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ABSTRACT

With the current growth rate of URLs, as a community, we are at the age of online
information overload and for many other domains, such as Internet, web services,
data analysis, and the like — they have been for quite sometimes. Text mining has
been a key research topic for online information retrieval and information extraction.
In this thesis, we studied two concepts in pattern extraction for text mining tasks:
sequential pattern mining and bursty information.

In sequential pattern mining, our interests stemmed from a text mining prob-
lem of recognizing a group of authors communicating in a specific role within an
Internet community. The challenge is to recognize possibly different roles of au-
thors within a communication community based on each individual exchange in
electronic communications. Depending on the exchange parties, the message can
vary in length, contain different style of writing, and contain multiple topics, mak-
ing the standard text mining approaches less efficient than in other applications.
An example of such a problem is recognizing roles in a collection of emails from
an organization in which middle level managers communicate both with superiors,
subordinates and among themselves.

For this problem, we present Recursive Data Mining (RDM), a sequence pat-
tern mining framework for text data. RDM allows certain degree of approximation
in matching patterns — necessary to capture non-trivial features in text datasets.
The framework minimizes the size of the combinatorial search space using statisti-
cally significant tests, such as information gain, mutual information, and minimum
support. RDM recursively and hierarchically mines patterns at varying degrees of
abstraction. From one abstraction level to another, the framework removes “noisy”
tokens to allow long range patterns to be discovered at higher levels. We used a hy-
brid approach, in which the RDM discovered patterns are used as features, to build a
classifier. We validated RDM framework on the role identification task using Enron
email dataset. Specifically, we used RDM to categorize the senders of email content

into their roles in Enron as CEO, Vice-President, Manager and Traders. The results
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showed that a classifier that used the patterns discovered by Recursive Data Mining
performs well in role identification.

Our interests in the concept of bursty information originated from the tem-
poral nature of social roles of each individual. Over a life time, a person can be
associated with variety of roles ranging from a leader of an arm group, a prisoner,
a Nobel Prize winner to a president of a country. Such information is often embed-
ded in, and can be extracted from, the temporal text patterns associated with an
individual. Previously, the term frequency was the main quantifier for trend anal-
ysis and visualization. In recent years, due to their abilities to detecting changes
in patterns, the concepts of bursty information have been used to extract temporal
patterns from text streams. We proposed two complementary burstiness frameworks
to extract temporal correlated patterns from text stream. The first framework is
proposed for the extraction of bursty patterns in the bursty period of a given pat-
tern. The second framework is proposed for the extraction of temporally correlated
patterns at each time steps. We use these frameworks to analyze ACM dataset.
Specifically, we used them to find out the following: (i) when certain research topics
received high interests from Computer Science research communities, and during
which time, what were the related topics often associated with them, (ii) for each
topic, which other topics are temporally correlated with it at a given time.

As we studied the burstiness concepts, we realized that they can be applied to
other text mining tasks. We proposed a bursty distance measurement for creating
a distance matrix in text clustering task. We experimented with our framework
on synthetic data, online news article data, and additional real-life datasets. The
experiments showed a substantial improvement on event-related clustering on online
news article data for our framework. Also, our framework generally performed
better than other existing methods. In the future, we intend to embed the bursty
information into our RDM framework and use it to trace the changes, or lack thereof,
in the sequential patterns and hierarchical structures of text streams. We also want
to see if we can incorporate more information into sequential patterns using the idea

of surface text pattern.
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CHAPTER 1

Introduction

There is at least one piece of information in every document. Moreover, a group
of similar documents also contain collective information, just as a group of movie
reviews can tell how the public feels about certain movies. The process of extract-
ing such information from text documents is often referred to as text mining. As
its importance grew, the research on text mining developed impressively over the
last decade, drawing researchers from the areas of computational linguistics, data
mining, information retrieval, machine learning, and statistics. Besides the general
data mining tasks such as categorization and clustering, text mining tasks extend to
document retrieval, document summarization, entity extraction and modeling, in-
formation extraction and tracking, and sentiment analysis. Text mining applications
are used by everyone in many areas ranging from academic research, Biomedical, and
marketing applications to spam mail blocking. The prominent field of application
for text mining is the Internet. Since its introduction, people have started posting
electronic documents on the web. In 2008, Google reported in an Official blog that
they processed at least 1 trillion unique URLs [111]. With the current growth rate
of online information, all aspects of text related applications have become the im-
portant tools to help extract online information, handling and organizing electronic
documents, searching and ranking documents, etc. In this thesis, we study and
present sequential pattern extraction and temporal pattern extraction methodolo-
gies for online text documents. In particular, we propose Recursive Data Mining
framework to extract sequential patterns and use the definition of burstiness to ex-

tract temporal patterns from online text documents. We also show how we use these

Portions of this chapter previously appeared as: V. Chaoji, A. Hoonlor, and B.K. Szymanski,
“Recursive data mining for role identification in electronic communications,” International Journal
of Hybrid Information Systems, vol. 7, pp. 89100, Apr. 2010.

Portions of this chapter previously appeared as: A. Hoonlor, and X. Zhu. (2006,
Apr.). Unsupervised learning for surface text recovery in QA system, Computer
Science Department, University of Wisconsin - Madison, WI. [Online]. Available:
http://citeseerx.ist.psu.edu/viewdoc/summary?doi=10.1.1.134.4787, (Date Last Accessed on Jun.
2, 2011)



concepts on text mining tasks for online text documents.

Similar to data mining, the text mining tasks can be viewed as a three-step
process: preprocessing, pattern mining, and result evaluation [48, 115]. The prepro-
cessing step consists of preprocessing raw texts and representing each text in a form
of feature vector. A learning algorithm cannot process the raw electronic document
directly. Thus, we must perform document indexing procedure that maps a raw
text document into a feature vector format. Prior to document indexing, a text
document often contains words that can lead to lower performance in a learning
model, such as misspelled words, abbreviated words, and words with and without
stemming. This process is referred to as text preprocessing. After we perform the
preprocessing on the electronic documents, we need to define a set of features to
represent the text documents. A feature refers to an attribute which represents a
certain characteristic of the data. By looking at a text document, we can think of
several characteristics that we can use as features to represent the text document —
a list of all words, a list of the selected keywords, and a list of phrases in the text,
etc. By extracting every feature for every document, we create a feature vector
space for the text corpus. Next, we extract informative patterns during the pattern
mining process using various text-learning algorithms depending on the intended
task. These algorithms analyze the data, and present the extracted information.
Finally, in the evaluation step, depending on the tasks, the visualization on data,
and the retrieved documents are return as the extracted information. In the next
chapter, each of the three processes is discussed in detail.

The challenge in text mining problems is the size of the dataset and the result
qualities. In the first, the numbers of documents can be so large that an ad-hoc
manual approach is either requiring too much processing time, or simply not feasible
due to limited resources. For example, in web categorization, with the 1 trillion
unique URLs, even if a human expert can tag one URL per 5 seconds, it would take
roughly 159 years of non-stop work to complete the task. Of course, that number
is calculated with the assumption that no new URL will be generated in that time
frame. The second challenging task is the result qualities of the text mining jobs,

which are important since they can potentially affect the user satisfaction of millions



of people.

One good example for the previous challenges is the search engine where the
users always want to get the search results as fast as they can. In the recent event on
May 14th 2009, Twitter’s services were filled with complaints and comments regard-
ing Google search engine which had become extremely slow, or even inaccessible, for
millions of users around the globe [99]. If Google search engine becomes even a few
seconds slower in presenting results, users will likely use other search engines which
present results faster with similar search qualities. On a smaller scale, consider a
text categorization engine engaged in a newsgroup host to recommend news articles
to its million subscribers; a bad categorization job would recommend the wrong ar-
ticles, resulting in enormous user dissatisfaction. Next, we provide brief statements
on feature extraction problems and our contributions to improve the qualities of the

text mining tasks.

1.1 Extracting Features from Text Document

The problem of understanding data and its characteristics has attracted keen
interest of scientists from early years. Specifically, we are interested in the character-
istic that captures a certain “style” that discriminates between different categories
of data. These characteristics have been widely used to analyze and create the un-
derlying generative model for each data category. The data is characterized in term
of a set of features, also referred to as patterns or attributes. The definition of a
feature is closely tied to the nature of the data. For example, for text data set, a
feature can include keywords. For high dimensional genetic datasets, the principle
eigenvectors can serve as the features. Within a pattern recognition system, feature
extraction identifies features relevant to the application at hand. Feature extraction
broadly consists of two sub-tasks — feature construction (e.g. PCA, LSI, etc.) and
feature selection [39], each addressing one of the two main challenges within fea-
ture extraction. The first challenge arises from the presence of a large amount of
noise in the data which results in construction of ineffective features. The second
challenge arises from the large number of features usually generated in the construc-

tion process. Feature selection methodologies are applied to rank features based on



an optimality criteria — such as information gain, kernel and novelty detection —
and just the top-ranked features are used to filter out noises, avoid the curse of
dimensionality, and enhance generalization capabilities [31].

With the proliferation of communication technology in the form of mobile
technologies and email, data generated through human interaction can be effec-
tively collected. Human interactions are unique in the sense that every interaction
carries not only semantic content defining its meaning but also a unique word and
pattern-of-words structure characteristic of its author (or speaker). In addition to
the noisy and high dimensional [51] nature of human interaction data (which is com-
mon to any real life data), it is plagued by ambiguities introduced by the language.
These challenges underline the need for effective feature extraction for tasks such as
authorship assessment. As the name suggests, authorship assessment is a form of
text categorization which aims to determine the author of a fragment of human in-
teraction. Note that authorship assessment assumes that the communicating “style”
of an author is time and audience invariant. In other words, the implicit cues in
the communication do not change based on the entity at the receiving end of the
communication.

In document pre-processing step, choosing the set of relevant features for a
specific text mining tasks is a very important and difficult task. In the early stage
of text mining, words are often used as features [49, 54]. We called such an approach
vector space model (VSM), also known as the bag-of-word representation (explained
in the next chapter). Figure 2.1 illustrates how a document is represent using a
bag-of-word style. Depending on how the values of each word feature is assigned,
the bag-of-word document representation can be applied in many text mining tasks.
In [93], a Bayesian network model using simple word features is able to classify a
junk email with high precision and recall (97.1% and 94.3% respectively). Although
VSM is a very robust and effective document representation, there are limitations.

The first problem with VSM using words as feature is that it ignores the in-
formation imbedded in the order of words. For example, following the bag-of-word
style, the sentences “A cat chases a rat” and “A rat chases a cat” have the same

exact bag-of-word representation “a-2, cat-1, chases-1, rat-1”. However, the mean-



ings of the two sentences are different. The applicable applications based on word
features are limited. Although text mining applications using a bag-of-word style
are found to be successful in [49, 82], it cannot be applied to applications such as
machine translation, automatic summarization, analysis of information flow, and
speech recognition. For example, an automate-natural-spoken-dialog application of-
ten encounters sounds which cannot be converted correctly to a word. If the speaker
said “I’d like to make a collect call”, but the sound of the last word “call” tailed
off, a system using phrases as feature could still make an accurate guess that the

" is “call”. However, if the word

last word that follows “I’d like to make a collect...’
order was ignored such that the system only saw a single word, “collect”, the system
would be less likely to make a correct guess that “call” was the following word. The
solution proposed to attack this problem was the “sequential pattern” extraction.
A sequential pattern, a sequence of ordered items, is used to preserve and capture
the information from the ordered of the words. Many language models have been
proposed for extracting sequential-pattern-based features from documents. In [113],
statistical information of phrases and correlated words are used as features for text
mining task. In [45], full logical translation of the document is used to create the
relations of all objects, subjects and actions found in the document. Charniak il-
lustrated that the combination of context free grammar and statistical information
can be used to create a parser that eliminates ambiguities in sentences [17]. Logic
and grammatical based language models are often used in information extraction
task where the understanding of sentence provides crucial information in the docu-
ments [11, 17, 45].

The second problem of VSM is that the current feature values used for docu-
ment representation, such as binary value, term-frequency, and term-frequency and
invert document frequency, are not optimized for text stream. The text stream is
the sequence of documents sorted according to time. Examples of text stream are
Blog posts, emails, online news articles, RSS feed and Tweets. Kleinberg [60] intro-
duced “bursty” concept as a quantifier for temporal patterns in text stream. In [42],
the bursty information is included as the weight for feature values for document

representation. This framework is called “bursty feature representation”. He et al.



showed that the bursty feature representation improved the performance of docu-
ment clustering [42]. In [62], the word features are used to create document index
for burst-aware search. The burst-aware search is able to retrieve the news article
related to the given events with high precision. In the past several years, researchers
in text mining community have shown increasing interests on both issues.

Next, we introduce the concept of sequential patterns extraction for capturing
the imbedded information in the sentences. We also discuss the applications of
sequential patterns mining in the surface patterns extraction from online documents.
Finally, we introduce the feature extraction on online documents sequences using

bursty information as an alternative solution of the second problem.

1.1.1 Sequential Patterns in Text Mining Applications
In the past several years, the sequential patterns have gained interests in text
mining community. The key reasons of using sequential patterns based approach

for text mining applications are as follows:

1. As compared to a feature based on single words, a feature based on sequence

pattern captures temporal relationships between words and phrases.

2. A language model based on sequential patterns has more expressive power

than those based on words.

3. A sequence pattern based approach allows one to control the level of flexibilities

in the feature extraction process.

4. While checking for the presence of a feature (pattern in this case), a score
reflecting the degree of matching can be assigned. Non-pattern based methods
assign a strict binary score based on the presence or absence of the feature.
This is specifically important for data that is affected by noise in the form of

spelling mistakes, use of abbreviations, etc.

As previously mentioned, there are more and more text documents posted
on the website everyday. The problem is that the text documents written in any

language. Without a perfect-automated-universal language translation machine,



text mining applications are either domain specific or requiring domain knowledge
on languages that the documents are in [28, 45]. The advantage of language models
such as N-gram language model, Hierarchical pattern model, and Sequential pattern
model is the minimum knowledge requirement of the natural language [80, 101,
109]. Some languages, such as Japanese and Thai, words are written without any
white space in between. Thus, the common requirement is the tokenization method
to extract sequence of word from a document. Although, one can forgoes such
requirement by use other characteristics of the documents. Keselj et al. explored
the idea of using the N-gram model on sub-word level in text mining problem [58].
By creating N-gram model on the byte level of the document, they were able to
extract patterns without any prior knowledge of the language of the document.

On the other hand, there are useful language applications such as WordNet,
EuroNet, Part-of-speech tagging, etc. that can enhance text mining performances.
In [33], WordNet has been used to improve text retrieval. One of Google projects is
to use word clustering application to automatically expand the user’s search query
to multiple queries of the same meanings. In Google Sets [37], upon receiving the
query “cooking class”, the search engine will display the results of the similar items
such as “cooking school”, “culinary school” and “cooking course”.

In this thesis, we present an alternative framework called “Recursive Data
Mining” (RDM) for extracting features from text documents. The original term
of Recursive Data Mining is introduced in [103] as a tool to extract statistical in-
formation from sequential users’ command for masquerade detection. The idea of
capturing hierarchical pattern from the sequence of tokens is a useful for text min-
ing. However, the actual presented features and the extracted sequential patterns
recovered in that work are not suited for text mining task for the following reasons.
First, the set of features used in [103] do not have discriminating power for applica-
tions such as text clustering and text categorization. Second, the sequential patterns
found by [103] do not allow approximate matches (see next chapter for all formal
definitions of patterns). As the text document often contains typo, abbreviation,
synonyms, etc., the “approximated pattern” is a very useful and, in many cases,

crucial concept in text mining. For example, the pattern “President Obama” is not



an exact match of the pattern “President Barack Obama”. However, both patterns
refer to the same person.

To extract approximated sequential pattern, we made the adjustments to RDM
and re-introduced RDM as a language model, and novel sequential pattern mining
framework for text mining applications in [15, 16]. The key contributions of RDM

approach made in our works are as follows:

e While the other published techniques work on a fixed size window, our frame-

work allows arbitrary size patterns to be discovered.
e RDM can discover approximate patterns from text documents.

e RDM uses statistical techniques, such as log likelihood ratio tests, information

gain, and mutual information methods to identify significant patterns.

e RDM can capture patterns at various levels of abstraction, as well as “long

range patterns”, using its hierarchical model.

e RDM does not only require little domain knowledge, but it also allows lan-
guage tools such as part-of-speech tagging, and word clustering to enhance

performance.

1.1.1.1 Surface Text Pattern

Usages of sequential patterns are not limited to classical task in text mining
such as document classification. Sequential pattern can be used to extracted infor-
mation for question answering system. Sometimes users search the data banks, and
web, not looking for the documents, but for the specific information that such doc-
uments contain. For example, one might just want to know “When was Abraham
Lincoln born?”; or “How long is Mississippi river?”. The question answering system
accepts such questions and returns the corresponding answers in natural language
format. Ask (Ask.com) is an online search engine website that also provides an
open domain question answering system. As its named suggested, the user can in-
put question as a normal search query. For example, if we submit the query “When

was Albert Einstein born?”, Ask would search, extract and provide the answer as
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Figure 1.1: Ask.com - The screen shot of Ask.com with “When was
Albert Einstein born?” as the input query.

shown in Figure 1.1. Google has also included similar system in its search engine,
where the answer of the question is also provided at the top of the search page. Re-
cently, Ask introduced a version of its new question and answering system. Instead
of simply search for URLs of the topic related to the question, the new system of
Ask utilizes its search results on the user provided answers [5]. Figure 1.2 shows the
screen shot of this new system.

To build a question answering system, one often need to use the applications
from information retrieval, information extraction, machine learning, language mod-
eling and data mining. Thus, question answering system has received attentions
from these fields, and became a testing ground of how one can combine all these
applications. More recently, the open domain system used external information ex-
traction methodologies to find the answer. One of these methodologies is surface
text patterns - a special type of sequential pattern which composes of words and

special user defined tokens. It has been shown by several question answering sys-
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tems that, for certain types of questions, answers can be extracted from documents
using such sequential patterns. For example, for the birth-day-type question “When
was X born?”, the typical answers can be found in sentence such as “Lincoln was
born in 1809”7, and “Benjamin Franklin - Date of Birth: 17 January 1706”. These
sentences suggest that the patterns “< NAME > was born in < ANSWER >”
and “< NAME > - Date of Birth: < ANSWER >" can be used to find the cor-
rect answers. The surface text pattern has done surprisingly well in pinpointing the
answer. In previous work by Ravichandran and Hovy [89] and Dumais et al [30],
the surface text patterns learning is setup as the offline semi supervised learning
with the bootstrapping method, which is required the uses of training data. In this
thesis, we discuss an ongoing research of an automate system which recovers the

surface text pattern from the training corpus for information extraction purposes.
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1.1.2 Pattern Extraction for Online Document Sequences

Many data types are naturally in sequence — brainwave, sale transaction.
Moreover, any timestamp type dataset can be considered as sequential data set.
Detecting irregularity in sequential data set is not something new. An irregularity
pattern can provide very crucial information depending on this type of the data sets.
For example, irregularity in brainwave defined as a spike in the electroencephalog-
raphy can imply sleeping, experiencing pain, or brain death of a person. In [114],
Wilson and Emerson provided a good review and comparison studies of various spike
detection methods to help electroencephalographers find spikes faster. In credit card
fraud detection, detecting abrupt changes of pattern in large data sets can flag a
suspicious transaction which in turn helps detecting credit card fraud. Curry et al.
introduced a novel method in [25] that can detect changes on payment transaction
of credit card.

By presenting text documents in sequence according to their timestamps, we
can consider them as document sequence. The detection of changes of pattern in
document sequence is referred to as burst detection. We are not only interested in
the sudden-change in patterns of words’ trends, but also in how the relationship
between two words changes over time. For example, in case of Hillary Clinton, her
changes in political status can be observed from the changes in temporal patterns
related to her name — from 1993 to 2001, her name was associated with the first lady
of the United States, from 2001 to 2009, she was referred to as the United States
Senator for New York, and since 2009, she has had the title of the United States
Secretary of State next to her name.

In recent years, for information retrieval and information search applications,
the burst detection from queries is an issue of interests. There are many applications

which try to capture such burst.

1. Google Trends: Upon receiving a user to query and time period of interests,
Google Trends displays how frequently the query appears in Google news as
well as how many times it was searched in those time periods [38]. It also lists
the news that appears on the local maximum peak of search volume index in

the interested time period. Figure 1.3 displays the results of query “Hillary



12

Sign In to see and export ac
GO ( )gle trends Hillary Clinton Search Trends
Tip: Use commas to compare multiple search terms.
Searches  Websites  All regions })
@ hillary clinton
Soarch Vokume index . GoogeTends A Hillary Clinton's Caucus Speech

New York Times - Jan 4 2008

B/ Hillary Clinton stages comeback in Ney
Telegraph.co.uk - Jan 9 2008

¢/ Hillary Clinton, Underdog?
CBS News - Feb 6 2008

0| Hillary Clinton wins Ohio
Melbourne Herald Sun - Mar 5 2008

|
2004 ‘ 2005 ‘ 2006 ‘ 2007 ‘ 2008 ‘ 2009 ‘ 2010
|

2011 ) \ ,
o (R B I B B o T o T ‘ I ﬂ Hillary Clinton (live)
News reference volume Jewish Telegraphic Agency - Jun 4 20(

F| Hillary Clinton, speech
0 . Chicago Tribune - Aug 27 2008

More news results »

Rank by | hillary clinton |

Figure 1.3: Google Trends: The screen shot captures the result of query
“Hillary Clinton” on Google Trends.

