to find very similar sentences, not necessarily
doing full alignment [12].

Another option for training a classifier is to employ a semi-supervised
approach. In this paradigm, a small number of examples of summary
and non-summary sentences are annotated by people. Then two classi-
fiers are trained on that data, using different sets of features which are
independent given the class [100] or two different classification methods
[99]. After that one of the classifiers is run on unannotated data, and its
most confident predictions are added to the annotated examples to train
the other classifier, repeating the process until some predefined halting
condition is met.

Several modifications to standard machine learning approaches are
appropriate for summarization. In effect formulating summarization as
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a binary classification problem, which scores individual sentences, is not
equivalent to finding the best summary, which consists of several sen-
tences. This is exactly the issue of selecting a summary that we discuss
in the next section. In training a supervised model, the parameters may
be optimized to lead to a summary that has the best score against a
human model [1, 49].

For generic multi-document summarization of news, supervised meth-
ods have not been shown to outperform competitive unsupervised meth-
ods based on a single feature such as the presence of topic words and
graph methods. Machine learning approaches have proved to be much
more successful in single document or domain or genre specific sum-
marization, where classifiers can be trained to identify specific types of
information such as sentences describing literature background in sci-
entific article summarization [90], utterances expressing agreement or
disagreement in meetings [30], biographical information [105, 6, 80], etc.

5. Selecting Summary Sentences

Most summarization approaches choose content sentence by sentence:
they first include the most informative sentence, and then if space con-
straints permit, the next most informative sentence is included in the
summary and so on. Some process of checking for similarity between the
chosen sentences is also usually employed in order to avoid the inclusion
of repetitive sentences.

5.1 Greedy Approaches: Maximal Marginal
Relevance

indexGreedy Approach to Summarization One of the early summa-
rization approaches for both generic and query focused summarization
that has been widely adopted is Mazimal Marginal Relevance (MMR)
[9]. In this approach, summaries are created using greedy, sentence-
by-sentence selection. At each selection step, the greedy algorithm is
constrained to select the sentence that is maximally relevant to the user
query (or has highest importance score when a query is not available) and
minimally redundant with sentences already included in the summary.
MMR measures relevance and novelty separately and then uses a linear
combination of the two to produce a single score for the importance of
a sentence in a given stage of the selection process. To quantify both
properties of a sentence, Carbonell and Goldstein use cosine similarity.
For relevance, similarity is measured to the query, while for novelty,
similarity is measured against sentences selected so far. The MMR ap-
proach was originally proposed for query-focused summarization in the
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context of information retrieval, but could easily be adapted for generic
summarization, for example by using the entire input as a user [33]. In
fact any of the previously discussed approaches for sentence scoring can
be used to calculate the importance of a sentence. Many have adopted
this seminal approach, mostly in its generic version, sometimes using
different measures of novelty to select new sentences [91, 101, 65].

This greedy approach of sequential sentence selection might not be
that effective for optimal content selection of the entire summary. One
typical problematic scenario for greedy sentence selection (discussed in
[57]) is when a very long and highly relevant sentence happens to be
evaluated as the most informative early on. Such a sentence may contain
several pieces of relevant information, alongside some not so relevant
facts which could be considered noise. Including such a sentence in the
summary will help maximize content relevance at the time of selection,
but at the cost of limiting the amount of space in the summary remaining
for other sentences. In such cases it is often more desirable to include
several shorter sentences, which are individually less informative than
the long one, but which taken together do not express any unnecessary
information.

5.2 Global Summary Selection

Global optimization algorithms can be used to solve the new formu-
lation of the summarization task, in which the best overall summary
is selected. Given some constraints imposed on the summary, such as
maximizing informativeness, minimizing repetition, and conforming to
required summary length, the task would be to select the best sum-
mary. Finding an exact solution to this problem is NP-hard [26], but
approximate solutions can be found using a dynamic programming al-
gorithm [57, 103, 102]. Exact solutions can be found quickly via search
techniques when the sentence scoring function is local, computable only
from the given sentence [1].

Even in global optimization methods, informativeness is still defined
and measured using features well-explored in the sentence selection lit-
erature. These include word frequency and position in the document
[103], TF*IDF [26], similarity with the input [57], and concept frequency
[102, 32]. Global optimization approaches to content selection have been
shown to outperform greedy selection algorithms in several evaluations
using news data as input, and have proved to be especially effective for
extractive summarization of meetings [77, 32].

In a detailed study of global inference algorithms [57], it has been
demonstrated that it is possible to find an exact solution for the op-
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timization problem for content selection using Integer Linear Program-
ming. The performance of the approximate algorithm based on dynamic
programming was lower, but comparable to that of the exact solutions.
In terms of running time, the greedy algorithm is very efficient, almost
constant in the size of the input. The approximate algorithm scales
linearly with the size of the input and is thus indeed practical to use.
The running time for the exact algorithm grows steeply with the size of
the input and is unlikely to be useful in practice [57]. However, when a
monotone submodular function is used to evaluate the informativeness
of the summary, optimal or near optimal solution can be found quickly
[48, 47].

6. Conclusion

In this chapter we have attempted to give a comprehensive overview
of the most prominent recent methods for automatic text summariza-
tion. We have outlined the connection to early approaches and have
contrasted approaches in terms of how they represent the input, score
sentences and select the summary. We have highlighted the success of
KL divergence as a method for scoring sentences which directly incorpo-
rates an intuition about the characteristics of a good summary, as well
as the growing interest in the development of methods that globally op-
timize the selection of the summary. We have shown how summarization
strategies must be adapted to different genres, such as web pages and
journal articles, taking into account contextual information that guides
sentence selection. These three recent developments in summarization
complement traditional topics in the field that concern intermediate rep-
resentations and the application of appropriate machine learning meth-
ods for summarization.
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Abstract  Clustering is a widely studied data mining problem in the text domains.
The problem finds numerous applications in customer segmentation,
classification, collaborative filtering, visualization, document organiza-
tion, and indexing. In this chapter, we will provide a detailed survey of
the problem of text clustering. We will study the key challenges of the
clustering problem, as it applies to the text domain. We will discuss the
key methods used for text clustering, and their relative advantages. We
will also discuss a number of recent advances in the area in the context
of social network and linked data.

Keywords: Text Clustering

1. Introduction

The problem of clustering has been studied widely in the database
and statistics literature in the context of a wide variety of data mining
tasks [50, 54]. The clustering problem is defined to be that of finding
groups of similar objects in the data. The similarity between the ob-
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jects is measured with the use of a similarity function. The problem
of clustering can be very useful in the text domain, where the objects
to be clusters can be of different granularities such as documents, para-
graphs, sentences or terms. Clustering is especially useful for organizing
documents to improve retrieval and support browsing [11, 26].

The study of the clustering problem precedes its applicability to the
text domain. Traditional methods for clustering have generally focussed
on the case of quantitative data [44, 71, 50, 54, 108], in which the at-
tributes of the data are numeric. The problem has also been studied
for the case of categorical data [10, 41, 43], in which the attributes may
take on nominal values. A broad overview of clustering (as it relates
to generic numerical and categorical data) may be found in [50, 54]. A
number of implementations of common text clustering algorithms, as ap-
plied to text data, may be found in several toolkits such as Lemur [114]
and BOW toolkit in [64]. The problem of clustering finds applicability
for a number of tasks:

= Document Organization and Browsing: The hierarchical or-
ganization of documents into coherent categories can be very useful
for systematic browsing of the document collection. A classical ex-
ample of this is the Scatter/Gather method [25], which provides a
systematic browsing technique with the use of clustered organiza-
tion of the document collection.

s Corpus Summarization: Clustering techniques provide a coher-
ent summary of the collection in the form of cluster-digests [83] or
word-clusters [17, 18], which can be used in order to provide sum-
mary insights into the overall content of the underlying corpus.
Variants of such methods, especially sentence clustering, can also
be used for document summarization, a topic, discussed in detail
in Chapter 3. The problem of clustering is also closely related to
that of dimensionality reduction and topic modeling. Such dimen-
sionality reduction methods are all different ways of summarizing
a corpus of documents, and are covered in Chapter 5.

® Document Classification: While clustering is inherently an un-
supervised learning method, it can be leveraged in order to improve
the quality of the results in its supervised variant. In particular,
word-clusters [17, 18] and co-training methods [72] can be used in
order to improve the classification accuracy of supervised applica-
tions with the use of clustering techniques.

We note that many classes of algorithms such as the k-means algo-
rithm, or hierarchical algorithms are general-purpose methods, which
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can be extended to any kind of data, including text data. A text docu-
ment can be represented either in the form of binary data, when we use
the presence or absence of a word in the document in order to create a
binary vector. In such cases, it is possible to directly use a variety of
categorical data clustering algorithms [10, 41, 43] on the binary represen-
tation. A more enhanced representation would include refined weighting
methods based on the frequencies of the individual words in the docu-
ment as well as frequencies of words in an entire collection (e.g., TF-IDF
weighting [82]). Quantitative data clustering algorithms [44, 71, 108] can
be used in conjunction with these frequencies in order to determine the
most relevant groups of objects in the data.

However, such naive techniques do not typically work well for clus-
tering text data. This is because text data has a number of unique
properties which necessitate the design of specialized algorithms for the
task. The distinguishing characteristics of the text representation are as
follows:

m  The dimensionality of the text representation is very large, but the
underlying data is sparse. In other words, the lexicon from which
the documents are drawn may be of the order of 10°, but a given
document may contain only a few hundred words. This problem
is even more serious when the documents to be clustered are very
short (e.g., when clustering sentences or tweets).

m  While the lexicon of a given corpus of documents may be large, the
words are typically correlated with one another. This means that
the number of concepts (or principal components) in the data is
much smaller than the feature space. This necessitates the careful
design of algorithms which can account for word correlations in
the clustering process.

» The number of words (or non-zero entries) in the different docu-
ments may vary widely. Therefore, it is important to normalize
the document representations appropriately during the clustering
task.

The sparse and high dimensional representation of the different doc-
uments necessitate the design of text-specific algorithms for document
representation and processing, a topic heavily studied in the information
retrieval literature where many techniques have been proposed to opti-
mize document representation for improving the accuracy of matching
a document with a query [82, 13]. Most of these techniques can also be
used to improve document representation for clustering.
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In order to enable an effective clustering process, the word frequencies
need to be normalized in terms of their relative frequency of presence
in the document and over the entire collection. In general, a common
representation used for text processing is the vector-space based TF-IDF
representation [81]. In the TF-IDF representation, the term frequency
for each word is normalized by the inverse document frequency, or IDF.
The inverse document frequency normalization reduces the weight of
terms which occur more frequently in the collection. This reduces the
importance of common terms in the collection, ensuring that the match-
ing of documents be more influenced by that of more discriminative
words which have relatively low frequencies in the collection. In addi-
tion, a sub-linear transformation function is often applied to the term-
frequencies in order to avoid the undesirable dominating effect of any
single term that might be very frequent in a document. The work on
document-normalization is itself a vast area of research, and a variety of
other techniques which discuss different normalization methods may be
found in [86, 82].

Text clustering algorithms are divided into a wide variety of differ-
ent types such as agglomerative clustering algorithms, partitioning algo-
rithms, and standard parametric modeling based methods such as the
EM-algorithm. Furthermore, text representations may also be treated
as strings (rather than bags of words). These different representations
necessitate the design of different classes of clustering algorithms. Differ-
ent clustering algorithms have different tradeoffs in terms of effectiveness
and efficiency. An experimental comparison of different clustering algo-
rithms may be found in [90, 111]. In this chapter we will discuss a wide
variety of algorithms which are commonly used for text clustering. We
will also discuss text clustering algorithms for related scenarios such as
dynamic data, network-based text data and semi-supervised scenarios.

This chapter is organized as follows. In section 2, we will present fea-
ture selection and transformation methods for text clustering. Section 3
describes a number of common algorithms which are used for distance-
based clustering of text documents. Section 4 contains the description
of methods for clustering with the use of word patterns and phrases.
Methods for clustering text streams are described in section 5. Section
6 describes methods for probabilistic clustering of text data. Section
7 contains a description of methods for clustering text which naturally
occurs in the context of social or web-based networks. Section 8 dis-
cusses methods for semi-supervised clustering. Section 9 presents the
conclusions and summary.
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2. Feature Selection and Transformation
Methods for Text Clustering

The quality of any data mining method such as classification and clus-
tering is highly dependent on the noisiness of the features that are used
for the clustering process. For example, commonly used words such
as “the”, may not be very useful in improving the clustering quality.
Therefore, it is critical to select the features effectively, so that the noisy
words in the corpus are removed before the clustering. In addition to
feature selection, a number of feature transformation methods such as
Latent Semantic Indexing (LSI), Probabilistic Latent Semantic Analysis
(PLSA), and Non-negative Matrix Factorization (NMF) are available to
improve the quality of the document representation and make it more
amenable to clustering. In these techniques (often called dimension re-
duction), the correlations among the words in the lexicon are leveraged
in order to create features, which correspond to the concepts or princi-
pal components in the data. In this section, we will discuss both classes
of methods. A more in-depth discussion of dimension reduction can be
found in Chapter 5.

2.1 Feature Selection Methods

Feature selection is more common and easy to apply in the problem of
text categorization [99] in which supervision is available for the feature
selection process. However, a number of simple unsupervised methods
can also be used for feature selection in text clustering. Some examples
of such methods are discussed below.

2.1.1 Document Frequency-based Selection. The simplest
possible method for feature selection in document clustering is that of
the use of document frequency to filter out irrelevant features. While
the use of inverse document frequencies reduces the importance of such
words, this may not alone be sufficient to reduce the noise effects of
very frequent words. In other words, words which are too frequent in
the corpus can be removed because they are typically common words
such as “a”, “an”, “the”, or “of” which are not discriminative from a
clustering perspective. Such words are also referred to as stop words.
A variety of methods are commonly available in the literature [76] for
stop-word removal. Typically commonly available stop word lists of
about 300 to 400 words are used for the retrieval process. In addition,
words which occur extremely infrequently can also be removed from
the collection. This is because such words do not add anything to the
similarity computations which are used in most clustering methods. In
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some cases, such words may be misspellings or typographical errors in
documents. Noisy text collections which are derived from the web, blogs
or social networks are more likely to contain such terms. We note that
some lines of research define document frequency based selection purely
on the basis of very infrequent terms, because these terms contribute the
least to the similarity calculations. However, it should be emphasized
that very frequent words should also be removed, especially if they are
not discriminative between clusters. Note that the TF-IDF weighting
method can also naturally filter out very common words in a “soft” way.
Clearly, the standard set of stop words provide a valid set of words to
prune. Nevertheless, we would like a way of quantifying the importance
of a term directly to the clustering process, which is essential for more
aggressive pruning. We will discuss a number of such methods below.

2.1.2 Term Strength. A much more aggressive technique for
stop-word removal is proposed in [94]. The core idea of this approach
is to extend techniques which are used in supervised learning to the
unsupervised case. The term strength is essentially used to measure
how informative a word is for identifying two related documents. For
example, for two related documents z and y, the term strength s(¢) of
term t is defined in terms of the following probability:

s(t) = P(t € y|t € x) (4.1)

Clearly, the main issue is how one might define the document x and y
as related. One possibility is to use manual (or user) feedback to define
when a pair of documents are related. This is essentially equivalent
to utilizing supervision in the feature selection process, and may be
practical in situations in which predefined categories of documents are
available. On the other hand, it is not practical to manually create
related pairs in large collections in a comprehensive way. It is therefore
desirable to use an automated and purely unsupervised way to define
the concept of when a pair of documents is related. It has been shown
in [94] that it is possible to use automated similarity functions such as
the cosine function [81] to define the relatedness of document pairs. A
pair of documents are defined to be related if their cosine similarity is
above a user-defined threshold. In such cases, the term strength s(t)
can be defined by randomly sampling a number of pairs of such related
documents as follows:

s(t)

Here, the first document of the pair may simply be picked randomly.
In order to prune features, the term strength may be compared to the

Number of pairs in which ¢ occurs in both

= 4.2
Number of pairs in which ¢ occurs in the first of the pair (42)
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expected strength of a term which is randomly distributed in the training
documents with the same frequency. If the term strength of ¢ is not at
least two standard deviations greater than that of the random word,
then it is removed from the collection.

One advantage of this approach is that it requires no initial supervi-
sion or training data for the feature selection, which is a key requirement
in the unsupervised scenario. Of course, the approach can also be used
for feature selection in either supervised clustering [4] or categoriza-
tion [100], when such training data is indeed available. One observation
about this approach to feature selection is that it is particularly suited to
similarity-based clustering because the discriminative nature of the un-
derlying features is defined on the basis of similarities in the documents
themselves.

2.1.3 Entropy-based Ranking. The entropy-based ranking
approach was proposed in [27]. In this case, the quality of the term is
measured by the entropy reduction when it is removed. Here the entropy
E(t) of the term ¢ in a collection of n documents is defined as follows:

BE(t) ==Y (8 -log(Sij) + (1 — Syj) - log(1 — S;;)) (4.3)

i=1 j=1
Here S;; € (0,1) is the similarity between the ith and jth document in
the collection, after the term t is removed, and is defined as follows:

_ dist(i,j)

S’L] = 2 dist (44)

Here dist(i,7) is the distance between the terms i and j after the term
t is removed, and dist is the average distance between the documents
after the term ¢ is removed. We note that the computation of E(t¢) for
each term t requires O(n?) operations. This is impractical for a very
large corpus containing many terms. It has been shown in [27] how
this method may be made much more efficient with the use of sampling
methods.

2.1.4 Term Contribution. The concept of term contribution
[62] is based on the fact that the results of text clustering are highly
dependent on document similarity. Therefore, the contribution of a term
can be viewed as its contribution to document similarity. For example,
in the case of dot-product based similarity, the similarity between two
documents is defined as the dot product of their normalized frequencies.
Therefore, the contribution of a term of the similarity of two documents
is the product of their normalized frequencies in the two documents. This
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needs to be summed over all pairs of documents in order to determine the
term contribution. As in the previous case, this method requires O(n?)
time for each term, and therefore sampling methods may be required
to speed up the contribution. A major criticism of this method is that
it tends to favor highly frequent words without regard to the specific
discriminative power within a clustering process.

In most of these methods, the optimization of term selection is based
on some pre-assumed similarity function (e.g., cosine). While this strat-
egy makes these methods unsupervised, there is a concern that the term
selection might be biased due to the potential bias of the assumed sim-
ilarity function. That is, if a different similarity function is assumed,
we may end up having different results for term selection. Thus the
choice of an appropriate similarity function may be important for these
methods.

2.2 LSI-based Methods

In feature selection, we attempt to explicitly select out features from
the original data set. Feature transformation is a different method in
which the new features are defined as a functional representation of the
features in the original data set. The most common class of methods is
that of dimensionality reduction [53] in which the documents are trans-
formed to a new feature space of smaller dimensionality in which the
features are typically a linear combination of the features in the original
data. Methods such as Latent Semantic Indexing (LSI) [28] are based
on this common principle. The overall effect is to remove a lot of di-
mensions in the data which are noisy for similarity based applications
such as clustering. The removal of such dimensions also helps magnify
the semantic effects in the underlying data.

Since LSI is closely related to problem of Principal Component Anal-
ysis (PCA) or Singular Value Decomposition (SVD), we will first discuss
this method, and its relationship to LSI. For a d-dimensional data set,
PCA constructs the symmetric d x d covariance matrix C of the data,
in which the (7, j)th entry is the covariance between dimensions i and j.
This matrix is positive semi-definite, and can be diagonalized as follows:

C=P-D-PT (4.5)

Here P is a matrix whose columns contain the orthonormal eigenvectors
of C' and D is a diagonal matrix containing the corresponding eigenval-
ues. We note that the eigenvectors represent a new orthonormal basis
system along which the data can be represented. In this context, the
eigenvalues correspond to the variance when the data is projected along
this basis system. This basis system is also one in which the second
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order covariances of the data are removed, and most of variance in the
data is captured by preserving the eigenvectors with the largest eigen-
values. Therefore, in order to reduce the dimensionality of the data,
a common approach is to represent the data in this new basis system,
which is further truncated by ignoring those eigenvectors for which the
corresponding eigenvalues are small. This is because the variances along
those dimensions are small, and the relative behavior of the data points
is not significantly affected by removing them from consideration. In
fact, it can be shown that the Euclidian distances between data points
are not significantly affected by this transformation and corresponding
truncation. The method of PCA is commonly used for similarity search
in database retrieval applications.

LSI is quite similar to PCA, except that we use an approximation of
the covariance matrix C" which is quite appropriate for the sparse and
high-dimensional nature of text data. Specifically, let A be the n x d
term-document matrix in which the (4, j)th entry is the normalized fre-
quency for term j in document i. Then, AT - A is a d x d matrix which
is close (scaled) approximation of the covariance matrix, in which the
means have not been subtracted out. In other words, the value of AT - A
would be the same as a scaled version (by factor n) of the covariance
matrix, if the data is mean-centered. While text-representations are not
mean-centered, the sparsity of text ensures that the use of AT - A is
quite a good approximation of the (scaled) covariances. As in the case
of numerical data, we use the eigenvectors of A” - A with the largest vari-
ance in order to represent the text. In typical collections, only about
300 to 400 eigenvectors are required for the representation. One excel-
lent characteristic of LSI [28] is that the truncation of the dimensions
removes the noise effects of synonymy and polysemy, and the similarity
computations are more closely affected by the semantic concepts in the
data. This is particularly useful for a semantic application such as text
clustering. However, if finer granularity clustering is needed, such low-
dimensional space representation of text may not be sufficiently discrim-
inative; in information retrieval, this problem is often solved by mixing
the low-dimensional representation with the original high-dimensional
word-based representation (see, e.g., [105]).

A similar technique to LSI, but based on probabilistic modeling is
Probabilistic Latent Semantic Analysis (PLSA) [49]. The similarity and
equivalence of PLSA and LSI are discussed in [49].

2.2.1 Concept Decomposition using Clustering. One
interesting observation is that while feature transformation is often used
as a pre-processing technique for clustering, the clustering itself can be
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used for a novel dimensionality reduction technique known as concept
decomposition [2, 29]. This of course leads to the issue of circularity in
the use of this technique for clustering, especially if clustering is required
in order to perform the dimensionality reduction. Nevertheless, it is still
possible to use this technique effectively for pre-processing with the use
of two separate phases of clustering.

The technique of concept decomposition uses any standard clustering
technique [2, 29] on the original representation of the documents. The
frequent terms in the centroids of these clusters are used as basis vectors
which are almost orthogonal to one another. The documents can then be
represented in a much more concise way in terms of these basis vectors.
We note that this condensed conceptual representation allows for en-
hanced clustering as well as classification. Therefore, a second phase of
clustering can be applied on this reduced representation in order to clus-
ter the documents much more effectively. Such a method has also been
tested in [87] by using word-clusters in order to represent documents.
We will describe this method in more detail later in this chapter.

2.3 Non-negative Matrix Factorization

The non-negative matrix factorization (NMF) technique is a latent-
space method, and is particularly suitable to clustering [97]. As in the
case of LSI, the NMF scheme represents the documents in a new axis-
system which is based on an analysis of the term-document matrix.
However, the NMF method has a number of critical differences from the
LSI scheme from a conceptual point of view. In particular, the NMF
scheme is a feature transformation method which is particularly suited
to clustering. The main conceptual characteristics of the NMF scheme,
which are very different from LSI are as follows:

s In LSI, the new basis system consists of a set of orthonormal vec-
tors. This is not the case for NMF.

s In NMF, the vectors in the basis system directly correspond to
cluster topics. Therefore, the cluster membership for a document
may be determined by examining the largest component of the
document along any of the vectors. The coordinate of any docu-
ment along a vector is always non-negative. The expression of each
document as an additive combination of the underlying semantics
makes a lot of sense from an intuitive perspective. Therefore, the
NMF transformation is particularly suited to clustering, and it also
provides an intuitive understanding of the basis system in terms
of the clusters.
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Let A be the n x d term document matrix. Let us assume that we
wish to create k clusters from the underlying document corpus. Then,
the non-negative matrix factorization method attempts to determine the
matrices U and V' which minimize the following objective function:

J=(1/2)-|A-U-V7| (4.6)

Here || - || represents the sum of the squares of all the elements in the
matrix, U is an n X k non-negative matrix, and V' is a m X k non-negative
matrix. We note that the columns of V' provide the k basis vectors which
correspond to the k different clusters.

What is the significance of the above optimization problem? Note
that by minimizing J, we are attempting to factorize A approximately
as:

A~U-VT (4.7)

For each row a of A (document vector), we can rewrite the above equa-
tion as:

arcu-VT (4.8)

Here u is the corresponding row of U. Therefore, the document vector
a can be rewritten as an approximate linear (non-negative) combination
of the basis vector which corresponds to the k columns of V. If the
value of k is relatively small compared to the corpus, this can only be
done if the column vectors of VT discover the latent structure in the
data. Furthermore, the non-negativity of the matrices U and V ensures
that the documents are expressed as a non-negative combination of the
key concepts (or clustered) regions in the term-based feature space.

Next, we will discuss how the optimization problem for J above is
actually solved. The squared norm of any matrix () can be expressed as
the trace of the matrix @ - Q7. Therefore, we can express the objective
function above as follows:

J=1/2) - tr(A-U-VT).(A-U.-vHT)
= (1/2) - tr(A-AT) —tr(A-U -VT) + (1/2) - tr(U - VT -V - UT)

Thus, we have an optimization problem with respect to the matrices U =
[ui;) and V' = [vy;], the entries u;; and v;; of which are the variables with
respect to which we need to optimize this problem. In addition, since
the matrices are non-negative, we have the constraints that «;; > 0 and
v;; > 0. This is a typical constrained non-linear optimization problem,
and can be solved using the Lagrange method. Let o = [oy;] and 8 =
[Bij] be matrices with the same dimensions as U and V respectively.
The elements of the matrices a and 8 are the corresponding Lagrange
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multipliers for the non-negativity conditions on the different elements of
U and V respectively. We note that tr(a-UT) is simply equal to Z” Qe
u;; and tr(B - VT) is simply equal to Z” Bij - vij. These correspond to
the lagrange expressions for the non-negativity constraints. Then, we
can express the Lagrangian optimization problem as follows:

L=J+tr(a-U") +tr(3-VT) (4.9)

Then, we can express the partial derivative of L with respect to U and
V' as follows, and set them to 0:

6L

2 4. VT =
i V+U-VI-V4a=0
oL

—=-AT U+VvV.UT - U+p=0
5 + +

We can then multiply the (7, j)th entry of the above (two matrices of)
conditions with u;; and v;; respectively. Using the Kuhn-Tucker condi-
tions a;j; - u;; = 0 and 3;; - v;; = 0, we get the following:

(A-V)ij i — (U -V V)i -uzy =0
(AT U)ij iy — (V-UT - U)yj 05 =0

We note that these conditions are independent of v and 3. This leads
to the following iterative updating rules for u;; and v;;:
AV
Ujj = =
(U-VT.V)
b — ATV vy
Yo(VUT Uy

It has been shown in [58] that the objective function continuously im-
proves under these update rules, and converges to an optimal solution.