Clinton” on Google Trends. Note that, Google Trends listed on the right the
news of Hillary Clinton during her presidential campaign, but it fails to notice
the spike in January 2007 where she announced the formation of a presidential
exploration committee for the presidential election in 2008. Google Trends is
a very useful tool in detecting events, and users’ interests over a given period

of time.

2. BlogPulse: BlogPulse is an analyzing tool that detects the trends of phrases
in the user blog [35]. Its functionalities regarding the trends are very similar
to that of Google Trends, but BlogPulse focuses on the posts from Blogs. It
provides top bursty phrases, and bursty new story of the days. It also keeps
track of the usages of the phrases over times. Upon search query, BlogPulse

can give the Trend search results as well as the conversation tracker of the
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query. Figure 1.4 is the screen shot of the trend search result of query “Hillary

Clinton”.

The usages of bursty features on document sequences are not limited to only
trend or outlier detections. There are other works that discuss a few methods for
burst detection and their usages in other text mining tasks. In [62], Lappas et al.
introduced the framework of burst detection in document sequence, and redefined
a term “burstiness” using numerical discrepancy. They also presented a search
framework which took the term in the indexing and ranking process. He et al. used
Kleinberg’s algorithm to improve the topic clustering on document sequences [42]. In
this thesis, we study the burst detection for pattern extractions. Our contributions

to temporal pattern extraction in this thesis are the following:

1. Two complimentary frameworks to extract temporally correlated patterns us-

ing bursty information.



14

2. A case study of data analysis using various burstiness analysis methods.

3. An alternative definition of “burstiness” of patterns which takes both local

and global information into account.

4. A bursty distance measurement for document clustering that uses both bursti-

ness score and bursty intervals.

1.2 Thesis Outline

In Chapter 2, we give a brief survey of text mining discussing in detail the pre-
processing and pattern mining step, and sequential pattern search in text mining.
Chapter 2 also provides a comprehensive introduction to the concepts of bursti-
ness. Chapter 3 presents the recursive data mining algorithm for sequential pattern
mining, and proposes the language model based on those sequential patterns. We
illustrate the uses of RDM on text categorization task, specifically “role identifica-
tion”. We also illustrate the use of text preprocessing methods such as word clus-
tering to enhance the performance of classifier based on sequential patterns found
by RDM. Chapter 4 provides an alternative definition of burstiness of sequential
patterns and the definition of temporal correlation of sequential patterns. A frame-
work for event detection using the temporally correlated sequential patterns is also
presented. Chapter 5 discusses future works. Specifically, we describe surface text
pattern mining framework for information extraction, and the web application for

information-aware search. We also give the conclusion in Chapter 5.



CHAPTER 2
Background and Related Works

For this chapter, we give an overview of Text mining and its applications, focusing on
the text mining concepts used throughout this thesis. We also discuss the sequential
pattern mining and the concepts of bursty in text documents as well as their related

works.

2.1 Text Mining and Its Applications

Text Mining is the process of extracting hidden information from text docu-
ments. There was a lot of discussion regarding what aspect of data mining we should
consider as text mining. For example, in contrast to seeing Text categorization as
part of Text mining due to their analogies, some believed that text categorization
should not be part of text mining. In [43], Hearst argued that since the author of
the document knew which class the document belonged to, text categorization by
itself did not provide new information. Hence, it should not be part of text mining.
However, in the same article, Hearst stated that text categorization was a great
text mining tool to assist finding hidden patterns in text documents (see also [23]).
In this section, rather than adding another debate of what should be considered as
text mining, we provide a discussion for each framework of text mining process: pre-
processing, pattern mining and results evaluation (see [9, 48, 115] for an in depth

survey of text mining).

Portions of this chapter previously appeared as: V. Chaoji, A. Hoonlor, and B.K. Szymanski,
“Recursive data mining for role identification in electronic communications,” International Journal
of Hybrid Information Systems, vol. 7, pp. 89100, Apr. 2010.

A. Hoonlor, B. K. Szymanski, M. J. Zaki, and V. Chaoji, “Document Clustering with Bursty
Information,” Computing and Informatics, Bratislava: Slovak University Press, (In Press).

Portions of this chapter previously appeared as: A. Hoonlor, and X. Zhu. (2006,
Apr.). Unsupervised learning for surface text recovery in QA system, Computer
Science Department, University of Wisconsin - Madison, WI. [Online]. Available:
http://citeseerx.ist.psu.edu/viewdoc/summary?doi=10.1.1.134.4787, (Date Last Accessed on Jun.
2, 2011).
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2.1.1 Pre-processing

In pre-processing, we convert a document into a feature vector. Similar to the
issue of considering text categorization as part of text mining, the communities have
different views on how the pre-processing step should be defined [9, 48, 97, 115]. For
this thesis, we break down the pre-processing into two parts: text pre-processing and
document indexing. A text document often contains words that can lead to lower
performance in a learning model. Words that lead to lower performance in a learning
model are often referred to as “noisy” words [15]. Misspelled words, abbreviation
words, and common words — such as “is”, “or”, and “a” — are often considered
noise words. Such a noise word does not contain information that we can use to
help in classification. We must handle these words depending on an application and
a learning algorithm. This process is referred to as text preprocessing. After we
perform the text preprocessing on the electronic document, we can proceed to the

document indexing procedure of a document and turn it into a feature vector format

required by the learning algorithm.

2.1.1.1 Text Pre-processing

Three common text preprocessing methods that can handle the issue of noise
word and help improve the overall performances of the learning algorithms for vari-
ous text mining tasks such as categorization, clustering and information extraction

are: stop words, stemming process, and pruning.

1. Stop words: A stop word, also known as stopword, is a word that is filtered
during the preprocessing of text. For example, words such as “is”, “are”,
“you” and “me” can appear in any text document. The longer the document
is the greater chance of encountering them. These words affect the model
performance on the text mining task such as text categorization and text
clustering. For the stop words removing process, the user must provide a
“stop list” — a list of words that are eliminated from the representation of
documents. Usually, the words on the stop list are the nondiscrimination,

closed-class words [54]. The closed-class term refers to a word class that no

new word can normally be added. Determiners, conjunctions, pronouns and
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adpositions are examples of closed-class terms. These words often carry little
to no semantic weight. Thus, they are unlikely to help with text mining tasks.
Eliminating the stop words saves a sizable space in the inverted index files
used to map from terms to the documents that containing them. Due to this
reason, the concept of stop words is very useful in text categorization task as

shown in [76].

The disadvantage of the stop list is that it removes every phrase that contains
words on the stop list. For example, one of the stop lists used for experiments
in [16] contains “ask, i, to, work, you”. If we apply this stop list to the phrase
“I ask you not to work”, all we have left is the word “not”. It must be noted
that the list is very dependent on the dataset and the task. For example, in
sentiment classification, if the word “not” is included in the stop list, after
this stop list is applied to “Good will hunting is a great movie” and “Good
will hunting is not a great movie”, the semantic meanings of these phrases
are the same. However, if the task is to categorize documents into “movie”
and “food” categories, removing the word “not” from one phrase, or not, is

irrelevant.

. Stemming: The terms “process”, “processing” and “processed” derive from
the root word “process”. The question is, in a document, should we consider
these words separately, or should we collapse them into a single root form.
The stemming process addresses this exact issue. For example, if we apply the
stemming algorithm on “A data processing program processes a document”,
we have “A data process program process a document”. The stemming algo-
rithm refers to the above process — that reduces the inflected and/or derived
words to their stems. In practice, the words with the same stem root share
a single summed frequency count. For stemming, the user does not have to
provide the list of stems. The stemming process can be done automatically by
using various methods. One of the popular stemming algorithms is the Porter
stemmer. The Porter stemmer uses a series of simple cascaded rewrite rules

to find the stem of each word [54].
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The major advantage of this process is that if a document contains words or
phrases that are the morphological variants of the terms, the learning model
can still classify the document into the correct category. However, the disad-
vantage of this process is that it throws away useful distinctions. For example,
a document that contains a word “stocks” is probably in a different class of a
document that contains a “stockings”. According to the Porter stemmer, the
word “stocks” and “stockings” have the same stem. Thus, both documents
appear to be in the same class because of the stemming. Due to this reason,
stemming is not always useful in text categorization. However, it is often a
practice that stemming is applied to the dataset during the validation steps

to see if it helps improve the classifiers [97].

. Pruning: Pruning, in Machine Learning, refers to an action of removing non-
relevant features from the feature space. In text mining, pruning is a useful
preprocessing concept because most words in the text corpus are low-frequency
words. According to the Zipf’s law, given some corpus of natural language
texts, if we rank the words according to their frequencies, the distribution
of word frequencies is an inverse power law with the exponent of roughly
one [112]. This implies that, in any training corpus, the majorities of the
words in the corpus appear only a few times. A word that appears only a
few times is usually statistically insignificant — low document frequency, low
information gain, etc. Moreover, the probability of seeing word, that occurs

only once or twice in the training data, in the future document is very low.

In categorization, the pruning often yields the smaller size of the feature space,
a smaller classification model and a better performance on testing dataset,
because of the irrelevant of low frequency words to the text categorization
task [51, 70]. The minimum frequency of a word to be included in the vo-
cabulary is varied in each training corpus, and defined by the domain expert.
In the next chapter, we find the local optimum minimum frequency using the
tuning technique. In text clustering, words that appear in a few documents
have very low mutual information and are not useful features for clustering

task. In practice, to reduce the dimension of feature space, only top keywords
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are selected to represent the feature space in text clustering, and documents
which do not contain these keywords are often ignored [41]. However, in an ap-
plication such as document retrieval where each word occurrence is important,

pruning is omitted.

As discussed, these text preprocessing methods are very dependent on the
datasets and the natures of text mining tasks. To show the effects of stopwords and
stemming on a text mining task, we performed a comparative study on the following
binary text categorization task on movie review dataset [82] and SRAA dataset [73].
For this purpose, we performed stemming, and removed stop words, on unigram and
bi-gram feature types without using any feature selection. We used the standard
stop list to remove the stopwords from the documents [104]. For stemming, we used
Porter Stemming algorithm in Snowball project [86]. In Table 2.1, the results on the
movie review and SRAA datasets show that stopwords and stemming did not always
improve the performance of classifiers based on the F-score. The stemming process
improved the performances of NB and ME classifiers on the both datasets, but the
F-score only increase by at most 0.02. A stop list did not improve the performance
of NB and ME classifiers. The stopwords and stemming also have a small impact
on bigram features. For example, on the dataset, where a stopword helps improving
the F-score of a classifiers the improvement is only by 0.015 at most.

The stopwords and stemming have various impacts depending on datasets,
choices of feature values and the machine learning algorithms. For example, in Ta-
ble 2.1, if we used the word features with binary attribute values, the stemming
algorithm improved the results of NB classifiers on the movie database. However,
under the same settings, it reduced the average F-score of the ME classifiers. In
practice, one needs to use the tuning dataset to check if the stemming and/or the
stopwords will improve the performance of the classifiers or not. The major prob-
lem with the stemming and stopwords are that they are language dependent. For
instance, the stemmer and stopwords for English language cannot be applied on
Spanish document. For stemmer, there are efforts such as snowball projects and
Hummingbird lexical stemming to create multilingual stemmers [105]. As for stop-

words, we can detect them using mutual information. Mutual information measures
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Table 2.1: Results on using stopwords and stemming on Text categoriza-
tion base on F-score. We compare across two types of features: words
and bigrams. For each feature, we use occurrence (binary) and number
of occurrences (frequency) as feature values.

Word feature

Dataset Preprocessing alg. Binary Frequency
NB | ME | NB | ME
Stemming 0.814 | 0.838 | 0.805 | 0.837
Movie Stopword 0.812 | 0.854 | 0.798 | 0.831
Stopword & Stemming | 0.814 | 0.838 | 0.801 | 0.837
None 0.812 | 0.854 | 0.798 | 0.831
Stemming 0.88 | 0.832 | 0.917 | 0.882
SRAA Stopword 0.921 | 0.899 | 0.92 | 0.884
Stopword & Stemming | 0.922 | 0.89 | 0.917 | 0.882

None 0.921 | 0.899 | 0.904 | 0.9

Dataset Preprocessing alg. Binljf,ram fe%?é;euency
NB | ME | NB | ME
Stemming 0.839 | 0.821 | 0.83 | 0.811
Movie Stopword 0.841 | 0.816 | 0.831 | 0.809
Stopword & Stemming | 0.839 | 0.821 | 0.831 | 0.811
None 0.840 | 0.816 | 0.831 | 0.809
Stemming 0.88 | 0.832 | 0.917 | 0.882
SRAA Stopword 0.868 | 0.823 | 0.866 | 0.823
Stopword & Stemming | 0.88 | 0.832 | 0.879 | 0.831
None 0.868 | 0.823 | 0.92 | 0.884

the dependencies between two features [74].

We can use mutual information to identify words that occurs independently
of categories, i.e. if words have the mutual information value of 0, then they are
occurring independently of any category [74]. For an empirical proof, we conducted a
small study on word clustering and mutual information on the movie review dataset
for text categorization task. We found that stop words, such as “is”, “and”, and
“but” had the mutual information value of 0. Thus, if the computational resources
are not limited, we suggest that instead of using a fixed stop list, the mutual of all

words should be used as indicators. Note that, mutual information can also be used

for feature selection in text clustering task (see [41]).
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Figure 2.1: Example of the bag-of-word text representation with the
occurrence of word as feature value.

2.1.1.2 Document Indexing

A document, in its raw format, is not suitable for many analysis tools such
as WEKA, Matlab, etc. To the best of our knowledge, there is no current learning
algorithm that can process raw text document directly. Even in document retrieval
applications, text documents are indexed for fast access. Hence, we need to represent
text document in an acceptable input format for the current database, learning
algorithms and/or target applications. The current learning algorithms and text
mining applications accept the data in feature vector format [97]. In order to convert
a text document into a feature vector format, we have to answer two questions:
what the set of features of documents is, and what all possible values of each feature
should be. For example, if we ignore all the sentence structures and the order of
the words that appear in the document, one simple feature set of a document is the
set of all words in that document. The common feature value for such word feature
is the occurrence of the word in a document. This style of text representation is
referred to as bag-of-word text representation, as shown in Figure 2.1. Bag-of-word
has a curse of dimensionality problem when the training corpus contains a large
number of distinct words. Also, many of the online documents, such as Blogs,

email, and Twitter, can be informal writing. Due to this informality, the documents
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containing misspelled words, abbreviated words, and incomplete sentences, can add
a large number of features if they are not handled prior to the conversion from a
text document to the corresponding feature vector.

According to [52], most text mining applications use four categories of the
features in text representation: sub-word level, word level, multi-word level, and
semantic level. In Chapters 3 and 4, we used word level and multi-word level rep-
resentation for text mining tasks. In word level, we can use each distinct word as
a feature to represent the documents. The distinct word is considered a keyword
of the document collection if it satisfies a user defined definition. Depending on
various applications the definition of keyword also varies. In many text mining
studies [51, 94], the common assumption made was that a word with sufficient fre-
quency count, also called “minimum support”, in the documents of a collection was
a keyword. By setting the threshold of sufficient frequency for a keyword to a value
such as five, we can filter out the low frequency words such as misspelled words.
In [82], the authors used the domain knowledge to create a set of distinct adjectives
and considered them as keywords. In [41], the words whose mutual scores ranked in
the top 100 were used as keywords for clustering task.

The word level feature is the most common features in text mining tasks.
However, it loses all other information regarding the relation and position of the
words. Consider the senses of the word “bat” in these two examples: “Bruce Wayne
fears a bat” and “Babe Ruth is at bat for the Yankees”. For an English speaker,
it is obvious that the word “bat” refers to an animal in the first sentence, while it
refers to the action of striking a baseball in the second sentence. The computational
linguistics refers to the problem — that a word has a number of distinct senses
depending on the given sentences — as the word sense disambiguation (WSD). In
text categorization, we encounter WSD when we use words as features. For example,
if we consider the task of categorizing documents into either an animal newsgroup or
a sport newsgroup, the word “bat” would not be a relevant feature for classification
model. On the other hand, the occurrence of “bat animal” and “bat baseball”
would be great features for this classification model. The latter refers to multi-word

level text representation. In text categorization, empirical results show that multi-
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word level document indexing improves the performances of text classifiers [13, 49].
In document retrieval, the search query is often expanded to phrase with similar
meaning, e.g. a query “cooking school” can be expanded to “cooking class”, and
“culinary school”. In the NLP and IR communities, one well-known multi-word
level language model is an N-gram model. The N-gram model uses the sequence of
1,2,..., N —1 words to predict the N** word. The N-gram model has two important
behaviors: (i) the N-gram model relies on its training corpus, and (ii) the accuracy
of N-gram model increases as the value of N increases [54].

Although, sub-word level and semantic level have limited uses in text mining,
their representations are very interesting. One common sub-word level representa-
tion is the syllable feature vector. How we pronounce each syllable of a word can
give a different meaning to a spoken text. Thus, if we want to capture the meaning
of the spoken text, we should consider using the order of syllables as text representa-
tion. This text representation according to the order of syllables is used to represent
the spoken text in a speech recognition application such as the phone-based model
by King et al. [59]. For the semantic level of text representation, one example is the
cause-level dependency. For this type of feature, a sentence is parsed into cause-level
structure, and assigned syntactic-valence values to clause constituent. Specifically,
we assign subject, direct object, oblique and adjunct in the sentence. A well-known
example for why this style of text presentation is necessary in such task — given
by the famed linguistic, Noam Chomsky in 1957 — is “the sentence colorless green
ideas sleep furiously” whose grammar is correct, but whose “meaning is nonsensical”
[4]. Other level abstraction of text representation would not be able to capture the
nonsense from this sentence.

For feature values, due to their simplicity and showing good empirical results
in many datasets, three attribute values commonly used in text classification task
are number of occurrence (frequency), occurrence of term, and term-weighted value
such as term frequency-inverse document frequency [51, 82]. The example for the
number of occurrence is given in Figure 2.2. As for the occurrence of term, there are
two possible feature values, zero and one. The feature value of one implies that the

feature appears in the document. The feature value of zero says otherwise. The text
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Figure 2.2: Example of the bag-of-word text representation with the
number of occurrence as feature value.

representation of the document in left hand side of Figure 2.1 using the occurrence
of term as feature value is shown in right hand side of Figure 2.1.

Term weight refers to a term weighting approach where a term should have
higher weight if that term is a relevant term in documents of interest. There are
many variations of the term weighting schemes. The most popular one is known
as term frequency-inverse document frequency (TF-IDF) weighting scheme. Term
weights, such as TF-IDF, were used for document indexing to improve their per-
formances in many text mining tasks [97, 51, 50]. There are two components in
TF-IDF, TFIDF(t,d), — the term weight T'F(t,d) and the inverse document fre-
quency IDF(t) [94]. TF(t,d) is the number of times a term t occurs in a document
d. TF(t,d) captures the idea that if a term ¢ is a keyword in document d, then the
term weight of ¢ in d should be high. TDF(t) is defined as

IDF(t) = log(l)’%(‘t)) (2.1)
where |D| is the number of documents in the training corpus, and DF(t) is the
number of documents that contain t. On the other hand, a high value of IDF(t)

indicates that t appears in only a few documents, while a low value of IDF(t)
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indicates that ¢ appears in many documents. TFIDF(t,d), the TF-IDF value of a

term ¢ and a document d, is defined in Equation 2.2.
TFIDF(t,d) =TF(t,d)- IDF(t) (2.2)

Hence, a high weight of TFIDF(t,d) can be caused by either a high frequency term
t in d, a small number of documents that contains ¢ relatively to the whole corpus,
or both. This weighting scheme can be used as a threshold to effectively filter out
common words or phrases that appear throughout the corpus. Finally, a document
d can be represented as a vector d = (TFIDF,, , TFIDF,,,. .. ,TFIDFth) where
TFIDEF,, is the TFIDF(t;,d) value of the term ¢; in document d.

There are numerous works that deal with extracting patterns and features
from unstructured raw text data. One hot research topic is an author identification
problem. Experts in the fields of information retrieval, natural language processing,
data mining and statistical learning have focused on a diverse set of techniques for
feature extractions and feature selections to solve the author identification problem.
Linguists use statistical techniques to obtain a set of significant words that would
help identify authors. In 1964 Mosteller and Wallace [77] solved the Federalist Pa-
pers problem by identifying 70 “function words” and applying statistical inference
for the analysis. In the Natural Language Processing (NLP) community, the Hidden
Markov Model greatly influenced many techniques used for speech recognition such
as a stochastic part-of-speech tagging program and a noun phrase parser proposed
in [19]. In [40], the authors improved the performance of part-of-speech tagging by
assigning a syntactic category to each word in a text document using Machine learn-
ing techniques. For feature selection, Guyon and Elisseeff provided a comprehensive
introduction to techniques in [39]. Besides text mining, many other applications —
such as automatic painting classification [26], detection of malicious alterations of
images [91], grouping proteins and genes into classes based on function, location
and biological process in bioinformatics [121] and characterizing the behavior of an
individual or a group of individuals in e-Commerce [119] — also benefit from feature

extraction and feature selection.
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2.1.2 Pattern Mining and Results Evaluation

After a text document is converted to a feature vector format, the pattern
must be identified and analyzed to help extracting hidden information. There are
various pattern mining algorithms available depending on the nature of text mining
task. In Chapters 3 and 4, we explore three distinct groups of algorithms in pattern
mining: categorization, clustering and information retrieval. Since each group of al-
gorithms requires different evaluation methodologies, we also discuss the appropriate

evaluation methodologies of each group.

2.1.2.1 Categorization

Text categorization is the task of assigning the predefined label to the unla-
beled text document. In general, a document is categorized to one class. However, as
a document can contain multiple subjects, there are many variations in text catego-
rization. For example, if there are two classes of documents: “politics” and “movie”.
Given a news article about a documentary movie about politics, then it is not cleared
how we should label such document. This type of categorization problem is consid-
ered classification with multiple labels. One of the common classification model used
to solve this multi-label text classification is a mixture model based classifier. Such
model can be trained using expectation-maximization (EM) methods [71]. Recently
Chang et al. introduce a new weighted indexing technique for mixtures of linear
classifiers that can handle multi-label text classification tasks [14]. Blei et al. used
the latent Dirichlet allocation (LDA) as the generative topic model to perform text
categorization tasks [10]. There are many other interesting applications of the text

categorization, some of which are listed below.

1. Sentiment Classification: Sentiment classification is a special type of non-
topic-based text categorization, where the predefined classes are the overall
sentiments of the documents. For example, the positive and negative senti-
ments are used as class labels for movie reviews dataset in [82]. Sentiment
classification has been used for customer review analysis, and summarization

of opinions on webpage, such as newsgroup, forum and blog [66].

2. Authorship identification: Problems of detecting authorship of text, such
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as identifying the authorship, detecting plagiarism and authorship assess-
ment, have become more demanding in recent years. In [107], the authors
suggested and introduced various text categorization methodologies for these
tasks. In [15], text categorization was used to identify the social role of the

authors.

3. Web classification: One possible way to classify the web is to use the text
content in the webpage. In [70], text categorization methods were used for
web classification. In [23], after performing classification on documents, sets
of ontology were extracted from the classes of website to use as knowledge

base for other information extraction tasks.

Categorization methods used in machine learning and data mining communi-
ties can be used for text categorization. Easily implemented methods such as Naive
Bayes, and K-nearest neighbors have been applied in text categorization task with
high performance on various corpora [70, 117, 119, 118]. In [51], support vector
machine (SVM) was applied to text categorization task. SVM showed that they
work well when almost all features were relevance. In [82], NB, SVM and ME
showed that they performed equally well in the setting of sentimental classifica-
tion. Sebastiani provided a survey of machine learning methodologies used for text
categorization [97]. The feature vectors used in these work are often in the form
of bag-of-words. The usages of more complex classification language models such
as N-gram, and hierarchical text categorization methods were proposed in [80, 84].
One limitation of models such as N-gram, shown in [51], was the curse of dimensions
because text corpus contains a large number of words that had high mutual infor-
mation score. Thus, features which compose of multiple words were often limited
by the size of the features. Note that early work in text categorization had been
done under supervised learning settings. The test error rate, precision and recall
values, and the receiver operating characteristic (ROC curve) were, and still are, the
common means of performance evaluation. Such scores were collected using hidden
test dataset, and cross validation tests [74]. For the comparison between different
classification models, paired t test was often used to show statistically significant

different between pair of models [74].
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2.1.2.2 Clustering

Text Clustering is the task of assigning a text document to a group such that
the documents in the same group are similar while two documents from distinct
group are different. Most of the methods used for text clustering are clustering
methods used in machine learning. Three main clustering methods often used for
text clustering are k-means clustering, fuzzy c-means clustering, quality threshold
clustering [74, 54]. K-means clustering is a well known clustering methods where
predefined number of clusters is given, and that each object can belong to only
one cluster. Fuzzy c-means are K-means clustering that allows an object to be
assigned to multiple clusters. While Fuzzy c-means clustering is interesting methods
to handle text clustering, the multi-class clustering is well beyond the scope of this
thesis. We encourage the readers to look at [74] for references in fuzzy c-means.
Quality threshold clustering is different from k-means and c-means clustering in that
they do not cluster objects into a predefined number of clusters. Quality threshold
clustering clusters objects into the same group if they are similar to each other more
than a provided threshold. The resulting number of clusters using quality threshold
clustering was much larger to than those of k-means clustering based methods.
Recently, graph-theoretic clustering method had received a lot of interests. In [41],
an approximated method of clustering with lower bound on similarity was used to
cluster text documents.

Similar to text categorization, the common features used in text clustering are
again words. However, not only that a word can be ambiguous in many languages,
but it can also be relevant to text clustering task as they do in text categorization
task. Also, the size of word feature space is large, if all words are used as features.
The resulting clusters of the documents often form a sphere like structure. These
problems often lead to difficulties in clustering. We conducted a small experiment
by clustering 2775 document in 3 of the 20newsgroup dataset. We used all words
as features and performed the k-mean clustering and the density based clustering
(a form of quality threshold clustering). The results, shown in Table 2.2, indicate
that k-mean clustering assigned almost all documents into one class, showing a

problem of clustering data with curse of dimension problem. For density based
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clustering, it is natural to have the number of assigned clusters more than that of
the actual clusters, depending on the predefined density threshold. In Table 2.3,
show the clustering results based on the density threshold that we set in order to
have at least 3 large clusters. While it clustered the documents from different classes
into different clusters better than k-mean clustering, density based clustering still
clustered documents from multiple categories together in the same clusters. This
illustrated that the same set of English words can be used in many topics. Hence,
word feature must be selected carefully. Otherwise, two documents with the same

word maybe clustered together when they should not.

Table 2.2: Document clustering using K-mean clustering

True Cluster Clustered Assignment

Assignment | First set \ Second set \ Third Set
Cluster 1 1 798 0
Cluster 2 15 965 5
Cluster 3 3 980 8

Table 2.3: Document clustering using density based clustering

True Cluster Clustered Assignment

Assignment | 1st \ 2nd \ 3rd \ 4th \ 5th \ Noisy Points
Cluster 1 33 | 745 O 0 0 21
Cluster 2 145 1 605 | 174 | 0 | 43 18
Cluster 3 199 0 |662|115| 0 15

In [41], a set of words with high mutual information was used as feature.
Text clustering has been used widely in many areas. In the study of focus group
interviews, Dransfield et al. used text clustering to analyze interviews regarding the
quality of pork meat, collected from the selected group of interviewed subjects [29].
The evaluation process of the results of clustering is subjected to user judgments. To
evaluate the cluster, one must set an evaluation benchmark, or “gold standard” [69].
Then, we can use tests such as Purity test to statistically measure how much the
clustered results varies from the gold standard. Purity test measures collectively
how many documents in each clusters is considered of different type of document
than that of the majority (see [69]). Other tests include F-measure, Normalized

mutual information and Rand Index.
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2.1.2.3 Information Retrieval

Information Retrieval is a research field which overlaps with many other fields,
such as natural language processing, information science, cognitive science, text
mining, etc. The general definition of information retrieval is the science of retrieving
information from given dataset, which can be in form of online documents, local file
systems or relational databases. Sighal gave a brief overview of information retrieval
in [100]. In [69], Manning et al. gave an introduction of information retrieval, from
traditional Boolean retrieval, document indexing and its compression, to usages
of language model and evaluation in information retrieval. The overlap between
information retrieval and text mining is referred to as text retrieval. Text retrieval
process has a distinction from the general pattern mining process that is it requires
a user query. Upon receiving a user query, Text retrieval system will first retrieving
relevant documents. Then, the system will evaluate the retrieved documents and
either extracting necessary information, or sort the documents according to their
relevant to the query.

Traditional text retrieval method is considered Boolean retrieval method. The
method begins by indexing the document using bag-of-word method to create an
indexed matrix D. D of n x d size where n is the number of documents and d is
the number of indexed words in the dataset. D(i,j) = 1 implies that document ‘"
contains the indexed word . D(i, j) = 0 states otherwise. The search operation for
each query becomes a simple logic operation between column of 0 and 1. Table 2.4
shows the Boolean indexed matrix of the report on movie casts. The “M. Caine AND
K. Watanabe AND NOT(E. Page)” query for a term-document incidence matrix in
Table 2.4 has the Boolean query representation of “1110 AND 1100 AND 0111”.
Hence, the search result in Table 2.4 is 0100.

For text mining, result evaluations vary from one task to another. For example,
in the document retrieval task, we can count how many documents among the top-5
and top-10 rankings are related to the given query [62]. In question and answering
systems, predefined question and answer pairs were tested on the system to see how
many pairs were answered correctly [89]. Lin and Hovy proposed an automated

model to evaluate the summarization system [67]. An automate N-gram based
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Table 2.4: A term-document incidence matrix, where matrix element in
row ¢ and column j is 1 if an actor, or actress, in row ¢ appears in the
movie in column j.

Inception | Batman Begins | The Prestige | Memento
G. Pearce 0 0 0 1
M. Caine 1 1 1 0
K. Watanabe 1 1 0 0
C. Bale 0 1 1 0
E. Page 1 0 0 0

system to measure the quality of machine translation was suggested by Doddington
in [27]. Faloutsos and Oard [32], Raghavan [88] and Crestani et al. [24] provided the
overviews and the brief discussions of the other evaluation methods for text mining.

Text retrieval applications range from the text retrieval systems [81, 96], ex-
tracting information for question answering system [89], to the recent introduction
of trends tracking in Blog community [35]. Text retrieval has been a highly active
research area especially after the creation of the Internet. One conference devoted
for text retrieval is the Text Retrieval conference (TREC) [106]. Since 1992, TREC
has provided various dataset, evaluation techniques and test collections, and work-
shops series to increase collaboration in text retrieval researches. In recent years,
there were numerous interests of text retrieval in electronic media in research labs as
well as those in the industrial. In the industrial world, there are many information
retrieval commercial applications. One of which is the online search engine. From
a simple idea of providing an online search engine using simple indexing method,
to PageRank algorithm, nowadays, search engine such as Google and Yahoo have
become multi-billion dollars businesses [44]. Besides the search engines, applications
such as Google trends [38], Yahoo Buzz [116], BlogPluse [35], etc. are emerging text
retrieval technologies that help users to search for documents whose relevant to a
query are not only the matches between documents and the query, but also the time
in which the documents are published and how many other people appear to be
interested in the same set of documents. Selected current areas of focus, as shown

in list of new TREC Tracks, are the followings [106].

1. Blog Track: Blog track focuses on analyzing the behavior of the bloggers
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especially in how they find their interested information on Blogosphere.

2. Web Track: With the fast expansion rate of Internet, web track aims to im-
prove efficiency and quality in web-specific retrieval tasks from large data

collections.

3. Entity Track: This track is interested in the entity-related search on online
documents, such as the study on the required information for finding a given

entity on the URLs.

2.1.3 Text Mining Applications

So far, we have discussed various existing text mining applications in online
media, sentiment analysis, and information retrieval in operating system. There are
numerous applications which use text mining as their foundation. Here, we present a

selected few of text mining applications which have gained a lot of interests recently.

1. Web: Besides the ongoing research on online search engine, Blog and news
media had attracted a lot of online text mining research projects. Some of the
applications are BlogPulse and Trend Tool. Both BlogPulse and Trend Tool
detect the current top news and/or topic of discussions, also referred to as buzz
or trend, in the blog. Other interesting web application is the automatic text
summarization. In [95], knowledge of internal text structure and extracted
semantic hypertext links, are used to create the summary. In [75], the text

summarization is performed with aid from the paragraph extraction methods.

2. Computer Security: Data mining were applied for computer security purposes
such as intrusion detection, anomaly detection and credit card fraud [25,
53, 103]. Text mining is simply a subset of such work. For example, in
author identification forensic work by Vel et al., text mining was applied to
email content to discriminate between authors [107]. José et al. used text
categorization to detect the intrusion in form of misuses of web applications
[53]. Although the work was performed offline, the results showed that they

could detect intrusion with over 90% success rate [53].
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3. Biomedical: Biomedical is the research area where there are numerous publi-
cations. The number of published articles in a given topic that come out each
month can be so large that one cannot hope to engage all of them. In [21], Co-
hen and Hersh gave a survey of the current works to find efficient and effective
ways to retrieve the information from large digital biomedical text collections.
Some well-known applications in Biomedical are related to extracting informa-
tion from PubMed (see [87]) such as GoPubMed — a document retrieval tools
from almost 19 million analyzed documents using gene ontology and subject

heading [28].

2.2 Sequential Pattern Mining

A common problem in data mining is to mine patterns from the dataset. One
type of the dataset can be considered as a sequential dataset — a set of ordered list
of items. Agrawl and Srikant, also Mannila et al., introduced sequential pattern
mining problem as a data mining task that extracted informative patterns, such as
association rules, from such sequential data sets [2, 68]. In the other words, sequen-
tial pattern mining is a data mining technique that extracts the significant pattern
in the sequential data. A sequence pattern refers to a set of features that occur in
the training dataset, and convey some hidden information. The existing algorithms
and applications automatically decide significant scores based on the provided data
such as search query, or presetting scoring function such as “frequency” [69]. One
of the sequential pattern mining methods is called Apriori algorithm.

Apriori algorithm extracts an association rule from a dataset by first finding an
itemset which satisfies the user specified frequency threshold, also called minimum
frequency or simply “minsup” [3]. If the items appear together more than the min-
sup, the set of these items is called a frequent itemset. Then, the algorithm generates
all possible the association rules from the frequent itemset as follow. For example,
if S ={s1,59,...,5,} is a frequent item set, then the Apriori algorithm deducts all
possible two subset combinations {ss, s3, ..., s} implies sy, {s1, 83, ..., sk} implies
Sg, etc. The outline of Apriori algorithm from [3] is shown in algorithm 1. Note that,

if there is a hierarchical structure in a set of item, a hidden associate rule can also
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Algorithm 1 Apiori Algorithm: Below is the overview of the Apiori algorithm
Input: Database D and minimum frequency MZN SUP

Output: Frequent sets F

. F1 = item set of size 1 that occurs in D at least MINSUP times
1=2

while F;_; # ()

C; = All candidate itemsets generated by joining F;_1 with itself
for candidate c € C;

if ¢ occurs at least MINSUP times in D then

Fi=FUc

F=FUF

1++

end while

[y
<

be extracted. For example, if the current data is the records of checked out items at
a super market, such as {Pepsi, Lay potato chips}, {Coke, Lay potato chips}. If we
consider, Pepsi and Coke as types of soda, then one possible pattern is the hidden
association rule of checked out items of {soda} implies {Lay potato chips}.

Text document can also be viewed as a sequence of items. If we consider a
document of length n, d = wy,ws,...,w,, where w; is the word at position *" of
d, then d is simple an ordered list of words — a sequence. The significance of a
sequential pattern depends on users and applications. The concept of sequential
pattern in text mining has been around for sometimes. Omne of the well-known
language models using sequential pattern is N-gram model. As mentioned earlier in
this chapter, N-gram refers to the ordered words of length N. The N-gram model
uses the previous N — 1 words to predict the next word. According to [54], the N-
gram model has two important behaviors: the N-gram model relies on its training
corpus, and the accuracy of N-gram model increases as the value of N increases.
Thus, the n-gram model is simply a fixed length pattern, whose significant depends
on the underlying probabilistic model corresponding to each training corpus. N-
gram is a simple yet powerful language model as shown in topic discovery in text
retrieval related task [109]. In [83, 27], N-gram was introduced as a language model
and used to assist in an automatic evaluation model using BLEU/NIST scoring
process.

In [89], a sequential pattern composed of mixed of words and abstracted notion
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are used to extract information from the documents. The pattern, referred to as
surface text pattern, can be a particular order of word such as < X > “was born
on” < D1 >, and < X > “died on” < D2 > where {< X >, < D1 >} and
{< X >, < D2 >} are the hidden birth and death dates information we would like
to extract from the document. The significant of a surface text pattern in question
and answering system are defined by the similarity of the input query to that of
the existing pattern. For example, if we want to search for the birth date of Albert
Einstein, the pattern {< X >, < D1 >} from < X > “was born on” < D1 > is
more significant to us than < X > “died on” < D2 >. In [63], a sequential pattern
of arbitrary length with approximated match was traced across documents in news
to documents in blog posts to study the information flow between news media and
bloggers.

As we shown the common key benefits of a sequential pattern based text
mining approach in Chapter 1, we now show the disadvantages of the model which

uses sequential pattern:

e The feature space of sequential pattern is large. For example, if a word feature
space of one dataset is of size N, then a bigram feature space of the same

dataset can be as large as N2

e The complexity of a sequential pattern feature based model is much larger

than that of a single-word feature based model.

e The computation cost of a sequential pattern feature based model is often high

such that online application is not always possible.

Thus, we must be careful when use sequential pattern mining for text mining appli-
cations. If the performance of the model using sequential pattern features improves
only a little over that of word features, but the computational cost is more than

triple, then sequential pattern mining is not likely the answer.
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2.3 Concepts of Burstiness in Text Mining and Related
Works

The usages of words and phrases change over time. Certain words or phrases
may be used to explain or refer to different information over time. For example,
the phrases containing “president” and “obama” before and after 2008 are likely to
have different meanings. The pattern “president, 1, obama” is likely to be found
in the documents created in the period after 2008 rather than in those from before
2008. In previous chapter, we considered the documents as a single set. In electronic
documents, one of the meta-data of the electronic document is its time of creation.
Thus, one possible view of the set of documents is in sequence of the creation time
of the documents. In such text stream, bursty interval can be defined as a period
when a given term appears more frequently than its global frequency [62]. In turn,
the detection of bursty interval is referred to as burst detection.

In information retrieval, on-line information and text mining areas, the same
ideas can be seen in the studies of temporal dynamics of text stream [60]. One
aspect of such study discussed in [60] was the concept of the burst of term or
query in sequential data sets. In [108], Vlachos et al. used information gained
from compressed representations of periodic data to detect peaks of online search
queries. The S2, a similarity tool, allows user to detect burst detection and find the
best-k periods of similarity queries from query database [108]. In [110], Wang et
al. proposed the coordinated mixture model to detect the “correlated bursty topic
patterns” from document sequences. Their mixture model can detect correlation
between two patterns from two completely different languages such as English vs.
Chinese. In [62], Lappas et al. introduced a “burstiness-aware search framework”
as integrate the burstiness concepts with the document ranking and indexing of
documents. In which, burstiness of a term in text streams are broadly defined as
the measurement of how a term’s occurrence in a given time frame varies from its
expectation value. In language modeling context [98, 20], “burstiness” was used to
explain the functionality of the event where a word appeared more than once in a
document.

In [60], the bursty region of a given term was detected using a two-state finite
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Figure 2.3: Two-state finite machine to detect the bursty period of a
given term in the data collection.

machine as shown in Figure 2.3. The first state of the finite machine, ), is the state
of low occurrence of a given term. The other state, ()5 is the state of high occurrence
of the term. T, and T} are the transition functions, such that if the occurrence rises
and falls to certain thresholds the state transition is made. Finally, the period of
time in state ()9 is considered bursty period.

In [62], the numerical discrepancy was used to described such value as seen in

the following equation.

di:tedi,Vie[l:r]] len([l:r])
|dj ZtEdj7Vj‘ m

B(t,[l:7]) = ( ) (2.3)
where ¢ is the interested term, or word, [l : 7] is the time period, d; is the document
containing term ¢ in [l : 7], d; is the document containing term ¢ in the dataset,
len([l : r]) is the length of [I : 7], and m is the total time steps. We can deduce from
Equation 2.3 that the burstiness’ range is [—1,1]. Using this range, Lappas et al.
found the burstiness region of a given query using the maximization method called

“max burst” [62].



38

The study of the bursty of a term often focuses in the global view. However,
in [63], a statistical model was introduced to study the burstiness of topics and short
phrases in online news and blog datasets. The model focused on the level of bursty
around the peak region of a given phrase. The peak of a given phrase often had a
fast rising and a slightly slower fall. The phrase also exhibited a lasting impression
much longer after the peak than the time of the initial report in the news to its peak
of discussion.