One interesting observation about the matrix factorization technique
is that it can also be used to determine word-clusters instead of doc-
ument clusters. Just as the columns of V provide a basis which can
be used to discover document clusters, we can use the columns of U
to discover a basis which correspond to word clusters. As we will see
later, document clusters and word clusters are closely related, and it is
often useful to discover both simultaneously, as in frameworks such as
co-clustering [30, 31, 75]. Matrix-factorization provides a natural way of
achieving this goal. It has also been shown both theoretically and exper-
imentally [33, 93] that the matrix-factorization technique is equivalent
to another graph-structure based document clustering technique known
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as spectral clustering. An analogous technique called concept factoriza-
tion was proposed in [98], which can also be applied to data points with
negative values in them.

3. Distance-based Clustering Algorithms

Distance-based clustering algorithms are designed by using a simi-
larity function to measure the closeness between the text objects. The
most well known similarity function which is used commonly in the text
domain is the cosine similarity function. Let U = (f(u1) ... f(ug)) and
V = (f(v1)...f(vg)) be the damped and normalized frequency term
vector in two different documents U and V. The values uq...u; and
v1 ... v, represent the (normalized) term frequencies, and the function
f(+) represents the damping function. Typical damping functions for
f(+) could represent either the square-root or the logarithm [25]. Then,
the cosine similarity between the two documents is defined as follows:

Zz y fu) - fvi)
S R S fwr

Computation of text similarity is a fundamental problem in informa-
tion retrieval. Although most of the work in information retrieval has
focused on how to assess the similarity of a keyword query and a text doc-
ument, rather than the similarity between two documents, many weight-
ing heuristics and similarity functions can also be applied to optimize the
similarity function for clustering. Effective information retrieval mod-
els generally capture three heuristics, i.e., TF weighting, IDF weighting,
and document length normalization [36]. One effective way to assign
weights to terms when representing a document as a weighted term vec-
tor is the BM25 term weighting method [78], where the normalized TF
not only addresses length normalization, but also has an upper bound
which improves the robustness as it avoids overly rewarding the match-
ing of any particular term. A document can also be represented with
a probability distribution over words (i.e., unigram language models),
and the similarity can then be measured based an information theoretic
measure such as cross entropy or Kullback-Leibler divergencce [105]. For
clustering, symmetric variants of such a similarity function may be more
appropriate.

One challenge in clustering short segments of text (e.g., tweets or
sentences) is that exact keyword matching may not work well. One gen-
eral strategy for solving this problem is to expand text representation
by exploiting related text documents, which is related to smoothing of
a document language model in information retrieval [105]. A specific

cosine(U, V') (4.10)
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technique, which leverages a search engine to expand text representa-
tion, was proposed in [79]. A comparison of several simple measures for
computing similarity of short text segments can be found in [66].

These similarity functions can be used in conjunction with a wide vari-
ety of traditional clustering algorithms [50, 54]. In the next subsections,
we will discuss some of these techniques.

3.1 Agglomerative and Hierarchical Clustering
Algorithms

Hierarchical clustering algorithms have been studied extensively in
the clustering literature [50, 54] for records of different kinds including
multidimensional numerical data, categorical data and text data. An
overview of the traditional agglomerative and hierarchical clustering al-
gorithms in the context of text data is provided in [69, 70, 92, 96]. An
experimental comparison of different hierarchical clustering algorithms
may be found in [110]. The method of agglomerative hierarchical clus-
tering is particularly useful to support a variety of searching methods
because it naturally creates a tree-like hierarchy which can be leveraged
for the search process. In particular, the effectiveness of this method in
improving the search efficiency over a sequential scan has been shown in
[51, 77].

The general concept of agglomerative clustering is to successively
merge documents into clusters based on their similarity with one an-
other. Almost all the hierarchical clustering algorithms successively
merge groups based on the best pairwise similarity between these groups
of documents. The main differences between these classes of methods
are in terms of how this pairwise similarity is computed between the
different groups of documents. For example, the similarity between a
pair of groups may be computed as the best-case similarity, average-
case similarity, or worst-case similarity between documents which are
drawn from these pairs of groups. Conceptually, the process of agglom-
erating documents into successively higher levels of clusters creates a
cluster hierarchy (or dendogram) for which the leaf nodes correspond to
individual documents, and the internal nodes correspond to the merged
groups of clusters. When two groups are merged, a new node is created
in this tree corresponding to this larger merged group. The two children
of this node correspond to the two groups of documents which have been
merged to it.

The different methods for merging groups of documents for the dif-
ferent agglomerative methods are as follows:
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= Single Linkage Clustering: In single linkage clustering, the sim-
ilarity between two groups of documents is the greatest similarity
between any pair of documents from these two groups. In single
link clustering we merge the two groups which are such that their
closest pair of documents have the highest similarity compared to
any other pair of groups. The main advantage of single linkage
clustering is that it is extremely efficient to implement in practice.
This is because we can first compute all similarity pairs and sort
them in order of reducing similarity. These pairs are processed in
this pre-defined order and the merge is performed successively if
the pairs belong to different groups. It can be easily shown that
this approach is equivalent to the single-linkage method. This is
essentially equivalent to a spanning tree algorithm on the complete
graph of pairwise-distances by processing the edges of the graph
in a certain order. It has been shown in [92] how Prim’s minimum
spanning tree algorithm can be adapted to single-linkage cluster-
ing. Another method in [24] designs the single-linkage method
in conjunction with the inverted index method in order to avoid
computing zero similarities.

The main drawback of this approach is that it can lead to the
phenomenon of chaining in which a chain of similar documents
lead to disparate documents being grouped into the same clusters.
In other words, if A is similar to B and B is similar to C, it does not
always imply that A is similar to C, because of lack of transitivity
in similarity computations. Single linkage clustering encourages
the grouping of documents through such transitivity chains. This
can often lead to poor clusters, especially at the higher levels of the
agglomeration. Effective methods for implementing single-linkage
clustering for the case of document data may be found in [24, 92].

» Group-Average Linkage Clustering: In group-average linkage
clustering, the similarity between two clusters is the average simi-
larity between the pairs of documents in the two clusters. Clearly,
the average linkage clustering process is somewhat slower than
single-linkage clustering, because we need to determine the aver-
age similarity between a large number of pairs in order to deter-
mine group-wise similarity. On the other hand, it is much more
robust in terms of clustering quality, because it does not exhibit
the chaining behavior of single linkage clustering. It is possible
to speed up the average linkage clustering algorithm by approxi-
mating the average linkage similarity between two clusters C7 and
C5 by computing the similarity between the mean document of C
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and the mean document of Cs. While this approach does not work
equally well for all data domains, it works particularly well for the
case of text data. In this case, the running time can be reduced
to O(n?), where n is the total number of nodes. The method can
be implemented quite efficiently in the case of document data, be-
cause the centroid of a cluster is simply the concatenation of the
documents in that cluster.

s Complete Linkage Clustering: In this technique, the similarity
between two clusters is the worst-case similarity between any pair
of documents in the two clusters. Complete-linkage clustering can
also avoid chaining because it avoids the placement of any pair of
very disparate points in the same cluster. However, like group-
average clustering, it is computationally more expensive than the
single-linkage method. The complete linkage clustering method
requires O(n?) space and O(n?) time. The space requirement can
however be significantly lower in the case of the text data domain,
because a large number of pairwise similarities are zero.

Hierarchical clustering algorithms have also been designed in the context
of text data streams. A distributional modeling method for hierarchical
clustering of streaming documents has been proposed in [80]. The main
idea is to model the frequency of word-presence in documents with the
use of a multi-poisson distribution. The parameters of this model are
learned in order to assign documents to clusters. The method extends
the COBWEB and CLASSIT algorithms [37, 40] to the case of text data.
The work in [80] studies the different kinds of distributional assumptions
of words in documents. We note that these distributional assumptions
are required to adapt these algorithms to the case of text data. The
approach essentially changes the distributional assumption so that the
method can work effectively for text data.

3.2 Distance-based Partitioning Algorithms

Partitioning algorithms are widely used in the database literature in
order to efficiently create clusters of objects. The two most widely used
distance-based partitioning algorithms [50, 54] are as follows:

» k-medoid clustering algorithms: In k-medoid clustering algo-
rithms, we use a set of points from the original data as the anchors
(or medoids) around which the clusters are built. The key aim
of the algorithm is to determine an optimal set of representative
documents from the original corpus around which the clusters are
built. Each document is assigned to its closest representative from
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the collection. This creates a running set of clusters from the cor-
pus which are successively improved by a randomized process.

The algorithm works with an iterative approach in which the set
of k representatives are successively improved with the use of ran-
domized inter-changes. Specifically, we use the average similarity
of each document in the corpus to its closest representative as the
objective function which needs to be improved during this inter-
change process. In each iteration, we replace a randomly picked
representative in the current set of medoids with a randomly picked
representative from the collection, if it improves the clustering ob-
jective function. This approach is applied until convergence is
achieved.

There are two main disadvantages of the use of k-medoids based
clustering algorithms, one of which is specific to the case of text
data. One general disadvantage of k-medoids clustering algorithms
is that they require a large number of iterations in order to achieve
convergence and are therefore quite slow. This is because each iter-
ation requires the computation of an objective function whose time
requirement is proportional to the size of the underlying corpus.

The second key disadvantage is that k-medoid algorithms do not
work very well for sparse data such as text. This is because a large
fraction of document pairs do not have many words in common,
and the similarities between such document pairs are small (and
noisy) values. Therefore, a single document medoid often does
not contain all the concepts required in order to effectively build a
cluster around it. This characteristic is specific to the case of the
information retrieval domain, because of the sparse nature of the
underlying text data.

® k-means clustering algorithms: The k-means clustering algo-
rithm also uses a set of k representatives around which the clusters
are built. However, these representatives are not necessarily ob-
tained from the original data and are refined somewhat differently
than a k-medoids approach. The simplest form of the k-means ap-
proach is to start off with a set of k seeds from the original corpus,
and assign documents to these seeds on the basis of closest sim-
ilarity. In the next iteration, the centroid of the assigned points
to each seed is used to replace the seed in the last iteration. In
other words, the new seed is defined, so that it is a better central
point for this cluster. This approach is continued until conver-
gence. One of the advantages of the k-means method over the
k-medoids method is that it requires an extremely small number
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of iterations in order to converge. Observations from [25, 83] seem
to suggest that for many large data sets, it is sufficient to use 5 or
less iterations for an effective clustering. The main disadvantage
of the k-means method is that it is still quite sensitive to the initial
set of seeds picked during the clustering. Secondly, the centroid
for a given cluster of documents may contain a large number of
words. This will slow down the similarity calculations in the next
iteration. A number of methods are used to reduce these effects,
which will be discussed later on in this chapter.

The initial choice of seeds affects the quality of k-means clustering, espe-
cially in the case of document clustering. Therefore, a number of tech-
niques are used in order to improve the quality of the initial seeds which
are picked for the clustering process. For example, another lightweight
clustering method such as an agglomerative clustering technique can be
used in order to decide the initial set of seeds. This is at the core of
the method discussed in [25] for effective document clustering. We will
discuss this method in detail in the next subsection.

A second method for improving the initial set of seeds is to use some
form of partial supervision in the process of initial seed creation. This
form of partial supervision can also be helpful in creating clusters which
are designed for particular application-specific criteria. An example of
such an approach is discussed in [4] in which we pick the initial set
of seeds as the centroids of the documents crawled from a particular
category if the Yahoo! taxonomy. This also has the effect that the
final set of clusters are grouped by the coherence of content within the
different Yahoo! categories. The approach has been shown to be quite
effective for use in a number of applications such as text categorization.
Such semi-supervised techniques are particularly useful for information
organization in cases where the starting set of categories is somewhat
noisy, but contains enough information in order to create clusters which
satisfy a pre-defined kind of organization.

3.3 A Hybrid Approach: The Scatter-Gather
Method

While hierarchical clustering methods tend to be more robust because
of their tendency to compare all pairs of documents, they are generally
not very efficient, because of their tendency to require at least O(n?)
time. On the other hand, k-means type algorithms are more efficient
than hierarchical algorithms, but may sometimes not be very effective
because of their tendency to rely on a small number of seeds.
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The method in [25] uses both hierarchical and partitional clustering
algorithms to good effect. Specifically, it uses a hierarchical clustering
algorithm on a sample of the corpus in order to find a robust initial set
of seeds. This robust set of seeds is used in conjunction with a standard
k-means clustering algorithm in order to determine good clusters. The
size of the sample in the initial phase is carefully tailored so as to provide
the best possible effectiveness without this phase becoming a bottleneck
in algorithm execution.

There are two possible methods for creating the initial set of seeds,
which are referred to as buckshot and fractionation respectively. These
are two alternative methods, and are described as follows:

= Buckshot: Let k be the number of clusters to be found and n
be the number of documents in the corpus. Instead of picking the
k seeds randomly from the collection, the buckshot scheme picks
an overestimate vk - n of the seeds, and then agglomerates these
to k seeds. Standard agglomerative hierarchical clustering algo-
rithms (requiring quadratic time) are applied to this initial sample
of vk -n seeds. Since we use quadratically scalable algorithms in
this phase, this approach requires O(k-n) time. We note that this
seed set is much more robust than one which simply samples for k
seeds, because of the summarization of a large document sample
into a robust set of k seeds.

m Fractionation: The fractionation algorithm initially breaks up
the corpus into n/m buckets of size m > k each. An agglomerative
algorithm is applied to each of these buckets to reduce them by a
factor of v. Thus, at the end of the phase, we have a total of v -n
agglomerated points. The process is repeated by treating each of
these agglomerated points as an individual record. This is achieved
by merging the different documents within an agglomerated cluster
into a single document. The approach terminates when a total of
k seeds remain. We note that the the agglomerative clustering of
each group of m documents in the first iteration of the fractionation
algorithm requires O(m?) time, which sums to O(n - m) over the
n/m different groups. Since, the number of individuals reduces
geometrically by a factor of v in each iteration, the total running
time over all iterations is O(n-m-(1+p+1v%+...)). For constant
v < 1, the running time over all iterations is still O(n - m). By
picking m = O(k), we can still ensure a running time of O(n - k)
for the initialization procedure.

The Buckshot and Fractionation procedures require O(k-n) time which is
also equivalent to running time of one iteration of the k£ means algorithm.
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Each iteration of the K-means algorithm also requires O(k - n) time
because we need to compute the similarity of the n documents to the k
different seeds.

We further note that the fractionation procedure can be applied to
a random grouping of the documents into n/m different buckets. Of
course, one can also replace the random grouping approach with a more
carefully designed procedure for more effective results. One such pro-
cedure is to sort the documents by the index of the jth most common
word in the document. Here j is chosen to be a small number such
as 3, which corresponds to medium frequency words in the data. The
documents are then partitioned into groups based on this sort order by
segmenting out continuous groups of m documents. This approach en-
sures that the groups created have at least a few common words in them
and are therefore not completely random. This can sometimes provide a
better quality of the centers which are determined by the fractionation
algorithm.

Once the initial cluster centers have been determined with the use of
the Buckshot or Fractionation algorithms we can apply standard k-means
partitioning algorithms. Specifically, we each document is assigned to
the nearest of the k£ cluster centers. The centroid of each such cluster is
determined as the concatenation of the different documents in a cluster.
These centroids replace the sets of seeds from the last iteration. This
process can be repeated in an iterative approach in order to successively
refine the centers for the clusters. Typically, only a smaller number of
iterations are required, because the greatest improvements occur only in
the first few iterations.

It is also possible to use a number of procedures to further improve
the quality of the underlying clusters. These procedures are as follows:

m  Split Operation: The process of splitting can be used in order to
further refine the clusters into groups of better granularity. This
can be achieved by applying the buckshot procedure on the individ-
ual documents in a cluster by using £ = 2, and then re-clustering
around these centers. This entire procedure requires O(k-n;) time
for a cluster containing n; data points, and therefore splitting all
the groups requires O(k - n) time. However, it is not necessary
to split all the groups. Instead, only a subset of the groups can
be split. Those are the groups which are not very coherent and
contain documents of a disparate nature. In order to measure the
coherence of a group, we compute the self-similarity of a cluster.
This self-similarity provides us with an understanding of the un-
derlying coherence. This quantity can be computed both in terms
of the similarity of the documents in a cluster to its centroid or
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in terms of the similarity of the cluster documents to each other.
The split criterion can then be applied selectively only to those
clusters which have low self similarity. This helps in creating more
coherent clusters.

= Join Operation: The join operation attempts to merge similar
clusters into a single cluster. In order to perform the merge, we
compute the topical words of each cluster by examining the most
frequent words of the centroid. Two clusters are considered similar,
if there is significant overlap between the topical words of the two
clusters.

We note that the method is often referred to as the Scatter-Gather
clustering method, but this is more because of how the clustering method
has been presented in terms of its use for browsing large collections in
the original paper [25]. The scatter-gather approach can be used for
organized browsing of large document collections, because it creates a
natural hierarchy of similar documents. In particular, a user may wish
to browse the hierarchy of clusters in an interactive way in order to
understand topics of different levels of granularity in the collection. One
possibility is to perform a hierarchical clustering a-priori; however such
an approach has the disadvantage that it is unable to merge and re-
cluster related branches of the tree hierarchy on-the-fly when a user
may need it. A method for constant-interaction time browsing with
the use of the scatter-gather approach has been presented in [26]. This
approach presents the keywords associated with the different keywords
to a user. The user may pick one or more of these keywords, which also
corresponds to one or more clusters. The documents in these clusters
are merged and re-clustered to a finer-granularity on-the-fly. This finer
granularity of clustering is presented to the user for further exploration.
The set of documents which is picked by the user for exploration is
referred to as the focus set. Next we will explain how this focus set is
further explored and re-clustered on the fly in constant-time.

The key assumption in order to enable this approach is the cluster
refinement hypothesis. This hypothesis states that documents which be-
long to the same cluster in a significantly finer granularity partitioning
will also occur together in a partitioning with coarser granularity. The
first step is to create a hierarchy of the documents in the clusters. A
variety of agglomerative algorithms such as the buckshot method can be
used for this purpose. We note that each (internal) node of this tree can
be viewed as a meta-document corresponding to the concatenation of all
the documents in the leaves of this subtree. The cluster-refinement hy-
pothesis allows us to work with a smaller set of meta-documents rather
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than the entire set of documents in a particular subtree. The idea is
to pick a constant M which represents the maximum number of meta-
documents that we are willing to re-cluster with the use of the interactive
approach. The tree nodes in the focus set are then expanded (with pri-
ority to the branches with largest degree), to a maximum of M nodes.
These M nodes are then re-clustered on-the-fly with the scatter-gather
approach. This requires constant time because of the use of a constant
number M of meta-documents in the clustering process. Thus, by work-
ing with the meta-documents for M. we assume the cluster-refinement
hypothesis of all nodes of the subtree at the lower level. Clearly, a larger
value of M does not assume the cluster-refinement hypothesis quite as
strongly, but also comes at a higher cost. The details of the algorithm
are described in [26]. Some extensions of this approach are also pre-
sented in [85], in which it has been shown how this approach can be used
to cluster arbitrary corpus subsets of the documents in constant time.
Another recent online clustering algorithm called LAIR2 [55] provides
constant-interaction time for Scatter/Gather browsing. The paralleliza-
tion of this algorithm is significantly faster than a corresponding version
of the Buckshot algorithm. It has also been suggested that the LAIR2
algorithm leads to better quality clusters in the data.

3.3.1 Projections for Efficient Document Clustering.

One of the challenges of the scatter-gather algorithm is that even though
the algorithm is designed to balance the running times of the agglomer-
ative and partitioning phases quite well, it sometimes suffer a slowdown
in large document collections because of the massive number of distinct
terms that a given cluster centroid may contain. Recall that a cluster
centroid in the scatter-gather algorithm is defined as the concatenation
of all the documents in that collection. When the number of documents
in the cluster is large, this will also lead to a large number of distinct
terms in the centroid. This will also lead to a slow down of a number of
critical computations such as similarity calculations between documents
and cluster centroids.

An interesting solution to this problem has been proposed in [83]. The
idea is to use the concept of projection in order to reduce the dimensional-
ity of the document representation. Such a reduction in dimensionality
will lead to significant speedups, because the similarity computations
will be made much more efficient. The work in [83] proposes three kinds
of projections:

= Global Projection: In global projection, the dimensionality of
the original data set is reduced in order to remove the least im-
portant (weighted) terms from the data. The weight of a term is
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defined as the aggregate of the (normalized and damped) frequen-
cies of the terms in the documents.

= Local Projection: In local projection, the dimensionality of the
documents in each cluster are reduced with a locally specific ap-
proach for that cluster. Thus, the terms in each cluster centroid
are truncated separately. Specifically, the least weight terms in the
different cluster centroids are removed. Thus, the terms removed
from each document may be different, depending upon their local
importance.

s Latent Semantic Indexing: In this case, the document-space is
transformed with an LSI technique, and the clustering is applied
to the transformed document space. We note that the LSI tech-
nique can also be applied either globally to the whole document
collection, or locally to each cluster if desired.

It has been shown in [83] that the projection approaches provide com-
petitive results in terms of effectiveness while retaining an extremely
high level of efficiency with respect to all the competing approaches. In
this sense, the clustering methods are different from similarity search
because they show little degradation in quality, when projections are
performed. One of the reasons for this is that clustering is a much less
fine grained application as compared to similarity search, and therefore
there is no perceptible difference in quality even when we work with a
truncated feature space.

4. Word and Phrase-based Clustering

Since text documents are drawn from an inherently high-dimensional
domain, it can be useful to view the problem in a dual way, in which
important clusters of words may be found and utilized for finding clus-
ters of documents. In a corpus containing d terms and n documents,
one may view a term-document matrix as an n x d matrix, in which
the (7, 7)th entry is the frequency of the jth term in the ith document.
We note that this matrix is extremely sparse since a given document
contains an extremely small fraction of the universe of words. We note
that the problem of clustering rows in this matrix is that of clustering
documents, whereas that of clustering columns in this matrix is that
of clustering words. In reality, the two problems are closely related, as
good clusters of words may be leveraged in order to find good clusters
of documents and vice-versa. For example, the work in [16] determines
frequent itemsets of words in the document collection, and uses them to
determine compact clusters of documents. This is somewhat analogous
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to the use of clusters of words [87] for determining clusters of documents.
The most general technique for simultaneous word and document clus-
tering is referred to as co-clustering [30, 31]. This approach simultaneous
clusters the rows and columns of the term-document matrix, in order to
create such clusters. This can also be considered to be equivalent to the
problem of re-ordering the rows and columns of the term-document ma-
trix so as to create dense rectangular blocks of non-zero entries in this
matrix. In some cases, the ordering information among words may be
used in order to determine good clusters. The work in [103] determines
the frequent phrases in the collection and leverages them in order to
determine document clusters.

It is important to understand that the problem of word clusters and
document clusters are essentially dual problems which are closely re-
lated to one another. The former is related to dimensionality reduction,
whereas the latter is related to traditional clustering. The boundary be-
tween the two problems is quite fluid, because good word clusters provide
hints for finding good document clusters and vice-versa. For example,
a more general probabilistic framework which determines word clusters
and document clusters simultaneously is referred to as topic modeling
[49]. Topic modeling is a more general framework than either cluster-
ing or dimensionality reduction. We will introduce the method of topic
modeling in a later section of this chapter. A more detailed treatment
is also provided in the next chapter in this book, which is on dimen-
sionality reduction, and in Chapter 8 where a more general discussion
of probabilistic models for text mining is given.

4.1 Clustering with Frequent Word Patterns

Frequent pattern mining [8] is a technique which has been widely used
in the data mining literature in order to determine the most relevant pat-
terns in transactional data. The clustering approach in [16] is designed
on the basis of such frequent pattern mining algorithms. A frequent
itemset in the context of text data is also referred to as a frequent term
set, because we are dealing with documents rather than transactions.
The main idea of the approach is to not cluster the high dimensional
document data set, but consider the low dimensional frequent term sets
as cluster candidates. This essentially means that a frequent terms set
is a description of a cluster which corresponds to all the documents
containing that frequent term set. Since a frequent term set can be con-
sidered a description of a cluster, a set of carefully chosen frequent terms
sets can be considered a clustering. The appropriate choice of this set



A Survey of Text Clustering Algorithms 101

of frequent term sets is defined on the basis of the overlaps between the
supporting documents of the different frequent term sets.

The notion of clustering defined in [16] does not necessarily use a strict
partitioning in order to define the clusters of documents, but it allows
a certain level of overlap. This is a natural property of many term- and
phrase-based clustering algorithms because one does not directly control
the assignment of documents to clusters during the algorithm execution.
Allowing some level of overlap between clusters may sometimes be more
appropriate, because it recognizes the fact that documents are complex
objects and it is impossible to cleanly partition documents into specific
clusters, especially when some of the clusters are partially related to one
another. The clustering definition of [16] assumes that each document
is covered by at least one frequent term set.

Let R be the set of chosen frequent term sets which define the cluster-
ing. Let f; be the number of frequent term sets in R which are contained
in the ith document. The value of f; is at least one in order to ensure
complete coverage, but we would otherwise like it to be as low as possi-
ble in order to minimize overlap. Therefore, we would like the average
value of (f; — 1) for the documents in a given cluster to be as low as
possible. We can compute the average value of (f; — 1) for the docu-
ments in the cluster and try to pick frequent term sets such that this
value is as low as possible. However, such an approach would tend to
favor frequent term sets containing very few terms. This is because if a
term set contains m terms, then all subsets of it would also be covered
by the document, as a result of which the standard overlap would be
increased. The entropy overlap of a given term is essentially the sum of
the values of —(1/f;) - log(1/fi) over all documents in the cluster. This
value is 0, when each document has f; = 1, and increases monotonically
with increasing f; values.

It then remains to describe how the frequent term sets are selected
from the collection. Two algorithms are described in [16], one of which
corresponds to a flat clustering, and the other corresponds to a hierar-
chical clustering. We will first describe the method for flat clustering.
Clearly, the search space of frequent terms is exponential, and therefore
a reasonable solution is to utilize a greedy algorithm to select the fre-
quent terms sets. In each iteration of the greedy algorithm, we pick the
frequent term set with a cover having the minimum overlap with other
cluster candidates. The documents covered by the selected frequent term
are removed from the database, and the overlap in the next iteration is
computed with respect to the remaining documents.

The hierarchical version of the algorithm is similar to the broad idea in
flat clustering, with the main difference that each level of the clustering
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is applied to a set of term sets containing a fixed number k of terms. In
other words, we are working only with frequent patterns of length & for
the selection process. The resulting clusters are then further partitioned
by applying the approach for (k + 1)-term sets. For further partitioning
a given cluster, we use only those (k + 1)-term sets which contain the
frequent k-term set defining that cluster. More details of the approach
may be found in [16].

4.2 Leveraging Word Clusters for Document
Clusters

A two phase clustering procedure is discussed in [87], which uses the
following steps to perform document clustering;:

= In the first phase, we determine word-clusters from the documents
in such a way that most of mutual information between words and
documents is preserved when we represent the documents in terms
of word clusters rather than words.

= In the second phase, we use the condensed representation of the
documents in terms of word-clusters in order to perform the final
document clustering. Specifically, we replace the word occurrences
in documents with word-cluster occurrences in order to perform the
document clustering. One advantage of this two-phase procedure
is the significant reduction in the noise in the representation.

Let X = z1...x, be the random variables corresponding to the rows
(documents), and let Y = y; ...y4 be the random variables correspond-
ing to the columns (words). We would like to partition X into k clusters,
and Y into [ clusters. Let the clusters be denoted by X =4 ...4, and
Yy = Y1-...9;. In other words, we wish to find the maps Cx and Cy,
which define the clustering:

Cx :x1...0p = 21...2p
Cy:yl...ydéya...y}

In the first phase of the procedure we cluster Y to Y, so that most
of the information in I(X,Y) is preserved in I(X,Y). In the second
phase, we perform the clustering again from X to X using exactly the
same procedure so that as much information as possible from I(X ,Y)
is preserved in [ (X ,f/) Details of how each phase of the clustering is
performed is provided in [87].

How to discover interesting word clusters (which can be leveraged for
document clustering) has itself attracted attention in the natural lan-
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guage processing research community, with particular interests in discov-
ering word clusters that can characterize word senses [34] or a semantic
concept [21]. In [34], for example, the Markov clustering algorithm was
applied to discover corpus-specific word senses in an unsupervised way.
Specifically, a word association graph is first constructed in which related
words would be connected with an edge. For a given word that poten-
tially has multiple senses, we can then isolate the subgraph representing
its neighbors. These neighbors are expected to form clusters according to
different senses of the target word, thus by grouping together neighbors
that are well connected with each other, we can discover word clusters
that characterize different senses of the target word. In [21], an n-gram
class language model was proposed to cluster words based on minimiz-
ing the loss of mutual information between adjacent words, which can
achieve the effect of grouping together words that share similar context
in natural language text.

4.3 Co-clustering Words and Documents

In many cases, it is desirable to simultaneously cluster the rows and
columns of the contingency table, and explore the interplay between
word clusters and document clusters during the clustering process. Since
the clusters among words and documents are clearly related, it is often
desirable to cluster both simultaneously when when it is desirable to find
clusters along one of the two dimensions. Such an approach is referred
to as co-clustering [30, 31]. Co-clustering is defined as a pair of maps
from rows to row-cluster indices and columns to column-cluster indices.
These maps are determined simultaneously by the algorithm in order to
optimize the corresponding cluster representations.

We further note that the matrix factorization approach [58] discussed
earlier in this chapter can be naturally used for co-clustering because it
discovers word clusters and document clusters simultaneously. In that
section, we have also discussed how matrix factorization can be viewed
as a co-clustering technique. While matrix factorization has not widely
been used as a technique for co-clustering, we point out this natural
connection, as possible exploration for future comparison with other co-
clustering methods. Some recent work [60] has shown how matrix fac-
torization can be used in order to transform knowledge from word space
to document space in the context of document clustering techniques.

The problem of co-clustering is also closely related to the problem
of subspace clustering [7] or projected clustering [5] in quantitative data
in the database literature. In this problem, the data is clustered by
simultaneously associating it with a set of points and subspaces in multi-
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dimensional space. The concept of co-clustering is a natural application
of this broad idea to data domains which can be represented as sparse
high dimensional matrices in which most of the entries are 0. Therefore,
traditional methods for subspace clustering can also be extended to the
problem of co-clustering. For example, an adaptive iterative subspace
clustering method for documents was proposed in [59].

We note that subspace clustering or co-clustering can be considered a
form of local feature selection, in which the features selected are specific
to each cluster. A natural question arises, as to whether the features can
be selected as a linear combination of dimensions as in the case of tra-
ditional dimensionality reduction techniques such as PCA [53]. This is
also known as local dimensionality reduction [22] or generalized projected
clustering [6] in the traditional database literature. In this method,
PCA-based techniques are used in order to generate subspace represen-
tations which are specific to each cluster, and are leveraged in order to
achieve a better clustering process. In particular, such an approach has
recently been designed [32], which has been shown to work well with
document data.

In this section, we will study two well known methods for document
co-clustering, which are commonly used in the document clustering liter-
ature. One of these methods uses graph-based term-document represen-
tations [30] and the other uses information theory [31]. We will discuss
both of these methods below.

4.3.1 Co-clustering with graph partitioning. The core
idea in this approach [30] is to represent the term-document matrix as a
bipartite graph G = (V1 U Vi, E), where V; and V5 represent the vertex
sets in the two bipartite portions of this graph, and E represents the
edge set. Each node in V; corresponds to one of the n documents, and
each node in V5 corresponds to one of the d terms. An undirected edge
exists between node i € V; and node j € V5 if document ¢ contains the
term j. We note that there are no edges in E directly between terms,
or directly between documents. Therefore, the graph is bipartite. The
weight of each edge is the corresponding normalized term-frequency.
We note that a word partitioning in this bipartite graph induces a
document partitioning and vice-versa. Given a partitioning of the doc-
uments in this graph, we can associate each word with the document
cluster to which it is connected with the most weight of edges. Note
that this criterion also minimizes the weight of the edges across the par-
titions. Similarly, given a word partitioning, we can associate each docu-
ment with the word partition to which it is connected with the greatest
weight of edges. Therefore, a natural solution to this problem would
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be simultaneously perform the k-way partitioning of this graph which
minimizes the total weight of the edges across the partitions. This is of
course a classical problem in the graph partitioning literature. In [30],
it has been shown how a spectral partitioning algorithm can be used
effectively for this purpose. Another method discussed in [75] uses an
isometric bipartite graph-partitioning approach for the clustering pro-
cess.

4.3.2 Information-Theoretic Co-clustering. In [31], the
optimal clustering has been defined to be one which maximizes the mu-
tual information between the clustered random variables. The normal-
ized non-negative contingency table is treated as a joint probability dis-
tribution between two discrete random variables which take values over
rows and columns. Let X = z1...z, be the random variables corre-
sponding to the rows, and let Y = y;...y4 be the random variables
corresponding to the columns. We would like to partition X into k clus-
ters, and Y into [ clusters. Let the clusters be denoted by X = ... 7
and Y = 41 ...9;. In other words, we wish to find the maps C'x and Cy,
which define the clustering:

Cxi$1...xn:>f1...fk
C’y:yl...yd:yﬁ...y}

The partition functions C'x and Cy are allowed to depend on the joint
probability distribution p(X,Y"). We note that since X and Y are higher
level clusters of X and Y, there is loss in mutual information in the higher
level representations. In other words, the distribution p(X,Y") contains
less information than p(X,Y), and the mutual information I(X,Y) is
lower than the mutual information I(X,Y"). Therefore, the optimal co-
clustering problem is to determine the mapping which minimizes the loss
in mutual information. In other words, we wish to find a co-clustering for
which I(X,Y) — I(X,Y) is as small as possible. An iterative algorithm
for finding a co-clustering which minimizes mutual information loss is
proposed in [29].

4.4 Clustering with Frequent Phrases

One of the key differences of this method from other text clustering
methods is that it treats a document as a string as opposed to a bag of
words. Specifically, each document is treated as a string of words, rather
than characters. The main difference between the string representation
and the bag-of-words representation is that the former also retains or-
dering information for the clustering process. As is the case with many
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clustering methods, it uses an indexing method in order to organize the
phrases in the document collection, and then uses this organization to
create the clusters [103, 104]. Several steps are used in order to create
the clusters:

(1) The first step is to perform the cleaning of the strings representing
the documents. A light stemming algorithm is used by deleting word
prefixes and suffixes and reducing plural to singular. Sentence bound-
aries are marked and non-word tokens are stripped.

(2) The second step is the identification of base clusters. These are
defined by the frequent phases in the collection which are represented
in the form of a suffiz tree. A suffix tree [45] is essentially a trie which
contains all the suffixes of the entire collection. Each node of the suffix
tree represents a group of documents, and a phrase which is common to
all these documents. Since each node of the suffix-tree also corresponds
to a group of documents, it also corresponds to a base clustering. Each
base cluster is given a score which is essentially the product of the num-
ber of documents in that cluster and a non-decreasing function of the
length of the underlying phrase. Therefore, clusters containing a large
number of documents, and which are defined by a relatively long phrase
are more desirable.

(3) An important characteristic of the base clusters created by the suf-
fix tree is that they do not define a strict partitioning and have overlaps
with one another. For example, the same document may contain mul-
tiple phrases in different parts of the suffix tree, and will therefore be
included in the corresponding document groups. The third step of the
algorithm merges the clusters based on the similarity of their underlying
document sets. Let P and @ be the document sets corresponding to two
clusters. The base similarity BS(P, Q) is defined as follows:

[PNQ)
max{|P],|Ql}

This base similarity is either 0 or 1, depending upon whether the two
groups have at least 50% of their documents in common. Then, we con-
struct a graph structure in which the nodes represent the base clusters,
and an edge exists between two cluster nodes, if the corresponding base
similarity between that pair of groups is 1. The connected components
in this graph define the final clusters. Specifically, the union of the
groups of documents in each connected component is used as the final
set of clusters. We note that the final set of clusters have much less over-
lap with one another, but they still do not define a strict partitioning.
This is sometimes the case with clustering algorithms in which modest
overlaps are allowed to enable better clustering quality.

BS(P,Q) = { + 0.5J (4.11)
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5. Probabilistic Document Clustering and Topic
Models

A popular method for probabilistic document clustering is that of
topic modeling. The idea of topic modeling is to create a probabilistic
generative model for the text documents in the corpus. The main ap-
proach is to represent a corpus as a function of hidden random variables,
the parameters of which are estimated using a particular document col-
lection. The primary assumptions in any topic modeling approach (to-
gether with the corresponding random variables) are as follows:

m The n documents in the corpus are assumed to have a probability
of belonging to one of k topics. Thus, a given document may have
a probability of belonging to multiple topics, and this reflects the
fact that the same document may contain a multitude of subjects.
For a given document D;, and a set of topics T} ... T}, the prob-
ability that the document D; belongs to the topic T; is given by
P(T;|D;). We note that the the topics are essentially analogous to
clusters, and the value of P(7}|D;) provides a probability of clus-
ter membership of the ith document to the jth cluster. In non-
probabilistic clustering methods, the membership of documents to
clusters is deterministic in nature, and therefore the clustering is
typically a clean partitioning of the document collection. However,
this often creates challenges, when there are overlaps in document
subject matter across multiple clusters. The use of a soft cluster
membership in terms of probabilities is an elegant solution to this
dilemma. In this scenario, the determination of the membership of
the documents to clusters is a secondary goal to that of finding the
latent topical clusters in the underlying text collection. Therefore,
this area of research is referred to as topic modeling, and while it is
related to the clustering problem, it is often studied as a distinct
area of research from clustering.

The value of P(T}|D;) is estimated using the topic modeling ap-
proach, and is one of the primary outputs of the algorithm. The
value of k is one of the inputs to the algorithm and is analogous
to the number of clusters.

m  Each topic is associated with a probability vector, which quantifies
the probability of the different terms in the lexicon for that topic.
Let t1...t4 be the d terms in the lexicon. Then, for a document
that belongs completely to topic 7T}, the probability that the term
t; occurs in it is given by P(¢;|Tj). The value of P(t;|T}) is another
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important parameter which needs to be estimated by the topic
modeling approach.

Note that the number of documents is denoted by n, topics by k and
lexicon size (terms) by d. Most topic modeling methods attempt to
learn the above parameters using maximum likelihood methods, so that
the probabilistic fit to the given corpus of documents is as large as pos-
sible. There are two basic methods which are used for topic modeling,
which are Probabilistic Latent Semantic Indexing (PLSI) [49] and Latent
Dirichlet Allocation (LDA )[20] respectively.

In this section, we will focus on the probabilistic latent semantic in-
dexing method. Note that the above set of random variables P(T}|D;)
and P(t;|T;) allow us to model the probability of a term t; occurring
in any document D;. Specifically, the probability P(t;|D;) of the term
t; occurring document D; can be expressed in terms of afore-mentioned
parameters as follows:

k

P(t|Di) = Y p(tlTy) - P(T;1D;) (4.12)
j=1

Thus, for each term t; and document D;, we can generate a n X d ma-
trix of probabilities in terms of these parameters, where n is the number
of documents and d is the number of terms. For a given corpus, we
also have the n x d term-document occurrence matrix X, which tells
us which term actually occurs in each document, and how many times
the term occurs in the document. In other words, X (7,[) is the number
of times that term ¢; occurs in document D;. Therefore, we can use a
maximum likelihood estimation algorithm which maximizes the product
of the probabilities of terms that are observed in each document in the
entire collection. The logarithm of this can be expressed as a weighted
sum of the logarithm of the terms in Equation 4.12, where the weight
of the (4,1)th term is its frequency count X (4,7). This is a constrained
optimization problem which optimizes the value of the log likelihood
probability 3, X (i,1) -log(P(t;|D;)) subject to the constraints that the
probability values over each of the topic-document and term-topic spaces
must sum to 1:

Y PMITy) =1 VT (4.13)
l

Y P(T;|D;) =1 VD, (4.14)
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The value of P(;|D;) in the objective function is expanded and expressed
in terms of the model parameters with the use of Equation 4.12. We
note that a Lagrangian method can be used to solve this constrained
problem. This is quite similar to the approach that we discussed for
the non-negative matrix factorization problem in this chapter. The La-
grangian solution essentially leads to a set of iterative update equations
for the corresponding parameters which need to be estimated. It can be
shown that these parameters can be estimated [49] with the iterative up-
date of two matrices [Pi]gxy, and [P2]gxx containing the topic-document
probabilities and term-topic probabilities respectively. We start off by
initializing these matrices randomly, and normalize each of them so that
the probability values in their columns sum to one. Then, we iteratively
perform the following steps on each of P; and P, respectively:

for each entry (j,7) in P, do update
Pl(]? 2) <~ Pl(]v Z) 27:1 PQ(ij) 25:1 Py (v,i)-Pa(r,v)
Normalize each column of P; to sum to 1;

for each entry (/,j) in P» do update
: et SN X(q,l)
P2(l7j> — P2(l7.7) Zq:]_ Pl(]? q) 25:1 P1(v,q)-Pa(l,v)
Normalize each column of P to sum to 1;

The process is iterated to convergence. The output of this approach
are the two matrices P, and P, the entries of which provide the topic-
document and term-topic probabilities respectively.

The second well known method for topic modeling is that of Latent
Dirichlet Allocation. In this method, the term-topic probabilities and
topic-document probabilities are modeled with a Dirichlet distribution
as a prior. Thus, the LDA method is the Bayesian version of the PLSI
technique. It can also be shown the the PLSI method is equivalent to
the LDA technique, when applied with a uniform Dirichlet prior [42].

The method of LDA was first introduced in [20]. Subsequently, it has
generally been used much more extensively as compared to the PLSI
method. Its main advantage over the PLSI method is that it is not quite
as susceptible to overfitting. This is generally true of Bayesian meth-
ods which reduce the number of model parameters to be estimated, and
therefore work much better for smaller data sets. Even for larger data
sets, PLSI has the disadvantage that the number of model parameters
grows linearly with the size of the collection. It has been argued [20] that
the PLSI model is not a fully generative model, because there is no ac-
curate way to model the topical distribution of a document which is not
included in the current data set. For example, one can use the current set
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of topical distributions to perform the modeling of a new document, but
it is likely to be much more inaccurate because of the overfitting inherent
in PLSI. A Bayesian model, which uses a small number of parameters in
the form of a well-chosen prior distribution, such as a Dirichlet, is likely
to be much more robust in modeling new documents. Thus, the LDA
method can also be used in order to model the topic distribution of a new
document more robustly, even if it is not present in the original data set.
Despite the theoretical advantages of LDA over PLSA, a recent study
has shown that their task performances in clustering, categorization and
retrieval tend to be similar [63]. The area of topic models is quite vast,
and will be treated in more depth in Chapter 5 and Chapter 8 of this
book; the purpose of this section is to simply acquaint the reader with
the basics of this area and its natural connection to clustering.

We note that the EM-concepts which are used for topic modeling are
quite general, and can be used for different variations on the text cluster-
ing tasks, such as text classification [72] or incorporating user feedback
into clustering [46]. For example, the work in [72] uses an EM-approach
in order to perform supervised clustering (and classification) of the doc-
uments, when a mixture of labeled and unlabeled data is available. A
more detailed discussion is provided in Chapter 6 on text classification.

6. Online Clustering with Text Streams

The problem of streaming text clustering is particularly challenging
in the context of text data because of the fact that the clusters need to
be continuously maintained in real time. One of the earliest methods
for streaming text clustering was proposed in [112]. This technique is
referred to as the Online Spherical k-Means Algorithm (OSKM), which
reflects the broad approach used by the methodology. This technique
divides up the incoming stream into small segments, each of which can
be processed effectively in main memory. A set of k-means iterations
are applied to each such data segment in order to cluster them. The
advantage of using a segment-wise approach for clustering is that since
each segment can be held in main memory, we can process each data
point multiple times as long as it is held in main memory. In addition,
the centroids from the previous segment are used in the next iteration
for clustering purposes. A decay factor is introduced in order to age-
out the old documents, so that the new documents are considered more
important from a clustering perspective. This approach has been shown
to be extremely effective in clustering massive text streams in [112].

A different method for clustering massive text and categorical data
streams is discussed in [3]. The method discussed in [3] uses an approach
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which examines the relationship between outliers, emerging trends, and
clusters in the underlying data. Old clusters may become inactive, and
eventually get replaced by new clusters. Similarly, when newly arriving
data points do not naturally fit in any particular cluster, these need
to be initially classified as outliers. However, as time progresses, these
new points may create a distinctive pattern of activity which can be
recognized as a new cluster. The temporal locality of the data stream
is manifested by these new clusters. For example, the first web page
belonging to a particular category in a crawl may be recognized as an
outlier, but may later form a cluster of documents of its own. On the
other hand, the new outliers may not necessarily result in the formation
of new clusters. Such outliers are true short-term abnormalities in the
data since they do not result in the emergence of sustainable patterns.
The approach discussed in [3] recognizes new clusters by first recognizing
them as outliers. This approach works with the use of a summarization
methodology, in which we use the concept of condensed droplets [3] in
order to create concise representations of the underlying clusters.

As in the case of the OSKM algorithm, we ensure that recent data
points are given greater importance than older data points. This is
achieved by creating a time-sensitive weight for each data point. It is
assumed that each data point has a time-dependent weight defined by the
function f(t). The function f(t) is also referred to as the fading function.
The fading function f(t) is a non-monotonic decreasing function which
decays uniformly with time ¢t. The aim of defining a half life is to quantify
the rate of decay of the importance of each data point in the stream
clustering process. The decay-rate is defined as the inverse of the half
life of the data stream. We denote the decay rate by A = 1/tyg. We denote
the weight function of each point in the data stream by f(t) = 27
From the perspective of the clustering process, the weight of each data
point is f(¢). It is easy to see that this decay function creates a half life
of 1/\. It is also evident that by changing the value of A, it is possible
to change the rate at which the importance of the historical information
in the data stream decays.

When a cluster is created during the streaming process by a newly
arriving data point, it is allowed to remain as a trend-setting outlier
for at least one half-life. During that period, if at least one more data
point arrives, then the cluster becomes an active and mature cluster.
On the other hand, if no new points arrive during a half-life, then the
trend-setting outlier is recognized as a true anomaly in the data stream.
At this point, this anomaly is removed from the list of current clusters.
We refer to the process of removal as cluster death. Thus, a new cluster
containing one data point dies when the (weighted) number of points
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in the cluster is 0.5. The same criterion is used to define the death of
mature clusters. A necessary condition for this criterion to be met is
that the inactivity period in the cluster has exceeded the half life 1/A.
The greater the number of points in the cluster, the greater the level by
which the inactivity period would need to exceed its half life in order
to meet the criterion. This is a natural solution, since it is intuitively
desirable to have stronger requirements (a longer inactivity period) for
the death of a cluster containing a larger number of points.

The statistics of the data points are captured in summary statistics,
which are referred to as condensed droplets. These represent the word
distributions within a cluster, and can be used in order to compute the
similarity of an incoming data point to the cluster. The overall algorithm
proceeds as follows. At the beginning of algorithmic execution, we start
with an empty set of clusters. As new data points arrive, unit clusters
containing individual data points are created. Once a maximum number
k of such clusters have been created, we can begin the process of online
cluster maintenance. Thus, we initially start off with a trivial set of k
clusters. These clusters are updated over time with the arrival of new
data points.

When a new data point X arrives, its similarity to each cluster droplet
is computed. In the case of text data sets, the cosine similarity measure
between DF'1 and X is used. The similarity value S(X,C;) is computed
from the incoming document X to every cluster C;. The cluster with
the maximum value of S(X,C;) is chosen as the relevant cluster for
data insertion. Let us assume that this cluster is C,indez- We use a
threshold denoted by thresh in order to determine whether the incoming
data point is an outlier. If the value of S(X, Cpindez) is larger than the
threshold thresh, then the point X is assigned to the cluster Cpindes-
Otherwise, we check if some inactive cluster exists in the current set of
cluster droplets. If no such inactive cluster exists, then the data point
X is added to Cpindex.- On the other hand, when an inactive cluster
does exist, a new cluster is created containing the solitary data point
X. This newly created cluster replaces the inactive cluster. We note
that this new cluster is a potential true outlier or the beginning of a new
trend of data points. Further understanding of this new cluster may
only be obtained with the progress of the data stream.

In the event that X is inserted into the cluster Cpindes, We update
the statistics of the cluster in order to reflect the insertion of the data
point and temporal decay statistics. Otherwise, we replace the most
inactive cluster by a new cluster containing the solitary data point X.
In particular, the replaced cluster is the least recently updated cluster
among all inactive clusters. This process is continuously performed over
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the life of the data stream, as new documents arrive over time. The
work in [3] also presents a variety of other applications of the stream
clustering technique such as evolution and correlation analysis.

A different way of utilizing the temporal evolution of text documents
in the clustering process is described in [48]. Specifically, the work in
[48] uses bursty features as markers of new topic occurrences in the data
stream. This is because the semantics of an up-and-coming topic are
often reflected in the frequent presence of a few distinctive words in the
text stream. At a given period in time, the nature of relevant topics could
lead to bursts in specific features of the data stream. Clearly, such fea-
tures are extremely important from a clustering perspective. Therefore,
the method discussed in [48] uses a new representation, which is referred
to as the bursty feature representation for mining text streams. In this
representation, a time-varying weight is associated with the features de-
pending upon its burstiness. This also reflects the varying importance
of the feature to the clustering process. Thus, it is important to remem-
ber that a particular document representation is dependent upon the
particular instant in time at which it is constructed.

Another issue which is handled effectively in this approach is an im-
plicit reduction in dimensionality of the underlying collection. Text is
inherently a high dimensional data domain, and the pre-selection of some
of the features on the basis of their burstiness can be a natural way to
reduce the dimensionality of document representation. This can help in
both the effectiveness and efficiency of the underlying algorithm.

The first step in the process is to identify the bursty features in the
data stream. In order to achieve this goal, the approach uses Klein-
berg’s 2-state finite automaton model [57]. Once these features have
been identified, the bursty features are associated with weights which
depend upon their level of burstiness. Subsequently, a bursty feature
representation is defined in order to reflect the underlying weight of the
feature. Both the identification and the weight of the bursty feature are
dependent upon its underlying frequency. A standard k-means approach
is applied to the new representation in order to construct the clustering.
It was shown in [48] that the approach of using burstiness improves the
cluster quality. Once criticism of the work in [48] is that it is mostly
focused on the issue of improving effectiveness with the use of tempo-
ral characteristics of the data stream, and does not address the issue of
efficient clustering of the underlying data stream.

In general, it is evident that feature extraction is important for all
clustering algorithms. While the work in [48] focuses on using temporal
characteristics of the stream for feature extraction, the work in [61] fo-
cuses on using phrase extraction for effective feature selection. This work
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is also related to the concept of topic-modeling, which will be discussed
in detail in the next section. This is because the different topics in a
collection can be related to the clusters in a collection. The work in [61]
uses topic-modeling techniques for clustering. The core idea in the work
of [61] is that individual words are not very effective for a clustering
algorithm because they miss the context in which the word is used. For
example, the word “star” may either refer to a celestial body or to an
entertainer. On the other hand, when the phrase “fixed star” is used,
it becomes evident that the word “star” refers to a celestial body. The
phrases which are extracted from the collection are also referred to as
topic signatures.

The use of such phrasal clarification for improving the quality of the
clustering is referred to as semantic smoothing because it reduces the
noise which is associated with semantic ambiguity. Therefore, a key part
of the approach is to extract phrases from the underlying data stream.
After phrase extraction, the training process determines a translation
probability of the phrase to terms in the vocabulary. For example, the
word “planet” may have high probability of association with the phrase
“fixed star”, because both refer to celestial bodies. Therefore, for a given
document, a rational probability count may also be assigned to all terms.
For each document, it is assumed that all terms in it are generated either
by a topic-signature model, or a background collection model.

The approach in [61] works by modeling the soft probability p(w|C})
for word w and cluster C;. The probability p(w|C}) is modeled as a linear
combination of two factors; (a) A maximum likelihood model which com-
putes the probabilities of generating specific words for each cluster (b)
An indirect (translated) word-membership probability which first deter-
mines the maximum likelihood probability for each topic-signature, and
then multiplying with the conditional probability of each word, given the
topic-signature. We note that we can use p(w|C}) in order to estimate
p(d|C;) by using the product of the constituent words in the document.

For this purpose, we use the frequency f(w,d) of word w in document
d.

p(d|C;) = T plwlcy)? D (4.15)

wed

We note that in the static case, it is also possible to add a background
model in order to improve the robustness of the estimation process. This
is however not possible in a data stream because of the fact that the
background collection model may require multiple passes in order to
build effectively. The work in [61] maintains these probabilities in online
fashion with the use of a cluster profile, that weights the probabilities
with the use of a fading function. We note that the concept of cluster
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profile is analogous to the concept of condensed droplet introduced in [3].
The key algorithm (denoted by OCTS) is to maintain a dynamic set of
clusters into which documents are progressively assigned with the use of
similarity computations. It has been shown in [61] how the cluster profile
can be used in order to efficiently compute p(d|C;) for each incoming
document. This value is then used in order to determine the similarity of
the documents to the different clusters. This is used in order to assign the
documents to their closest cluster. We note that the methods in [3, 61]
share a number of similarities in terms of (a) maintenance of cluster
profiles; (b) use of cluster profiles (or condensed droplets) to compute
similarity and assignment of documents to most similar clusters, and (c)
the rules used to decide when a new singleton cluster should be created,
or one of the older clusters should be replaced.

The main difference between the two algorithms is the technique which
is used in order to compute cluster similarity. The OCTS algorithm
uses the probabilistic computation p(d|C;) to compute cluster similarity,
which takes the phrasal information into account during the computation
process. One observation about OCTS is that it may allow for very
similar clusters to co-exist in the current set. This reduces the space
available for distinct cluster profiles. A second algorithm called OCTSM
is also proposed in [61], which allows for merging of very similar clusters.
Before each assignment, it checks whether pairs of similar clusters can
be merged on the basis of similarity. If this is the case, then we allow the
merging of the similar clusters and their corresponding cluster profiles.
Detailed experimental results on the different clustering algorithms and
their effectiveness are presented in [61].

A closely related area to clustering is that of topic modeling, which
we discussed in an earlier section. Recently, the topic modeling method
has also been extended to the dynamic case which is helpful for topic
modeling of text streams [107].