The concepts of burstiness have been studied in various areas. In signal pro-
cessing, a burst in data is referred to as a spike in signal, where spike detection
methods detect the sudden change of signals. In [79], Nenadic and Burdick pro-
posed a novel method for spike detection using the continuous wavelet transform.
In [12], the wavelet transformation based methods were used for automated spike
detection of renal sympathetic nerve activity in mouse. Previous study of using
waveforms for spike detection in neural activity can also be seen in [64]. In data
mining, [7] provided a detailed summary of the abrupt changes detection in data.
In [25], Curry et al. introduced the change detection using cubes of models that de-
tects changes in large data sets and discussed various issues in developing a change

detection system.



CHAPTER 3

Recursive Data Mining

3.1 Introduction

The general assumption of Naive Bayes is that each feature is independent of
each other. The empirical results showed that Naive Bayes worked well in many
data sets even if they did not satisfy this assumption [74]. In natural language,
two words in the same paragraph are less likely to be dependent on each other
than two words in the same sentence. Thus, the naive assumption on word features
is not always true. Moreover, given a certain structure of the document and a
given selected sequence of words in the beginning, human can make a reasonable
guess of which type of words would follow. For example, if the document start
off with “to whom it may”, we can guess that it would follow by “concern”. The
language model based using naive assumption on word features is unlikely to make
the correct guess. The language model based on sequential patterns such as N-gram
can probably give the word “concern” as one of the most likely word to follow. The
empirical results showed that N-gram language model also worked well in various
problem settings [84, 58]. However, language model with limited length of patterns
such as N-gram language model is likely to fail to guess that “sincerely” and “best
regards” are likely to appear toward the end of the document. In this chapter,
we present “Recursive Data Mining” (RDM) framework for discovering statistically
significant sequence patterns from a stream of data using its hierarchical structure.

RDM extracts “significant” patterns from the sequence of inputs in three main
steps: (i) it abstractly represents each phrase with a unique id, (ii) it outputs a
rewritten sequence and remove any word of a sequence deemed ‘“noisy”, (iii) it re-
cursively works on the rewritten sequence again until no more pattern can be found.
Detail descriptions of these steps are explained in section 3.3. RDM framework in-

corporates the ideas of the naive assumption when we go from one level to the next as

Portions of this chapter previously appeared as: V. Chaoji, A. Hoonlor, and B.K. Szymanski,
“Recursive data mining for role identification in electronic communications,” International Journal
of Hybrid Information Systems, vol. 7, pp. 89-100, Apr. 2010.
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follow. If a token occurs frequently together with another, they both will become a
part of the higher level token. Hence, if there are dependencies between occurrences
of tokens at one level, they would disappear at the higher level. Consequently, at
the highest level of RDM processing, occurrences of tokens are independent of each
other by definition will work very well at that level. Without the naive assumption
on word, classifiers based on RDM framework are expected to perform better than
the Naive Bayes classifier.

The hierarchical nature of RDM enables us to capture patterns at various levels
of abstractions. Moreover, it allows us to remove noisy symbols from the stream as
we move from a lower level to a higher level in the hierarchy. This ultimately leads
to discovery of “long range patterns” that are separated by long noisy intermediate
segments, such as “to whom it may concern ... sincerely”. RDM framework allows
arbitrary size patterns and approximate (similar) patterns to be discovered. It uses
statistical techniques, such as log likelihood ratio tests, information gain and mutual
information methods, for identifying significant patterns. Techniques such as part
of speech tagging, word clustering and synonym dictionaries can augment RDM.
RDM is developed to find significant sequential patterns in a stream of text such
as email, blog or chat-room session. However, RDM can be applied to any data
possessing a sequential order (time series data, genome data, etc.).

Our work shares with [80] and [101] an assumption that the underlying struc-
ture in languages can be learned in a hierarchical manner. In [80], the authors
extracted a hierarchical nested structure by substituting grammar for repeated oc-
currences of segments of tokens. Similarly, in [101], the authors presented a data
independent hierarchical method for inferring significant rules present in natural
languages and in gene products. Our efforts differ in that we provide certain flex-
ibility in the patterns found by allowing gaps. This enables us to work with much
smaller datasets as compared to [101]. In recent works [18] and [122], the frequent
mining was modified to obtain useful patterns which are used for classification in
various domains.

To illustrate RDM framework, we applied RDM on a special form of text

categorization task called role identification — an extension to author identification
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problem. Within realistic human interactions, typically the nature of the interaction
is governed by the relationship between the entities involved in the interaction. For
instance, the manner in which a person communicates with her superior is usually
different from the way in which she communicated with her subordinate. This
implies that each entity can assume multiple roles over a range of interactions. As
a result, the task of identifying the role an entity plays in an interaction is more
complex as compared with authorship assessment. To effectively deal with the
role identification problem, we used RDM as a generic feature extraction. RDM
obtained sequential patterns and used them as features for role identification task.
We focused our task to patterns extraction from electronic mail. Specifically, we
experimented on the Enron dataset which was introduced in [61] as a benchmark
for email classification. The extracted patterns were subsequently used to build
a classifier. The features obtained from the Enron dataset were used to identify
the organizational role (e.g., manager, president, secretary, etc.) of the sender of
an email. Potential applications of our approach include analysis of groups on the
Internet for which the network structure is not clear or not explicitly defined and,
in some cases intentionally obstructed or hidden by the group members. Identifying
the leaders and followers in such informal groups is of great value for social sciences,
network science and security.

The rest of the chapter is organized as follows. We establish a set of symbols
used in this chapter in the next section. Section 3.3 contains a detailed description
of our methodology. We discuss how RDM framework can be applied for text cate-
gorization task in Section 3.4. The experimental results are presented in Section 3.5,

while Section 3.6 offers conclusions.

3.2 Preliminaries

Consider a set of sequences, denoted as S€Q. Each sequence consists of a series
of tokens from a set 7. Thus, a sequence S € SEQ of length n can be represented
as ti,ta, ..., t,, where t; € T. Depending on the application, a token may represent
a different entity. For instance, in the domain of text documents, a token can either

represent a character or a word and a sequence S would then correspond to the whole
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document. For stock market data, each token could represent a numeric value (price
and volume) while the sequence would represent the entire time series of purchases
(or sales) of a certain stock. A special token, called the gap token, corresponds
to a blank entry and is represented by the symbol L. The gap token mimics the
".” character in regular expressions - it can be matched with any other token. A
sequence pattern P is an ordered sequence of tokens from 7 U{L}. Formally, P can
be denoted as {s; : s1,5p) € T As; € TU{L},j=2...1(P) — 1}, where i is the
index of a token in the sequence and [(P) is the length of the pattern P. It should
be noted that the first and last tokens are never the gap token. This restriction is
useful for combining contiguous patterns.

Two patterns are said to have an exact match if they consist of the same se-
quence of tokens. Given a similarity function, sim(Py, Py) a similarity score between
0 and 1 is assigned to each pair of patterns. Exact matching restricts the similarity
score to binary values - sim(Py, P2) = 1 if P; = P, 0 otherwise. The presence of
a gap token in a sequence pattern relaxes the exact match constraint, allowing it
to match a wider set of patterns with sim(Py,P2) € [0,1]. A match with similarity
score greater than o € (0,1) is called a wvalid match. The set Mp is the set of
valid matches for a pattern P. A pattern P of length [ and g gaps is termed as a
(I, 9) — pattern. If P has a match at index ¢ in sequence S, then it belongs to the
set of patterns S;(l, g)-patterns. The set of patterns S;(I), given by the expression

maxr_gap
U

Si(l, g) represents all patterns of length [ starting at index i in S. maz_gap,
as the name indicates, is the maximum number of gaps allowed in a pattern. In the
rest of the chapter, the term pattern would always imply a sequence pattern and

terms pattern and feature would be used interchangeably, unless stated otherwise.

3.3 Recursive Data Mining

Recursive Data Mining (RDM) is an approach for discovering features from
sequences of tokens. Given a set of sequences as input, the algorithm processes
the input sequences using some predefined methods, such as stop words, stemming
and /or some user-defined conditions such as ignoring terms that start with 0, or con-

sidering portion of sequence AT'CT and TAC'T as a gap. The processed sequence is
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used as the initial sequence for the first iteration in the iterative step of RDM. In the
first iteration, the algorithm captures statistically significant patterns from the ini-
tial sequences. The obtained patterns are assigned new tokens. The initial sequences
are re-written by collapsing each sequence pattern to its newly assigned token, and
removing the “noisy” tokens from the sequence. Next, the algorithm operates on
the re-written sequences continues to iterate through the pattern generation and
sequence re-writing steps until either the sequences cannot be re-written further or
a predefined number of iterations is reached. Each generation of sequences in the
above process is termed a level, with the initial set of sequences called level(0)
sequences, and denoted as S€Q,. The patterns obtained at each level form a set
of features. The term “recursive” in the name refers to this iterative step that ob-
tains the next level by operating on the current level. In the RDM process, we claim
that the recursive (hierarchical) processing of the data captures distinctive features
at varying levels of abstraction. Intuitively, at lower levels the patterns obtained
are more specific, resulting in a smaller set of valid matches (M). At higher levels,
the patterns are more general, resulting is a larger M set. On the other hand, with

increasing levels, the number of patterns found decreases monotonically.

3.3.1 General Framework

In this section we present the details framework of an RDM based classifier.
RDM starts with pre-processing, pattern generation, and follows by pattern selection
through the pattern significance assessment step. Out of the significant patterns,
the dominant patterns form the feature set for a level. The overall RDM process is
outlined in Algorithm 2. The input is a set of sequences S€ Q;ppui. The preprocessing
step applies the user’s predefined preprocessing algorithm to S€ Q;y,p,r and generates
SEQ for the iterative procedure. The set of sequences for level (i 4 () is generated
from the sequences in level ¢ and the set of dominant patterns D. P4 and Psia
represent the sets of all patterns and significant patterns respectively. Dominant
patterns (denoted by D) for a level are obtained from the get_domi_patterns method.
The union of dominant patterns at each level is collected in £. Below, we describe

each process in detail.
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Algorithm 2 Recursive Data Mining

Input: Set of sequences SE Qinput

Output: Sets of patterns (features) £, one for each level
1: SEQ, = preprocessing(SE Qinput)

2: L= {}, 1=20

3: repeat

4: if 1 > 0 then

5. SEQ; = make_next level(SEQ,;—1,D) // Level(i)
6: end

7. Papr = pattern_generation(SEQ;)

8:  Psig = sig_patterns(SEQ;, Parr)

9: D = get_domi_patterns(SEQ;, Psic)

10:. L=LUD

11:  i++

12: until D == @ V i == max_level
13: return £

3.3.2 Preprocessing

The preprocessing step of RDM prepares the input sequence, SE Qs for
the first iteration step in the iterative process of RDM. There are two parts in
the preprocessing step: (i) the sequence manipulating step, and (ii) the sequence
encoding step. Neither of the two parts is required to perform on the input sequence
prior to running RDM iterative steps. However, both parts are beneficial in their
own ways.

During the sequence manipulating process, the user may manipulate an in-
put sequence by using such well-known methods as stop words and stemming to
remove the irrelevant terms from the input sequence. In addition, the user can
incorporate the domain knowledge by providing regular expressions and their cor-
responding identification number. All tokens that match the regular expressions
will be presented as one single entity. For example, in the sequences extracted from
text documents, the user may consider that different dates do not provide any in-
formation toward the user’s intended task. Hence, the user can provide a regular
expression for all date strings and a corresponding identification number to repre-
sent all dates. Furthermore, the user can consider the sequence at a finer or coarser
level. For example, in a text, the user may decide to use the sequence of characters

instead of words as the input sequence.
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Word clustering, a method that clusters similar words together into the same
group, can also be applied in this step. By using cluster of words instead of a
single word as feature, we can reduce the feature space size in text categorization.
WordNet, a lexical database, clusters English words with the same synonym into
the same group [33]. Other proposals of word clustering methodologies use various
similarity measurements between two words. In [6], two words were similar if their
class distributions were similar. Various other similarity measurements were used in
word clustering [65]. For example, words are put into the same predefined group of
documents if they appear together in the same document in at least 200 documents.
Both [6] and [65] illustrated that features based on word clustering could reduce
the sparseness of text categorization tasks, while the learned classifiers retained the
same level of performance as those of word features. An example of manipulating
input sequence in RDM framework can be seen in section 3.5.3.

The sequence encoding process simply encodes SEQ;ypy into numerical for-
mat. First, the sequence encoding process assigns a unique identification number
to each unique term in the input sequence. Next, it replaces all terms in all input
sequences with their corresponding identification numbers. The replaced sequence
is the initial sequence, S€Qy shown in algorithm 2. Even without the user input
in the sequence manipulating process, the sequence encoding process is useful for
RDM. Since the sequence of number also take up lesser space to store than the word
sequence, or the protein sequence, RDM can handle the numerical sequence more

efficiently than other type of sequences.

3.3.3 Pattern Generation

A sliding window of length [, moves over S€Q, (v = 0 initially). At each
position p of the window, all possible (1,,, max_gap)—sequence patterns are generated.
The number of generated patterns equals the number of combinations of tokens
covered by the window along with the gap token. A bounded hash keeps count of
the number of occurrences of each pattern at level v, as the sliding window moves
over S£Q,. This forms the first pass over sequence S€Q,. Figure 3.1 shows the

patterns generated at position 1 and 2 of the sequence.
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ACGTTG
A_GTTG
AC_TTG

ACG_TG .
acere  Jalcfelr[r[c[cle[T]c[afalT]c]q]

CGTTGC
c_TT6C
cG_TTG
ceT_GC

[alc]a]r]T]a]c|c]T]a]alalT]c]a] CGTT_C

e CGTTG_
c_TGe

ACGTT_
A_TTG
A_G_TG

Figure 3.1: Pattern Generation Step. (I, = 6, max_gap = 2)

3.3.4 Pattern Significance

The number of (I, max_gap)-patterns uncovered in the sequences is generally
large. Many of those patterns are either very specific to a certain sequence or
insignificant because they contain commonly occurring tokens. In either case, they
are ineffective in capturing any stylistic attributes while adding to the computation
cost of the algorithm. The “usefulness” of a pattern is computed using a statistical
significance test. Applying the significance test to the set of patterns Py gives us
a smaller set of significant patterns, Psig. Patterns that are deemed insignificant
are eliminated from further consideration. RDM framework does not require the
user to use any specific significance test to operate. The user can specify which
significance test determines the pattern usefulness to its intended task.

In the area of Pattern Mining, various significance tests for sequence patterns
have been proposed. Permutation test [36] provides a simple approach for compar-
ing the observed occurrences of a pattern with the number of likely occurrences over
a random sequence. The practical application of this method requires generating
a large number of random permutations of the input sequence and computing the
statistics on the random permutations. If the input sequence is long this operation
can be computationally very expensive. Karlin et al. [55, 56] proposed many sig-
nificance tests for identifying relevant regions in protein sequences. Their approach
relied on assigning scores to the tokens such that the sum of the expected scores
for all the tokens was negative. Such conditions are easier to find for biological
sequences as compared to text documents. In this section, we introduce five simple

statistical significance tests: Chi-square test, Document Frequency test, Information
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Gain test, Mutual Information test, and Unigram test.

3.3.4.1 Chi-square Test

The chi-square statistic, x2, of two random variables indicates whether their
distributions are different or not. The x? of (A, B), or Chi(A, B) has a natural
value of zero if random variables A and B are independent. Following [118], we can
define the chi-square score between class ¢; and P, Chi(P,¢;), using the two-way

contingency table as

NWZ —YX)?

Chi(P,c;) = (W+YNX+2)(W+X)Y +2)

(3.1)

where W is the number of SEQ € ¢; that contains P, X is the number of SEQ € ¢;
that contains P, Y is the number of S€Q € ¢; that does not contain P, Z is the
number of SEQ € ¢; that does not contain P, and N is the total number of sequence.

In feature selection, as suggested by [118], we can measure the usefulness of a
term by averaging the scores of a term across all predefined categories. We adopt

that idea and define the Chi-square score of P as

Chi(P) =Y p(e;)Chi(P, c;) (3.2)
i=1
From Equation 3.2, we define Chi-square test as follow. For a pattern P, P is

significant if Chi(P) > K, where K is a user-defined constant.

3.3.4.2 Document Frequency Test

In text categorization, the document frequency of a word, DF(w), is the num-
ber of documents in the training corpus that contains w. Let us consider a training
corpus of 10,000 documents. If there is only one document that contain a word, w,
then the chance of seeing w in a future document is 0.0001. Following the above
example, document frequency is applied as a feature selection methodology which
considers words that less likely to appear in the future document as insignificant.
Feature selection based on document frequency considers a feature, F', as relevant

feature if DF(F') > x where x is a user-define threshold. We adopt the idea for the
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significance test as follow. For a pattern P, P is significant if DF(P) > K, where

K is a user-defined constant.

3.3.4.3 Information Gain Test

The machine learning community widely uses information gain for feature
selection. Given that we have information regarding the value of a feature, F,
Information gain of F', IG(F), is the changes in information entropy from applying

the known value of F' to the current classification model [74]. In term of a pattern,

P, IG(P) is defined as

m m

IG(P) = Z —p(Ci)lC’mp(Ci) +p(P = 1) ZP(CJP B 1)l092p(0i|73 = 1) (3-3)

+ p(P=0))_ p(a[P = 0)logap(ci| P = 0)
i=1
where p(¢;) is the probability that SEQ belongs to class ¢;, P = 1 refers to an event
that P appears in SEQ, P = 0 implies otherwise. Similar to Document frequency
test, we define Information gain test as follow. For a pattern P, P is significant if

IG(P) > K, where K is a user-defined constant.

3.3.4.4 Mutual Information Test
Given two random variables, their Mutual information refers to the level of
mutual dependence between them. In [74], the mutual information, MI(A, B),

where A and B are two random variables, is defined as

p(a,b)
MI(A,B) => > pla,b)log—~—~ (3.4)
i p(a)p(b)
If A and B are independent, then M (A, B) has a natural value of zero.
Similar to Chi-square score, we redefine the Chi-square score of a pattern P

as
m

MI(P) =3 ple) MI(P,c;) (3.5)

i=1

From Equation 3.5, we define Mutual information test as follow. For a pattern P,
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P is significant if MI(P) > K, where K is a user-defined constant.

3.3.4.5 Unigram Test

The assumption of unigram model is that if a pattern has a chance to appear
more than a random sequence of tokens of the same length, then the pattern is
significant. Recall that the set of unique tokens appearing in a set of sequences
SEQ is denoted by T. The frequency of a token t; appearing in SEQ will be
denoted by fi,. So the probability of token t; over SEQ is P(t;), where

Jt;
P(t;) = —+— (3.6)
ZL@l ftj
For a pattern P of length [,, the probabilities of tokens appearing in the pattern

can be represented as a vector (ps,, ps,,---,Py, ). Recall that a gap is represented

by a special token L. The probability of pattern P is thus given by the expression

P(P) = P(RVi=t,RVy=ty,---,RVi, =1;,) (3.7)

= p(ty)pts [ t1)---p(ts, | t,--t1,-1)

where RV is a random variable for token ¢;. Assuming that the words appear
independent of each other (this assumption is just for the purpose of measuring
pattern significance, because if they are not, frequently co-appearing words will
eventually be merged into a single token at the higher level of RDM abstraction),

just the marginal probabilities for the words need to be computed, resulting in

P(P) =[] . (3.5)

The probability of a gap token, denoted as e, is a user defined constant (see 3.3.5
for details). The probability of occurrence of P under the independent appearance

assumption (random model) is given by

Pp(P) = P(RVi =t,, RVy = ty,---, RV}, = 1;,,) (3.9)
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Since under the random model each token is equally likely to appear, the above

expression simplifies to

1\
Pr(P) = (=) (3.10)
| T |
The ratio F;,R(g))) is used to determine significance of the pattern. If the above ratio is

smaller than 1, then the pattern is considered significant, otherwise it is considered
insignificant. The ratio indicates the likelihood of pattern occurrence under the ran-
dom model as compared to its occurrence under the unknown observed distribution.
This is similar in essence to the log-likelihood ratio test, with null hypothesis (Hp),
that the observed distribution is similar to the random distribution. The alternate

hypothesis H; states otherwise. The log-likelihood ratio is given by the expression

LRT = —2l0ge<§i—égg) (3.11)

where Lg(0) is the likelihood function under the random model and Lo(#) is the
likelihood for the observed distribution. Hj is a special case of Hy, since it has fewer
parameters (captured by 6) as compared to the more general alternate hypothesis.
In practice, computational cost of the pattern generation step can be reduced by
checking whether a sequence of tokens in the current window have the ratio of P;,R(—gf))
smaller than 1 or not. If not, then we can conclude that no pattern generated from

this window is significant.