7. Clustering Text in Networks

Many social networks contain both text content in the nodes, as well
as links between the different nodes. Clearly, the links provide useful
cues in understanding the related nodes in the network. The impact of
different link types on the quality of the clustering has been studied in
[109], and it has been shown that many forms of implicit and explicit
links improve clustering quality, because they encode human knowledge.
Therefore, a natural choice is to combine these two factors in the process
of clustering the different nodes. In this section, we will discuss a number
of such techniques.
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In general, links may be considered as a kind of side-information,
which can be represented in the form of attributes. A general approach
for incorporating side attributes into the clustering process has been pro-
posed in [1]. This algorithm uses a combination of a k-means approach
on the text attributes, and Bayesian probability estimations on the side
attributes for the clustering process. The idea is to identify those at-
tributes, which are helpful for the clustering process, and use them in
order to enhance the quality of the clustering. However, this approach is
really designed for general attributes of any kind, rather than link-based
attributes, in which an underlying graph structure is implied by the
document-to-document linkages. In spite of this, it has been shown in
[1], that it is possible to significantly enhance the quality of clustering by
treating linkage information as side-attributes. Many other techniques,
which will be discussed in this section, have been proposed specifically
for the case of text documents, which are linked together in a network
structure.

The earliest methods for combining text and link information for the
clustering process are proposed in [12]. Two different methods were
proposed in this paper for the clustering process. The first method
uses the link information in the neighbors of a node in order to bias
the term weights in a document. Term weights which are common be-
tween a document and its neighbors are given more importance in the
clustering process. One advantage of such an approach is that we can
use any of the existing clustering algorithms for this purpose, because
the link information is implicitly encoded in the modified term weights.
The second method proposed in [12] is a graph-based approach which
directly uses the links in the clustering process. In this case, the ap-
proach attempts to model the probability that a particular document
belongs to a given cluster for a particular set of links and content. This
is essentially a soft-clustering, in which a probability of assignment is
determined for each cluster. The cluster with the largest probability of
assignment is considered the most relevant cluster. A Markov Random
Field (MRF) technique is used in order to perform the clustering. An
iterative technique called relaxation labeling is used in order to compute
the maximum likelihood parameters of this MRF. More details of this
approach may be found in [12].

A recent method to perform clustering with both structural and at-
tribute similarities is proposed in [113]. The techniques of this paper can
be applied to both relational and text attributes. This paper integrates
structural and attribute-based clustering by adding attribute vertices to
the network in addition to the original structural vertices. In the context
of text data, this implies that a vertex exists for each word in the lexi-
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con. Therefore, in addition to the original set of vertices V' in the graph
G = (V,E), we now have the augmented vertex set V U Vi, such that
V1 contains one vertex for each nodes. We also augment the edge set, in
order to add to the original set of structural edges E. We add an edge
between a structural vertex ¢ € V' and an attribute vertex 5 € V1, if word
J is contained in the node i. This new set of edges added is denoted by
E;. Therefore, we now have an augmented graph G; = (VUV}, EU E})
which is semi-bipartite. A neighborhood random walk model is used in
order to determine the closeness of vertices. This closeness measure is
used in order to perform the clustering. The main challenge in the algo-
rithm is to determine the relative importance of structural and attribute
components in the clustering process. In the context of the random walk
model, this translates to determining the appropriate weights of differ-
ent edges during the random walk process. A learning model has been
proposed in [113] in order to learn these weights, and leverage them for
an effective clustering process.

The problem of clustering network content is often encountered in the
context of community detection in social networks. The text content in
the social network graph may be attached to either the nodes [101] of
the network, or to the edges [74]. The node-based approach is generally
more common, and most of the afore-mentioned techniques in this paper
can be modeled in terms of content attached to the nodes. In the method
proposed in [101], the following link-based and content-based steps are
combined for effective community detection:

= A conditional model is proposed for link analysis, in which the
conditional probability for the destination of given link is modeled.
A hidden variable is introduced in order to capture the popularity
of a node in terms of the likelihood of that node being cited by
other nodes.

m A discriminative content model is introduced in order to reduce the
impact of noisy content attributes. In this model, the attributes
are weighed by their ability to discriminate between the different
communities.

s The two models are combined into a unified framework with the
use of a two-stage optimization algorithm for maximum likelihood
inference. One interesting characteristic of this broad framework
is that it can also be used in the context of other complementary
approaches.

The details of the algorithm are discussed in [101].
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For the case of edge-based community detection, it is assumed that
the text content in the network is attached to the edges [74]. This is
common in applications which involve extensive communication between
the different nodes. For example, in email networks, or online chat net-
works, the text in the network is associated with the communications
between the different entities. In such cases, the text is associated with
an edge in the underlying network. The presence of content associated
with edges allows for a much more nuanced approach in community de-
tection, because a given node may participate in communities of different
kinds. The presence of content associated with edges helps in separat-
ing out these different associations of the same individual to different
communities. The work in [74] uses a matrix-factorization methodology
in order to jointly model the content and structure for the community
detection process. The matrix factorization method is used to transform
the representation into multi-dimensional representation, which can be
easily clustered by a simple algorithm such as the k-means algorithm.
It was shown in [74], that the use of such an approach can provide
much more effective results than a pure content- or link-based clustering
methodology.

A closely related area to clustering is that of topic modeling, in which
we attempt to model the probability of a document belonging to a partic-
ular cluster. A natural approach to network-based topic modeling is to
add a network-based regularization constraint to traditional topic mod-
els such as NetPLSA [65]. The relational topic model (RTM) proposed
in [23] tries to model the generation of documents and links sequentially.
The first step for generating the documents is the same as LDA. Sub-
sequently, the model predicts links based on the similarity of the topic
mixture used in two documents. Thus, this method can be used both
for topic modeling and predicting missing links. A more unified model
is proposed in the iTopicModel [91] framework which creates a Markov
Random Field model in order to create a generative model which si-
multaneously captures both text and links. Experimental results have
shown this approach to be more general and superior to previously ex-
isting methods. A number of other methods for incorporating network
information into topic modeling are discussed in the next chapter on
dimensionality reduction.

8. Semi-Supervised Clustering

In some applications, prior knowledge may be available about the
kinds of clusters that are available in the underlying data. This prior
knowledge may take on the form of labels attached with the documents,
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which indicate its underlying topic. For example, if we wish to use the
broad distribution of topics in the Y ahoo! taxonomy in order to supervise
the clustering process of a new web collection, one way to performing
supervision would be add some labeled pages from the Y ahoo! taxonomy
to the collection. Typically such pages would contain labels of the form
@QScience@Astronomy or QArtsQPainting, which indicate the subject
area of the added pages. Such knowledge can be very useful in creating
significantly more coherent clusters, especially when the total number of
clusters is large. The process of using such labels to guide the clustering
process is referred to as semi-supervised clustering. This form of learning
is a bridge between the clustering and classification problem, because it
uses the underlying class structure, but it is not completely tied down by
the specific structure. As a result, such an approach finds applicability
both to the clustering and classification scenarios.

The most natural method for incorporating supervision into the clus-
tering process is to do so in partitional clustering methods such as k-
means. This is because the supervision can be easily incorporated by
changing the seeds in the clustering process. For example, the work in [4]
uses the initial seeds in the k-means clustering process as the centroids
of the original classes in the underlying data. A similar approach has
also been used in [15], except a wider variation of how the seeds may be
selected has been explored.

A number of probabilistic frameworks have also been designed for
semi-supervised clustering [72, 14]. The work in [72] uses an iterative
EM-approach in which the unlabeled documents are assigned labels us-
ing a naive Bayes approach on the currently labeled documents. These
newly labeled documents are then again used for re-training a Bayes
classifier. This process is iterated to convergence. The iterative labeling
approach in [72] can be considered a partially supervised approach for
clustering the unlabeled documents. The work in [14] uses a Heteroge-
neous Markov Random Field (HMRF') model for the clustering process.

A graph-based method for incorporating prior knowledge into the clus-
tering process has been proposed in [52]. In this method, the documents
are modeled as a graph, in which nodes represent documents and edges
represent the similarity among them. New edges may also be added
to this graph, which correspond to the prior knowledge. Specifically,
an edge is added to the graph, when it is known on the basis of prior
knowledge that these two documents are similar. A normalized cut al-
gorithm [84] is then applied to this graph in order to create the final
clustering. This approach implicitly uses the prior knowledge because
of the augmented graph representation which is used for the clustering.
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Since semi-supervised clustering forms a natural bridge between the
clustering and classification problems, it is natural that semi-supervised
methods can be used for classification as well [68]. This is also referred
to as co-training, because it involves the use of unsupervised document
clustering in order to assist the training process. Since semi-supervised
methods use both the clustering structure in the feature space and the
class information, they are sometimes more robust in classification sce-
narios, especially in cases where the amount of available labeled data is
small. It has been shown in [72], how a partially supervised co-training
approach which mixes supervised and unsupervised data may yield more
effective classification results, when the amount of training data avail-
able is small. The work in [72] uses a partially supervised EM-algorithm
which iteratively assigns labels to the unlabeled documents and refines
them over time as convergence is achieved. A number of similar methods
along this spirit are proposed in [4, 14, 35, 47, 89] with varying levels
of supervision in the clustering process. Partially supervised clustering
methods are also used feature transformation in classification using the
methods as discussed in [17, 18, 88]. The idea is that the clustering
structure provides a compressed feature space, which capture the rele-
vant classification structure very well, and can therefore be helpful for
classification.

Partially supervised methods can also be used in conjunction with pre-
existing categorical hierarchies (or prototype hierarchies) [4, 56, 67]. A
typical example of a prototype hierarchy would be the Yahoo! taxonomy,
the Open Directory Project, or the Reuters collection. The idea is that
such hierarchies provide a good general idea of the clustering structure,
but also have considerable noise and overlaps in them because of their
typical manual origins. The partial supervision is able to correct the
noise and overlaps, and this results in a relatively clean and coherent
clustering structure.

An unusual kind of supervision for document clustering is the method
of use of a universum of documents which are known not to belong to
a cluster [106]. This is essentially, the background distribution which
cannot be naturally clustered into any particular group. The intuition
is that the universum of examples provide an effective way of avoiding
mistakes in the clustering process, since it provides a background of
examples to compare a cluster with.

9. Conclusions and Summary

In this chapter, we presented a survey of clustering algorithms for text
data. A good clustering of text requires effective feature selection and a
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proper choice of the algorithm for the task at hand. Among the different
classes of algorithms, the distance-based methods are among the most
popular in a wide variety of applications.

In recent years, the main trend in research in this area has been in
the context of two kinds of text data:

= Dynamic Applications: The large amounts of text data being
created by dynamic applications such as social networks or online
chat applications has created an immense need for streaming text
clustering applications. Such streaming applications need to be
applicable in the case of text which is not very clean, as is often
the case for applications such as social networks.

s Heterogeneous Applications: Text applications increasingly
arise in heterogeneous applications in which the text is available
in the context of links, and other heterogeneous multimedia data.
For example, in social networks such as Flickr the clustering often
needs to be applied in such scenario. Therefore, it is critical to ef-
fectively adapt text-based algorithms to heterogeneous multimedia
scenarios.

We note that the field of text clustering is too vast to cover comprehen-
sively in a single chapter. Some methods such as committee-based clus-
tering [73] cannot even be neatly incorporated into any class of methods,
since they use a combination of the different clustering methods in order
to create a final clustering result. The main purpose of this chapter is
to provide a comprehensive overview of the main algorithms which are
often used in the area, as a starting point for further study.
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Abstract  The bag-of-words representation commonly used in text analysis can be
analyzed very efficiently and retains a great deal of useful information,
but it is also troublesome because the same thought can be expressed us-
ing many different terms or one term can have very different meanings.
Dimension reduction can collapse together terms that have the same
semantics, to identify and disambiguate terms with multiple meanings
and to provide a lower-dimensional representation of documents that
reflects concepts instead of raw terms. In this chapter, we survey two
influential forms of dimension reduction. Latent semantic indexing uses
spectral decomposition to identify a lower-dimensional representation
that maintains semantic properties of the documents. Topic modeling,
including probabilistic latent semantic indexing and latent Dirichlet al-
location, is a form of dimension reduction that uses a probabilistic model
to find the co-occurrence patterns of terms that correspond to semantic
topics in a collection of documents. We describe the basic technologies
in detail and expose the underlying mechanism. We also discuss recent
advances that have made it possible to apply these techniques to very
large and evolving text collections and to incorporate network structure
or other contextual information.

Keywords: Dimension reduction, Latent semantic indexing, Topic modeling, Latent
Dirichlet allocation.

1. Introduction

In 1958, Lisowsky completed an index of the Hebrew scriptures to
help scholars identify the meanings of terms that had long since become
unfamiliar [42]. Through a tedious manual process, he collected together
all of the contexts in which every term occurred. As he did this, he
needed to suppress differences in word form that were not significant
while preserving differences that might affect the semantics. He hoped
by this undertaking to enable other researchers to analyze the different
passages and understand the semantics of each term in context.

The core task of automated text mining shares many of the same chal-
lenges that Lisowsky faced. The same concept can be expressed using
any number of different terms (synonymy) and conversely the apparently
same term can have very different meanings in different contexts (pol-
ysemy). Automated text mining must leverage clues from the context
to identify different ways of expressing the same concept and to identify
and disambiguate terms that are polysemous. It must also present the
data in a form that enables human analysts to identify the semantics
involved when they are not known a priori.

It is common to represent documents as a bag of words (BOW), ac-
counting for the number of occurrences of each term but ignoring the
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order. This representation balances computational efficiency with the
need to retain the document content. It also results in a vector represen-
tation that can be analyzed with techniques from applied mathematics
and machine learning, notably dimension reduction, a technique that is
used to identify a lower-dimensional representation of a set of vectors
that preserves important properties.

BOW vectors have a very high dimensionality — each dimension cor-
responding to one term from the language. However, for the task of
analyzing the concepts present in documents, a lower-dimensional se-
mantic space is ideal — each dimension corresponding to one concept
or one topic. Dimension reduction can be applied to find the semantic
space and its relationship to the BOW representation. The new repre-
sentation in semantic space reveals the topical structure of the corpus
more clearly than the original representation.

Two of the many dimension reduction techniques that have been ap-
plied to text mining stand out. Latent semantic indering, discussed
in Section 2, uses a standard matrix factorization technique (singular
vector decomposition) to find a latent semantic space. Topic models,
on the other hand, provide a probabilistic framework for the dimension
reduction task. We describe topic modeling in Section 3, including prob-
abilistic latent semantic indexing (PLSI) and latent Dirichlet allocation
(LDA). In Section 4, we describe the techniques that are used to inter-
pret and evaluate the latent semantic space that results from dimension
reduction. Many recent advances have made it possible to apply di-
mension reduction and topic modeling to large and dynamic datasets.
Other advances incorporate network structures like social networks or
other contextual information. We highlight these extensions in Section 5
before concluding in Section 6.

1.1 The Relationship Between Clustering,
Dimension Reduction and Topic Modeling

Clustering, dimension reduction and topic modeling have interesting
relationships. For text mining, these techniques represent documents in
a new way that reveals their internal structure and interrelations, yet
there are subtle distinctions. Clustering uses information on the similar-
ity (or dissimilarity) between documents to place documents into natural
groupings, so that similar documents are in the same cluster. Soft clus-
tering associates each document with multiple clusters. By viewing each
cluster as a dimension, clustering induces a low-dimensional representa-
tion for documents. However, it is often difficult to characterize a cluster
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in terms of meaningful features because the clustering is independent of
the document representation, given the computed similarity.

On the other hand, dimension reduction starts with a feature repre-
sentation of documents (typically a BOW model) and looks for a lower-
dimensional representation that is faithful to the original representation.
Although this close coupling with the original features results in a more
coherent representation that maintains more of the original information
than clustering, interpretation of the compressed dimensions is still dif-
ficult. Specifically, each new dimension is usually a function of all the
original features, so that generally a document can only be fully under-
stood by considering all of the dimensions together.

Topic modeling essentially integrates soft clustering with dimension
reduction. Documents are associated with a number of latent topics,
which correspond to both document clusters and compact representa-
tions identified from a corpus. Each document is assigned to the topics
with different weights, which specify both the degree of membership in
the clusters as well as the coordinates of the document in the reduced
dimension space. The original feature representation plays a key role in
defining the topics and in identifying which topics are present in each
document. The result is an understandable representation of documents
that is useful for analyzing the themes in documents.

1.2 Notation and Concepts

Documents. We use the following notation to consistently describe
the documents used for training or evaluation. D is a corpus of M
documents, indexed by d. There are W distinct terms in the vocabulary,
indexed by v. The term-document matrix X is a W x M matrix encoding
the occurrences of each term in each document. The LDA model has
K topics, indexed by ¢. The number of tokens in any set is given by
N, with a subscript to specify the set. For example, N, is the number
of tokens assigned to topic i. A bar indicates set complement, as for
example Zg, = {zgn : d' # dorn’ # n}.

Multinomial distribution. A commonly used probabilistic model
for texts is the multinomial distribution,

w
M(X|®) o [T i,
v=1

which captures the relative frequency of terms in a document and is
essentially equivalent to the BOW-vector with ¢;-norm standardization

as ZZ‘;I U, = 1.
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Dirichlet distribution. Dirichlet distribution is the conjugate
distribution to multinomial distribution and therefore commonly used
as prior for multinomial models:

‘Z‘Mw

i—1
Yit

g5 &)ﬁ
[IT(&) =t

=1

This distributions favors imbalanced multinomial distributions, where
most of the probability mass is concentrated on a small number of values.
As a result, it is well suited for models that reflect commonly observed
power law distributions in human language.

Generative process. A generative process is an algorithm describ-
ing how an outcome was selected. For example, one could describe the
generative process of rolling a die: one side is selected from a multino-
mial distribution with 1/6 probability on each of the six sides. For topic
modeling, a random generative process is valuable even though choos-
ing the terms in a document is not random, because they capture real
statistical correlations between topics and terms.

2. Latent Semantic Indexing

LSI is an automatic indexing method that projects both documents
and terms into a low dimensional space which, by intent, represents the
semantic concepts in the document. By projecting documents into the
semantic space, LSI enables the analysis of documents at a conceptual
level, purportedly overcoming the drawbacks of purely term-based anal-
ysis. For example, in information retrieval, users may use many different
queries to describe the same information need, and likewise, many of the
relevant documents may not contain the exact terms used in the partic-
ular query. In this case, projecting documents into the semantic space
enables the search engine to find documents containing the same con-
cepts but different terms. The projection also helps to resolve terms that
are associated with multiple concepts. In this sense, LSI overcomes the
issues of synonymy and polysemy that plague term-based information
retrieval.

LSI was applied to text data in the 1980s and later used for indexing
in information retrieval systems [23]. It has also been used for a variety
of tasks, including assigning papers to reviewers [28] and cross-lingual
retrieval.
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LSI is based on the singular value decomposition (SVD) of the term-
document matrix, which constructs a low rank approximation of the
original matrix while preserving the similarity between the documents.
LSI is meant to interpret the dimensions of the low-rank approximation
as semantic concepts although it is surpassed in this regard by later im-
provements such as PLSI. We now describe the basic steps for perform-
ing LSI. Then, we will discuss the implementation issues and analyze
the underlying mechanisms for LSI.

2.1 The Procedure of Latent Semantic Indexing

Given the term-document matrix X of a corpus, the d-th column X 4
represents a document d in the corpus and the v-th row of the matrix
X, denoted by T, represents a term v. Several possibilities for the
encoding are discussed in the implementation issues section.

Let the singular value decomposition of X be

X =UxvT,
where the matrices U and V are orthonormal and . is diagonal—

01
E pr—
Omin{W,M}

The values 01, 02, ..., omingw,ary are the singular values of the matrix
X. Without loss of generality, we assume that the singular values are
arranged in descending order, 01 > 02 > -+ = Oyin{w, M)}

For dimension reduction, we approximate the term-document matrix
X by a rank-K approximation X. This is done with a partial SVD using
the singular vectors corresponding to the K largest singular values.

X =Syt
g1 V?

:[Ul UK] (5.1)

OK V%

SVD produces the rank- K matrix X that minimizes the distance from
X in terms of the spectral norm and the Frobenius norm. Although X is
typically sparse, X is generally not sparse. Thus, X can be viewed as a
smoothed version of X, obtained by propagating the co-occurring terms
in the document corpus. This smoothing effect is achieved by discovering
a latent semantic space formed by the documents. Specifically, we can
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observe from Eqn. (5.1) that each document d can be represented by a
K-dimensional vector X 4, which is the d-th row of the matrix V. The
relation between the representation of document d in term space X4 and
the latent semantic space X4 is given by

X, =USX,.
_ Similarly, each term v can be represented by the K-dimensional vector
T, given by

T,=VXT,.
Thus, LSI projects both terms and documents into a K-dimensional

latent semantic space. We can utilize these projections into latent se-
mantic space to perform several tasks.

Information retrieval. In information retrieval, we are given a
query q which contains several key terms that describe the information
need. The goal is to return documents that are related to the query. In
this case, we can view the query as a short document and project it into
the latent semantic space using

q= 2_1UTq.

Then, the similarity between the query and document can be measured
in the latent semantic space. For example, we can use the inner product

~ T . . .
V ;q. By using the smoothed latent semantic space for the comparison,
we mitigate the problems with synonymy and polysemy.

Document similarity. The similarity between document d and
d’" can be measured using their representations in the latent semantic
space, for example, using the inner product of X, and X . This can
be used to cluster or classify documents. Additional regularization may
be necessary to resolve the non-identifiability of the SVD [63].

Term similarity. Analogous to the document similarity, term sim-
ilarities can be measured in the latent semantic space, so as to identify
terms with similar meanings.

2.2 Implementation Issues

2.2.1 Term-Document Matrix Representation. LSI uti-
lizes the term-document matrix X for a document corpus, which rep-
resents the occurrences of terms in documents. In practice, the term-
document matrix can be constructed in several ways. For example, each
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entry x,q can represent the number of times that the term v occurs in
document d. However, Zipf’s law shows that real documents tend to be
bursty—a globally uncommon term is likely to occur multiple times in
a document if it occurs at all [19]. As a result, simply using the term
frequency tends to exaggerate the contribution of the term. This prob-
lem can be directly addressed by using a binary representation, which
only indicates whether a term occurs in a particular document and ig-
nores its frequency. Global term-weight methods, such as term frequency
weighted with inverse document frequency (IDF) [44], provide a good
compromise for most document corpora. Besides these BOW represen-
tations, the language pyramid model [70] provides a multi-resolution
matrix representation for documents, encoding not only the semantic
information of term occurrence but also the spatial information such as
term proximity, ordering, long distance dependence and so on.

2.2.2 Computation. LSI relies on a partial SVD of the term-
document matrix, which can be computed using the Lanczos algorithm
[7, 30, 73]. The Lanczos algorithm is an iterative algorithm that com-
putes the eigenvalues and eigenvectors of a large and sparse matrix X
using the matrix vector multiplication. This process can be accelerated
by exploiting any special structure of the term-document matrix. For
example, Zha and Zhang [75] provide an efficient algorithm when the ma-
trix has a low-rank-plus-shift structure, which arises when regularization
is added. Numerous implementations that use the Lanczos algorithm are
available, including SVDPACK (http://www.netlib.org/svdpack).

2.2.3 Handling Changes. In real world applications, the
corpus often changes rapidly. As a result, it is impractical to apply LSI
to the corpus every time a document is added, removed or changed.
There are two strategies for efficiently handling these changes.

Fold-in. One method for updating LSI is called fold-in, where we
compute the projection of the new documents and terms into the latent
semantic space based on the projection for original documents and terms.
In order to fold in a document represented by vector d € RY into a
existing latent semantic indexing, we can project the document into the
latent semantic space based on the SVD decomposition obtained from
the original corpus.
d=3x"10"d.

Fold-in is very efficient because the SVD does not need to be recomputed.
Because the term vector d is typically sparse, the fold-in process can be
computed in O(K N) time, where N is the number of unique terms in d.
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Updating the semantic space. Although the fold-in process
is efficient and maintains a consistent indexing, there is no longer any
guarantee that the indexing provides the best rank-K approximation of
the modified corpus. Over time, the outdated model becomes increas-
ingly less useful. Several methods for updating the LSI model have been
proposed that are both efficient and accurate [8, 52, 74]. For example,
Zha and Simon [74] provide an updating algorithm based on performing
LSI on [X X'] instead of [X X'], where X’ is the term-document matrix
for new documents. Specifically, the low-rank approximate X is used
to replace the document-term matrix X of the original corpus. Assume
that the QR decomposition of the matrix (I — UUT)X" is

(I -UU)X' = U'R,

where R is a triangular matrix and X = UV is the partial SVD of the
matrix X. Then we have

X X' = [0 U] [2 U’TX] [VT O]

0 R 0 I

S T
)Y UX]b

Now we can compute the best rank-K approximation of [ 0 n

SVD:

Y UTx
0 R

} _ pYOT,

Then, the partial SVD for [X X'] can be expressed as

(10 vP) s <[‘g ﬂ Q)T,

which provides an approximation of the partial SVD for [X X’]. A the-
oretical analysis by Zha and Simon shows that this approximation will
not introduce unacceptable errors into LSI [74].

2.3 Analysis

Due to the popularity of LSI, there has been considerable research
into the underlying mechanism of LSI.

Term context. LSI improves the performance of information re-
trieval by discovering the latent concepts in a document corpus and thus
solving the problems of synonymy and polysemy. Bast and Majumdar
[5] demonstrate this point by considering the projections of a query q
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and document d into the latent semantic space by the mapping
flx)=U"z.

The cosine similarity of the query and document in the latent semantic
space is
B q"UUTd

U ql[|U*d]]
Since the factor |7 ¢q|| does not depend on documents, it can be ne-
glected without affecting the ranking. Note that

|o"d| = |00 d|

qd

so the cosine similarity S;q can expressed by

qTuUTd _q'Td
|oUTd|  ITd||’

Sqd =

where T = UUT.

The similarity Sqq between query ¢ and document d can be expressed
by the cosine similarity of query q and the transformed document T'd.
In term-based information retrieval, the transformation 7" = I, so the
original document is used to calculate the similarity. In LSI, however,
the transformation 7' is not the identity matrix. Intuitively, the entry
ty represents the relationship between terms v and v’. Specifically,
the occurrence of term v in document has an equivalent impact on the
similarity to t,, times the occurrence of term v in the same document.
In this sense, LSI enriches the document by introducing similar terms
that may not occur in the original document.

Bast and Majumdar [5] also analyze LSI from the view of identifying
terms that appear in similar contexts in the documents. Consider the
sequence of the similarities between a pair of terms with respect to the

dimension of latent semantic space, K, (k) = Zle Uq(f)Uz(}i,)

T, where
U® is from the rank-i partial SVD. The trend of the sequence can be
categorized into three different types: increasing steadily (A); first in-
creasing and then decreasing (B); or, no clear trend (C). If terms v and
v’ are related, the sequence is usually of Type A or B. Otherwise, the
sequence is of Type C. This result is closely related to global special
structures in the term-document matrix X that arise from similar con-
texts for similar terms. Thus, the sequence K, of similar terms have
the specific shapes described above.

Since LSI captures the contexts of terms in documents, it is able to
deal with the problems of synonymy and polysemy: synonymy can be
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captured since terms with the same meaning usually occur in similar
context; polysemy can be addressed since terms with different meaning
can be distinguished by their occurrences in different context. Landauer
[40] also provides intuition for LSI by showing that it captures several
important aspects of human languages.

Dimension of the latent semantic space. Dupert [29] studies
how to determine the optimal number of latent factors for finding the
most similar terms of a query. In particular, he shows how LSI can deal
with the problem of synonymy in the context of Correlation method. He
also provides an upper bound for the dimension of latent semantic space
in order to present the corpus correctly.