3.3.5 Dominant Patterns

After the significant patterns at level v are determined, a second pass is made
over the sequence of tokens S,. At each position in the sequence, the tokens in the
significant patterns are matched against the tokens in the sequence. The matching
score is defined as the conditional probability of a match given two symbols, i.e., if
P[i] and S,[j] are the same then the conditional probability of a match is 1. On the
other hand, if P[i] = L then the conditional probability is e. The matching score
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Figure 3.2: Sequence Re-writing Step
can be computed as follows:

1 if Pli] = S,[j]
score(Pli], Sy[j]) = ¢ € if Pli] =L,e<1 (3.12)

0 otherwise

where P[i] is the i'" token of the pattern and j is the corresponding index over
sequence S. € is intended to capture the notion that a L symbol is not as good as
an exact match but much better than a mismatch. The value of € is user defined,
which is set to 0.95 in our experiments to favor a match with the gap token. The

total score for a pattern, starting at index j in S, is given by

score(P, S,[j Z score(Pli], Sy[7 + 1]). (3.13)

The pattern that has the highest score starting at location j in the input sequence
is termed as the dominant pattern starting at position j. In other words, this is a
pattern x defined by the expression argmax,.g score(x, Sy[j]). The term dominant
pattern reflects the fact that this pattern dominates over all other significant patterns
for this position in the sequence. Two dominant patterns that are placed in tandem
can be merged to form longer dominant patterns. The merging process is continued
till no further dominant patterns can be merged. An example of the merging process

is shown in Figure 3.2. A new token is assigned to each dominant pattern. During
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this second pass of the sequence at level v, the sequence for level v+ 1 is generated.
The sequence corresponding to a dominant pattern is replaced by the new token
for this dominant pattern. When a dominant pattern is not found at position j,
the original token is copied from sequence S, to the new sequence S,.;. Figure 3.2

illustrates this step.

Pattern | Count
> 6N | 2
UNII0 1

v

r 1

]| [N s N o] | Levet-thet) sequene

Figure 3.3: Removing Noisy Tokens for Long Range Patterns

As the RDM algorithm generates subsequent levels, certain tokens get carried
over from lower levels without participating in any dominant patterns at higher
levels. Such tokens are termed “noisy” for the following reasons. First, they do not
contribute to any patterns at these levels. Second, they obstruct the discovery of
patterns that are separated by a long sequence of noisy tokens. Patterns separated
by noisy tokens are called long range patterns. These long range patterns can be
captured only if the noisy tokens lying in between them can be collapsed. As a result,
at each level, we collapse contiguous sequence of tokens that have not resulted in new
dominant patterns for the last k levels, into a special noise token. k is selected using
the tuning dataset (see Section 3.5). Figure 3.3 illustrates the process of collapsing
noise tokens into a single special token N. Once the noise tokens are collapsed,
distant tokens can now fall within the same window, leading to more patterns being
discovered at higher levels. The set of dominant patterns D, for level v form the
features for this level. This iterative process of deriving level v + 1 sequence from
level v sequence is carried on till no further dominant patterns are found or v + 1

has reached a user predefined maximum value. The sets of features extracted are
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utilized by an ensemble of classifiers.

3.3.6 Settings parameters for RDM
We have designed RDM as the general model for all sequential pattern mining.
The expressive power of RDM is defined by its parameter settings. The following

list summarizes the RDM parameters.

1. Window size is the size of the sliding window, which defines the maximum

length of generated pattern.

2. Number of gaps specifies the degree of approximated match between a pat-

tern and an input sequence.

3. Significance test is used to identify significant patterns. As mentioned in

section 3.3.4, different tests yield different sets of significance patterns.

4. Dominant pattern matching matrix defines matching function and its

scoring matrix. Different functions result in different dominant patterns.

5. Feature item must be defined to distinguish which tokens are to be considered
features. If all generated patterns are denoted as features, then the classifier
at each level of RDM is equivalent to a specific N-gram model, depending on
the size of the window. If the window size is one, then all generated patterns
are simply the tokens in the training data set. Hence, the classifier based on
such feature implements a unigram model. If one chooses significant patterns
as features, then the classifier at each level of RDM is simply a specific N-gram
model with feature selection method depending on the size of the window and

the significant tests.

6. A learning method must be provided so that a classifier can be created at

each level of iteration.
7. Other parameters are termination conditions (maximum number of it-
eration), noise token settings, and confidence values of classifiers.

In section 3.5, we illustrate how many of these choices affect the performance of

RDM.
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3.4 Recursive Data Mining for Text Categorization

In supervised learning setting, we can consider it as a two-phase problem: the
training phase and the testing phase. In the training phase, we train a model based
on the labeled training dataset. In the testing phase, we apply the learned model

on the testing dataset for evaluation.

3.4.1 Training Phase

For RDM framework, the training phase involves using dominant patterns
generated at each level to construct an ensemble of classifiers (Cy,Ca, -+, Crnaz_tevel )
one for each level. By choosing the dominant patterns as features, we select the
most relevant patterns, as well as filter out insignificant patterns, as features. The
classifiers can be created using any machine learning method, such as Naive Bayes
or Support Vector Machine. Given a set of text documents SEQ;,, along with the
labels 1,75, -+, 7, of all possible classes, dominant patterns are generated for each
document starting at level 0 up to level max_level. The union of all tokens in T
and dominant patterns at a level v across all documents in S€Q;, forms the set of
feature for classifier C,. For the ensemble of classifiers, the final prediction value is
the weighted sum of the class prediction of individual classifier. Each classifier is
assigned a weight that reflects the confidence of the classifier. In order to determine
this confidence value, the set S€Q;, is further split into a training set S€ Q¢ and
a tuning set. Each classifier in the ensemble trains its model based on S€Q,,c.,. The
accuracy of the classifier on the tuning set determines the confidence of classifier C;
as

accuracy(C;)

conf(C;) = . (3.14)

Z;n:af levels accuracy(C;)

3.4.2 Testing Phase

After the training phase discovers features from the training data, the testing
phase finds occurrences of those features in the test data. The testing phase as such
follows the training phase in terms of preprocessing and level by level operating
strategy. If a dominant pattern X was discovered at level(Y') during the training

phase, then it can be only applied to level(Y') in the testing phase. Initially, the
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frequencies of tokens and level(0) dominant patterns are counted over the level(0)
test sequence. This vector of frequencies forms the feature vector at level(0). Then,
the next level sequence is generated by substituting the token of the best matching
pattern at every position in the level(0) test sequence. It should be noted that
if the best match has a score below the user defined threshold then the token at
level(0) is carried over to level(1). Now the occurrences of the dominant patterns at
level(1) are counted over level(1) test sequence. This process continues till all levels
of dominant patterns are exhausted. Each classifier in the ensemble classifies the
test data and the final prediction value is assigned based on the following weighing

scheme:
mazx_levels

P(Clz)= Y conf(C;)xPc(C |z (3.15)

i=1
where z is a test sequence and Pe, (C' | x) is the prediction value assigned by classifier

Ci.

3.5 Experiments and Results

There are four sets of experiments presented in section 3.5.2, section 3.5.3,
section 3.5.4, and section 3.5.5. For the first set of experiments, we studied the
effects of various significance tests on RDM. We experimented with unigram test,
document frequency test, information gain test, mutual information test, and chi-
square test (described in section 3.3.4). The second set of experiments was designed
to illustrate that semantic tool such as part-of-speech tagging and word clustering
could improve the performance of RDM on role identification tasks. Within the same
task, we also showed that RDM could take various abstraction levels of sequence
input, such as sequence of characters from text document. We used JTextPro for
part-of-speech tagging [85]. We adopted distributional clustering method in [6] for
word clustering. In addition, we provided a word clustering based on frequency as
a baseline comparison. For the first and section set of experiments, we used RDM
with NB and RDM with SVM on the role identification task.

In the third set of experiments, we used RDM to extract the pattern of or-

dered words for the role identification task. We showed that classifiers based on
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RDM performed better than comparable classifiers such as Naive Bayes (NB), Sup-
port Vector Machines (SVM) and Predictive Association Rule based (CPAR [120],
which, authors claimed, combines the advantages of associative and traditional rule-
based classifiers). Support Vector Machines based classifiers were shown by [51] to
perform well for text classification tasks. We used SVMLight as the SVM implemen-
tation [50], and IlliMine package for CPAR [120]. RDM did not use any semantic
tools (part-of-speech tagging or synonym groups) in order to extract patterns that
later served as features for the classifiers. As a result, we compared RDM with other
techniques that did not utilize domain or semantic knowledge either. In the last set
of experiments, we studied the effects of the training set sizes and the influence of
the sliding window size on the performance of RDM on role identification tasks. We
focused our attention to RDM with NB and used NB as a base line comparison. A
brief introduction to the Enron dataset used for running the experiments is provided

before the discussion on the experimental setup.

3.5.1 Data Preparation and Experimental Setup

Experiments were performed on the March 2, 2004 version of Enron dataset,
distributed by William Cohen [22]. The dataset was cleaned to eliminate attach-
ments, quoted text and tables from the body of the email messages and header fields
from the email. No effort was made to correct spelling errors or to expand abbrevia-
tions in an attempt to reduce the noise in the data. During the preprocessing steps
for the experiments in section 3.5.4, we applied Porter stemming from the Snowball
Project [86], on the text documents in the input because it improves the overall
performance of all classifiers on the tuning dataset.

For our purpose of identifying roles, employees were partitioned into groups
based on their organizational role in Enron, as suggested in [1]. Only the roles CEO,
Manager, Trader and Vice-president were used in our experiments because a large
number of employees were designated with these roles. Since we were concerned
with identifying roles based on messages sent by employees, we only dealt with the
messages in the Sent folder of each participant. For each of the roles, the total

number of emails is summarized in the first column of Table 3.1 which contains
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all the messages in the Sent folder. The second column Table 3.1 indicates the
number of emails whose words have been tagged with their part-of-speech. All
the experiments were performed on the first set of data in Table 3.1, except for the
experiment in 3.5.3 that required part-of-speech tags. Finally, each word in an email

was considered a token, and each email represented one sequence.

Table 3.1: Dataset for Role Identification task
’ Role \ First set \ Second set ‘

CEO 1260 1092
Manager 1752 1751
Trader 816 816
VP 1643 1494

| Total | 5417 | 5153 |

The RDM algorithm required a few parameters to be set for the classification
model. They included 1) the size of the window, 2) the maximum number of gaps
allowed in the window, 3) the weights assigned to the classifier at each level, 4) the
parameter k used to eliminate noisy tokens. A greedy search over the parameter
space was conducted to determine the best set of parameter values. To compute
the parameter values, the training set was further split into two parts. A classifier
was trained on the larger part, and tuned on the smaller part (called the tuning
set). We classified a token as a noise token if such a token had not been part of any
dominant pattern for the past two iterations. The termination conditions of RDM
were either when no dominant pattern was found, or when the maximum level — 20
iteration step was completed. Dominant patterns were used as features. F-measure,

also called F-score, was used to evaluate performance of the classifiers. For our

2xprecisionxrecall

experiments, F-measure was defined as =E=200=re0
) precision—+recall

For role identification task, we defined the task under two classification set-
tings: binary and multi-class. In the binary classification setting, given a test mes-
sage m, the task is to answer the question “is message m sent by a person with role
r”? where r € R = {CEO, Manager, Trader, Vice-president}. The training set was
divided in such a way that all messages belonging to role r formed the positive class
and all messages belonging to R\r formed the negative class, where R\r denotes

the set difference operation R —r (R minus 7). The second set of results compared
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the performance under the multi-class classification setting, wherein the task was
to answer the question “which is the most likely role, out of roles Ry,...,R,, for
sender of message m?” For NB and RDM with NB, the training data was split into
four groups and probabilities computed for each of the roles. For SVM and RDM

with SVM, four sets of datasets were generated, one each for role (r, R\r) pairs.

3.5.2 Comparative Study of Significance Tests

We performed a comparative study on the effects of unigram test (Uni), docu-
ment frequency test (DF), information gain test (IG), mutual information test (MI),
and chi-square test (Chi) on RDM. For this study, we used RDM with both Naive
Bayes, and SVM as the ensemble classifiers. For DF, IG, MI and Chi, we picked the
significance test threshold such that the patterns with the highest 10% score of each
respective tests were the significant patterns. The results are shown in Table 3.2.

The results showed that unigram and chi-square tests perform best. However, the

Table 3.2: Comparison experiment of five significance tests: Unigram
test (Uni), Document Frequency test (DF), Information Gain test (IG),
Mutual Information test (MI), Chi-Square test (Chi). The F-measure
value in bold font is the highest F-measure of the corresponding role.

. Type of significance test
Role Classifier Uni T DF T IC MT T Chi

RDM-NB | 0.83 | 0.83 | 0.82 | 0.82 | 0.83

CEO RDM-SVM | 0.82 | 0.82 | 0.82 | 0.82 | 0.82
Manager RDM-NB | 091 | 0.91 | 091 | 0.91 | 0.91
RDM-SVM | 0.94 | 0.94 | 0.94 | 0.94 | 0.94
RDM-NB | 0.75 | 0.75 | 0.73 | 0.73 | 0.76

Trader

RDM-SVM | 0.68 | 0.68 | 0.68 | 0.68 | 0.68
RDM-NB | 0.88 | 0.87 | 0.87 | 0.87 | 0.88
RDM-SVM | 0.81 | 0.81 | 0.81 | 0.81 | 0.81

Vice-President

results showed that all five tests performed equally well, because RDM did not take
the level of significant into account. The significant patterns ranking based on all
the tests were different. But, the set of patterns within the top 10% ranking were
rather similar. Thus, they had the same set of significant patterns. Hence, the

resulted dominant patterns were fairly similar across all significance tests.
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3.5.3 Sequence Manipulating Step

In this section, we describe experiments performed to illustrate the power of se-
quence manipulation in the preprocessing step of RDM. We focused the experiments
on input in the form of the text documents to show how the user can manipulate
input sequences of text for text categorization task. For each sequence manipula-
tion, we used RDM-NB and RDM-SVM to construct learning models for binary
classification task explained in 3.5.1. To control the sequence manipulation on the
mentioned topics, we neither performed any stemming nor removed any stop word
in the documents. We used F-measure to evaluate all classifiers. For the significance
test, we used unigram test on all experiments due to its low computational cost and
its good performance on tuning dataset.

There are two experiments described in this section. In the first experiment,
we illustrated how three different levels of abstraction of input sequence affected the
performance of RDM. In the second experiment, we showed the effects of word clus-
tering methods on the RDM performance. We performed three-fold cross-validation
on both set of experiments. However, some email messages were not successfully
tagged by the part-of-speech tagger. The actual dataset used for this second exper-
iment is shown in the second column in Table 3.1.

For the first experiment, we explain below each sequence abstraction that was

applied to the initial sequence in the first iteration level of RDM.

1. Sequence of Characters: A sequence of words is also the sequence of char-
acters. A word is a pattern of characters. In a language that an ordered set
of characters forms a word, many sequences of characters can appear in differ-
ent words. For example, the pattern “U,S,E” can appear in the words “use”,
“useful”, “fuse”, “refuse”, etc. The idea of considering the sentence at the
level of characters is that RDM should be able to pick up patterns of words
from the sequences of characters and use them for the role identification task.
For the sequence of characters, we considered only letters, a space, numerical

and punctuation marks, and ignore all other characters.

2. Sequence of Words: As discussed earlier, the usage of the patterns of words

on text categorization task is not a new idea. We used sequence of words as the
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initial sequence in the previous experiments, where RDM captured patterns
of words and used those significant patterns as features. Hence, we included

the sequence of words in this experiment as a baseline for comparison.

3. Sequence of clustered words: In many languages, different words may have
the same meaning if used in the same context. We can cluster these words
together using various similarity measures such as frequency, class distribution,
or use the semantic knowledge such as part of speech. If we assign each
cluster with a unique identification number, and replace a word in the string
with its cluster identification number, the resulting sequences will consists of
symbols representing clustered words. The number of patterns generated from
such a sequence will be smaller than the total number of patterns generated
from sequence of words. Also, the frequency of such patterns will increase
compared to frequency of patterns of words. In short, we will have fewer but
more frequent patterns. For this experiment, we used the class distribution of
words as a mean for similarity comparison for word clustering. We reduced
the number of distinct tokens in input sequence from 12400 words on average

down to 1000 clusters of words.

The experiment result in Table 3.3 shows the effects of running RDM on
different levels of input sequences in the binary classification task. On the roles of
CEO, Manager and Vice-President, the input of sequence of words performed best.
On the role of Trader, the input of sequence of clustered words performed best. A
feature base on the frequency of a pattern of characters had no relevant information
and did not help with the text categorization task as shown in Table 3.3. On the
input of sequence of characters, the F-measures of RDM-SVM are 0.0 on all roles
because it classifies every document as one class. Even though, RDM-NB did not
classify every document as one class, the accuracies on test datasets were lower than
that of RDM-SVM. For example, in the role of CEO, the accuracy of RDM-NB
model is 0.75 while the accuracy of RDM-SVM model is 0.77. As for the sequence
of clustered words, the F-measures of RDM-NB and RDM-SVM on the sequence of
clustered words were as good as those on the sequence of words. As for the best result

on role of Trader, some examples of the clustered words according to this role were
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{taken, taking}, {yessssssss, laugh, excited}, {ticket, return}, and {due, before}.
Clusters such as {taken, taking} were helpful in increasing the pattern frequency
similar to stemming process. Clusters, such as {ticket, return} and {due, before}
helped detecting patterns such as “return ticket” and “due before”. The downside of
distributional word clustering was that not all clusters displays meaningful grouping,

and some words such as “eat”, “ate” and “eaten” were in different clusters.

Table 3.3: Comparison experiment of three abstraction level of input
sequence: sequence of characters, sequence of words, and sequence of
clustered words. The F-measure value in bold font is the highest F-
measure of the corresponding role.

Sequence of Classifier Binary Classification of Role
CEO | Manager | Trader | Vice-President

Characters RDM-NB | 0.29 0.29 0.35 0.46
RDM-SVM | 0.0 0.0 0.0 0.0
Words RDM-NB | 0.83 0.91 0.75 0.88
RDM-SVM | 0.82 0.94 0.68 0.81
Clustered words RDM-NB | 0.83 0.88 0.75 0.82
RDM-SVM | 0.79 0.89 0.52 0.80

The resulted clusters in general depend on the similarity measurement as well
as the number of clusters specified by the user. The different numbers of clusters
of words directly influence the significant patterns found by RDM. In the second
set of experiments, we ran RDM on the binary classification tasks on the following

similarity measurements with various numbers of clusters.

1. Frequency: Intuitively, words that appear either frequently or infrequently
throughout the training corpus are unlikely to contribute to identifying the role
of a document’s author. However, ignoring them completely can also remove
certain patterns where these words appear. Specifically, given two constants
Fy and Fy where F| > Fy, every term that occurs more than F) times is
clustered in high frequency group, while every term that occurs at most Fj
times is clustered in low frequency group. Every other term with occurrence
frequency in between those two constants belongs to a cluster of its own. By
introducing the clusters of words with high/low frequency, RDM can capture

similar sequences which use these words while limit the irrelevant information
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shown in patterns to minimum. We used this frequency based word clustering

method as a baseline for comparison in this experiment.

2. Part-of-Speech Tagging: In English language, human has an idea of what a
sentence tries to convey even though some words are left out. Part-of-Speech
tagging clusters words with the same part of speech together. For example, in a
sentence “Let us meet at Four Season’s Hotel in New York City on 01/02/03”,
Part-of-Speech tagging version of this sentence is “Let us meet at Noun-Phrase
on DATE”. We can understand that both versions try to set up a meeting.
We adopted this idea and applied Part-of-Speech tagging to the low frequency
words. Specifically, given a constant F', every word that occurs at most £’ times
was clustered according to its part-of-speech tag. Every other word (that is
a word with occurrence frequency above this constant) belonged to a cluster
of its own. Part-of-Speech reduces the sparseness of the generated patterns

while retaining the semantic and syntactic information in each pattern.

3. Word distribution: In [6], distributional clustering clustered two words to-
gether if their distributions on predefined classes were similar. Similar to
RDM, this method does not require external knowledge and is language inde-
pendent. The clustered words approach reduces the number of all generated
patterns and increases their occurrence counts. A sample output of distribu-

tional clustering can be seen in the result discussion of the previous experiment.

The experiment results shown in Figure 3.4 demonstrate the effects of using
the different similarity measurement for word clustering and the impact of different
size of clusters on the quality of patterns found by RDM. The x-axis defines the
number of distinct tokens in SEQ,. It is also the number of word clusters. The
marking on each curve indicates the collected data point. POS stands for part-of-
speech tagging. FR stands for frequency clustering. WC stands for distribution
clustering. RN and RS stand for RDM with NB and RDM with SVM, respectively.
Note that only distribution word clustering allows the user to specifically choose the
numbers of results clustered. POS and Frequency models rely on occurrence count

of each word. Thus, data collection points for all three methods are different. On all
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Figure 3.4: Comparison of three word clustering methods on various size
of clusters for RDM applications on role identifications. WC stands for
distribution clustering, POS stands for part-of-speech tagging and FR
stands for frequency clustering. RN and RS stand for RDM with NB
and RDM with SVM respectively.

roles, distributional clustering improved the performances of RDM with NB as the
number of word clusters decreased. For RDM with SVM, distributional clustering
only improved the performance of RDM on the role of Vice-President. However, on
all other roles the F-measure of RDM with SVM only dropped by at most 0.035.
POS performed well only on the role of trader on RDM with SVM.