Probabilistic analysis. Kubato Ando and Lee [38] explore the
relationship between the performance of LSI and the uniformity of the
underlying distribution. When the topic-documents distribution is quite
uniform, LSI can recover the optimal representation precisely. Papadim-
itriou et al. [53] and Ding [26] analyze LSI from a probabilistic perspec-
tive which is related to probabilistic latent semantic indexing [36], which
we discuss next.

3. Topic Models and Dimension Reduction

Taboo® (aregistered trademark of Hasbro) is a game where one player
must help a teammate guess a word from a game card without using any
of the taboo words listed on the card. The surprising difficulty of the
game highlights that certain terms are very likely to be present based
on the topic of a document. Latent topic models capture this idea by
modeling the conditional probability that an author will use a term given
the topic the author is writing about.

LSI reduced the dimensionality of documents by projecting the BOW
vectors into a semantic space constructed from the SVD of the term-
document matrix. By providing a mechanism to explicitly reason about
latent topics, probabilistic topic models can achieve a similar yet more
meaningful latent semantic space. The results are presented in familiar
probabilistic terms, and thus can be directly incorporated into other
probabilistic models and analyzed with standard statistical techniques.
Moreover, Bayesian methods can be used to make the models robust to
parameter selection. Finally, one of the most useful advantages is that
the models can be easily extended by modifying the structure to solve
interesting related problems.
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3.1 Probabilistic Latent Semantic Indexing

PLSI, proposed by Hofmann [36], provides a crucial step in topic
modeling by extending LSI in a probabilistic context. PLSI has seen
widespread use in text document retrieval, clustering and related areas;
it builds on the same conceptual assumptions as LSI, but uses a radically
different probabilistic generative process for generating the terms in the
documents of a text corpus.

PLSI is based on the following generative process for (w,d), a word
w in document d:

= Sample a document d from multinomial distribution p(d).

» Sample a topic i € {1,...,K} based on the topic distribution
Oai = p(z = i|d).

= Sample a term v for token w based on ¢4, = p(w = v|z = 1i).

In other words, an unobservable topic variable z is associated with
each observation (v,d) in PLSI. The joint probability distribution for
p(v,d) can be expressed as

K
p(v,d) = p(d)p(vld),  where  p(v]d) =) p(v|z =i)p(z = ild).

i=1

This equation has the geometric interpretation that the distribution
of terms conditioned on documents p(z = i|d) is a convex combination
of the topic-specific term distributions p(v|z = ).

Connection to LSI. An alternative way to express the joint prob-
ability is given by

K

p(v,d) =) p(z=1i)p(d|z = i)p(v]z = ).

i=1

This formulation is sometimes called the symmetric formulation because
it models the documents and terms in a symmetric manner. This for-
mulation has a nice connection to LSI: the probability distributions
p(d|z = i) and p(w|z = i) can be viewed as the projections of docu-
ments and terms into the latent semantic spaces, just like the matrices
V and U in LSL Also, the distribution p(z = i) is similar to the diago-
nal matrix 3 in LSI. This is the sense in which PLSI is a probabilistic
version of LSI.
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3.1.1 Algorithms. The maximal likelihood method is used
to estimate the parameters p(d), p(z|d) and p(v|z). Given the term-
document matrix X, the log-likelihood of observed data can be expressed
as

w
> 2uqlogp(w = v, d)

v

D
Il
M= 10

|M§ EME

xvdlogzp —ip(z =ildp(d).  (5.2)

I
—

Maximizing the log—hkehhood function is equivalent to minimizing the
Kullback-Leibler divergence (KL) [39] between the measured empirical
distribution p(v|d) and the model distribution p(w|d) = Zfil p(wlz =
i)p(z = i|d). Since this is non-convex, expectation-maximization (EM)
[24] is used to seek a locally optimal solution. The log-likelihood value
(Eqn. (5.2)) increases on each iteration and converges to a local maxi-
mum.

FEzxpectation. The E-step computes the posterior of the latent variable
z based on the current estimation of the parameters.

p(d)p(z = i|d)p(v|z =)
K . N
> i—1p(d)p(z = ¥'|d)p(v]z = 7')
where the prime on p indicates the new estimate of the probability for
the next step.
Mazximization. The M-step updates the parameters once the latent

variables are known using the posterior estimated in the previous E-
step:

p'(z=ild,v) =

M

P (w = v|z) x ZCUvdP/(Z =i|ld,w=v);
d=1

W
P (z = ild) vadp'(z =i|d,w =v);
v=1

w
x E Tod -
v=1

3.1.2 Updating. Given a new document d, the fold-in process
can be applied to obtain its representation in the latent semantic space,
much like for LSI. Specifically, an EM algorithm similar to parameter
estimation can be used to obtain p(z|d) [37]. p(w|z) and p(z) are not
updated in the M-step during fold-in.
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Figure 5.1. Diagram of the LDA graphical model

3.2 Latent Dirichlet Allocation

PLSI provides a good basis for text analysis, but it has two prob-
lems. First, it contains a large number of parameters that grows linearly
with the number of documents so that it tends to overfit the training
data. Second, there is no natural way to compute the probability of
a document that was not in the training data. LDA includes a pro-
cess for generating the topics in each document, thus greatly reducing
the number of parameters to be learned and providing a clearly-defined
probability for arbitrary documents. Because LDA has a rich generative
model, it is also readily adapted to specific application requirements,
which we describe in Section 5.

3.2.1 Model. Like PLSI, LDA is based on a hypothetical gen-
erative process for a corpus. A diagram of the graphical model showing
how the different random variables are related is shown in Fig. 5.1. In
the diagram, each random variable is represented by a circle (continu-
ous) or square (discrete). A variable that is observed (its outcome is
known) is shaded. An arrow is drawn from one random variable to an-
other if the the outcome of the second variable depends on the value of
the first variable. A rectangular plate is drawn around a set of variables
to show that the set is repeated multiple times, as for example for each
document or each token.

m CHOOSE THE TERM PROBABILITIES FOR EACH TOPIC. The dis-
tribution of terms for each topic 7 is represented as a multinomial
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distribution ®;, which is drawn from a symmetric Dirichlet distri-
bution with parameter 5.

w
v=1

s CHOOSE THE TOPICS OF THE DOCUMENT. The topic distribu-
tion for document d is represented as a multinomial distribution
0,4, which is drawn from a Dirichlet distribution with parameters
«. The Dirichlet distribution captures the document-independent
popularity and the within-document burstiness of each topic.

F(Zfil al) s 90&1‘—1
di .
H{il I'(evi) i=1

s CHOOSE THE TOPIC OF EACH TOKEN. The topic zy, for each
token index n is chosen from the document topic distribution.

0s~D(c);  p(bala) =

Zdn ~ M(04); P(2dn = 1|04) = b4; .

= CHOOSE EACH TOKEN. Each token w at each index is chosen from
the multinomial distribution associated with the selected topic.

Wn ~ M(d)zdn) ) p(wdn = U’Zdn =1, d)z) = (z)iv .

Mechanism. LDA provides the mechanism for finding patterns of
term co-occurrence and using those patterns to identify coherent topics.
Suppose that we have used LDA to learn a topic i and that for term v,
p(w = v|z = i) is high. As a result of the LDA generative process, any
document d that contains term v has an elevated probability for topic
i, that is, p(zgn = ilwgn = v) > p(zgny = 7). This in turn means that
all terms that co-occur with term v are more likely to have been gen-
erated by topic ¢, especially as the number of co-occurrences increases.
Thus, LDA results in topics in which the terms that are most probable
frequently co-occur with each other in documents.

Moreover, LDA also helps with polysemy. Consider a term v with
two distinct meanings in topics ¢ and /. Considering only this term, the
model places equal probability on topics ¢ and #'. However, if the other
words in the context place a 90% probability on i and only a 9% prob-
ability on 4/, then LDA will be able to use the context to disambiguate
the topic: it is topic 7 with 90% probability.
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Wallach et al. [60] show that the symmetry or asymmetry of the
Dirichlet priors strongly influences the mechanism. For the topic-specific
term distributions, a symmetric Dirichlet prior provides smoothing so
that unseen terms will have non-zero probability. However, an asym-
metric prior would equally affect all topics, making them less distinctive.

In contrast, they showed that an asymmetric prior for the document-
specific topic distributions made LDA more robust to stop words and
less sensitive to the selection of the number of topics. The stop words
were mainly relegated to a small number of highly probable topics that
influence most documents uniformly. The asymmetric prior also results
in more stable topics, which means that additional topics will make
small improvements in the model instead of radically altering the topic
structure. This is similar to the situation of LSI, where performance
is optimal when 3 scales the contribution of each dimension according
to its eigenvalue. In the same way, LDA will perform best if « is non-
uniform and corresponds to some natural values characteristic of the
dataset.

One disadvantage of LDA is that it tends to learn broad topics. Con-
sider the case where a concept has a number of aspects to it. Each of
the aspects co-occurs frequently with the main concept, and so LDA
will favor a topic that includes the concept and all of its aspects. It will
further favor adding other concepts to the same topic if they share the
same aspects. As this process continues, the topics become more diffuse.
When sharper topics are desired, a hierarchical topic model may be more
appropriate.

Likelihood. Training an LDA model involves finding the optimal
set of parameters, under which the probability of generating the training
documents is maximized. The probability of the training documents
under a given LDA model is called the empirical likelihood L. It can
also be used to identify the optimal model configuration using Bayesian
model selection.

M N
£ = [T T p(wanlzdn: ®)p(z00|00)p(8alct)p(2]5)
d=1n=1
a; | K
0w b == 11067 e o WB Hdﬁ '

[T (ai) =1
=1

Unfortunately, the direct optimization of the likelihood is problem-
atic because the topic assignments zg4, are not directly observed. Even
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inference for a single document is intractable. We describe two different
approximations for LDA. Collapsed Gibbs sampling samples a value for
each zg, in turn, conditioned on the topic assignments for the other to-
kens. Variational Bayes approximates the model with a series of simpler
models that bound the likelihood but neglect the troublesome depen-
dencies.

3.2.2 Collapsed Gibbs. Gibbs sampling is commonly used to
estimate the distribution of values for a probability model when exact
inference is intractable. First, values are assigned to each variable in
the model, either randomly or using a heuristic. Each variable is then
sampled in turn, conditioned on the values of the other variables. In
the limit of the number of iterations, this process explores all config-
urations and yields unbiased estimates of the underlying distributions.
In practice, Gibbs sampling is implemented by rejecting a large num-
ber of samples during an initial burn-in period and then averaging the
assignments during an additional large number of samples.

In collapsed Gibbs sampling, certain variables are marginalized out of
the model. Griffiths and Steyvers [32] propose collapsed Gibbs sampling
for LDA, with both 8 and ® marginalized. Only zg4, is sampled, and
the sampling is done conditioned on «, § and the topic assignments of
other words Zg,.

p(zdn‘zdn) X (Ndz + az)(Nzw + /3) .

The N statistics do not include the contribution from the word being
sampled, and must be updated after each sampling.

The equation makes intuitive sense. A topic that is used frequently
in the document has a higher probability in 8 and so is more likely for
the current token also. This characteristic corresponds to the burstiness
observed in documents [19]. Similarly, a topic that is frequently assigned
for the same term corpus-wide is more likely to be correct here also.

After burn-in, the implementation can keep statistics of the number
of times each topic is selected for each word. These statistics can then be
aggregated and normalized to estimate the topic distributions for each
document or word. To apply a trained model to additional documents,
the only change is that the N, statistic is not updated.

3.2.3 Variational Approximation. Variational approxima-
tion provides an alternative algorithm for training an LDA model. We
will first consider the case of inferring the topics of a document given
an existing LDA model, before we explain how the model is trained. A
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Figure 5.2. Diagram of the LDA variational model

direct approach for topic inference is to apply Bayes’ rule:

]Keauﬂ):: jé]%daaazwa’ﬂ)dzr
p(wq) fz,o p(d, 0, Z|a, B)dZdO’

p(Olwa) =

where Z = {z1,29,...,2ny}. However, the marginalization in both nu-
merator and denominator is intractable. The Variational Bayesian ap-
proach provides an approximate solution; instead of inferring the latent
variables by directly marginalizing the joint distribution p(wy, 6, Z|a, 3),
it uses a much simpler distribution as a proxy and performs the inference
through optimization.

Variational inference approximates the true posterior distribution of
the latent variables by a fully-factorized distribution—this proxy is usu-
ally referred to as the variational model, which assumes all the latent
variables are independent of each other. For LDA,

N N
4(Z,6]v,8) = q(61) [ [ a(zal@,) = D(O1Y) || M(z0lb)-
n=1 n=1

Essentially, this variational distribution is a simplification of the original
LDA graphical model by removing the edges between the nodes 8 and Z
(Figure 5.2). The optimal approximation is achieved by optimizing the
distance (for example, the KL divergence) between the true model and
the variational model:

rgi‘;} KL[q(0,Z]v, ) || p(0, Z|c, B)].
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It can be shown that the above KL-divergence is the discrepancy between
the true log-likelihood and its variational lower-bound that is used in the
variational EM algorithm (described later in this section) for estimating
the LDA hyperparameters a and .

The optimization has no close-form solution but can be implemented
through iterative updates,

N
V=it Y bnis  ni X Biw, exp[¥(7)],
n=1

where ¥(+) is the bi-gamma function.

Variational EM for parameter estimation. We can learn a
LDA topic model by maximizing the likelihood of the corpus.

M

max }  logp(wdle, §)
Tod=1

)

M
= max ZlOg/ p(wa, 04, Za|ex, B)dO4dZ g .
b 3 6a,Zq

Again, it involves intractable computation of the marginal distribution
and we therefore resort to variational approximation, which provides a
tractable lower bound,

L(v, @) = logp(wale, B) — KL(q(Z, 01, 9)||p(Z, 0|, B))
< log p(wq|e, ),

where L(v, ¢) = E4[log p(wq, 0, Z)—log g| is the variational lower bound
for the log-likelihood. The maximum likelihood estimation therefore
involves a two-layer optimization,

M

max Yy max L(vg, ¢g) -
avﬁ d=1 7d7¢d

The inner-loop (the optimization with respect to v and ¢, referred to
as the Variational E-step) goes through the whole corpus and performs
variational approximation for each of the documents, which ends up with
a tight lower bound for the log-likelihood. Then the M-step updates the
model parameters (a and () by optimizing this lower-bound approxi-
mation of the log-likelihood. The E- and M-steps are alternated in an
outer loop until convergence.
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In the E-step, v and ¢ are alternately optimized for each document—
in practice, 20 iterations is adequate for a good fit. The outer loop
may need to be repeated hundreds of times for full convergence. For
best results, the likelihood of a separate validation corpus controls early

stopping.

3.24 Implementations. There have been substantial efforts
in developing efficient and effective implementations of LDA, especially
for parallel or distributed architectures. In order to provide a quick
hands-on experience, we list a few implementations that are open-source
or publicly accessible in Table 5.1.

Table 5.1. Publicly-accessible implementations of LDA.

Name Language Algorithm Reference

LDA-C C Var. EM www.cs.princeton.edu/blei/lda-c
Mallet Java Gibbs mallet.cs.umass.edu
GibbsLDA++ C++ Gibbs gibbslda.sourceforge.net
Gensim Python Gibbs nlp.fi.muni.cz/projekty/gensim
Matlab-LDA Matlab Gibbs psiexp.ss.uci.edu/programs_data
4. Interpretation and Evaluation

We have looked at three methods for dimension reduction of textual
data. These methods have much in common: they identify the relation-
ships of terms and documents to the dimensions of a latent semantic
space. Intuitively, the latent dimensions correspond to concepts or top-
ics that are meaningful to the authors. In this section, we discuss how to
jump from the mathematical representations to meaningful topics, how
to evaluate the resulting models and how to apply them to applications.

4.1 Interpretation

The common way to interpret the topic models that are discovered by
dimension reduction is through inspection of the term-topic associations.
Typically, practitioners examine the five to twenty terms that are most
strongly associated with each topic, and attempt to discern the com-
monality. For LSI, the terms can be sorted according to the coefficient
corresponding to the given feature in the semantic space. For the proba-
bilistic models, the terms are sorted by the probability of generating the
term conditioned on the topic. This approach was popularized following
Blei et al. [13], and is generally used to report qualitative topic model
results even though it has many disadvantages. The chief problem is
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that the top terms are often dominated by globally probable terms that
may not be representative of the topic. Stop word removal and varia-
tions on IDF weighting both help substantially, but the characterization
is sensitive to the precise method used to order terms. Mei et al. [47]
provide an alternative approach that automatically selects a portion of
a document to use as a label for each topic. Buntine and Jakulin [16]
provide a more general framework for interpreting topic models.

4.2 Evaluation

There are three main approaches to evaluating the models resulting
from dimension reduction. The fit of the models to test data is im-
portant for understanding how well the models generalize to new data,
but application-driven metrics are also essential if the model is to be
useful. When it is necessary for a human to interact with the model,
interpretability should also be evaluated.

Fit of test data. A very common approach is to train a model on a
portion of the data and to evaluate the fit of the model on another por-
tion of the data. For LSI, the test documents can be projected into the
latent semantic space and then the f5 error introduced by the approxi-
mation can be calculated. The probabilistic models can be evaluated by
computing the probability of generating the test documents given the
model.

Perplezity [4] is the most common way to report this probability.
Computed as

M Ny
1
exp <_N Z Z logp(wdn]model)> ,

d=1n=1

the perplexity corresponds to the effective size of the vocabulary. For
example, a value of 100 indicates that the probabilities resulting from the
model are equivalent to randomly picking each word from a vocabulary
of 100 words. This means that smaller values indicate that the model
fits the test data better.

Wallach et al. [61], evaluate several different ways to compute this
probability and recommended the left-to-right method, in which the
probability of generating each token in a document is conditioned on
all previous tokens in the document so that the interaction between the
tokens in the document are properly accounted for.

Application performance. Another common approach is to mea-
sure the utility of topic models in some application. Whenever the di-
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mension reduction is being carried out with a specific application in
mind, this in an important evaluation. For example, Wei and Croft
[65] discuss the evaluation of LDA models for document search using
standard information retrieval metrics.

Interpretability. For text mining, the ability to use the discovered
models to better understand the documents is essential. Unfortunately,
the fit of test data and application performance metrics completely ig-
nore the topical structure. In fact, models with better perplexity are
often harder to interpret [18]. This is not surprising, because the task of
finding a meaningful model that fits well is more constrained than the
task of finding any model that fits well, so the best fit is likely to be
found using a less meaningful model.

Chang et al. [18] propose a new evaluation protocol based on a user
study. Starting with a list of top terms for each topic that has been
tainted with an additional term, users are asked to identify the spurious
term. User performance on this task is higher when the topic is coher-
ent so that the extra term stands out. They also conducted a similar
experiment to measure the appropriateness of topic assignments to test
documents.

4.3 Parameter Selection

Asuncion et al. [3] compare a variety of different algorithms for the
LDA model. They found that with careful selection of the regularization
hyperparameters « and (3, all of the algorithms had similar perplexity.
A grid search over possible values yields the best performance, but in-
terleaving optimization of the hyperparameters with iterations of the
algorithm is almost as good with much less computational cost.

4.4 Dimension Reduction

Latent topic models, including LSI, PLSI and LDA, are commonly
used as dimension reduction tools for texts. After the training process,
the document d can be represented by its topic distribution p(z|d), where
z can be viewed as a K-dimensional representation of the original docu-
ment. The similarity between documents can then be measured by their
similarity in the topic space.

K
Saw =Y p(zld)p(2|d’) .
z=1

Through this equation, documents are projected into a low dimensional
space. The terms are projected into a K-dimensional space in the same



Dimensionality Reduction and Topic Modeling 151

way. For probabilistic topic models, KL. divergence can be used for an
alternative comparison.

Handling of synonymy is a natural result of dimension reduction. Mul-
tiple terms associated with the same concept are projected into the same
place in the latent semantic space. Polysemy presents a more difficult
challenge. Griffiths and Steyvers [31] found that LSI was able to detect
polysemy: a term that was projected onto multiple latent dimensions
generally had multiple meanings. LDA can resolve polysemy provided
that one of the topics associated with a polysemous term is associated
with additional tokens in the document.

5. Beyond Latent Dirichlet Allocation

LDA has many advantages for topic modeling, including its relative
simplicity to implement and the useful topics that it unearths. However,
with additional effort topic modeling can be adapted to the characteris-
tics of a particular problem. In this section, we survey recent advances
that make it practical to apply topic modeling to very large text corpora,
dynamic data, data that is embedded in a network and other problems
with special characteristics.

5.1 Scalability

Standard LDA learning algorithms read the documents in the training
corpus numerous times and are inherently serial. In practice, this means
that LDA models are trained on only a small fraction of the available
data. However, recent advances in online and parallel algorithms make
it reasonable to train and apply models at very large scale.

Efficient parallel implementations are available based on either col-
lapsed Gibbs sampling or variational approximation. Smola et al. [56]
perform Gibbs sampling based on slightly outdated term and topic statis-
tics in parallel with threads that globally update the statistics. Using
variational approximation, Asuncion et al. [3] interleave an inference
step on all documents with a parallel aggregation of the term and topic
statistics. Both of these methods achieve scalability through approxi-
mations that have no known convergence guarantee. In contrast, Yan et
al. [66] and Liu et al. [43], use careful scheduling to achieve strong par-
allelization without approximation. However, the approximate methods
are easier to implement correctly and work very well in practice.

5.2 Dynamic Data

Numerous approaches are possible when the corpus of documents is
changing over time or must be processed as a stream. One common
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approach is to augment the corpus with the time of each document
and incorporate time into the model. Wang and Agichtein [64] model
the revision history of documents by considering the temporal dimension
and extend LSI to tensor factorization. PLSI can be similarly augmented
to model the temporal patterns of activities in videos [59]. Mglgaard et
al. [50] study temporal PLSI for music retrieval, which can be viewed as
a probabilistic model for tensor factorization. Blei and Lafferty modeled
time evolution of topic models [10] to analyze how the topics used in a
corpus changed over time.

For streaming data, Yao et al. [72] present a time and space efficient
algorithm for applying an existing topic model to a stream of documents,
using a modification of Gibbs sampling. Hoffman et al. [35] developed
an online algorithm for LDA that retrains the model for each document
in turn. Interestingly, they found that this approach did not sacrifice
any quality in the learned model as measured using perplexity. They
further show that the online algorithm corresponds to stochastic gradi-
ent descent on the variational objective function, and so converges to a
stationary point of that function.

The online training process for LDA optimizes each document in turn.
First, it uses standard variational approximation to estimate the proba-
bility distribution for the topic of each word ¢;. Next, topic models ®;
are estimated as if the corpus consisted of M copies of this document,
based on @;.

b = B+ MN;oij.

The estimate of the topic models ®; are then updated to include the
contribution from this document by

O+ (i + pPij) /(1 + p),

where p = (top+t) ™" when processing the t-th document. ¢ is a parame-
ter that slows the algorithm during the early iterations and 0.5 < kK <1
is a parameter that controls the rate of learning. This algorithm is es-
sentially the variational algorithm applied to a different single document
on each iteration, with appropriate changes to how the topic models are
updated. For very large datasets, this is many times faster than other
algorithms and yet yields very excellent results.

5.3 Networked Data

Networks play an important role in many text mining problems. Email
messages are linked to the senders and recipients. Publications are also
linked by citations. Many documents are related to a social network.
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The analysis of these documents can reveal more interesting structure if
the network graph can be incorporated.

LSI has been applied to analysis network data. Ng et al. analyze
the connection between the LSI and HIST [51], which is a widely used
algorithm for network data. Other approaches learn low-dimensional
representations of documents based on both their contents and the cita-
tion graph between them through learning from multiple relationships
between different types of entities [69, 76].

PLSI has also been applied to analyze the network data. Cohn and
Chang apply PLSI to model the citation graph and identity authori-
tative document based on the latent factors [21]. Citations between
documents can be modeled together with the contents of the documents
in a joint probabilistic model [20], through the probability of generating
a citation given a latent topic. Guo et al. [34] model the interaction of
topics between linked documents. Intuitively, the topics of a document
are borrowed from the documents to which it links. Deng et al. [25] pro-
pose the two frameworks based on random walk and regularization to
propagate the topics of documents according to the links between them.

We describe the work of Mei et al. [46] in detail since it is repre-
sentative of combining PLSI and network analysis. This work utilizes
the network structure as the regularization for PLSI through assum-
ing that the topic distributions are similar for documents connected to
each other. The regularization term induced from the structure of the
network is optimized together with the log-likelihood function of PLSI.
The model is applied to several applications such as author-topic analy-
sis and spatial topic analysis, where network structures are constructed
from co-authorships and adjacency of locations, respectively.

Much research has explored various ways to integrate network infor-
mation into topic models. Rosen-Zvi et al. incorporate authorship in-
formation through author-specific topic mixtures [55]. Supervised topic
models allow the per-topic term distributions to depend on a document
label [12]. Chang and Blei incorporate relational information between
documents [17]. It is also possible to integrate general first order logic [2].
McCallum et al. extend LDA so that it can identify topic models that
are conditioned on the author and the audience of the communication
[45]. This is useful for analyzing the social dynamics of communication
in a network.

Relational topic models (RTM) extend LDA to jointly model the gen-
eration of documents and the generation of links between documents
[17]. The model predicts links based on the similarity of the topic mix-
ture used in two documents, which adds the capability of predicting
missing links in the graph structure. Because the links influence the
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selection of topics, the model can more accurately predict links than a
similar prediction based on topics from LDA.

The generative process of documents is the same for RTM as for LDA.
Once the documents are generated, the link A4, between documents d
and e is generated from exponential regression on the empirical topic
mixtures Z, and Z.,

Ade = €Xp (nT(ZdOZe) +V)7

where Zg = 1/Ny Egil Z g, and a o b is the element-wise product of
vectors a and b. Typically the link is taken to be binary, in which case v
is used to control the threshold. n is a parameter that must be learned
which controls the importance of each topic in establishing the link. We
generally expect it to have positive values, although a negative value in
a social network would reflect the adage that opposites attract.

5.4 Adapting Topic Models to Applications

The graphical model of LDA can be easily extended to match the
characteristics of a specific application. Here we survey some of the
fruitful approaches.

One important class of extensions to LDA has been the introduction
of richer priors for document topic and term distributions. Instead of
using a fixed, global Dirichlet hyperparameter a for all the documents in
a corpus, Mimno and McCallum use regression from document features
to establish a document-specific a [48]. This is a valuable enhancement
when other meta-features are available that are expected to influence
the selected topics, as, for example, the identity of the author, the pub-
lication venue and the dates.

The Bayesian hierarchy of LDA provides a useful modeling pipeline for
data with complex structure. The hierarchy can model web-like intercon-
nections and uncertain labels [67, 71]. The mized membership stochastic
block model coupled two LDA hierarchies to model inter-connected en-
tities [1], which provides a flexible model for network graphs and has
proven useful for a variety of applications ranging from role discovery to
community detection in social, biological and information networks.

Hierarchical topic models (hLDA) are used to identify subtopics that
are increasingly more specific [9]. The hLDA model automatically learns
a tree structure hierarchy for topics while they are discovered from the
documents. For additional flexibility, hierarchical Dirichlet processes
[67] can automatically discover an appropriate number of topics and
subtopics. There are also principled ways to learn correlations between
topics [11, 41]. Other extensions support richer document representa-
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tions and contextual information, including bigrams [62], syntactic rela-
tionships [15, 33] and product aspects [58].

Multinomial distributions for term occurrences usually have a difficult
time modeling the word burstiness in language — if a word appears in a
document once, it will likely appear again in the same document. This
effect is commonly referred to as Zipf’s law, a profound characteristic
of language. To discount this impact, Doyle and Elkan replace the per-
topic Multinomial distribution with a Dirichlet-Compound Multinomial
(also called the multivariate Polya) distribution) [27]. Reisinger et al.
substitutes spherical admixture models [54], which not only incorporate
negative correlations among term occurrence but also admit the natural
use of cosine similarity to compare topics or documents.

Standard topic models are not appropriate for identifying consistent
topics across multiple languages, because the multiple languages do not
co-occur in documents frequently enough to be assigned into the same
topics. Mimno et al. developed an extension that works with loosely
aligned documents [49]—pairs of documents in different languages that
have nearly the same mixture of topics. Boyd-Graber and Blei explore
various strategies for discovering multilingual topics from unaligned doc-
uments [14]. Similar issues arise with documents in multiple dialects.
Crain et al. [22] and Yang et al. [68] discuss extensions of LDA that
find shared topics between consumer and technical medical documents.

6. Conclusion

Using a BOW representation results in very efficient text mining be-
cause more complex factors like grammar and word order can be ne-
glected. However, working directly with individual terms has a number
of strong limitations, because multiple documents can discuss the same
ideas using very different words, and likewise, the same word can have
very different meanings. Dimension reduction is able to lift the BOW
representation to a more abstract level that better reflects the needs
of a human analyst, where the new dimensions correspond to concepts
or topics. In this way, alternative ways of expressing the same content
can be reduced to a common representation and terms with multiple
meanings can be identified.

LSI is based on a spectral analysis of the term-document matrix.
This approach identifies common generalizations that are guaranteed to
provide the best lower-dimensional representation of the original data.
This representation is not necessarily easy to interpret, but is very useful
for performing a conceptual match between two documents that may use
different terms for the same concepts.
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Probabilistic topic models provide an intuitive, probabilistic founda-
tion for dimension reduction. They allow us to reason about the topics
present in a document and expose the probability of seeing each word
in any given topic. This makes it much easier to interpret what the
topics mean. It also makes it easier to extend the models in interesting
ways. Many extensions to PLSI and LDA have been developed, both to
allow them to be applied to large scale data and to incorporate special
structure for a particular application.
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Abstract  The problem of classification has been widely studied in the data mining,
machine learning, database, and information retrieval communities with
applications in a number of diverse domains, such as target marketing,
medical diagnosis, news group filtering, and document organization. In
this paper we will provide a survey of a wide variety of text classification
algorithms.

Keywords: Text Classification

1. Introduction

The problem of classification has been widely studied in the database,
data mining, and information retrieval communities. The problem of
classification is defined as follows. We have a set of training records
D = {Xi,...,Xn}, such that each record is labeled with a class value
drawn from a set of k different discrete values indexed by {1...k}. The
training data is used in order to construct a classification model, which
relates the features in the underlying record to one of the class labels. For
a given test instance for which the class is unknown, the training model
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is used to predict a class label for this instance. In the hard version
of the classification problem, a particular label is explicitly assigned to
the instance, whereas in the soft version of the classification problem,
a probability value is assigned to the test instance. Other variations of
the classification problem allow ranking of different class choices for a
test instance, or allow the assignment of multiple labels [52] to a test
instance.

The classification problem assumes categorical values for the labels,
though it is also possible to use continuous values as labels. The latter
is referred to as the regression modeling problem. The problem of text
classification is closely related to that of classification of records with
set-valued features [28]; however, this model assumes that only informa-
tion about the presence or absence of words is used in a document. In
reality, the frequency of words also plays a helpful role in the classifica-
tion process, and the typical domain-size of text data (the entire lexicon
size) is much greater than a typical set-valued classification problem. A
broad survey of a wide variety of classification methods may be found in
[42, 62], and a survey which is specific to the text domain may be found
in [111]. A relative evaluation of different kinds of text classification
methods may be found in [132]. A number of the techniques discussed
in this chapter have also been converted into software and are publicly
available through multiple toolkits such as the BOW toolkit [93], Mallot
[96], WEKA !, and LingPipe 2.

The problem of text classification finds applications in a wide variety
of domains in text mining. Some examples of domains in which text
classification is commonly used are as follows:

m News filtering and Organization: Most of the news services
today are electronic in nature in which a large volume of news arti-
cles are created very single day by the organizations. In such cases,
it is difficult to organize the news articles manually. Therefore, au-
tomated methods can be very useful for news categorization in a
variety of web portals [78]. This application is also referred to as
text filtering.

s Document Organization and Retrieval: The above applica-
tion is generally useful for many applications beyond news filtering
and organization. A variety of supervised methods may be used
for document organization in many domains. These include large
digital libraries of documents, web collections, scientific literature,

Thttp://www.cs.waikato.ac.nz/ml/weka,/
2http://alias-i.com/lingpipe/
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or even social feeds. Hierarchically organized document collections
can be particularly useful for browsing and retrieval [19].

m Opinion Mining: Customer reviews or opinions are often short
text documents which can be mined to determine useful informa-
tion from the review. Details on how classification can be used in
order to perform opinion mining are discussed in [89] and Chapter
13 in this book.

» Email Classification and Spam Filtering: It is often de-
sirable to classify email [23, 27, 85] in order to determine either
the subject or to determine junk email [113] in an automated way.
This is also referred to as spam filtering or email filtering.

A wide variety of techniques have been designed for text classification.
In this chapter, we will discuss the broad classes of techniques, and their
uses for classification tasks. We note that these classes of techniques also
generally exist for other data domains such as quantitative or categorical
data. Since text may be modeled as quantitative data with frequencies
on the word attributes, it is possible to use most of the methods for
quantitative data directly on text. However, text is a particular kind of
data in which the word attributes are sparse, and high dimensional, with
low frequencies on most of the words. Therefore, it is critical to design
classification methods which effectively account for these characteristics
of text. In this chapter, we will focus on the specific changes which are
applicable to the text domain. Some key methods, which are commonly
used for text classification are as follows:

s Decision Trees: Decision trees are designed with the use of a hi-
erarchical division of the underlying data space with the use of dif-
ferent text features. The hierarchical division of the data space is
designed in order to create class partitions which are more skewed
in terms of their class distribution. For a given text instance, we
determine the partition that it is most likely to belong to, and use
it for the purposes of classification.

= Pattern (Rule)-based Classifiers: In rule-based classifiers we
determine the word patterns which are most likely to be related to
the different classes. We construct a set of rules, in which the left-
hand side corresponds to a word pattern, and the right-hand side
corresponds to a class label. These rules are used for the purposes
of classification.

s SVM Classifiers: SVM Classifiers attempt to partition the data
space with the use of linear or non-linear delineations between the
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different classes. The key in such classifiers is to determine the
optimal boundaries between the different classes and use them for
the purposes of classification.

s Neural Network Classifiers: Neural networks are used in a wide
variety of domains for the purposes of classification. In the context
of text data, the main difference for neural network classifiers is to
adapt these classifiers with the use of word features. We note that
neural network classifiers are related to SVM classifiers; indeed,
they both are in the category of discriminative classifiers, which
are in contrast with the generative classifiers [102].

= Bayesian (Generative) Classifiers: In Bayesian classifiers (also
called generative classifiers), we attempt to build a probabilistic
classifier based on modeling the underlying word features in differ-
ent classes. The idea is then to classify text based on the posterior
probability of the documents belonging to the different classes on
the basis of the word presence in the documents.

m Other Classifiers: Almost all classifiers can be adapted to the
case of text data. Some of the other classifiers include nearest
neighbor classifiers, and genetic algorithm-based classifiers. We
will discuss some of these different classifiers in some detail and
their use for the case of text data.

The area of text categorization is so vast that it is impossible to cover
all the different algorithms in detail in a single chapter. Therefore, our
goal is to provide the reader with an overview of the most important
techniques, and also the pointers to the different variations of these
techniques.

Feature selection is an important problem for text classification. In
feature selection, we attempt to determine the features which are most
relevant to the classification process. This is because some of the words
are much more likely to be correlated to the class distribution than
others. Therefore, a wide variety of methods have been proposed in
the literature in order to determine the most important features for the
purpose of classification. These include measures such as the gini-index
or the entropy, which determine the level of which the presence of a
particular feature skews the class distribution in the underlying data.
We will also discuss the different feature selection methods which are
commonly used for text classification.

The rest of this chapter is organized as follows. In the next section, we
will discuss methods for feature selection in text classification. In section
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3, we will describe decision tree methods for text classification. Rule-
based classifiers are described in detail in section 4. We discuss naive
Bayes classifiers in section 5. The nearest neighbor classifier is discussed
in section 7. In section 7, we will discuss a number of linear classifiers,
such as the SVM classifier, direct regression modeling and the neural
network classifier. A discussion of how the classification methods can be
adapted to text and web data containing hyperlinks is discussed in sec-
tion 8. In section 9, we discuss a number of different meta-algorithms for
classification such as boosting, bagging and ensemble learning. Section
10 contains the conclusions and summary.

2. Feature Selection for Text Classification

Before any classification task, one of the most fundamental tasks that
needs to be accomplished is that of document representation and feature
selection. While feature selection is also desirable in other classification
tasks, it is especially important in text classification due to the high
dimensionality of text features and the existence of irrelevant (noisy)
features. In general, text can be represented in two separate ways. The
first is as a bag of words, in which a document is represented as a set of
words, together with their associated frequency in the document. Such a
representation is essentially independent of the sequence of words in the
collection. The second method is to represent text directly as strings,
in which each document is a sequence of words. Most text classification
methods use the bag-of-words representation because of its simplicity
for classification purposes. In this section, we will discuss some of the
methods which are used for feature selection in text classification.

The most common feature selection which is used in both supervised
and unsupervised applications is that of stop-word removal and stem-
ming. In stop-word removal, we determine the common words in the doc-
uments which are not specific or discriminatory to the different classes.
In stemming, different forms of the same word are consolidated into a
single word. For example, singular, plural and different tenses are con-
solidated into a single word. We note that these methods are not specific
to the case of the classification problem, and are often used in a vari-
ety of unsupervised applications such as clustering and indexing. In the
case of the classification problem, it makes sense to supervise the feature
selection process with the use of the class labels. This kind of selection
process ensures that those features which are highly skewed towards the
presence of a particular class label are picked for the learning process.
A wide variety of feature selection methods are discussed in [133, 135].
Many of these feature selection methods have been compared with one
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another, and the experimental results are presented in [133]. We will
discuss each of these feature selection methods in this section.

2.1 Gini Index

One of the most common methods for quantifying the discrimination
level of a feature is the use of a measure known as the gini-index. Let
p1(w)...pg(w) be the fraction of class-label presence of the & different
classes for the word w. In other words, p;(w) is the conditional proba-
bility that a document belongs to class 7, given the fact that it contains
the word w. Therefore, we have:

k
Zpi(w) =1 (6.1)
i=1

Then, the gini-index for the word w, denoted by G(w) is defined® as
follows:

G(w) = pi(w)? (6.2)

The value of the gini-index G(w) always lies in the range (1/k, 1). Higher
values of the gini-index G/(w) represent indicate a greater discriminative
power of the word w. For example, when all documents which contain
word w belong to a particular class, the value of G(w) is 1. On the other
hand, when documents containing word w are evenly distributed among
the k different classes, the value of G(w) is 1/k.

One criticism with this approach is that the global class distribution
may be skewed to begin with, and therefore the above measure may
sometimes not accurately reflect the discriminative power of the un-
derlying attributes. Therefore, it is possible to construct a normalized
gini-index in order to reflect the discriminative power of the attributes
more accurately. Let P ... Py represent the global distributions of the
documents in the different classes. Then, we determine the normalized
probability value p}(w) as follows:

) = Piw)/ Dy
Sy

(6.3)

3The gini-index is also sometimes defined as 1 — Zle pi(w)2, with lower values indicating
greater discriminative power of the feature w.
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Then, the gini-index is computed in terms of these normalized probabil-
ity values.

k
Gw) =) pi(w)’ (6.4)
=1

The use of the global probabilities P; ensures that the gini-index more
accurately reflects class-discrimination in the case of biased class dis-
tributions in the whole document collection. For a document corpus
containing n documents, d words, and k classes, the complexity of the
information gain computation is O(n - d - k). This is because the com-
putation of the term p;(w) for all the different words and the classes
requires O(n - d - k) time.

2.2 Information Gain

Another related measure which is commonly used for text feature
selection is that of information gain or entropy. Let P; be the global
probability of class i, and p;(w) be the probability of class i, given that
the document contains the word w. Let F'(w) be the fraction of the
documents containing the word w. The information gain measure I(w)
for a given word w is defined as follows:

k k
I(w) = — ZPi log(P;) + F(w) - Zpi(w) log(pi(w)) +
i=1 i=1
k
+(1 = F(w)) - > (1= pi(w)) -log(1 - pi(w))
i=1

The greater the value of the information gain I(w), the greater the dis-
criminatory power of the word w. For a document corpus containing n
documents and d words, the complexity of the information gain compu-
tation is O(n - d - k).

2.3 Mutual Information

This mutual information measure is derived from information theory
[31], and provides a formal way to model the mutual information between
the features and the classes. The pointwise mutual information M;(w)
between the word w and the class ¢ is defined on the basis of the level
of co-occurrence between the class ¢ and word w. We note that the
expected co-occurrence of class ¢ and word w on the basis of mutual
independence is given by P; - F'(w). The true co-occurrence is of course
given by F'(w)-p;(w). In practice, the value of F'(w)-p;(w) may be much
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larger or smaller than P; - F/(w), depending upon the level of correlation
between the class ¢ and word w. The mutual information is defined in
terms of the ratio between these two values. Specifically, we have:

M;(w) = log (W) = log <p"§j:’)> (6.5)

Clearly, the word w is positively correlated to the class i, when M;(w) >
0, and the word w is negatively correlated to class i, when M;(w) < 0.
We note that M;(w) is specific to a particular class i. We need to
compute the overall mutual information as a function of the mutual
information of the word w with the different classes. These are defined
with the use of the average and maximum values of M;(w) over the
different classes.

(wg ZP M
Mma:r;( ):maXZ{MZ( )}

Either of these measures may be used in order to determine the relevance
of the word w. The second measure is particularly useful, when it is more
important to determine high levels of positive correlation of the word w
with any of the classes.

2.4 x2-Statistic

The x? statistic is a different way to compute the lack of independence
between the word w and a particular class 7. Let n be the total number of
documents in the collection, p;(w) be the conditional probability of class
1 for documents which contain w, P; be the global fraction of documents
containing the class i, and F(w) be the global fraction of documents
which contain the word w. The y?-statistic of the word between word
w and class 7 is defined as follows:

(w) = n- F(w) - (pi(w) — )
' F(w)- (1= F(w))-P-(1-F))

As in the case of the mutual information, we can compute a global 2
statistic from the class-specific values. We can use either the average of
maximum values in order to create the composite value:

Xowg (W Z Py xj(w

X%@ax(w) = max;x; (w)

(6.6)
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We note that the y2-statistic and mutual information are different
ways of measuring the the correlation between terms and categories.
One major advantage of the y2-statistic over the mutual information
measure is that it is a normalized value, and therefore these values are
more comparable across terms in the same category.

2.5 Feature Transformation Methods:
Supervised LSI

While feature selection attempts to reduce the dimensionality of the
data by picking from the original set of attributes, feature transforma-
tion methods create a new (and smaller) set of features as a function of
the original set of features. A typical example of such a feature trans-
formation method is Latent Semantic Indexing (LSI) [38], and its prob-
abilistic variant PLSA [57]. The LSI method transforms the text space
of a few hundred thousand word features to a new axis system (of size
about a few hundred) which are a linear combination of the original word
features. In order to achieve this goal, Principal Component Analysis
techniques [69] are used to determine the axis-system which retains the
greatest level of information about the variations in the underlying at-
tribute values. The main disadvantage of using techniques such as LSI is
that these are unsupervised techniques which are blind to the underlying
class-distribution. Thus, the features found by LSI are not necessarily
the directions along which the class-distribution of the underlying doc-
uments can be best separated. A modest level of success has been ob-
tained in improving classification accuracy by using boosting techniques
in conjunction with the conceptual features obtained from unsupervised
pLSA method [17]. A more recent study has systematically compared
pLSA and LDA (which is a Bayesian version of pLSA) in terms of their
effectiveness in transforming features for text categorization and drawn
a similar conclusion and found that pLSA and LDA tend to perform
similarly.

A number of techniques have also been proposed to perform the fea-
ture transformation methods by using the class labels for effective super-
vision. The most natural method is to adapt LSI in order to make it work
more effectively for the supervised case. A number of different methods
have been proposed in this direction. One common approach is to per-
form local LSI on the subsets of data representing the individual classes,
and identify the discriminative eigenvectors from the different reductions
with the use of an iterative approach [123]. This method is known as
SLST (Supervised Latent Semantic Indexing), and the advantages of the
method seem to be relatively limited, because the experiments in [123]
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show that the improvements over a standard SVM classifier, which did
not use a dimensionality reduction process, are relatively limited. The
work in [129] uses a combination of class-specific LSI and global analy-
sis. As in the case of [123], class-specific LSI representations are created.
Test documents are compared against each LSI representation in order
to create the most discriminative reduced space. One problem with this
approach is that the different local LSI representations use a different
subspace, and therefore it is difficult to compare the similarities of the
different documents across the different subspaces. Furthermore, both
the methods in [123, 129] tend to be computationally expensive.

A method called sprinkling is proposed in [21], in which artificial terms
are added to (or “sprinkled” into) the documents, which correspond to
the class labels. In other words, we create a term corresponding to
the class label, and add it to the document. LSI is then performed on
the document collection with these added terms. The sprinkled terms
can then be removed from the representation, once the eigenvectors have
been determined. The sprinkled terms help in making the LSI more sen-
sitive to the class distribution during the reduction process. It has also
been proposed in [21] that it can be generally useful to make the sprin-
kling process adaptive, in which all classes are not necessarily treated
equally, but the relationships between the classes are used in order to
regulate the sprinkling process. Furthermore, methods have also been
proposed in [21] to make the sprinkling process adaptive to the use of a
particular kind of classifier.

2.6 Supervised Clustering for Dimensionality
Reduction

One technique which is commonly used for feature transformation is
that of text clustering [7, 71, 83, 121]. In these techniques, the clus-
ters are constructed from the underlying text collection, with the use of
supervision from the class distribution. The exception is [83] in which
supervision is not used. In the simplest case, each class can be treated as
a separate cluster, though better results may be obtained by using the
classes for supervision of the clustering process. The frequently occur-
ring words in these supervised clusters can be used in order to create the
new set of dimensions. The classification can be performed with respect
to this new feature representation. One advantage of such an approach
is that it retains interpretability with respect to the original words of the
document collection. The disadvantage is that the optimum directions
of separation may not necessarily be represented in the form of clusters
of words. Furthermore, the underlying axes are not necessarily orthonor-
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mal to one another. The use of supervised methods [1, 7, 71, 121] has
generally led to good results either in terms of improved classification
accuracy, or significant performance gains at the expense of a small re-
duction in accuracy. The results with the use of unsupervised clustering
[83, 87] are mixed. For example, the work in [83] suggests that the use
of unsupervised term-clusters and phrases is generally not helpful [83]
for the classification process. The key observation in [83] is that the
loss of granularity associated with the use of phrases and term clusters
is not necessarily advantageous for the classification process. The work
in [8] has shown that the use of the information bottleneck method for
feature distributional clustering can create clustered pseudo-word repre-
sentations which are quite effective for text classification.

2.7 Linear Discriminant Analysis

Another method for feature transformation is the use of linear discrim-
inants, which explicitly try to construct directions in the feature space,
along which there is best separation of the different classes. A common
method is the Fisher’s linear discriminant [46]. The main idea in the
Fisher’s discriminant method is to determine the directions in the data
along which the points are as well separated as possible. The subspace
of lower dimensionality is constructed by iteratively finding such unit
vectors o; in the data, where «; is determined in the ith iteration. We
would also like to ensure that the different values of «; are orthonormal
to one another. In each step, we determine this vector a; by discriminant
analysis, and project the data onto the remaining orthonormal subspace.
The next vector a1 is found in this orthonormal subspace. The quality
of vector «; is measured by an objective function which measures the
separation of the different classes. This objective function reduces in
each iteration, since the value of a; in a given iteration is the optimum
discriminant in that subspace, and the vector found in the next iteration
is the optimal one from a smaller search space. The process of finding
linear discriminants is continued until the class separation, as measured
by an objective function, reduces below a given threshold for the vector
determined in the current iteration. The power of such a dimensionality
reduction approach has been illustrated in [18], in which it has been
shown that a simple decision tree classifier can perform much more ef-
fectively on this transformed data, as compared to more sophisticated
classifiers.

Next, we discuss how the Fisher’s discriminant is actually constructed.
First, we will set up the objective function J(@) which determines the
level of separation of the different classes along a given direction (unit-
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vector) @. This sets up the crisp optimization problem of determining the
value of @ which maximizes J(@). For simplicity, let us assume the case
of binary classes. Let D; and D be the two sets of documents belonging
to the two classes. Then, the projection of a document X € D;UD, along
@ is given by X -@. Therefore, the squared class separation S(Dy, D, @)
along the direction @ is given by:

_ = ==\ 2
ZYED1 a-X o ZYEDQOZ‘ X> (67)

S(D1, Dy, @) =

( ) ( Dy Dy

In addition, we need to normalize this absolute class separation with the
use of the underlying class variances. Let Var(D;,@) and Var(Ds, @)
be the individual class variances along the direction «. In other words,
we have:

<ep, (X -@)? vop X-@)’
Vcw“(Dl,oz):ZXGT}_)(1| ) _ <ZXE|%1| ) (6.8)

The value of Var(Dy,@) can be defined in a similar way. Then, the
normalized class-separation J(@) is defined as follows:
. S(Dl, Do, a)

"~ Var(Dy,@) + Var(Ds, @)

J(@) (6.9)
The optimal value of o needs to be determined subject to the constraint
that @ is a unit vector. Let u; and ue be the means of the two data sets
Dy and Ds, and C; and Cy be the corresponding covariance matrices.
It can be shown that the optimal (unscaled) direction @ = a* can be
expressed in closed form, and is given by the following:

~1
= (D52) (6.10)

The main difficulty in computing the above equation is that this compu-
tation requires the inversion of the covariance matrix, which is sparse and
computationally difficult in the high-dimensional text domain. There-
fore, a gradient descent approach can be used in order to determine
the value of @ in a more computationally effective way. Details of the
approach are presented in [18].

Another related method which attempts to determine projection di-
rections that maximize the topical differences between different classes
is the Topical Difference Factor Analysis method proposed in [72]. The
problem has been shown to be solvable as a generalized eigenvalue prob-
lem. The method was used in conjunction with a k-nearest neighbor
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classifier, and it was shown that the use of this approach significantly
improves the accuracy over a classifier which uses the original set of
features.

2.8 Generalized Singular Value Decomposition

While the method discussed above finds one vector @; at a time in or-
der to determine the relevant dimension transformation, it is possible to
be much more direct in finding the optimal subspaces simultaneously by
using a generalized version of dimensionality reduction [58, 59]. It is im-
portant to note that this method has really been proposed in [58, 59] as
an unsupervised method which preserves the underlying clustering struc-
ture, assuming the data has already been clustered in a pre-processing
phase. Thus, the generalized dimensionality reduction method has been
proposed as a much more aggressive dimensionality reduction technique,
which preserves the underlying clustering structure rather than the in-
dividual points. This method can however also be used as a supervised
technique in which the different classes are used as input to the di-
mensionality reduction algorithm, instead of the clusters constructed in
the pre-processing phase [131]. This method is known as the Optimal
Orthogonal Centroid Feature Selection Algorithm (OCFS), and it di-
rectly targets at the maximization of inter-class scatter. The algorithm
is shown to have promising results for supervised feature selection in
[131].

2.9 Interaction of Feature Selection with
Classification

Since the classification and feature selection processes are dependent
upon one another, it is interesting to test how the feature selection pro-
cess interacts with the underlying classification algorithms. In this con-
text, two questions are relevant:

s Can the feature-specific insights obtained from the intermediate
results of some of the classification algorithms be used for creating
feature selection methods that can be used more generally by other
classification algorithms?

m Do the different feature selection methods work better or worse
with different kinds of classifiers?

Both these issues were explored in some detail in [99]. In regard to
the first question, it was shown in [99] that feature selection which was
derived from linear classifiers, provided very effective results. In regard
to the second question, it was shown in [99] that the sophistication of
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the feature selection process itself was more important than the specific
pairing between the feature selection process and the classifier.

Linear Classifiers are those for which the output of the linear predic-
tor is defined to be p = A- X +b, where X = (21 ...1,) is the normalized
document word frequency vector,A = (ay ...a,) is a vector of linear co-
efficients with the same dimensionality as the feature space, and b is
a scalar. Both the basic neural network and basic SVM classifiers [65]
(which will be discussed later in this chapter) belong to this category.
The idea here is that if the coefficient a; is close to zero, then the corre-
sponding feature does not have a significant effect on the classification
process. On the other hand, since large absolute values of a; may sig-
nificantly influence the classification process, such features should be
selected for classification. In the context of the SVM method, which
attempts to determine linear planes of separation between the different
classes, the vector A is essentially the normal vector to the correspond-
ing plane of separation between the different classes. This intuitively
explains the choice of selecting features with large values of |a;|. It was
shown in [99] that this class of feature selection methods was quite ro-
bust, and performed well even for classifiers such as the Naive Bayes
method, which were unrelated to the linear classifiers from which these
features were derived. Further discussions on how SVM and maximum
margin techniques can be used for feature selection may be found in
[51, 56].

3. Decision Tree Classifiers

A decision tree [106] is essentially a hierarchical decomposition of the
(training) data space, in which a predicate or a condition on the at-
tribute value is used in order to divide the data space hierarchically. In
the context of text data, such predicates are typically conditions on the
presence or absence of one or more words in the document. The division
of the data space is performed recursively in the decision tree, until the
leaf nodes contain a certain minimum number of records, or some condi-
tions on class purity. The majority class label (or cost-weighted majority
label) in the leaf node is used for the purposes of classification. For a
given test instance, we apply the sequence of predicates at the nodes, in
order to traverse a path of the tree in top-down fashion and determine
the relevant leaf node. In order to further reduce the overfitting, some of
the nodes may be be pruned by holding out a part of the data, which are
not used to construct the tree. The portion of the data which is held out
is used in order to determine whether or not the constructed leaf node
should be pruned or not. In particular, if the class distribution in the
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training data (for decision tree construction) is very different from the
class distribution in the training data which is used for pruning, then it
is assumed that the node overfits the training data. Such a node can be
pruned. A detailed discussion of decision tree methods may be found in
(15, 42, 62, 106].

In the particular case of text data, the predicates for the decision tree
nodes are typically defined in terms of the terms in the underlying text
collection. For example, a node may be partitioned into its children
nodes depending upon the presence or absence of a particular term in
the document. We note that different nodes at the same level of the tree
may use different terms for the partitioning process.