3.5.4 Performances of RDM

The extracted patterns from RDM are varied in length - depending on the
dominant patterns. The RDM framework is decided to extend the pattern length
from the given window size if the extended patterns are created from combining two
or more significant patterns. RDM does not extend the pattern if it is statistically

better than a fixed size pattern. However, it has not been empirically proven. We
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Table 3.4: The performances of RDM, Bigram and Trigram models on
binary classification of the role identification tasks. The f-scores are used

as the evaluation means
Role Naive Bayes Models based on Patterns from
Bigram | Trigram RDM
CEO | 0.78 0.6 0.83
Man 0.85 0.71 0.91
Tra 0.58 0.51 0.75
Vic 0.72 0.63 0.88

showed that traditional sequential pattern does not perform well on noisy Enron
dataset. The following experiment compared the RDM-NB against the Naive Bayes
(NB) models generated based on the bigrams and trigrams. We ran the 4-gram
models. However, the 4-gram patterns recovered were too infrequent to be signifi-
cant. Specifically, there are less than 10 4-gram patterns which has the minimum
support of at least 5%. Hence, we did not create the NB model based on 4-gram
patterns. We used unigram test on RDM-NB and low frequency cut off were applied
as feature selection on Naive Bayes models. The 3-fold cross validation experiments
were performed on the binary classification of the role identification tasks of CEQO,
Manager, Traders and Vice-president. The average f-score for each model is shown
in Table 3.4. The results from Table 3.4 showed that the Naive Bayes model based
on the patterns extracted from RDM framework performed better than those based
on bigram and trigram. Moreover, as the length grew, the classifiers performed
worse. Since the Enron dataset is noisy, only small number of significant sequential
patterns was recovered. Since RDM recovered approximated patterns, it can dis-
card noisy tokens. As evidenced by the results, approximated patterns extracted by
RDM performed better than sequential patterns in such a noisy dataset.

To show that the pattern extracted from RDM can help improve the perfor-
mance in role identification task, we also performed the paired t-test for statistical
significance under multi-class classification setting. The paired t-test provides a
hypothesis test of the difference between population means for a pair of random
samples whose differences are approximately normally distributed. Note that a

pair of samples, each of which may not be from a normal distribution, often yields
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differences that are normally distributed. The null hypothesis H, states that the
difference in performance between RDM and the other methods is not significant. In
other words, Hj states that the two methods perform equally well. The alternate hy-
pothesis, states otherwise. Two 20-fold-cross-validation experiments were performed
on the data. In the first 20-fold cross validation experiment, the accuracy results
obtained therein were used for the t-test, where SVM and CPAR were compared
against RDM with SVM (denoted as RDM-SVM and RS), and NB was compared
against RDM with NB (denoted as RDM-NB and RN). For the significance test,
we used unigram test on all experiments due to its low computational cost, and it
performs well on tuning dataset. The results of paired t-test are shown in Table 3.5.
Based on the p-value in Table 3.5 we reject the null hypothesis, indicating a definite
improvement provided by RDM. The confidence interval for the mean difference
shows that the improvement lies between 1.8% and 3% for RDM-NB compared to
NB alone, whereas RDM-SVM when compared to SVM (and CPAR) provides the

improvement between 8% and 10%.

Table 3.5: Results of paired t-test. RN stands for RDM with NB and
RS stands for RDM with SVM

Classifier Pair
RN vs NB \ RS vs SVM \ RS vs CPAR

Mean difference 0.02393 0.08927 0.09329
Std. Dev. of (d) 0.002525 0.00434 0.00535
t-statistic (df=19) 9.48 20.55 17.45
p-value 1.23E-08 1.94E-14 3.74E-13
95% confidence value | (0.019 - 0.029) | (0.082 - 0.098) | (0.082 - 0.105)

In the second 20-fold cross validation experiment, we compared RDM-NB
against NB models which used approximated sequential patterns of length 3 and 4
as features. We limited the number of approximated sequential patterns recovered
using the minimum support, i.e. we ignored all patterns who had less than %
support. % support was determined using the same tuning set prepared for RDM.
The experiment results, shown in Table 3.6, indicated that RDM performed over
30% than approximated sequential patterns.

To further analyze the performance of RDM, we computed the Root Mean
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Table 3.6: Results of paired t-test. RN stands for RDM with NB, NB3
stands for NB model using approximated sequential pattern of length 3,
and NB4 stands for NB model using approximated sequential pattern of
length 4

Classifier Pair
RNvsNB3 | RNvsNB4
Mean difference 0.36 0.36
Std. Dev. of (d) 0.03 0.029
t-statistic (df=19) 53.9 54.58
p-value 1.51e-09 1.50e-09
95% confidence value | (0.3484 - 0.3766) | (0.3496 - 0.3774)

Square Error (RMSE) for NB and RDM with NB. The RMSE is computed using

the expression

et (1 — P(r | Trewt?))?
| ﬁest ’

RMSE(Tiuw) = \/ (3.16)

where Tpes' is the i document in the test set and r = argmax, P(c | Trest’). The
lower the RMSE value, the more confident the classifier is in its prediction. Since
the decision function value from SVMLight could not be converted to an error term,
the plot in Figure 3.5 does not show comparison with SVM. Similarly, CPAR does
not provide any comparable measure. Figure 3.5 shows that RDM with NB is more
confident in its predictions even when the F-measure’s for RDM with NB and NB

might be very close for a certain role.

" Naive Baye‘s [eeveee)
17 Recursive DM
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Figure 3.5: Binary Classification — RMSE Comparison

For the final test we divided each role into two parts based on the users. For
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instance, the folders of Jeff Skillings, David Delainey and John Lavorato form the
CEO group. It should be noted that a CEO of Enron subsidiaries was also considered
as an Enron CEO for our experiments. The first part, namely training set, contains
messages from John Lavorato, David Delainey while messages from Jeff Skillings
form the second part (test set). An RDM based classifier is trained using messages
in the first part and tested on messages in the second part. In this experiment we
analyze the performance of the classifier for a member whose messages are not in the
training set. The results for different roles are shown in Figure 3.6. The test set size
is gradually increased and the accuracy is noted. Notice that for the roles Manager,
Trader and Vice-president the accuracy increases with larger number of message.
The opposite effect is observed for the role of CEO. On examining the messages for
the CEO, we observed that most of the messages were written by secretaries. This
explains the poor performance of classifiers for this role. From the results, even after
size of the super-message reach 20, the accuracies of the RDM framework are still
less than 50% in most roles except for that of Trader. However, it was evidenced

that the classifier based on word features alone showed no sign of learning.

3.5.5 Effect of Parameter Changes

In this section, we take a quick look at the effects of varying certain parameters
within RDM on the role identification tasks. For this section, we used accuracy for
evaluation purposes. Figure 3.5.5 shows the variation in accuracy of RDM with NB
on the increasing training set size in the binary setting of role identification task.
The training set for each of the roles is increased in steps of 10% of the total training
set size. From these results we observed that RDM with NB consistently performs
as good as or better than NB. Moreover, they showed that both classifiers were quite
robust and attained a fairly high accuracy even for smaller training set sizes.

Figure 3.5.5 captures the effect of varying window size on overall accuracy of
RDM with NB in the multi-class setting of role identification task. The maximum
number of gaps is set to 1. Figure 3.5.5 shows that the accuracy was best for a
window size of 3 and reduced as the window size was increased. This result was

intuitive as larger significant patterns were captured by merging smaller significant
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Figure 3.6: Classification Probability over Unseen Message Folder

patterns, whereas on the other hand smaller patterns could not be captured using

a large window size.

3.6 Conclusion

We propose a general framework for feature extraction from a sequence of
tokens. The framework is based on the idea of capturing statistically significant se-
quence patterns at increasing levels of generalization. These patterns act as features
for an ensemble of classifiers, one at each level. The proposed method is simple and
flexible, hence, it can be applied to a range of applications. We applied it to captur-
ing stylistic patterns in the Enron dataset and used those patterns for identifying
the organizational roles of authors. The method, in its current state, is devoid of
any semantic knowledge, which can be easily incorporated to identify semantically

related patterns. We also show that RDM, using the greedy search to extract the
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sequential pattern at each level, can extract a much longer pattern than the tradi-

tional sequential pattern such as N-grams. Overall, patterns recovered from RDM

were shown to be more relevant to the role identification task than fixed-length

sequential patterns and fixed-length approximated sequential patterns.

We illustrated that techniques such as part of speech tagging and word cluster-

ing can augment our approach. The improved performance resulting from applying

word clustering method to RDM indicates that using synonym dictionaries is likely
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to improve the performance of RDM on text categorization task. It should be noted
that words are the most logical basic unit of many languages in which a native
speaker can understand their meanings and what they convey when put in a sen-
tence. Each word has a meaning in itself. Still, in many languages, word’s meaning
depends also on the context in which it is used in a sentence. Thus, any two doc-
uments with different content are likely to use some words in different meanings.
Assigning different identifiers to words in different context indiscriminately would
hopelessly increase the number of patterns for RDM. However, a contextual tag-
ging combined with clustering may lead to large improvement in quality of RDM
classification. In the experiment on pattern significance, we consider all significant
patterns as equal so the resultant dominant patterns are similar. However, if we
take the significance score of each pattern into account while creating dominant
patterns, the performance of RDM is likely to improve. Based on the success of
the method on a noisy dataset, we believe that the method can perform better on
cleaner datasets and on other application areas such as grouping gene products by

their families.



CHAPTER 4

Burstiness in Text Mining

4.1 Introduction

As discussed in Chapters 1 and 2, burst detection and burstiness concepts
have been studied in various areas. For Text Mining, we use these concepts to
detect the burst interval of a term in sequence of documents as well as how irreg-
ularity the patterns are in a sequential data set. Commercialized products such as
Google Trends and BlogPulse produced the trend curves. However, the displayed
results focus on the visualization of the data, showing the trends on the timeline.
Burst detection allows further analysis on the data. In this chapter, we present
two frameworks that use the definition of burstiness for feature analysis. We apply
the frameworks to extract information and analyze the streams of documents on
ACM Dataset. Finally, we illustrate how we can use the burstiness to improve the
document clustering performances.

This chapter is organized as follows. Section 4.2 provides additional notations
and definitions used in this chapter. Our definitions of bursty period, term’s bursti-
ness and its integration into text mining applications are given in section 4.3. We
introduce a framework to create a bursty distance measurement that improves uti-
lization of bursty period and bursty score in section 4.5. The framework is based
up on our burst detection method that focuses on local metrics of burstiness using

kernel density estimation.

4.2 Preliminaries

For our work, we consider a text corpus, denoted S, as a sequence of doc-
uments which appear in n consecutive time steps. Formally, S is defined as § =
{s1,82,...,8n}, where s; refers to the set of documents that appear in the i’ time

step. t4 is the time step when document, d, appears in S. In turn, we define

A. Hoonlor, B. K. Szymanski, M. J. Zaki, and V. Chaoji, “Document Clustering with Bursty
Information,” Computing and Informatics, Bratislava: Slovak University Press, (In Press).
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a set of documents at time step i'" as s; = {d},d},...,d! }, where d; is the j'h
document in s;, and m = |s;| is the number of documents in s;. Let W be set
of all words found in §. We define the appearance function of a word, w, in a
document, d, denoted app(w,d), as a binary function. app(w,d) = 1 if d con-
tains w. Otherwise, app(w,d) = 0. ppe represents the period from time step
b to time step e. app(w,d) € ppe) is the number of document containing w
in pp,e. We denote occ(w,d) as the number of time w appears in document, d.
Finally, we denote tfidf(t,d), as the term frequency-inverse document frequency
(TFIDF) value of a word w in document d. For each document d, its VSM with
TFIDF value is the tuples < wy,tfidf (wi,d) >, ..., < wyq, tfidf (wjq,d) >, where
w; € W. tfidf(w;,d) = tf(w;, d)idf (w;, d), where t f(w;, d) (TF) equals —geeved)

d
Z‘lel occ(wy,d)

and idf (w;,d) (IDF) equals log(m) VSM with binary value vector rep-

resentation of d, is the tuples < wy, app(wy,d) >, ..., wyq, app(wq, d) >.

4.3 Burst Detection

Burst detection is useful in recovering two pieces of important information:
the level of burstiness of any given period, and the period in which term ¢ is bursty.
While burstiness is a concept defined in Text mining, the measurement of burstiness
can be applied to almost all datasets. Similar to significant test, there is no general
definition of burstiness. The only limitation of the burstiness is that it can only be
applied to a sequence of feature vectors. To sort feature vectors into a sequence,
there must exist a feature whose values have the total order relation. The set of

feature values, V' has a total order relation if V' has the following three relations.
1. Totality Relation: Va,b € V{a < b, or a > b}
2. Antisymmetry: Va,b € V{if a < b and a > b, then a = b}
3. Transitivity: Va,b,c € V{ifa <band b <¢, then a < ¢}

For a dataset S that has an arbitrary attribute A, whose values has a total order
relation, we give the general definition of burstiness, B(q, S, [r, [, A]), as the mea-

surement of how bursty the data retrieved from S using ¢ is in period of [r,[] € A,



73

where query ¢, and range [r,[] of A are given. If we want to explain the burstiness
in terms of Database, we can use simple table, and query operations as follow. If
the table S is a specific view on a table in a relational database, given that ¢ is the
expression of relational algebra, then the burstiness is the analysis on the temporal
table resulted from the given gq.

In summary, the burstiness is a measurement of how likely the positive results
of ¢ on S will be found between period [r,[]. In [110], the weight of the transition
function of a finite state machine is used as the burstiness score. In [62], numer-
ical matrix is used. In Figures 4.1 and 4.2 the burstiness score is defined as the
probability of finding the data points with satisfy query in a given period. In both
figures, the data used to generate these plots is the automobile data set, taken from
the UCI Machine Learning Repository. The horsepower attribute is discretized into
10 periods and used to construct the sequence of data points. From Figure 4.1,
the burstiness plots show that most engines have less than 200 horsepower. Only
the naturally aspirated engines are made for high horsepower. In Figure 4.2, the
burstiness plots show that the most cars with diesel engine have low horsepower.
Most diesel engine cars, such as trucks, tend to have more torque at lower engine
speeds than petrol engines, because of their commercial usages such as towing.

After the burstiness score is defined, a threshold must be set to indicate the
bursty period. In the other words, a query ¢ is considered bursty at step i, if the
occurrence of g at the i is greater than a given threshold. The bursty period is then
defined as the period where the query ¢ is bursty over consecutive steps. In previous
works, the bursty threshold is set to the mean average over all steps. Hence, the
bursty period of a given term is defined as the period where its occurrence in this

period is higher than that of an average.

4.4 Temporal Correlated Term Detection

In general, some patterns are only meaningful in certain time period. For
example, although terms “Hillary Clinton” and “Secretary of State” have appeared
in documents before 2008, only after 2008 that “Secretary of State” has been the
job title of “Hillary Clinton”. In September 2009, we used Google Trends to collect
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Figure 4.1: The burstiness values of “Aspiration == std” and “Aspira-
tion == turbo” queries on the automobile data set using horse power to

arrange, on the x-axis. For y-axis, it is the burstiness, which we defined
using probabilities.
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Figure 4.2: The burstiness values of “fuel type == diesel” and “fuel type
== gas” queries on automobile data set using horse power to arrange,
on the x-axis. For y-axis, it is the burstiness, which we defined using
probabilities.
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the number of queries submitted by users for each year, from 2000 to 2009. The
query that we collected the data for are ‘Hillary Clinton”, “Hillary Clinton” and
“Secretary of State” (HC SS), “Hillary Clinton” and “Senator” (HC Senator), and
“Hillary Clinton” and “Candidate” (HC Candidate). The collected numbers are

shown in Figure 4.3.
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Figure 4.3: Number of search queries input to Google: ‘Hillary Clinton”,
“Hillary Clinton” and “Secretary of State” (HC SS), “Hillary Clinton”
and “Senator” (HC Senator), and “Hillary Clinton” and “Candidate”
(HC Candidate)

In statistics, two terms, ¢, and ¢, are independent if the probability of see-
ing both ¢, and ¢, in the same document equals the probability of seeing ¢, in
a document multiply by that of ¢,. On the other hand, if they are not indepen-
dent, we consider them to be correlated. The correlation between two terms is the
indicator of how far away from them being independent. There are various coef-
ficient measures used for the degree of correlation between two terms. Example
includes Pearson product-moment correlation coefficient [78], and Kendall tau rank
correlation coefficient [57]. In English language, words correlations depend on the
contexts of documents. For example, “bat” and “cat” are likely to be independent
if the document is listed under “baseball”. On the other hand, “bat” and “baseball”

should have high correlation coefficient in the same topic. Words correlations also
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depend on the time period in which they appear. As seen in Figure 4.3, the query
“Hillary Clinton” and “Candidate” are more correlated than “Hillary Clinton” and
“Secretary of State” in 2008. However, in 2009, the reverse is true. Using this latter
information, we can detect the event surrounding a give query or entity using bursty
information.

There is more than one way to extract the temporal correlated terms or pat-
terns using bursty information. We will suggest two ways of extracting such corre-
lated terms. The first natural way is to extract the bursty patterns within the bursty
region of a given term. The other is to extract the correlated terms at each time
period according to the bursty correlation score defined using bursty information.
The latter is difference from the first in a sense that they contain words which are
correlated even though they may not be bursty in the same time. We suggested the

temporal bursty correlation score in Equation 4.1.

Occ(q1 + q2, t)
Occ(ga, t)

Bursteorr (g1, g2, t) = Burst( ) (4.1)

where ¢; and ¢y are the input queries, ¢ is the interested time period and Burst
is the burstiness function. Note that Burst.y.(q1,q2,t) does not necessary equal
Bursteor(q2, q1,t). Nevertheless, the temporal bursty correlation score is a good
information extraction if the user wants to know what terms are temporally related
to a known g¢s.

To illustrate the usefulness of the temporal bursty correlation score, we applied
it on the collected data on queries related to “Hillary Clinton” mentioned at the
beginning of this section. First, we used Equation 2.3 in Chapter 2 to find burstiness
scores of the collected information shown in Figure 4.3. The burstiness scores of these
queries are shown in Figure 4.4. Figure 4.3 shows an increase in number of online
documents containing the query “Hillary Clinton” since year 2006, corresponding to
her reelection campaign of United States Senate election in New York, 2006. The
highest peak of the query is in 2008 where Hillary ran her presidential campaign.
Figure 4.4 shows the following: (i) “Hillary Clinton” is bursty after 2006, (ii) HC
Senator and HC Candidate are bursty between 2007 and 2008, and (iii) HC SS is
bursty after 2007. While the burstiness of HC Senator, HC Candidate, and HC SS
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are detected, it was only after Clinton’s reelection campaign. Equation 2.3 failed to
detect Hillary Campaign and the subsequence victory for the United States Senator
election in New York in 2000. The failure to detect such events is caused by the
global threshold employed in Equation 2.3. The relatively high number of published
online documents and news articles related to H. Clinton — when she enters the race
for presidential election 2009 — caused the average number of documents containing

each query to be higher than the actual number collected before 2007.
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Figure 4.4: Burstiness score, using Equation 2.3, of the queries: ‘Hillary
Clinton”, “Hillary Clinton” and “Secretary of State” (HC SS), “Hillary
Clinton” and “Senator” (HC Senator), and “Hillary Clinton” and “Can-
didate” (HC Candidate)

Next, we applied the temporal bursty correlation score to the “Hillary Clinton”
example. The results are shown in Figure 4.5. For these results, we used Equation
2.3 as the burstiness function in Equation 4.1. Using the temporal bursty correlation
score, we can extract different set of information than those considered bursty in
Figure 4.4. We can now match the time in which the correlated queries became
bursty with the events that were likely the causes. From Figure 4.5, HC Candidate
is bursty in 2000 corresponding to the event of H. Clinton entering United State
Senator Election in NY. The burst of HC Senator in 2001 corresponds to the first
time that H. Clinton was elected as United State Senator in NY. The burst of HC
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correlation

Temporal bursty

Figure 4.5: Temporal bursty correlate scores of various search query
following Equation 4.1

Candidate in 2004 and the increase in burstiness of HC Senator in the following few
years correspond to the events of H. Clinton seeking the second US senator term,
and the time where she won the second term election respectively. The burst of
HC Candidate in 2007 corresponds to the preparing for presidential campaign of H.
Clinton. Finally, the burst of HC SS in 2009 corresponds to the event of H. Clinton
officially joining the United States Cabinet as Secretary of State. In section 4.4.1,
we apply the temporal bursty correlated score to extract interesting correlated terms

in ACM dataset.

4.4.1 Temporal Correlated Term on ACM Dataset

In this section, we illustrate how to extract interesting data using burstiness
on a real life dataset, ACM Dataset. Specifically, we use burstiness to extract two
types of temporal correlated term (keywords in this dataset): (i) the bursty word
in the bursty period, and (ii) terms with high temporal bursty correlation score.

We collected the ACM dataset from ACM Digital Library. The ACM Dig-
ital Library contains the record of articles published with ACM and its affiliated
organizations. We extracted the title, year of publication, publication venue, and
author-defined keywords from each article published between year 1990 and 2010.