Many other kinds of predicates are possible. It may not be necessary
to use individual terms for partitioning, but one may measure the simi-
larity of documents to correlated sets of terms. These correlated sets of
terms may be used to further partition the document collection, based
on the similarity of the document to them. The different kinds of splits
are as follows:

= Single Attribute Splits: In this case, we use the presence or
absence of particular words (or even phrases) at a particular node
in the tree in order to perform the split. At any given level, we pick
the word which provides the maximum discrimination between the
different classes. Measures such as the gini-index or information
gain can be used in order to determine the level of entropy. For
example, the DT-min10 algorithm [81] is based on this approach.

m Similarity-based multi-attribute split: In this case, we use
documents (or meta-documents such as frequent word clusters),
and use the similarity of the documents to these words clusters in
order to perform the split. For the selected word cluster, the docu-
ments are further partitioned into groups by rank ordering the doc-
uments by similarity value, and splitting at a particular threshold.
We select the word-cluster for which rank-ordering by similarity
provides the best separation between the different classes.

m Discriminant-based multi-attribute split: For the
multi-attribute case, a natural choice for performing the split is
to use discriminants such as the Fisher discriminant for perform-
ing the split. Such discriminants provide the directions in the data
along which the classes are best separated. The documents are pro-
jected on this discriminant vector for rank ordering, and then split
at a particular coordinate. The choice of split point is picked in or-
der to maximize the discrimination between the different classes.
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The work in [18] uses a discriminant-based split, though this is
done indirectly because of the use of a feature transformation to
the discriminant representation, before building the classifier.

Some of the earliest implementation of classifiers may be found in [80,
81, 87, 127]. The last of these is really a rule-based classifier, which can
be interpreted either as a decision tree or a rule-based classifier. Most of
the decision tree implementations in the text literature tend to be small
variations on standard packages such as ID3 and C4.5, in order to adapt
the model to text classification. Many of these classifiers are typically
designed as baselines for comparison with other learning models [65].

A well known implementation of the decision tree classifier is based on
the C4.5 taxonomy of algorithms [106] is presented in [87]. More specif-
ically, the work in [87] uses the successor to the C4.5 algorithm, which
is also known as the C5 algorithm. This algorithm uses single-attribute
splits at each node, where the feature with the highest information gain
[31] is used for the purpose of the split. Decision trees have also been
used in conjunction with boosting techniques. An adaptive boosting
technique [48] is used in order to improve the accuracy of classification.
In this technique, we use n different classifiers. The ¢th classifier is con-
structed by examining the errors of the (i — 1)th classifier. A voting
scheme is applied among these classifiers in order to report the final la-
bel. Other boosting techniques for improving decision tree classification
accuracy are proposed in [116].

The work in [43] presents a decision tree algorithm based on the
Bayesian approach developed in [22]. In this classifier, the decision tree
is grown by recursive greedy splits, where the splits are chosen using
Bayesian posterior probability of model structure. The structural prior
penalizes additional model parameters at each node. The output of the
process is a class probability rather than a deterministic class label for
the test instance.

4. Rule-based Classifiers

Decision trees are also generally related to rule-based classifiers. In
rule-based classifiers, the data space is modeled with a set of rules, in
which the left hand side is a condition on the underlying feature set, and
the right hand side is the class label. The rule set is essentially the model
which is generated from the training data. For a given test instance,
we determine the set of rules for which the test instance satisfies the
condition on the left hand side of the rule. We determine the predicted
class label as a function of the class labels of the rules which are satisfied
by the test instance. We will discuss more on this issue slightly later.
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In its most general form, the left hand side of the rule is a boolean con-
dition, which is expressed in Disjunctive Normal Form (DNF'). However,
in most cases, the condition on the left hand side is much simpler and
represents a set of terms, all of which must be present in the document
for the condition to be satisfied. The absence of terms is rarely used,
because such rules are not likely to be very informative for sparse text
data, in which most words in the lexicon will typically not be present in
it by default (sparseness property). Also, while the set intersection of
conditions on term presence is used often, the union of such conditions
is rarely used in a single rule. This is because such rules can be split
into two separate rules, each of which is more informative on its own.
For example, the rule Honda U Toyota = Cars can be replaced by two
separate rules Honda = Cars and Toyota = Cars without any loss of
information. In fact, since the confidence of each of the two rules can
now be measured separately, this can be more useful. On the other hand,
the rule Honda N Toyota = Cars is certainly much more informative
than the individual rules. Thus, in practice, for sparse data sets such as
text, rules are much more likely to be expressed as a simple conjunction
of conditions on term presence.

We note that decision trees and decision rules both tend to encode
rules on the feature space, except that the decision tree tends to achieve
this goal with a hierarchical approach. In fact, the original work on de-
cision tree construction in C4.5 [106] studied the decision tree problem
and decision rule problem within a single framework. This is because a
particular path in the decision tree can be considered a rule for classifi-
cation of the text instance. The main difference is that the decision tree
framework is a strict hierarchical partitioning of the data space, whereas
rule-based classifiers allow for overlaps in the decision space. The gen-
eral principle is to create a rule set, such that all points in the decision
space are covered by at least one rule. In most cases, this is achieved
by generating a set of targeted rules which are related to the different
classes, and one default catch-all rule, which can cover all the remaining
instances.

A number of criteria can be used in order to generate the rules from
the training data. Two of the most common conditions which are used
for rule generation are those of support and confidence. These conditions
are common to all rule-based pattern classifiers [88] and may be defined
as follows:

s Support: This quantifies the absolute number of instances in
the training data set which are relevant to the rule. For example, in
a corpus containing 100,000 documents, a rule in which both the
left-hand set and right-hand side are satisfied by 50,000 documents
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is more important than a rule which is satisfied by 20 documents.
Essentially, this quantifies the statistical volume which is associ-
ated with the rule. However, it does not encode the strength of
the rule.

» Confidence: This quantifies the conditional probability that
the right hand side of the rule is satisfied, if the left-hand side
is satisfied. This is a more direct measure of the strength of the
underlying rule.

We note that the afore-mentioned measures are not the only measures
which are possible, but are widely used in the data mining and machine
learning literature [88] for both textual and non-textual data, because
of their intuitive nature and simplicity of interpretation. One criticism
of the above measures is that they do not normalize for the a-priori
presence of different terms and features, and are therefore prone to mis-
interpretation, when the feature distribution or class-distribution in the
underlying data set is skewed.

The training phase constructs all the rules, which are based on mea-
sures such as the above. For a given test instance, we determine all the
rules which are relevant to the test instance. Since we allow overlaps, it
is possible that more than one rule may be relevant to the test instance.
If the class labels on the right hand sides of all these rules are the same,
then it is easy to pick this class as the relevant label for the test instance.
On the other hand, the problem becomes more challenging when there
are conflicts between these different rules. A variety of different meth-
ods are used to rank-order the different rules [88], and report the most
relevant rule as a function of these different rules. For example, a com-
mon approach is to rank-order the rules by their confidence, and pick
the top-k rules as the most relevant. The class label on the right-hand
side of the most number of these rules is reported as the relevant one.

Am interesting rule-based classifier for the case of text data has been
proposed in [5]. This technique uses an iterative methodology, which
was first proposed in [128] for generating rules. Specifically, the method
determines the single best rule related to any particular class in the
training data. The best rule is defined in terms of the confidence of the
rule, as defined above. This rule along with its corresponding instances
are removed from the training data set. This approach is continuously
repeated, until it is no longer possible to find strong rules in the training
data, and complete predictive value is achieved.

The transformation of decision trees to rule-based classifiers is dis-
cussed generally in [106], and for the particular case of text data in [68].
For each path in the decision tree a rule can be generated, which repre-
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sents the conjunction of the predicates along that path. One advantage
of the rule-based classifier over a decision tree is that it is not restricted
to a strict hierarchical partitioning of the feature space, and it allows
for overlaps and inconsistencies among the different rules. Therefore,
if a new set of training examples are encountered, which are related to
a new class or new part of the feature space, then it is relatively easy
to modify the rule set for these new examples. Furthermore, rule-based
classifiers also allow for a tremendous interpretability of the underlying
decision space. In cases in which domain-specific expert knowledge is
known, it is possible to encode this into the classification process by
manual addition of rules. In many practical scenarios, rule-based tech-
niques are more commonly used because of their ease of maintenance
and interpretability.

One of the most common rule-based techniques is the RIPPER tech-
nique discussed in [26-28]. The RIPPER technique essentially deter-
mines frequent combinations of words which are related to a particular
class. The RIPPER method has been shown to be especially effective in
scenarios where the number of training examples is relatively small [25].
Another method called sleeping experts [26, 49] generates rules which
take the placement of the words in the documents into account. Most
of the classifiers such as RIPPER [26-28] treat documents as set-valued
objects, and generate rules based on the co-presence of the words in the
documents. The rules in sleeping experts are different from most of the
other classifiers in this respect. In this case [49, 26|, the left hand side of
the rule consists of a sparse phrase, which is a group of words close to one
another in the document (though not necessarily completely sequential).
Each such rule has a weight, which depends upon its classification speci-
ficity in the training data. For a given test example, we determine the
sparse phrases which are present in it, and perform the classification by
combining the weights of the different rules that are fired. The sleeping
experts and RIPPER systems have been compared in [26], and have been
shown to have excellent performance on a variety of text collections.

5. Probabilistic and Naive Bayes Classifiers

Probabilistic classifiers are designed to use an implicit mixture model
for generation of the underlying documents. This mixture model typi-
cally assumes that each class is a component of the mixture. Each mix-
ture component is essentially a generative model, which provides the
probability of sampling a particular term for that component or class.
This is why this kind of classifiers are often also called generative classi-
fier. The naive Bayes classifier is perhaps the simplest and also the most
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commonly used generative classifers. It models the distribution of the
documents in each class using a probabilistic model with independence
assumptions about the distributions of different terms. Two classes of
models are commonly used for naive Bayes classification. Both models
essentially compute the posterior probability of a class, based on the
distribution of the words in the document. These models ignore the ac-
tual position of the words in the document, and work with the “bag of
words” assumption. The major difference between these two models is
the assumption in terms of taking (or not taking) word frequencies into
account, and the corresponding approach for sampling the probability
space:

s Multivariate Bernoulli Model: In this model, we use the pres-
ence or absence of words in a text document as features to represent
a document. Thus, the frequencies of the words are not used for
the modeling a document, and the word features in the text are
assumed to be binary, with the two values indicating presence or
absence of a word in text. Since the features to be modeled are
binary, the model for documents in each class is a multivariate
Bernoulli model.

® Multinomial Model: In this model, we captuer the frequencies
of terms in a document by representing a document with a bag
of words. The documents in each class can then be modeled as
samples drawn from a multinomial word distribution. As a result,
the conditional probability of a document given a class is simply
a product of the probability of each observed word in the corre-
sponding class.

No matter how we model the documents in each class (be it a multi-
variate Bernoulli model or a multinomial model), the component class
models (i.e., generative models for documents in each class) can be used
in conjunction with the Bayes rule to compute the posterior probability
of the class for a given document, and the class with the highest posterior
probability can then be assigned to the document.

There has been considerable confusion in the literature on the dif-
ferences between the multivariate Bernoulli model and the multinomial
model. A good exposition of the differences between these two models
may be found in [94]. In the following, we describe these two models in
more detail.



A Survey of Text Classification Algorithms 183

5.1 Bernoulli Multivariate Model

This class of techniques treats a document as a set of distinct words
with no frequency information, in which an element (term) may be either
present or absent. The seminal work on this approach may be found in
[82].

Let us assume that the lexicon from which the terms are drawn are
denoted by V' = {t;...t,}. Let us assume that the bag-of-words (or
text document) in question contains the terms @ = {t;, ...t;,, }, and the
class is drawn from {1...k}. Then, our goal is to model the posterior
probability that the document (which is assumed to be generated from
the term distributions of one of the classes) belongs to class i, given that
it contains the terms @ = {¢;, ...t;,, }. The best way to understand the
Bayes method is by understanding it as a sampling/generative process
from the underlying mixture model of classes. The Bayes probability
of class ¢ can be modeled by sampling a set of terms T" from the term
distribution of the classes:

If we sampled a term set T of any size from the term distribution
of one of the randomly chosen classes, and the final outcome is the
set Q, then what is the posterior probability that we had originally picked
class i for sampling? The a-priori probability of picking class i is equal
to its fractional presence in the collection.

We denote the class of the sampled set 7' by CT and the corresponding
posterior probability by P(CT = i|T = Q). This is essentially what
we are trying to find. It is important to note that since we do not
allow replacement, we are essentially picking a subset of terms from V'
with no frequencies attached to the picked terms. Therefore, the set @
may not contain duplicate elements. Under the naive Bayes assumption
of independence between terms, this is essentially equivalent to either
selecting or not selecting each term with a probability that depends upon
the underlying term distribution. Furthermore, it is also important to
note that this model has no restriction on the number of terms picked.
As we will see later, these assumptions are the key differences with the
multinomial Bayes model. The Bayes approach classifies a given set Q)
based on the posterior probability that () is a sample from the data
distribution of class i, i.e., P(CT = i|T' = Q), and it requires us to
compute the following two probabilities in order to achieve this:

1 What is the prior probability that a set T" is a sample from the term
distribution of class i? This probability is denoted by P(CT = i).



184 MINING TEXT DATA

2 If we sampled a set T of any size from the term distribution of class
1, then what is the probability that our sample is the set Q7 This
probability is denoted by P(T = Q|CT = 1i).

We will now provide a more mathematical description of Bayes mod-
eling. In other words, we wish to model P(CT = i|Q is sampled). We
can use the Bayes rule in order to write this conditional probability in
a way that can be estimated more easily from the underlying corpus. In
other words, we can simplify as follows:

P(CT =4)- P(T = Q|CT =)
P(T'=Q)
P(CT =) Tl e Plt; € TICT =) - Tl yo1 — P(t; € TICT = i)
P(T=Q)

We note that the last condition of the above sequence uses the naive
independence assumption, because we are assuming that the probabilities
of occurrence of the different terms are independent of one another. This
is practically necessary, in order to transform the probability equations
to a form which can be estimated from the underlying data.

The class assigned to ) is the one with the highest posterior proba-
bility given Q. It is easy to see that this decision is not affected by the
denominator, which is the marginal probability of observing (). That is,
we will assign the following class to Q:

P(CT =T = Q) =

i = argmax P(CT =i|T = Q)
= argmax P(CT =) -

[[ Pt eTic” =i)- [] 1= P(t; e TICT =1)).
ti€Q t;€Q
It is important to note that all terms in the right hand side of the
last equation can be estimated from the training corpus. The value of
P(CT =14) is estimated as the global fraction of documents belonging to
class i, the value of P(t; € T|CT = i) is the fraction of documents in the
ith class which contain term t;, and the value of P(t; € T') is the fraction
of documents (in the whole corpus) containing the term ¢;. We note that
all of the above are maximum likelihood estimates of the corresponding
probabilities. In practice, Laplacian smoothing [124] is used, in which
small values are added to the frequencies of terms in order to avoid zero
probabilities of sparsely present terms.
In most applications of the Bayes classifier, we only care about the
identity of the class with the highest probability value, rather than the
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actual probability value associated with it, which is why we do not need
to compute the normalizer P(T = Q). In fact, in the case of binary
classes, a number of simplifications are possible in computing these Bayes
“probability” values by using the logarithm of the Bayes expression, and
removing a number of terms which do not affect the ordering of class
probabilities. We refer the reader to [108] for details.

Although for classification, we do not need to compute P(T = @Q),
some applications necessitate the exact computation of the posterior
probability P(CT = i|T = Q). For example, in the case of supervised
anomaly detection (or rare class detection), the exact posterior proba-
bility value P(CT = i|T = Q) is needed in order to fairly compare the
probability value over different test instances, and rank them for their
anomalous nature. In such cases, we would need to compute P(T = Q).
One way to achieve this is simply to take a sum over all the classes:

P(T =Q) = ZP(T =Q|cT =i)P(CT =1).

This is based on the conditional independence of features for each class.
Since the parameter values are estimated for each class separately, we
may face the problem of data sparseness. An alternative way of com-
puting it, which may alleviate the data sparseness problem, is to further
make the assumption of (global) independence of terms, and compute it

as:
PT=Q)=][Pt;eT) [](1-P; €T))
jeQ t¢Q
where the term probabilities are based on global term distributions in
all the classes.

A natural question arises, as to whether it is possible to design a Bayes
classifier which does not use the naive assumption, and models the de-
pendencies between the terms during the classification process. Methods
which generalize the naive Bayes classifier by not using the independence
assumption do not work well because of the higher computational costs
and the inability to estimate the parameters accurately and robustly in
the presence of limited data. The most interesting line of work in relax-
ing the independence assumption is provided in [112]. In this work, the
tradeoffs in spectrum of allowing different levels of dependence among
the terms have been explored. On the one extreme, an assumption of
complete dependence results in a Bayesian network model which turns
out to be computationally very expensive. On the other hand, it has
been shown that allowing limited levels of dependence can provide good
tradeoffs between accuracy and computational costs. We note that while
the independence assumption is a practical approximation, it has been
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shown in [29, 39] that the approach does have some theoretical merit.
Indeed, extensive experimental tests have tended to show that the naive
classifier works quite well in practice.

A number of papers [19, 64, 74, 79, 108, 113] have used the naive
Bayes approach for classification in a number of different application
domains. The classifier has also been extended to modeling temporally
aware training data, in which the importance of a document may decay
with time [114]. As in the case of other statistical classifiers, the naive
Bayes classifier [113] can easily incorporate domain-specific knowledge
into the classification process. The particular domain that the work in
[113] addresses is that of filtering junk email. Thus, for such a problem,
we often have a lot of additional domain knowledge which helps us de-
termine whether a particular email message is junk or not. For example,
some common characteristics of the email which would make an email
to be more or less likely to be junk are as follows:

m The domain of the sender such as .edu or .com can make an email
to be more or less likely to be junk.

m Phrases such as “Free Money” or over emphasized punctuation
such as “!!!” can make an email more likely to be junk.

m  Whether the recipient of the message was a particular user, or a
mailing list.

The Bayes method provides a natural way to incorporate such additional
information into the classification process, by creating new features for
each of these characteristics. The standard Bayes technique is then used
in conjunction with this augmented representation for classification. The
Bayes technique has also been used in conjunction with the incorpora-
tion of other kinds of domain knowledge, such as the incorporation of
hyperlink information into the classification process [20, 104].

The Bayes method is also suited to hierarchical classification, when
the training data is arranged in a taxonomy of topics. For example,
the Open Directory Project (ODP), Yahoo! Taxonomy, and a variety of
news sites have vast collections of documents which are arranged into
hierarchical groups. The hierarchical structure of the topics can be ex-
ploited to perform more effective classification [19, 74], because it has
been observed that context-sensitive feature selection can provide more
useful classification results. In hierarchical classification, a Bayes classi-
fier is built at each node, which then provides us with the next branch
to follow for classification purposes. Two such methods are proposed in
[19, 74], in which node specific features are used for the classification
process. Clearly, much fewer features are required at a particular node
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in the hierarchy, because the features which are picked are relevant to
that branch. An example in [74] suggests that a branch of the taxon-
omy which is related to Computer may have no relationship with the
word “cow”. These node-specific features are referred to as signatures
in [19]. Furthermore, it has been observed in [19] that in a given node,
the most discriminative features for a given class may be different from
their parent nodes. For example, the word “health” may be discrimi-
native for the Yahoo! category @QHealth, but the word “baby” may be
much more discriminative for the category @QHealth@Nursing. Thus, it
is critical to have an appropriate feature selection process at each node
of the classification tree. The methods in [19, 74] use different methods
for this purpose.

» The work in [74] uses an information-theoretic approach [31] for
feature selection which takes into account the dependencies be-
tween the attributes [112]. The algorithm greedily eliminates the
features one-by-one so as the least disrupt the conditional class
distribution at that node.

» The node-specific features are referred to as signatures in [19].
These node-specific signatures are computed by calculating the
ratio of intra-class variance to inter-class variance for the different
words at each node of the tree. We note that this measure is the
same as that optimized by the Fisher’s discriminant, except that
it is applied to the original set of words, rather than solved as a
general optimization problem in which arbitrary directions in the
data are picked.

A Bayesian classifier is constructed at each node in order to determine
the appropriate branch. A small number of context-sensitive features
provide One advantage of these methods is that Bayesian classifiers work
much more effectively with a much smaller number of features. Another
major difference between the two methods is that the work in [74] uses
the Bernoulli model, whereas that in [19] uses the multinomial model,
which will be discussed in the next subsection. This approach in [74] is
referred to as the Pachinko Machine classifier and that in [19] is known
as TAPER (Taxonomy and Path Enhanced Retrieval System).

Other noteworthy methods for hierarchical classification are proposed
in [11, 130, 95]. The work [11] addresses two common problems asso-
ciated with hierarchical text classification: (1) error propagation; (2)
non-linear decision surfaces. The problem of error propagation occurs
when the classification mistakes made at a parent node are propagated
to its children node. This problem was solved in [11] by using cross vali-
dation to obtain a training data set for a child node that is more similar
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to the actual test data passed to the child node from its parent node
than the training data set normally used for training a classifier at the
child node. The problem of non-linear decision surfaces refers to that
the decision boundary of a category at a higher level is often non-linear
(since its members are the union of the members of its children nodes).
This problem is addressed by using the tentative class labels obtained
at the children nodes as features for use at a parent node. These are
general strategies that can be applied to any base classifier, and the
experimental results in [11] show that both strategies are effective.

5.2 Multinomial Distribution

This class of techniques treats a document as a set of words with
frequencies attached to each word. Thus, the set of words is allowed to
have duplicate elements.

As in the previous case, we assume that the set of words in doc-
ument is denoted by @, drawn from the vocabulary set V. The set
@ contains the distinct terms {t;, ...¢;,, } with associated frequencies
F ={F;, ... F;, }. We denote the terms and their frequencies by [Q, F].
The total number of terms in the document (or document length) is
denoted by L = 377", F(ij). Then, our goal is to model the posterior
probability that the document 7" belongs to class i, given that it contains
the terms in Q with the associated frequencies F'. The Bayes probability
of class i can be modeled by using the following sampling process:

If we sampled L terms sequentially from the term distribution of
one of the randomly chosen classes (allowing repetitions) to create
the term set T', and the final outcome for sampled set T is the set () with
the corresponding frequencies F', then what is the posterior probability
that we had originally picked class i for sampling? The a-priori proba-
bility of picking class i is equal to its fractional presence in the collection.

The aforementioned probability is denoted by P(CT =i|T = [Q, F]).
An assumption which is commonly used in these models is that the
length of the document is independent of the class label. While it is
easily possible to generalize the method, so that the document length is
used as a prior, independence is usually assumed for simplicity. As in
the previous case, we need to estimate two values in order to compute
the Bayes posterior.

1 What is the prior probability that a set T" is a sample from the term
distribution of class i? This probability is denoted by P(CT = 7).
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2 If we sampled L terms from the term distribution of class i (with
repetitions), then what is the probability that our sampled set T
is the set @) with associated frequencies F'?7 This probability is
denoted by P(T = [Q, F]|CT =1).

Then, the Bayes rule can be applied to this case as follows:

P(CT =4)- P(T = [Q, F]|CT =14)
P(T =1Q, F])

P(CT =T =[Q. F) =

x P(CT =1i)- P(T = [Q, F]|CT =) (6.11)

As in the previous case, it is not necessary to compute the denominator,
P(T = [Q, F]), for the purpose of deciding the class label for Q). The
value of the probability P(CT = i) can be estimated as the fraction of
documents belonging to class i. The computation of P([Q, F]|CT = 1) is
much more complicated. When we consider the sequential order of the
L different samples, the number of possible ways to sample the different
terms so as to result in the outcome [@, F] is given by Hl"_Lille' The

probability of each of these sequences is given by HtjeQ P(t; € )55, by
using the naive independence assumption. Therefore, we have:

L!

P(T = [Q,F)|CT = i) = I, F

] Pty eTICT =0 (6.12)
tjGQ

We can substitute Equations 6.12 in Equation 6.11 to obtain the class
with the highest Bayes posterior probability, where the class priors are
computed as in the previous case, and the probabilities P(t; € T|CT = i)
can also be easily estimated as previously with Laplacian smoothing
[124]. We note that the probabilities of class absence are not present
in the above equations because of the way in which the sampling is
performed.

A number of different variations of the multinomial model have been
proposed in [53, 70, 84, 95, 97, 103]. In the work [95], it is shown that
a category hierarchy can be leveraged to improve the estimate of multi-
nomial parameters in the naive Bayes classifier to significantly improve
classification accuracy. The key idea is to apply shrinkage techniques to
smooth the parameters for data-sparse child categories with their com-
mon parent nodes. As a result, the training data of related categories
are essentially ”shared” with each other in a weighted manner, which
helps improving the robustness and accuracy of parameter estimation
when there are insufficient training data for each individual child cate-
gory. The work in [94] has performed an extensive comparison between
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the bernoulli and the multinomial models on different corpora, and the
following conclusions were presented:

m The multi-variate Bernoulli model can sometimes perform better
than the multinomial model at small vocabulary sizes.

m The multinomial model outperforms the multi-variate Bernoulli
model for large vocabulary sizes, and almost always beats the
multi-variate Bernoulli when vocabulary size is chosen optimally
for both. On the average a 27% reduction in error was reported in
[94].

The afore-mentioned results seem to suggest that the two models may
have different strengths, and may therefore be useful in different scenar-
i0s.

5.3 Mixture Modeling for Text Classification

We note that the afore-mentioned Bayes methods simply assume that
each component of the mixture corresponds to the documents belonging
to a class. A more general interpretation is one in which the compo-
nents of the mixture are created by a clustering process, and the class
membership probabilities are modeled in terms of this mixture. Mixture
modeling is typically used for unsupervised (probabilistic) clustering or
topic modeling, though the use of clustering can also help in enhancing
the effectiveness of probabilistic classifiers [86, 103]. These methods are
particularly useful in cases where the amount of training data is limited.
In particular, clustering can help in the following ways:

m The Bayes method implicitly estimates the word probabilities
P(t; € T|CT = i) of a large number of terms in terms of their
fractional presence in the corresponding component. This is clearly
noisy. By treating the clusters as separate entities from the classes,
we now only need to relate (a much smaller number of) cluster
membership probabilities to class probabilities. This reduces the
number of parameters and greatly improves classification accuracy
[86].

s The use of clustering can help in incorporating unlabeled docu-
ments into the training data for classification. The premise is that
unlabeled data is much more copiously available than labeled data,
and when labeled data is sparse, it should be used in order to assist
the classification process. While such unlabeled documents do not
contain class-specific information, they do contain a lot of informa-
tion about the clustering behavior of the underlying data. This can
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be very useful for more robust modeling [103], when the amount
of training data is low. This general approach is also referred to
as co-training [9, 13, 37].

The common characteristic of both the methods [86, 103] is that they
both use a form of supervised clustering for the classification process.
While the goal is quite similar (limited training data), the approach used
for this purpose is quite different. We will discuss both of these methods
in this section.

In the method discussed in [86], the document corpus is modeled with
the use of supervised word clusters. In this case, the k£ mixture compo-
nents are clusters which are correlated to, but are distinct from the k
groups of documents belonging to the different classes. The main differ-
ence from the Bayes method is that the term probabilities are computed
indirectly by using clustering as an intermediate step. For a sampled
document T, we denote its class label by CT € {1...k}, and its mix-
ture component by M7 € {1...k}. The k different mixture components
are essentially word-clusters whose frequencies are generated by using
the frequencies of the terms in the k different classes. This ensures
that the word clusters for the mixture components are correlated to the
classes, but they are not assumed to be drawn from the same distri-
bution. As in the previous case, let us assume that the a document
contains the set of words Q. Then, we would like to estimate the prob-
ability P(T = Q|CT = i) for each class i. An interesting variation of
the work in [86] from the Bayes approach is that it does not attempt
to determine the posterior probability P(CT = i|T = Q). Rather, it
simply reports the class with the highest likelihood P(T = Q|CT = i).
This is essentially equivalent to assuming in the Bayes approach, that
the prior distribution of each class is the same.

The other difference of the approach is in terms of how the value of
P(T = Q|CT = i) is computed. As before, we need to estimate the
value of P(t; € T|CT =), according to the naive Bayes rule. However,
unlike the standard Bayes classifier, this is done very indirectly with the
use of mixture modeling. Since the mixture components do not directly
correspond to the class, this term can only be estimated by summing up
the expected value over all the mixture components:

k
P(t; eT|ICT =i)=> P(t; e T|M" = 5)- P(M" = s|CT = i) (6.13)
s=1
The value of P(t; € T|MT = s) is easy to estimate by using the frac-

tional presence of term ¢; in the sth mixture component. The main
unknown here are the set of model parameters P(MT = s|CT = i).



192 MINING TEXT DATA

Since a total of k£ classes and k mixture-components are used, this re-
quires the estimation of only k% model parameters, which is typically
quite modest for a small number of classes. An EM-approach has been
used in [86] in order to estimate this small number of model parameters
in a robust way. It is important to understand that the work in [86] is
an interesting combination of supervised topic modeling (dimensionality
reduction) and Bayes classification after reducing the effective dimen-
sionality of the feature space to a much smaller value by clustering. The
scheme works well because of the use of supervision in the topic mod-
eling process, which ensures that the use of an intermediate clustering
approach does not lose information for classification. We also note that
in this model, the number of mixtures can be made to vary from the
number of classes. While the work in [86] does not explore this direc-
tion, there is really no reason to assume that the number of mixture
components is the same as the number of classes. Such an assumption
can be particularly useful for data sets in which the classes may not be
contiguous in the feature space, and a natural clustering may contain
far more components than the number of classes.

Next, we will discuss the second method [103] which uses unlabeled
data. The approach is [103] uses the unlabeled data in order to improve
the training model. Why should unlabeled data help in classification at
all? In order to understand this point, recall that the Bayes classifica-
tion process effectively uses k mixture components, which are assumed
to be the k different classes. If we had an infinite amount of training
data, it would be possible to create the mixture components, but it
would not be possible to assign labels to these components. However,
the most data-intensive part of modeling the mixture, is that of deter-
mining the shape of the mixture components. The actual assignment
of mixture components to class labels can be achieved with a relatively
small number of class labels. It has been shown in [24] that the ac-
curacy of assigning components to classes increases exponentially with
the number of labeled samples available. Therefore, the work in [103]
designs an EM-approach [36] to simultaneously determine the relevant
mixture model and its class assignment.

It turns out that the EM-approach, as applied to this problem is
quite simple to implement. It has been shown in [103] that the EM-
approach is equivalent to the following iterative methodology. First, a
naive Bayes classifier is constructed by estimating the model param-
eters from the labeled documents only. This is used in order to as-
sign probabilistically-weighted class labels to the unlabeled documents.
Then, the Bayes classifier is re-constructed, except that we also use
the newly labeled documents in the estimation of the underlying model
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parameters. We again use this classifier to re-classify the (originally un-
labeled) documents. The process is continually repeated till convergence
is achieved.

The ability to significantly improve the quality of text classification
with a small amount of labeled data, and the use of clustering on a large
amount of unlabeled data has been a recurring theme in the text mining
literature. For example, the method in [122] performs purely unsuper-
vised clustering (with no knowledge of class labels), and then as a final
step assigns all documents in the cluster to the dominant class label of
that cluster (as an evaluation step for the unsupervised clustering process
in terms of its ability in matching clusters to known topics).* It has been
shown that this approach is able to achieve a comparable accuracy of
matching clusters to topics as a supervised Naive Bayes classifier trained
over a small data set of about 1000 documents. Similar results were ob-
tained in [47] where the quality of the unsupervised clustering process
were shown to comparable to an SVM classifier which was trained over
a small data set.

6. Linear Classifiers

Linear Classifiers are those for which the output of the linear predictor
is defined to be p = A - X + b, where X = (21 ...x,) is the normalized
document word frequency vector,A = (aj...a,) is a vector of linear
coefficients with the same dimensionality as the feature space, and b is
a scalar. A natural interpretation of the predictor p = A - X + b in
the discrete scenario (categorical class labels) would be as a separating
hyperplane between the different classes. Support Vector Machines [30,
125] are a form of classifiers which attempt to determine “good” linear
separators between the different classes. Omne characteristic of linear
classifiers is that they are closely related to many feature transformation
methods (such as the Fisher discriminant), which attempt to use these
directions in order to transform the feature space, and then use other
classifiers on this transformed feature space [51, 56, 99]. Thus, linear
classifiers are intimately related to linear feature transformation methods
as well.

Regression modeling (such as the least squares method) is a more
direct and traditional statistical method for text classification. However,
it is generally used in cases where the target variable to be learned is
numerical rather than categorical. A number of methods have been

4In a supervised application, the last step would require only a small number of class labels
in the cluster to be known to determine the dominant label very accurately.
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Figure 6.1. What is the Best Separating Hyperplane?

proposed in the literature for adapting such methods to the case of
text data classification [134]. A comparison of different linear regression
techniques for classificationm including SVM, may be found in [138].

Finally, simple neural networks are also a form of linear classifiers,
since the function computed by a set of neurons is essentially linear. The
simplest form of neural network, known as the perceptron (or single layer
network) are essentially designed for linear separation, and work well for
text. However, by using multiple layers of neurons, it is also possible
to generalize the approach for non-linear separation. In this section, we
will discuss the different linear methods for text classification.

6.1 SVM Classifiers

Support-vector machines were first proposed in [30, 124] for numeri-
cal data. The main principle of SVMs is to determine separators in the
search space which can best separate the different classes. For example,
consider the example illustrated in Figure 6.1, in which we have two
classes denoted by 'x’ and ’0’ respectively. We have denoted three differ-
ent separating hyperplanes, which are denoted by A, B, and C respec-
tively. It is evident that the hyperplane A provides the best separation
between the different classes, because the normal distance of any of the
data points from it is the largest. Therefore, the hyperplane A represents
the maximum margin of separation. We note that the normal vector to
this hyperplane (represented by the arrow in the figure) is a direction in
the feature space along which we have the maximum discrimination. One
advantage of the SVM method is that since it attempts to determine the
optimum direction of discrimination in the feature space by examining
the appropriate combination of features, it is quite robust to high dimen-
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sionality. It has been noted in [64] that text data is ideally suited for
SVM classification because of the sparse high-dimensional nature of text,
in which few features are irrelevant, but they tend to be correlated with
one another and generally organized into linearly separable categories.
We note that it is not necessary to use a linear function for the SVM
classifier. Rather, with the kernel trick [6], SVM can construct a non-
linear decision surface in the original feature space by mapping the data
instances non-linearly to an inner product space where the classes can be
separated linearly with a hyperplane. However, in practice, linear SVM
is used most often because of their simplicity and ease of interpretabil-
ity. The first set of SVM classifiers, as adapted to the text domain were
proposed in [64-66]. A deeper theoretical study of the SVM method has
been provided in [67]. In particular, it has been shown why the SVM
classifier is expected to work well under a wide variety of circumstances.
This has also been demonstrated experimentally in a few different sce-
narios. For example, the work in [41] applied the method to email data
for classifying it as spam or non-spam data. It was shown that the SVM
method provides much more robust performance as compared to many
other techniques such as boosting decision trees, the rule based RIPPER
method, and the Rocchio method. The SVM method is flexible and can
easily be combined with interactive user-feedback methods [107].

We note that the problem of finding the best separator is essentially
an optimization problem, which can typically be reduced to a Quadratic
Programming problem. For example, many of these methods use New-
ton’s method for iterative minimization of a convex function. This can
sometimes be slow, especially for high dimensional domains such as text
data. It has been shown [43] that by breaking a large Quadratic Pro-
gramming problem (QP problem) to a set of smaller problems, an effi-
cient solution can be derived for the task. The SVM approach has also
been used successfully [44] in the context of a hierarchical organization
of the classes, as often occurs in web data. In this approach, a different
classifier is built at different positions of the hierarchy.

The SVM classifier has also been shown to be useful in large scale
scenarios in which a large amount of unlabeled data and a small amount
of labeled data is available [120]. This is essentially a semi-supervised
approach because of its use of unlabeled data in the classification process.
This techniques is also quite scalable because of its use of a number of
modified quasi-newton techniques, which tend to be efficient in practice.
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6.2 Regression-Based Classifiers

Regression modeling is a method which is commonly used in order to
learn the relationships between real-valued attributes. Typically, these
methods are designed for real valued attributes, as opposed to binary
attributes. This is however not an impediment to its use in classification,
because the binary value of a class may be treated as a rudimentary
special case of a real value, and some regression methods such as logistic
regression can also naturally model discrete response variables.

An early application of regression to text classification is the Linear
Least Squares Fit (LLSF) method [134], which works as follows. Suppose
the predicted class label be p; = A - X; + b, and v; is known to be the
true class label, then our aim is to learn the values of A and b, such
that the Linear Least Squares Fit (LLSF) " ,(p; — y;)? is minimized.
In practice, the value of b is set to 0 for the learning process. let P be
1 x n vector of binary values indicating the binary class to which the
corresponding class belongs. Thus, if X be the the n x d term-matrix,
then we wish to determine the 1 x d vector of regression coefficients
A for which [|[A - XT — P|| is minimized, where || - || represents the
Froebinus norm. The problem can be easily generalized from the binary
class scenario to the multi-class scenario with k classes, by using P as a
k x m matrix of binary values. In this matrix, exactly one value in each
column is 1, and the corresponding row identifier represents the class to
which that instance belongs. Similarly, the set A is a k x d vector in the
multi-class scenario. The LLSF method has been compared to a variety
of other methods [132, 134, 138], and has been shown to be very robust
in practice.

A more natural way of modeling the classification problem with re-
gression is the logistic regression classifier [102], which differs from the
LLSF method in that the objective function to be optimized is the like-
lihood function. Specifically, instead of using p; = A - X; + b directly to
fit the true label y;, we assume that the probability of observing label

s 18t
exp(A - X; +b)

ol vilXi) 1+ exp(A-X;+D).

This gives us a conditional generative model for y; given X;. Putting it
in another way, we assume that the logit transformation of p(C' = y;| X;)
can be modeled by the linear combination of features of the instance X,
ie.,

p(C = | X;)

=A-X;+0b.
1 —p(C = yi|Xy)

log
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Thus logistic regression is also a linear classifier as the decision boundary
is determined by a linear function of the features. In the case of binary
classification, p(C' = y;|X;) can be used to determine the class label
(e.g., using a threshold of 0.5). In the case of multi-class classification,
we have p(C' = y;|X;) o exp(A - X; +b), and the class label with the
highest value according to p(C' = y;|X;) would be assigned to X;. Given
a set of training data points {(X1,v;),...(Xn,yn)}, the logistic regres-
sion classifier can be trained by choosing parameters A to maximize the
conditional likelihood [T ; p(yi| X5).

In some cases, the domain knowledge may be of the form, where
some sets of words are more important than others for a classification
problem. For example, in a classification application, we may know that
certain domain-words (Knowledge Words (KW)) may be more important
to classification of a particular target category than other words. In
such cases, it has been shown [35] that it may be possible to encode
such domain knowledge into the logistic regression model in the form
of prior on the model parameters and use Bayesian estimation of model
parameters.

It is clear that the regression classifiers are extremely similar to the
SVM model for classification. Indeed, since LLSF, Logistic Regression,
and SVM are all linear classifiers, they are thus identical at a concep-
tual level; the main difference among them lies in the details of the
optimization formulation and implementation. As in the case of SVM
classifiers, training a regression classifier also requires an expensive opti-
mization process. For example, fitting LLSF requires expensive matrix
computations in the form of a singular value decomposition process.

6.3 Neural Network Classifiers

The basic unit in a neural network is a meuron or unit. Each unit
receives a set of inputs, which are denoted by the vector X;, which in
this case, correspond to the term frequencies in the ith document. Each
neuron is also associated with a set of weights A, which are used in
order to compute a function f(-) of its inputs. A typical function which
is often used in the neural network is the linear function as follows:

pi=A-X; (6.14)

Thus, for a vector X; drawn from a lexicon of d words, the weight vector
A should also contain d elements. Now consider a binary classification
problem, in which all labels are drawn from {+1, —1}. We assume that
the class label of X; is denoted by w;. In that case, the sign of the
predicted function p; yields the class label.
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Figure 6.2. The sign of the projection onto the weight vector A yields the class label

In order to illustrate this point, let us consider a simple example in
a 2-dimensional feature space, as illustrated in Figure 6.2. In this case,
we have illustrated two different classes, and the plane corresponding to
Az = 0 is illustrated in the same figure. It is evident that the sign of
the function A - X; yields the class label. Thus, the goal of the approach
is to learn the set of weights A with the use of the training data. The
idea is that we start off with random weights and gradually update them
when a mistake is made by applying the current function on the training
example. The magnitude of the update is regulated by a learning rate u.
This forms the core idea of the perceptron algorithm, which is as follows:

Perceptron Algorithm
Inputs: Learning Rate: u
Training Data (X;,v;) Vi € {1...n}
Initialize weight vectors in A to 0 or small random numbers
repeat
Apply each training data to the neural network to check if the
sign of A - X; matches y;;
if sign of A - X; does not match y;, then
update weights A based on learning rate u
until weights in A converge

The weights in A are typically updated (increased or decreased) propor-
tionally to u- X, so as to reduce the direction of the error of the neuron.
We further note that many different update rules have been proposed
in the literature. For example, one may simply update each weight by

u, rather than by p - X;. This is particularly possible in domains such
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Figure 6.3. Multi-Layered Neural Networks for Nonlinear Separation

as text, in which all feature values take on small non-negative values of
relatively similar magnitude. A number of implementations of neural
network methods for text data have been studied in [34, 90, 101, 117,
129].

A natural question arises, as to how a neural network may be used,
if all the classes may not be neatly separated from one another with
a linear separator, as illustrated in Figure 6.2. For example, in Figure
6.3, we have illustrated an example in which the classes may not be
separated with the use of a single linear separator. The use of mul-
tiple layers of neurons can be used in order to induce such non-linear
classification boundaries. The effect of such multiple layers is to induce
multiple piece-wise linear boundaries, which can be used to approximate
enclosed regions belonging to a particular class. In such a network, the
outputs of the neurons in the earlier layers feed into the neurons in the
later layers. The training process of such networks is more complex, as
the errors need to be back-propagated over different layers. Some ex-
amples of such classifiers include those discussed in [75, 110, 126, 132].
However, the general observation [117, 129] for text has been that lin-
ear classifiers generally provide comparable results to non-linear data,
and the improvements of non-linear classification methods are relatively
small. This suggests that the additional complexity of building more in-
volved non-linear models does not pay for itself in terms of significantly
better classification.

6.4 Some Observations about Linear Classifiers

While the different linear classifiers have been developed indepen-
dently from one another in the research literature, they are surprisingly
similar at a basic conceptual level. Interestingly, these different lines of
work have also resulted in a number of similar conclusions in terms of
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the effectiveness of the different classifiers. We note that the main dif-
ference between the different classifiers is in terms of the details of the
objective function which is optimized, and the iterative approach used
in order to determine the optimum direction of separation. For exam-
ple, the SVM method uses a Quadratic Programming (QP) formulation,
whereas the LLSF method uses a closed-form least-squares formulation.
On the other hand, the perceptron method does not try to formulate
a closed-form objective function, but works with a softer iterative hill
climbing approach. This technique is essentially inherited from the it-
erative learning approach used by neural network algorithms. However,
its goal remains quite similar to the other two methods. Thus, the differ-
ences between these methods are really at a detailed level, rather than
a conceptual level, in spite of their very different research origins.

Another general observation about these methods is that all of them
can be implemented with non-linear versions of their classifiers. For ex-
ample, it is possible to create non-linear decision surfaces with the SVM
classifier, just as it is possible to create non-linear separation boundaries
by using layered neurons in a neural network [132]. However, the general
consensus has been that the linear versions of these methods work very
well, and the additional complexity of non-linear classification does not
tend to pay for itself, except for some special data sets. The reason for
this is perhaps because text is a high dimensional domain with highly
correlated features and small non-negative values on sparse features.
For example, it is hard to easily create class structures such as that in-
dicated in Figure 6.3 for a sparse domain such as text containing only
small non-negative values on the features. On the other hand, the high
dimensional nature of correlated text dimensions is especially suited to
classifiers which can exploit the redundancies and relationships between
the different features in separating out the different classes. Common
text applications have generally resulted in class structures which are
linearly separable over this high dimensional domain of data. This is
one of the reasons that linear classifiers have shown an unprecedented
success in text classification.

7. Proximity-based Classifiers

Proximity-based classifiers essentially use distance-based measures in
order to perform the classification. The main thesis is that documents
which belong to the same class are likely to be close to one another
based on similarity measures such as the dot product or the cosine metric
[115]. In order to perform the classification for a given test instance, two
possible methods can be used:
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m  We determine the k-nearest neighbors in the training data to the
test instance. The majority (or most abundant) class from these k
neighbors are reported as the class label. Some examples of such
methods are discussed in [25, 54, 134]. The choice of k typically
ranges between 20 and 40 in most of the afore-mentioned work,
depending upon the size of the underlying corpus.

m We perform training data aggregation during pre-processing, in
which clusters or groups of documents belonging to the same class
are created. A representative meta-document is created from each
group. The same k-nearest neighbor approach is applied as dis-
cussed above, except that it is applied to this new set of meta-
documents (or generalized instances [76]) rather than to the orig-
inal documents in the collection. A pre-processing phase of sum-
marization is useful in improving the efficiency of the classifier, be-
cause it significantly reduces the number of distance computations.
In some cases, it may also boost the accuracy of the technique, es-
pecially when the data set contains a large number of outliers.
Some examples of such methods are discussed in [55, 76, 109].

A method for performing nearest neighbor classification in text data
is the WHIRL method discussed in [25]. The WHIRL method is es-
sentially a method for performing soft similarity joins on the basis of
text attributes. By soft similarity joins, we refer to the fact that the
two records may not be exactly the same on the joined attribute, but a
notion of similarity used for this purpose. It has been observed in [25]
that any method for performing a similarity-join can be adapted as a
nearest neighbor classifier, by using the relevant text documents as the
joined attributes.

One observation in [134] about nearest neighbor classifiers was that
feature selection and document representation play an important part
in the effectiveness of the classification process. This is because most
terms in large corpora may not be related to the category of interest.
Therefore, a number of techniques were proposed in [134] in order to
learn the associations between the words and the categories. These
are then used to create a feature representation of the document, so
that the nearest neighbor classifier is more sensitive to the classes in
the document collection. A similar observation has been made in [54],
in which it has been shown that the addition of weights to the terms
(based on their class-sensitivity) significantly improves the underlying
classifier performance. The nearest neighbor classifier has also been
extended to the temporally-aware scenario [114], in which the timeliness
of a training document plays a role in the model construction process.
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In order to incorporate such factors, a temporal weighting function has
been introduced in [114], which allows the importance of a document to
gracefully decay with time.

For the case of classifiers which use grouping techniques, the most
basic among such methods is that proposed by Rocchio in [109]. In this
method, a single representative meta-document is constructed from each
of the representative classes. For a given class, the weight of the term %,
is the normalized frequency of the term ¢ in documents belonging to that
class, minus the normalized frequency of the term in documents which
do not belong to that class. Specifically, let fﬁ be the expected weight of
term t; in a randomly picked document belonging to the positive class,
and f* be the expected weight of term t;, in a randomly picked document
belonging to the negative class. Then, for weighting parameters o, and

i, the weight ff is defined as follows:

occhio

focchio = Qp- f;f —Qpn - fﬁ (6.15)
The weighting parameters «;, and «, are picked so that the positive
class has much greater weight as compared to the negative class. For
the relevant class, we now have a vector representation of the terms
( }Occhw, focchio o [T eenio)- This approach is applied separately to each
of the classes, in order to create a separate meta-document for each class.
For a given test document, the closest meta-document to the test doc-
ument can be determined by using a vector-based dot product or other
similarity metric. The corresponding class is then reported as the rele-
vant label. The main distinguishing characteristic of the Rocchio method
is that it creates a single profile of the entire class. This class of methods
is also referred to as the Rocchio framework. The main disadvantage of
this method is that if a single class occurs in multiple disjoint clusters
which are not very well connected in the data, then the centroid of these
examples may not represent the class behavior very well. This is likely
to be a source of inaccuracy for the classifier. The main advantage of
this method is its extreme simplicity and efficiency; the training phase is
linear in the corpus size, and the number of computations in the testing
phase are linear to the number of classes, since all the documents have
already been aggregated into a small number of classes. An analysis of
the Rocchio algorithm, along with a number of different variations may
be found in [64].

In order to handle the shortcomings of the Rocchio method, a number
of classifiers have also been proposed [1, 14, 55, 76], which explicitly
perform the clustering of each of the classes in the document collection.
These clusters are used in order to generate class-specific profiles. These
profiles are also referred to as generalized instances in [76]. For a given
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test instance, the label of the closest generalized instance is reported by
the algorithm. The method in [14] is also a centroid-based classifier, but
is specifically designed for the case of text documents. The work in [55]
shows that there are some advantages in designing schemes in which the
similarity computations take account of the dependencies between the
terms of the different classes.

We note that the nearest neighbor classifier can be used in order to
generate a ranked list of categories for each document. In cases, where a
document is related to multiple categories, these can be reported for the
document, as long as a thresholding method is available. The work in
[136] studies a number of thresholding strategies for the k-nearest neigh-
bor classifier. It has also been suggested in [136] that these thresholding
strategies can be used to understand the thresholding strategies of other
classifiers which use ranking classifiers.

8. Classification of Linked and Web Data

In recent years, the proliferation of the web and social network tech-
nologies has lead to a tremendous amount of document data, which is
expressed in the form of linked networks. The simplest example of this is
the web, in which the documents are linked to one another with the use
of hyper-links. Social networks can also be considered a noisy example
of such data, because the comments and text profiles of different users
are connected to one another through a variety of links. Linkage infor-
mation is quite relevant to the classification process, because documents
of similar subjects are often linked together. This observation has been
used widely in the collective classification literature [12], in which a sub-
set of network nodes are labeled, and the remaining nodes are classified
on the basis of the linkages among the nodes.

In general, a content-based network may be denoted by G = (N, A, C),
where N is the set of nodes, A is the set of edges between the nodes,
and C' is a set of text documents. Each node in N corresponds to a
text document in C, and it is possible for a document to be the empty,
when the corresponding node does not contain any content. A subset of
the nodes in N are labeled. This corresponds to the training data. The
classification problem in this scenario is to determine the labels of the
remaining nodes with the use of the training data. It is clear that both
the content and structure can play a useful and complementary role in
the classification process.

An interesting method for combining linkage and content information
for classification was discussed in [20]. In this paper, a hypertext cate-
gorization method was proposed, which uses the content and labels of
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neighboring web pages for the classification process. When the labels of
all the nearest neighbors are available, then a Bayesian method can be
adapted easily for classification purposes. Just as the presence of a word
in a document can be considered a Bayesian feature for a text classifier,
the presence of a link between the target page, and a page (for which
the label is known) can be considered a feature for the classifier. The
real challenge arises when the labels of all the nearest neighbors are not
available. In such cases, a relaxation labeling method was proposed in
order to perform the classification. Two methods have been proposed in
this work:

m Fully Supervised Case of Radius one Enhanced Linkage
Analysis: In this case, it is assumed that all the neighboring class
labels are known. In such a case, a Bayesian approach is utilized
in order to treat the labels on the nearest neighbors as features for
classification purposes. In this case, the linkage information is the
sole information which is used for classification purposes.

= When the class labels of the nearest neighbors are not
known: In this case, an iterative approach is used for combining
text and linkage based classification. Rather than using the pre-
defined labels (which are not available), we perform a first labeling
of the neighboring documents with the use of document content.
These labels are then used to classify the label of the target doc-
ument, with the use of both the local text and the class labels of
the neighbors. This approach is used iteratively for re-defining the
labels of both the target document and its neighbors until conver-
gence is achieved.

The conclusion from the work in [20] is that a combination of text and
linkage based classification always improves the accuracy of a text clas-
sifier. Even when none of the neighbors of the document have known
classes, it seemed to be always beneficial to add link information to
the classification process. When the class labels of all the neighbors
are known, then the advantages of using the scheme seem to be quite
significant.

An additional idea in the paper is that of the use of bridges in order
to further improve the classification accuracy. The core idea in the use
of a bridge is the use of 2-hop propagation for link-based classification.
The results with the use of such an approach are somewhat mixed, as
the accuracy seems to reduce with an increasing number of hops. The
work in [20] shows results on a number of different kinds of data sets
such as the Reuters database, US patent database, and Yahoo!. Since
the Reuters database contains the least amount of noise, and pure text
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classifiers were able to do a good job. On the other hand, the US patent
database and the Yahoo! database contain an increasing amount of noise
which reduces the accuracy of text classifiers. An interesting observa-
tion in [20] was that a scheme which simply absorbed the neighbor text
into the current document performed significantly worse than a scheme
which was based on pure text-based classification. This is because there
are often significant cross-boundary linkages between topics, and such
linkages are able to confuse the classifier. A publicly available implemen-
tation of this algorithm may be found in the NetKit tool kit available in
[92].

Another relaxation labeling method for graph-based document clas-
sification is proposed in [4]. In this technique, the probability that the
end points of a link take on a particular pair of class labels is quanti-
fied. We refer to this as the link-class pair probability. The posterior
probability of classification of a node T into class i is expressed as sum
of the probabilities of pairing all possible class labels of the neighbors
of T with class label i. We note a significant percentage of these (ex-
ponential number of ) possibilities are pruned, since only the currently
most probable® labelings are used in this approach. For this purpose,
it is assumed that the class labels of the different neighbors of 7' (while
dependent on T') are independent of each other. This is similar to the
naive assumption, which is often used in Bayes classifiers. Therefore, the
probability for a particular combination of labels on the neighbors can
be expressed as the product of the corresponding link-class pair proba-
bilities. The approach starts off with the use of a standard content-based
Bayes or SVM classifier in order to assign the initial labels to the nodes.
Then, an iterative approach is used to refine the labels, by using the
most probably label estimations from the previous iteration in order to
refine the labels in the current iteration. We note that the link-class pair
probabilities can be estimated as the smoothed fraction of edges in the
last iteration which contain a particular pair of classes as the end points
(hard labeling), or it can also be estimated as the average product of
node probabilities over all edges which take on that particular class pair
(soft labeling). This approach is repeated to convergence.

Another method which uses a naive Bayes classifier to enhance link-
based classification is proposed in [104]. This method incrementally
assigns class labels, starting off with a temporary assignment and then
gradually making them permanent. The initial class assignment is based
on a simple Bayes expression based on both the terms and links in the

5In the case of hard labeling, the single most likely labeling is used, whereas in the case of
soft labeling, a small set of possibilities is used.
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document. In the final categorization, the method changes the term
weights for Bayesian classification of the target document with the terms
in the neighbor of the current document. This method uses a broad
framework which is similar to that in [20], except that it differentiates
between the classes in the neighborhood of a do