We ignored all articles with incomplete records. The total of 116003 articles were
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Figure 4.6: The number of records found each year from year 1990 to
2010 on ACM datasets.

retrieved. We created the vector representation of each article using bag-of-words
with binary representation. We used the author-defined keywords and the year of
publication as the features. Figure 4.4.1 shows the number of records found in ACM

datasets in each year.

4.4.1.1 The Bursty Words in the Bursty Period

We performed an analysis of the burstiness, i.e. “given the highly frequent
word A, what is its bursty period, and what keywords associated with it are bursty
in such period?”. Essentially, the patterns that we want to extract are the correlated
terms (A, B) where B is the bursty words in the bursty periods of A. To do that,
we need to find the bursty periods of A first. Then, for each bursty period, we find
the bursty correlated words to A.

The bursty period was defined as the maximum sum segment — the period
whose total burstiness score is greater than zero [62]. We used the burstiness score
defined in Equation 2.3 in Chapter 2 to find the bursty score of each word at each
time step. Finally, the maximal segments of burstiness scores in the sequence of
documents were recovered using the linear-time maximum sum algorithm by Ruzzo

and Tompa [92]. We applied the framework on ten research topics with the highest
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number of publications, listed in left column of Table 4.1. For each research topic,
we displayed its corresponding bursty research topics in the right column of the
same table. In the other word, Table 4.1 displays the highly active research topics
related to the top research topics at their peaks.

In Table 4.1, “wireless sensor networks” (WSN) is temporally related to “sim-
ulation”, “security” and “clustering” in order of bursty period. The order of bursty
periods in these three areas corresponded to how WSN research was developed, be-
ginning from simulation of WSN, to the security issues, and finally how clustering
algorithms were applied within WSN. The table also reflects the fact that Data
Mining research has been broader than that of IR. While Data Mining was used in
Computational Science, Web Mining, Time series mining and Security, the bursty
topics related to IR are Web related topics. “Text mining” was temporally related
to both Information Retrieval and Data Mining.

While we showed only the burstiest period, there could be multiple bursty
periods for each keyword. These bursty periods also contain interesting temporal
correlated terms. In ACM dataset, there are three bursty periods for “scheduling”:
(1900, 1991), (1999,1999), and (2001,2006). In 1999, the bursty correlated words,
listed in order of the burstiness score, are genetic algorithms, parallel processing,
performance evaluation, embedded systems, approximation algorithm, multimedia,
quality of service, optimization, and heuristics. From 2001 to 2006, the top 10
bursty correlated words, listed in order of the busty score, are approximation algo-
rithms, multimedia, online algorithms, real-time, embedded systems, fairness, mul-
tiprocessor, quality of service, genetic algorithms, partitioning, load balancing, grid
computing, high-level synthesis and wireless networks.

These lists of bursty keywords tell us that in the beginning “real-time systems”
and “parallel processing” were research topics related to scheduling. Later on, while
the “scheduling” research communities were still interested in “real-time systems”
and “parallel processing”, they also showed strong interests in “genetic algorithms”,
“embedded systems”, “approximation algorithms”, “performance evaluation”, etc.
Before the interests in “scheduling” faded, the communities were interested in “ap-

proximation algorithms”, “multimedia”, and “online algorithms”. It shows a com-
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pelling argument that “genetic algorithms” and “parallel processing” are persistent
areas related to “scheduling”. Also, in the last several years of its peaks, the emerg-
ing hot research topics related to “scheduling” were multimedia, online algorithm,
fairness, multiprocessor, partitioning, load balancing, grid computing, and high-level

synthesis wireless networks.

Table 4.1: Top 10 bursty correlated words, listed in order of the busty
ranking, in the burstiest period of the 10 most frequent words.
Keywords BP | Top 10 Bursty keywords

security 2000 - | wireless sensor networks, routing, sensor networks,
2010 | web services, usability, grid computing, wireless
networks, peer-to-peer, static analysis, rfid
simulation 1996 - | scheduling, optimization, visualization, wireless
2010 | sensor networks, sensor networks, qos, wireless
networks, ad hoc networks, analysis, validation
data mining 2000 - | genetic algorithms, privacy, bioinformatics, feature
2010 | selection, time series, web mining, clustering,
security, pattern recognition, text mining

scheduling 1990 - | real-time systems, parallel processing
1991
optimization 1992 - | neural networks
1999

neural networks | 1992 - | learning, pattern recognition, optimization, fuzzy
2001 | logic, stability

clustering 2002 - | wireless sensor networks, visualization, data
2010 | mining, classification, ad hoc networks, genetic
algorithms, text mining, neural networks, IR

IR 1999 - | xml, semantic web, ontology, peer-to-peer

2010 | text mining, information extraction, web search,
query expansion, evaluation, search engine
stability 1991 - | robust control, adaptive control, nonlinear

1998 | systems, robustness, bifurcation

genetic algorithms | 1995 - | scheduling, fuzzy logic, heuristics, clustering
2009 | multi-objective optimization, simulated annealing,
neural networks, optimization, data mining
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4.4.1.2 Terms with high Temporal Bursty Correlation Score

As discussed previously, temporal bursty correlation score is not the same
quantification as document frequency and burstiness. We used it to extract the
first time when two bursty terms become correlated. Table 4.2 shows the pair of
temporal correlated terms of five most frequent words, as they became bursty for
the first time. We presented the results only the correlated terms, with in the first
four-bursty years, of five most frequent keywords.

The results from previous section showed that the bursty periods of “schedul-
ing” did not include 1992 and 1993. During which periods, in Table 4.2, research
topics such as multimedia, dynamic programming, resource allocation, heuristic, on-
line algorithms and multiprocessor had been temporally correlated to scheduling for
the first time. The results in Table 4.2 also indicated that the “security” research
community were interested in topics such as access control, encryption, integrity,
routing, modeling, verification, and authentication in early 1900s. Later on, the
communities were also interested in wireless sensor networks, sensors networks, and

web services.

As we can see from the results of this experiment, the second framework pro-
vided us with a complementary view to the previous framework, i.e. while the pre-
vious framework focuses on the bursty regions, this framework looks at the boarder
view of the text streams. For a concrete example, we can look at research in secu-
rity. We learned from the previous experiment that security has been a bursty topic
in the last decade and that its research during this time focused on networks. In
this experiment, we also learned that research in security began from information

integrity.

4.5 Burst Detection for Document Clustering

In context of text mining, if we consider a news report, when an event occurs,
the news regarding the event would be written over a period of time following the

event. The length of the active period of the news and the number of articles in
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Table 4.2: The temporal correlated term in the first four-bursty years of
five most frequent keywords.

Keyword | Year | Temporal Correlated Word

security 1991 | access control, encryption, integrity, routing,
modeling, verification

1992 | trust, management, safety, policy

1994 | distributed systems, authentication,

1995 | reliability, mobility, intrusion detection, anonymity,
authorization

simulation | 1990 | performance evaluation, performance

1991 | routing, modeling, verification, performance analysis
1992 | design

1995 | education, modeling

data mining | 1995 | visualization

1996 | neural networks, classification, association rules,
knowledge discovery, decision tree, simulation

1997 | information retrieval, machine learning,

data warehouse

1998 | pattern recognition, text mining, cluster analysis
scheduling | 1990 | performance evaluation, parallel processing,
real-time

1991 | computational complexity, load balancing,
partitioning

1992 | multimedia, dynamic programming,

resource allocation, heuristic

1993 | online algorithms, multiprocessor

optimization | 1991 | routing

1992 | neural networks, simulated annealing, compiler
1994 | genetic algorithms

1995 | performance, heuristics

the media related to the event depends on the popularity of the story. If we plot
the graph of the number of news articles related to the event on a timeline, it is
likely to increase in the beginning of the active period of the event and to reduce
afterward. News articles are often grouped into major categories such as, business,
entertainment, and politics. Several websites, such as CNN and Yahoo News, also
provide related keywords for each article. The query composed of such keywords
is likely to be bursty in this period. We used this concept to create our “bursty

distance measurement” framework for document clustering.
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A word can be bursty in two different time periods. Even though the bursty
score between two time periods are similar, they can correspond to two entirely
separate events. For example, in Entertainment news in 2009, the word “death” is
very bursty in March, June and July. In March, the burstiness was attributed to
the high number of news articles regarding the death of actress Natasha Richardson
on March 16th, 2009. In June and July, the burstiness of the term was attributed
largely to the high number of news articles regarding the death of Michael Jackson
on June 25, 2009. While both sets of news articles were related to the death of
celebrities, they corresponded to two separate events. The current bursty feature
representation cannot distinguish between the two events.

All the mentioned methods identify the bursty periods using a hard global
threshold, such as the mean frequency or the overall emission rate of the document.
Specifically, a word w is considered bursty at time step i, where ¢ = 1...n, if the
occurrence of w at time i*" is greater than its average occurrence. Since the burst
period is defined as the period where w is bursty over consecutive time steps, the
bursty period represents the period when its occurrence in this period is higher than
the average. Our framework considers that the information from the nearby time
period as more important than those from other time periods further away. Our
framework also emphasizes the important of bursty period information more than
the previous work.

In general, there are several ways to group document together. Online news
articles are often grouped into major categories such as, business, entertainment,
and politics. They can also be assigned the predetermined keywords related to each
article. In the latter case, when an event occurs, the news regarding the event would
be given the same tag. Such news articles are written over a period of time following
the event. The length of the active period of the news and the number of articles in
the media related to the event depends on the popularity of the story. If we plot the
graph of the number of news articles related to an event on a timeline, it is likely to
increase in the beginning of the active period of the event and to decay afterward.

The active period of the event often corresponds to the bursty period of the

keywords related to the event. For example, the occurrence plot of documents
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Figure 4.7: Numbers of articles in San Francisco Call newspaper con-
taining words “victoria”’and “death” per month from Jan. 1900 to Dec.
1901.

containing keywords “victoria” and “death” in the San Francisco Call newspaper
between January, 1900 and December, 1901 is shown in Figure 4.7. The highest
peak between January 1901 and February 1901 — correspond to the death of Queen
Victoria in late January of 1901. As discussed in Chapter 2, the documents are clus-
tered according to the similarity scores between the documents. From this example,
if we increase the similarity score of the document containing these two words in the
highest peak, the documents related to this event would likely be clustered to the
same group. In the other words, if two documents contain the bursty terms in their
bursty period, then they are likely to belong in the same cluster. Hence, we can use
the burst detection task to help clustering by finding the period that a word w is

bursty, and its level of burstiness in that period.

4.5.1 Bursty Features for Document Clustering
In [42], He et al. used bursty information to create the bursty features
for document clustering. The bursty feature representation for a document d =
wy, Wa, ..., w, at time t; is defined as follow.
FP;,+ pb; if w; is bursty at time t4

FP, otherwise

where F'P; is the static feature weight such as binary weighting, b; is the bursty score

and 3 > 0 is the burst coefficient. There are two existing burst detection methods
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that can be applied to Equation 4.2: Kleinberg’s algorithm introduced in [60], and
Discrepancy model of Burstiness [62] . Both of them defined the bursty period of
a word w, as the period during which the documents containing w appears more

frequently than on average.

4.5.1.1 Kleinberg’s Algorithm:
Kleinberg proposed to identify the bursty period of ¢ using finite-state au-
tomaton [60]. The Kleinberg’s two-state finite automaton, 4, has gy and ¢; states.

They represent the normal period and the bursty period, respectively. A is in ¢

5| D |
n

state at time a, if the emission rate is , where | D,,| is the number of documents
containing w, n is the total number of time steps in .S, and s > 1. A is in ¢, state
otherwise. a is a bursty period if A is in ¢; state at time a. The cost of being in

state ¢; of a word w at time ¢ is defined in Equation 4.3.

. ’31’ ) |si] I55|—app(w,s;)
g 7/7 app w; SZ 9 S’L = —ln |:< pl g 1 _pz Sq app(w,s; 43
(i, app(w, s;), |si]) applaw, 5) (1—py) (4.3)

where app(w, s;) is the number of documents in s; that contain w at time ¢, py =
% and p; = s - pg. The bursty score of ¢ in period pp, ¢ is the cost increment if
A is in ¢; rather than ¢y as defined in Equation 4.4. He et al. adopted this two-state
finite automaton and used it to create the bursty feature representation described

in Section 4.5.1 [42].

to

Burst(w, pp.e)) = 2(0(0, app(w, s;), |s:])o (1, app(w, s;), |s:])) (4.4)
i=w1
4.5.1.2 Discrepancy Model of Burstiness (Max-1):

In [62], the bursty period of word w is detected using the discrepancy model
and the maximal segment problem. First, the discrepancy model identifies the time
step in which the document appears more frequently than on average. Specifically,
for a given word w, the burstiness score of each time step is defined by the following
Equation 4.5.

app(w, s;) 1

BUTStMaxl (w,z) = W — E (45)
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where app(w, S) is the number of documents in the whole sequence that contain
w. If Burst(w,i) > 0, then w is bursty at time i. Next, the maximal segments of
burstiness scores in the sequence of documents are recovered using the linear-time
maximum sum algorithm by Ruzzo and Tompa [92]. The bursty period is defined as
the recovered maximum sum period that is strictly positive. Finally, the burstiness
score of each maximum sum period is defined as

app(w,pb7e ) |p be |
Burstyae (W, pp.e)) = app(w [S>] - [n |

(4.6)

4.5.2 Bursty Distance Measurement

Although, the bursty feature representation is robust and shows improvement
when applied to classical VSM, there are two distinct weaknesses in the bursty
feature representation. First, according to [42], the same improvement cannot be
seen as clear on VSM with TFIDF value. The cause of marginal different on VSM
with the TFIDF value was the fact that TFIDF value of a rare word has high
TF and IDF scores. Based on how often words appear in the corpus, words are
partitioned into three separate categories: common, average, and rare words. The
common words are words that appear commonly throughout the corpus such as
“the” and “do”. These common words are often considered irrelevant and dropped
from the vector space. The rare words are words that appear in a small group of
document such as “vampire” and “spaceship”. Other words are considered average
words. Rare words are bursty simply because they appear in a small time span in
the corpus. Noisy words are also part of rare words. By adding the bursty weight
to the TFIDF value of the rare word, we also amplify the noise. On the other hand,
average words appear in larger group of documents. So on average they will have
lower IDF score. In order to put more emphasize on the bursty information, their
TFIDF values needed to be boosted more. Since some rare features with low DF are
already emphasized with high IDF value, the bursty feature effect on rare features
on VSM with TFIDF value would not be as strong as that of VSM with binary
value.

Second, the bursty models identify a period of word w as bursty if either there

is an increase in volume of documents containing w or the burstiness score of w rises
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above the global average threshold. These definitions of bursty period will not work
well in event detection because a small event may disappear in as noise. For example,
using SIGHT software, Baumes et al. recovered that prior to the declaration of
independence of Kosovo in 2008, there was a small group of bloggers discussing
the issue [8]. Although, the number of blogs was small, the discussion group was
persistent up until the actual week of declaration of independence. If we used the
mean as the threshold value to find the burstiness of “independence Kosovo”, such a
discussion would never be considered due to high volumes of discussion of the event
in the following weeks.

To address these issues, we introduce a Bursty Distance measurement (BDM).
For the first issue, given a word w, it is likely that the sharp increment in the
number of occurrences of w at time b indicates the beginning of the event related to
w. Also, the decay of the number of occurrences of w at time e indicates the ending
of the event related to w. We make an assumption following these observations that
the bursty interval of the word indicates an active life span of the news of an event.
BDM considers documents d; and ds, on two different bursty intervals of a word w as
time independent documents on word w. For time independent document on word
w, BDM does not add the bursty weight of w to VSM value when distance between
d; and ds is measured. For the second issue, we defined that a word w is bursty
at t if the actual occurrence is higher than its probability density estimation. By
looking at the probability density estimation, we allow detection of the small event
such as those described above. Such event would give a higher occurrence than the
smooth estimated by the kernel density estimation. BDM assigns the bursty score

of a word w at time 4 as follow

Burstyge(w, i) = % — fn(i) (4.7)

where f (i) is the kernel density estimated at time i. We used the Gaussian function
as the kernel function for this work. A can be found using the fast bandwidth
estimation in [90]. After finding the bursty score, we defined the burst period as
the maximal segment of the burstiness similar to that of Max-1. The burstiness of

word w on the bursty period pp, ) is the average sum of Burstyg(w,) for i € ppe
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as defined by Equation 4.8.

> 25—y Burstiae(w, j)
e—b+1

BBDM (w,pp) = (48)

We define B(t1, 12, w) as a bursty weight function where B(t;,t2, w) = BBDM (w, pp.¢)
if times ¢, and ¢, are in the same maximal segment pp, .. Otherwise, B(t1,%, w) = 0.
The complete BDM algorithm is described below. We define d; and ds to
be two documents at time ¢4, and t4, respectively. The distance between d; and
dy is defined using algorithm in the following algorithm, where DIST is the pro-
vided distance measurement between two vectors, p is the upper bound frequency

for rare words. BDM uses this bound to control the noise amplification of rare words.

Bursty Distance Measurement
Require: di, ds, 8, p, and DIST()
Ensure: Dy, 4,
fori=1tom
if B(tg,,tq,, w) >0

B~ if app(w;) < p

1 otherwise
v} = tfidf (w}) + 0 - B(tg,, ta,, w;)
v} = tfidf(w?) + 0 - B(ta,,ta,, w;)

endif

0 —

endfor

Dy, 4, = D[ST({U%, o ,vé}, {vf, . ,vi})

4.5.3 Experiments

We evaluated our model on three sets of experiments based on three groups
of datasets: synthetic dataset experiment, news article dataset experiment and ad-
ditional real-life datasets. We performed experiments on synthetic and new article
datasets to illustrate that if there was a time-dependent storyline, the clusters recov-

ered using the bursty distance measure tended to cluster documents from the same



90

storyline together. On additional real-life datasets, where time-dependent story-
line were not apparent, our experiments showed that our framework yielded similar
qualities as the other methods.

For the experiments, we tested all three bursty period and bursty score anal-
ysis methods discussed in Section 4.3. We used cosine distance as the provided
distance function in the framework. In addition to the bursty distance measure-
ment (BDM), we applied the cosine distance to the bursty feature representation
for document clustering model discussed in section 4.5.1. We used two bursty models
for the bursty feature: the discrepancy model (Max1), and Kleinberg’s algorithm
(KL). For a baseline comparison, we also clustered documents using the normal
VSM with TFIDF representation (TFIDF). We used three clustering methods, K-
Medoids, hierarchical (UPGMA) and lower bound on similarity clustering (Star).
In K-Medoids, the interpretation of its results was not sound as a center did not
necessary reflect the time period in the cluster that it represented. Hence, we only
used the K-Medoids in the synthetic dataset experiment to show that BDM was
robust enough to be applied in K-Medoids. We implemented the K-Medoids algo-
rithm. For UPGMA, we used the built-in code in Matlab. We chose Star algorithm
for our experiment to evaluate BDM performance on clustering methods when true
number of clusters was not known. The code for Star algorithm was acquired from
clustering with lower bound algorithm package in [41].

Since the input of Star algorithm required the similarity score, we calculate the
similarity score by subtracting the cosine distance score from one. Clustering using
lower bound on similarity does not always provide the target number of clusters. We
applied the following steps to find the clustering with the right number of clusters,
k: (i) find the similarity threshold that gives the smallest upper bound ki, to the
target number of clusters. (For these experiments, the precision of the threshold is
in the order of 1073.) (ii) if k44, = k, terminate. Otherwise, find the smallest cluster
and merge it with its closest cluster using average similarity. (ii) Repeat step 2-3

until the number of remaining clusters is reduced to k.
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4.5.3.1 Synthetic Dataset

In the first experiment, four synthetic datasets were generated using the gener-
ative probabilistic model described in [102]. The first two synthetic datasets, Syn-1
and Syn-2, were generated using the generative models where each document con-
tained two time dependent topics: the major topic and the minor topic. By time
dependent topics, we imply that if a document contains the major topic, then it can
only contain a unique set of minor topics. Each major topic has five unique minor
topics. Each topic has its active time span such that the topic can only appear if
the document was generated in its active time span. Each topic is represented by
5 distinct keywords. There are a total of 20 major topics and 100 minor topics.
Each document is 40-word long. For Syn-1, 20 words were drawn from the topic
keywords (10 words each for the major and minor topic keywords). For Syn-2, 6
words were drawn from the topic keywords (3 words per each topic). The remain-
ing words were randomly drawn from the vocabulary of 40000 words. Syn-3 was
generated using the same model as Syn-1, but each topic was time independent.
Syn-4 is the combination of Syn-3 and Syn-2, where each document contains two
time dependent topics and two time independent topics. Each document in Syn-4
is 40 words long with 3 words drawn from each of the topics in the document; the
rest of the words were randomly drawn from the vocabulary of 2000 words. Each
data set contains 10000 documents. The precision, recall and F-score were used to
evaluate the clusters.

The results are shown in four consecutive tables from Table 4.3 to Table 4.6.
For UPGMA, the BDM and Max1 performed consistently better than TFIDF. BDM
performed better than Max1 and KL in most cases. For K-Medoids, the methods
performed equally well in general. K-Medoids selected one document to represent
each cluster. The selected document’s bursty features may not represent the whole
cluster, reducing the effectiveness of bursty information. Star method produced poor
clustering across all methods. The results from Star method indicate that documents
from two clusters are closer together than their corresponding centers. However,
BDM was the only burstiness framework that showed improvement over TFIDF on

all three clustering methods. Such results indicate that BDM is more robust than
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Max-1 and KL. The collective results show that bursty information can help with
clustering if documents in the same group are time dependent. Using a bursty period
to indicate distinct storyline, BDM is able to cluster time dependent documents
better than those of classical VSM (TFIDF) and bursty feature representations
(Max1 and KL).

Table 4.3: Synthetic Dataset Synl

Algorithm | Vec. Rep Major topic Minor topic
F-score | Precision | Recall | F-score | Precision | Recall
UPGMA TFIDF 100 100 100 71 79.7 64
Max1 100 100 100 71.1 79.8 64
KL 99.97 99.97 99.97 | 75.39 88.57 65.63
BDM 100 100 100 77.36 86.26 70.12
KMedoid | TFIDF 100 100 100 73.49 77.35 70
Max1 100 100 100 73.36 77.05 70
KL 100 100 100 73.24 77.64 69.31
BDM 100 100 100 73.49 77.35 70
Star TFIDF 8.46 90 4.44 1.97 92.8 0.99
Max1 6.36 75.52 3.32 4.19 85.9 2.15
KL 8.88 95 4.66 2.7 100 1.37
BDM 8.88 95 4.66 2.16 97.86 1.09

4.5.3.2 News Article Data sets

In this set of experiments, our framework was applied to two datasets: Enter-
tainment and Politics datasets. Both datasets are news headlines collected by [8]
from the following RSS feeds: www.cnn.com/services/rss/ in 2009, news.yahoo.com
between 2008 — 2009, and today.reuters.com between 2007 — 2008. The data was
collected by simply checking feed every hour for new messages. For entertainment

news, we extracted the total of 9087 news headlines from 03,/01,/2009 to 08/31/2009.
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Algorithm | Vec. Rep Major topic Minor topic
F-score | Precision | Recall | F-score | Precision | Recall
UPGMA TFIDF 10.41 5.49 99.42 6.98 3.62 95.41
Max1 10.42 5.5 99.44 | 10.67 5.66 93.46
KL 10.62 5.61 99.18 5.86 3.02 97.16
BDM 10.46 5.52 99.4 8.7 4.56 94.44
KMedoid | TFIDF 18.22 40.82 11.73 18.74 30.61 13.5
Max1 24.69 45.31 16.97 | 22.35 33.64 16.73
KL 16.05 41.8 9.93 14.99 33.45 9.66
BDM 24.79 40.83 17.8 26.5 37 20.64
Star TFIDF 9.72 100 5.11 2.23 98.84 1.13
Max1 7.12 82.93 3.72 2.24 92.66 1.13
KL 8.52 92.1 4.47 2.27 99.99 1.15
BDM 9.93 100 5.22 2.68 99.09 1.36
Table 4.5: Synthetic Dataset Syn3
Algorithm | Vec. Rep Major topic Minor topic
F-score | Precision | Recall | F-score | Precision | Recall
UPGMA TFIDF 96.41 96.41 96.41 | 34.15 91.35 21
Max1 99.96 99.96 99.96 | 32.63 68.66 21.4
KL 86.44 86.11 87.78 | 32.33 79.35 20.3
BDM 99.96 99.96 99.96 | 39.24 85.87 25.43
KMedoid | TFIDF 48.93 49.62 48.26 42.5 44.44 40.73
Max1 58.94 60.99 57.02 | 48.33 51.13 45.82
KL 33.5 33.14 33.87 21.4 22.43 20.46
BDM 60.72 61.97 | 59.52 | 48.94 52.03 46.2
Star TFIDF 8.46 93.01 4.43 2.20 97.39 1.11
Max1 7.81 89.27 4.08 1.98 93.39 1
KL 7.8 88.74 4.08 2.38 98.48 1.21
BDM 7.88 88.36 4.12 2.51 100 1.27

For politics news, we extracted the total of 15585 headlines from 10/01/2008 to
12/31/2008. Although the sources of the news were different, we considered them

as one single sequence of documents.

We tagged part of the documents related to four particular events ” Obama won

2008 presidential election” (Obama), ”Clinton, H. is named the secretary of state”

(Clinton), "the death of Natasha Richardson” (NR), and ”the death of Michael

Jackson” (MJ). We used the Star algorithm to cluster documents into roughly 1700
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Table 4.6: Synthetic Dataset Syn4
Algorithm | Vec. Rep Major topic Minor topic
F-score | Precision | Recall | F-score | Precision | Recall
UPGMA | TFIDF 68.75 69.47 68.04 | 18.57 20.27 17.14
Max1 79.27 79.88 78.68 21 23.73 18.83
KL 71.47 71.33 71.60 | 27.93 57.67 18.43
BDM 79.61 80.49 | 78.75 | 26.54 52.75 17.73

KMedoid | TFIDF 27.15 58.9 595.501 | 35.67 39.16 32.75
Max1 46.07 46.89 45.28 | 35.86 37.19 34.62

KL 46.86 47.27 46.48 | 33.51 35.5 31.73
BDM 57.41 58.99 | 55.91 | 35.54 36.6 34.54

Star TFIDF 10.17 100 5.36 2.83 95.13 1.44
Max1 9.98 100 5.25 2.18 94.5 1.1
KL 10 100 5.26 2.53 94.46 1.28

BDM 7.09 81.12 3.71 3.6 99.84 1.83

clusters for entertainment news and roughly 4000 clusters for political news. Our
goal was to cluster the data so that each cluster had about 5 to 6 news articles
on average. A good clustering should be able to cluster the similar news together,
while filtering the non-related news out. Then, the pair-tagged-document counts
for each event were collected as follow. Given that document A and B are tagged
as Obama, the pair will produce the count of one, if A and B appear in the same
cluster. Otherwise, no count will be recorded. The recall was calculated from
these counts as the percentage of recovered pair-tagged-document. We collected the
number of clusters containing the documents, and used it to compute the precision
as the number of tagged pairing over the number of total pairing recovered from the
clusters containing tagged documents. Note that, if there exists one large cluster
with every document, this setting will get the highest recall score. However, the
precision for such a clustering will be low. For a good clustering method, we expect
the recall and precision to be high, while the number of clusters containing tagged
documents to be low.

The results of the experiment are shown in Table 4.7 in which “Num. Doc.”
refers to the number of tagged documents. “Cluster” refers to the number of clus-
ters containing tagged document. For all four events, BDM achieved the highest

precision score and the lowest number of clusters. With the exception of Obama
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event, BDM had the highest recall score. TFIDF performed better than Max1 and
KL on all events except Obama. In Obama event, Max1 had the highest recall score.
However, this is due to a single cluster containing many documents with the words
“obama’” and “barack”. As such, Max1 had a low precision for that event. For other
events, Max1 and KL cluster related reports together instead of focusing on specific
events. For example, the news articles on the wake for both Natasha Richardson and
Michael Jackson are clustered together by Max1. Since bursty feature representa-
tions (Max1 and KL) consider all bursty periods as related to certain degrees, they
cannot distinct the given example as well as BDM. Such results indicate that not
only BDM was able to filter out documents, which did not belong to the same event,
from the clusters better than other methods, but it could also cluster documents

from the same event together in a tighter group of clusters.

Table 4.7: RSS feed dataset (Entertainment news 03/01/2009 -
08/31/2009 and Political news 10/01/2008 - 12/31/2008)

Events | Num Doc. | Vec. Rep. | cluster | recall | precision
NR 44 TFIDF 9 20.71 30
Max1 8 17.44 17
KL 7 16.43 29.28
BDM 8 28 31
MJ 48 TFIDF 6 62.94 2.5
Max1 13 13.92 2.1
KL 13 61.63 2.4
BDM 6 69.68 3.1
Obama 61 TFIDF 21 12.24 0.02
Max1 15 27.54 0.55
KL 35 4 0.04
BDM 12 23.22 1.3
Clinton 40 TFIDF 4 51.67 0.05
Max1 10 15.64 0.05
KL 22 6.5 0.001
BDM 3 61.67 2.9
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4.5.3.3 Additional Real-life Datasets

We used four other real-life datasets: 20 newsgroup, Reuters-21578, Nature
and ACM datasets in the following experiments. The purpose of these experiments is
to show that BDM is a robust framework that can improve clustering results on the
same data even though it may have different feature space. For each dataset, we used
the rainbow package [72] to prepare two indexes for the experiments. We generated
two sets of indexing based on two feature selection methodologies: information gain
and frequency. For information gain, we used the rainbow package to find 100
highest words in terms of information gain statistics. For frequency, we used the
rainbow package to create the index of all words except the top and bottom 10%.
We ignored any document that does not contain any of the features. The precision,
recall and F-score are used to evaluate the clusters.
20 newsgroup dataset: The dataset is available on the UCI Machine Learning
Repository (see [34]). The dataset is a popular test bed for text clustering experi-
ments. We automatically removed the headers and the reply/forward portions from
each document. For multiple label documents, we selected the first listed label as
the actual label. The results of the experiment on 20 newsgroup dataset are shown
in Table 4.8.
Reuters-21578 dataset: The Reuters-21578 dataset is made available on the UCI
Machine Learning Repository (see [34]). We extracted the body from each document
and labeled each document with the first listed topic. We dropped any documents
that did not contain a topic. We also dropped any topic that contained less than 5
documents.
Nature dataset: Nature dataset is the collection of Nature articles, published
weekly and organized into five distinct classes. In this collection, there are 7,964
journal articles published between 01/01/2005 and 12/21/2006. The final dataset
contains 7437 journal articles. The results of the experiments with cosine distance
are shown in Table 4.10.
ACM dataset: ACM dataset contains 24897 Computer Science articles from the
ACM digital library divided into 11 classes, published yearly from 1980 to 2001.

The results are shown in Table 4.11.
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The results from Tables 4.8 to 4.11 indicated that BDM performed much better
than KL, Max1 and TFIDF. From the total of 16 experiments, BDM had the best
F-score on 9 experiments. TFIDF has the best F-score on 5 experiments. KL and
Max1 has the best F-score on 1 experiment. Overall, BDM was better than Max1 in
13 experiments on F-score. BDM was better than KL in 12 experiments on F-score.
On average, BDM showed 2% improvement over TFIDF on F-score. Again, BDM
showed remarkable robustness as it was able to improve clustering on two types of
features. Moreover, on 20 Newsgroup and Reuters-21578 datasets, where the text
streams were likely to contain time dependent topics, frameworks that used bursty
information for document clustering out performed TFIDF in general. Similar to
Syn-3 dataset, KL and Max1 performed worse than BDM and TFIDF on Nature
and ACM datasets, since these two datasets were not likely to have as much time

dependent topics as the other two datasets.

Table 4.8: 20 Newsgroup Dataset
Algorithm | Vec. Rep Info. Gain Fregency
F-score | Precision | Recall | F-score | Precision | Recall
UPGMA | TFIDF 44.57 52.14 38.92 | 11.95 89.46 6.4

Max1 48.26 54.93 43.03 | 11.27 92.99 6
KL 49.91 62.02 4175 | 11.44 89.25 6.11
BDM 50.46 69.96 39.46 | 10.31 98.56 5.44
Star TFIDF 31.85 29.28 34.91 5.03 4.61 5.54
Max1 37.55 31.61 | 46.25 D.77 5.33 6.3

KL 32.24 28.6 36.94 7.95 4.39 41.75
BDM 36.34 30.15 45.73 10.9 5.88 74.88
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Table 4.9: Reuters Dataset
Algorithm | Vec. Rep Info. Gain Freqgency

F-score | Precision | Recall | F-score | Precision | Recall
UPGMA TFIDF 52.34 63.3 44.61 | 47.24 64.27 37.35
Max1 52.59 62.79 45.24 | 49.32 63.02 40.51

KL 58.22 68.67 | 50.53 | 46.07 64.87 35.71

BDM 04.62 64 47.63 | 49.99 61.04 42.33

Star TFIDF 29.23 63.67 18.97 | 35.56 62.74 24.81
Max1 29.66 58.91 19.82 | 29.71 61 19.64

KL 26.6 53.47 17.7 35.08 64.14 24.14

BDM 34.47 63.15 23.71 | 346 27.49 24.75

Table 4.10: Nature Dataset
Algorithm | Vec. Rep Info. Gain Freqgency

F-score | Precision | Recall | F-score | Precision | Recall
UPGMA TFIDF 86.11 99.78 75.74 | 86.95 99.51 77.21
Max1 81.91 89.26 75.69 | 86.31 97.92 77.16

KL 85.61 98.5 75.7 85.82 96.66 77.16
BDM 84.34 95.21 75.7 87.03 99.80 77.16

Star TFIDF | 64.02 69.54 59.3 | 84.54 93.48 77.16
Max1 61.17 66.29 56.79 | 83.39 90.71 77.16
KL 96.65 68.16 48.46 | T74.83 72.64 77.16

BDM 61.01 69.71 04.24 | 85.77 96.55 77.16

4.6 Conclusion

In this chapter, we illustrated how we can use bursty information to extract
interesting information from the data. Also, we defined the temporal bursty cor-
relation score that can assign high correlation score to two patterns even though
one or both of the patterns are not bursty. This feature allows for the emerging
correlated pattern to be extracted. We used it to recover early focus of research
topics in Computer Science research from ACM datasets. The concepts of bursti-
ness are not limited to only such information extractions. They can be used to
improve the performances on other text mining tasks. We introduced the bursty
distance measurement framework that used both the bursty period and burstiness
score of each feature as the weight for distance calculation between two documents.
We showed that our framework excelled in clustering documents related to the same

event both on Synthetic dataset and RSS feed dataset. It performed better than
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Table 4.11: ACM Dataset

Algorithm | Vec. Rep Info. Gain Freqgency
F-score | Precision | Recall | F-score | Precision | Recall
UPGMA TFIDF 43.61 30 79.79 | 41.29 27.28 84.87
Max1 42.52 28.47 83.97 41.1 27.23 83.73
KL 42.38 27.16 96.4 41.46 27.51 84.09
BDM 48.47 36.24 73.16 | 42.37 27.17 96.14
Star TFIDF 20.1 24.44 17.07 2.17 5.07 1.38
Max1 18.67 25.55 14.7 1.65 7.19 0.93
KL 16.8 18.25 15.57 0.52 3 0.29
BDM 19.75 24.19 16.68 8.52 9.4 7.79

simply using VSM with existing bursty feature representation in such tasks. Our

framework’s performance did not suffer when applied to other real world datasets.

We used the local burstiness score that focuses on the local word occurrences in our

framework. The local burstiness score leads to better event-related clustering on

RSS feed dataset. These results suggest that our framework is likely to work well

on event-related clustering on streaming text such as RSS feed, and Blogs. Also, we

found that K-Medoids clustering algorithm is not compatible with clustering with

bursty information in general.




CHAPTER 5

Conclusions and Future work

The current growth rate of online information is at an all-time high, and it shows
no sign of slowing down. Pattern extraction is an interesting and important con-
cept that has been used to extract information from electronic documents. In this
thesis, we look at the problems that arise when classical word feature and sequen-
tial pattern feature such as N-gram are applied to mining online text documents.
The word feature cannot capture the information embedded in the order of words.
The traditional sequential patterns extracting methods are not scalable enough to
extract long approximate patterns. They have difficulties extracting information
from online text document, which can be a long and noisy sequence of words. The
combinatorial search space for such data is simply too large to extract all sequential
patterns. In Chapter 3, we show that we need sequential patterns mining in order
to solve hard text mining tasks such as role identification. We also show that the
selected space search is necessary for locating sequential patterns in such a large
combinatorial search space problem as text mining.

The other problem for traditional word feature and sequential pattern feature
base methods have is that they cannot capture the temporal information embedded
in the online text streams. In Chapter 4, we propose two frameworks that use the
bursty information for extracting patterns in the text streams. We show that, if we
include the bursty information into the feature values, we can extract interesting
temporal information from the data — leading to a better learning model and more
informative patterns. There are two interesting directions of future works: burstiness
for Recursive Data Mining and Surface Text Patterns. We discuss them next in

section 5.1 and 5.2 respectively.

Portions of this chapter previously appeared as: A. Hoonlor, and X. Zhu. (2006,
Apr.). Unsupervised learning for surface text recovery in QA system, Computer
Science Department, University of Wisconsin - Madison, WI. [Online]. Available:
http://citeseerx.ist.psu.edu/viewdoc/summary?doi=10.1.1.134.4787, (Date Last Accessed on Jun.
2, 2011)
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5.1 Burstiness for Recursive Data Mining

The first idea we want to explore is to add the temporal sense into the sequen-
tial pattern. If we look at today newspaper, the news article in the newspaper often
mention just current event. The current events include periodical events such as
presidential election, or an on-going event such as Iraq war, or commonly occurring
events like a death of celebrity. Thus, some phrases used in the current week or
month of newspaper to describe the current events can be found in other times. It
would also be interesting to see if the structures of the document change over time.

Burstiness is the concept that describes such property. If we can define a
burstiness score for sequential pattern, we can apply it as the significant test for
RDM. We will also need to improve RDM framework by making it more efficient.
While the current system can handle long and noisy sequence, it still has limitations
on the level of approximation allowed in the patterns at each level of abstraction.
Also, by adding the temporal information into the test, RDM has to keep track of
the dimension of time in the dataset — immensely increasing the size of the search

space.

5.2 Surface Text Patterns

One of our goals is to incorporate more information into sequential patterns.
The surface text pattern is an intuitive way to include the knowledge base into
the pattern extraction algorithm allowing it to reduce the size of search space. In
Chapter 1, we give a brief introduction to the surface text pattern and its uses in the
question answering (Q&A) system. The quality of an answer to the Q&A system
depends on the information extracted from the data. The surface text pattern can
filtered out most of the irrelevant data and extract the answers to questions such
as “When X was born?”, “When was Y invented?” and “What is Z7?” with fairly
high accuracy. The problems of the current surface text pattern systems are the
following: (i) the surface text pattern is extracted based on patterns extraction
system in semi-supervising manners, and (ii) its application is limited to Q&A.

In an ongoing work to make the learning of surface text pattern less depen-

dent on supervision, we proposed an unsupervised learning framework to learn and
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construct the surface text patterns. There are four main steps in the framework.

1. Query generator: For a given question, the query generator creates a set of

possible queries for document search using the words from the question.

2. Web Search: The documents are retrieved using the search engine based on
the generated query. From these documents, the sentences that contain all the

terms in the query are returned.

3. Finding Answer: The sequential pattern that is a possible answer to the
given question is extracted from the returned sentences in previous step. For
example, if the question is asking for a date, then any date pattern found in
the sentences is extracted. The sequential patterns are ranked based on the

frequency, and returned as possible answers.

4. Pattern Learning: Pattern learning is a four-step process: (i) create a ques-
tion and answer pair using the given question and the highest ranking answer,
(ii) generate the surface text patterns from the answer, (iii) if there is a new
surface text pattern, use it to find new question and answer pairs from the
web — terminate otherwise, and (iv) select the highest new question and answer

pair, and input them to step (ii).

The connections between these units are shown in flow diagram in Figure 5.1. As
an example of the Pattern Learning step, we applied our framework to the question
“When was Gandhi born?”. The generated query was “Gandhi” 4+ “born”. The
highest-ranking answer found by the system was 1869. From this, the new question
and answer pair, the most common surface text pattern generated was “< NAMFE >
wasborn < ANSWER >". This surface text pattern lead to a new answer pair
“Obama” - “1961”, and a new surface pattern < NAME > (< ANSWER >.

In the future, we aim at improving the above framework and using it to create
an application for information extraction using the surface text patterns. This in-
formation extraction application will create the surface text patterns based on the
user defined sequential patterns. For example, if a user performs a search of “Albert
Einstein”, and highlight documents discussing his Nobel Prize winning work, the ap-

plication will automatically find an entity with matching features using surface text
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a) Question:
1. When was Mozart born? b) ?uery (jen‘erato};:
2. When was camera invented? 1. “Mozart” + ‘?Om .
3. When was the World War II » 2 Samera + ansmed
started? 3. “World+War+II” +
“started”
f) K best answers: \ .
1.1 Mozart was born in c) Web Search:
1756, d) Finding Answer |« Google
1.2 Mozart (1756 — 1791) / ] Yahoo
2.1 The first camera was AltaVista

invented in 1841.

2.2 But the easier camera /
was invented in March

1885 by George Eastman. ¢) Pattern Learning

Figure 5.1: The Q&A framework that automatically generated surface
text patterns from the provided questions.

patterns, “< NAMFE > received Nobel Prize Physics”. The extracted information

will be used to generate search for results of similar events to the given query.
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