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A bstract

Panagiotis Zagorisios.
MSc, Computer Science Department, University of Ioannina, Greece. 
Text Stream Clustering using bursty information.
Supervisor: Aristidis Likas

Document clustering in text streams is a text mining problem with increasing interest 
in recent years due to its relation to the problems of topic detection and tracking. The 
existence of temporal information in the form of document timestamps provides the op­
portunity to modify and improve the typical approaches for document representation and 
clustering. A way to exploit temporal information is through the detection and exploita­
tion of bursty terms in text streams, ie terms that appear in many documents during the 
same time window.

At first, a description of methods that have been developed for the detection of bursty 
terms is presented. Next several document representations are presented that integrate 
the bursty information in the typical vector space model, and novel forms of term simi­
larity matrices are proposed that take into account the correlation between bursty terms. 
Moreover, we propose an alternative approach that first partitions the bursty features into 
groups and then uses this information for the clustering of the text stream collections. 
Finally, experimental results on benchmark collections are provided followed by empirical 
conclusions on the performance of the compared approaches.



Εκτεταμένη Περίληψη στα Ελληνικά

Παναγιώτης Ζαγορίσιος.
MSc. Τμήμα Πληροφοροικής, Πανεπιστήμιο Ιωαννίνων.
Ομαδοποίηση ροών κειμένων κάνοντας χρήση πληροφορίας αιχμής.
Επιβλέπων καθηγητής: Αριστείδης Λύκας

Το πρόβλημα της ομαδοποίησης σε ροές κειμένων παρουσιάζει αυξανόμενο ενδιαφέρον, 
κυρίως εξαιτίας των εφαρμογών του σε συστήματα ανίχνευσης και παρακολούθησης γεγονό­
των (TDT) σε ειδησεογραφικά κείμενα. Η ύπαρξη χρονικής πληροφορίας σχετικά με τη 
χρονική στιγμή εμφάνισης ενός κειμένου, δημιούργησε την ανάγκη να τροποποιηθούν οι 
τυπικές προσεγγίσεις για την ομαδοποίηση κειμένων, ώστε να εκμεταλλεύονται αποδοτικά 
την πληροφορία αυτή. Μια προσέγγιση στην εκμετάλλευση της χρονικής πληροφορίας 
βασίζεται στον εντοπισμό λέξεων που εμφανίζονται ταυτόχρονα σε πολλά κείμενα του ίδιου 
χρονικού παραθύρου τους οποίους ονομάζουμε ”όρους αιχμής” (bursty terms).

Στην εργασία αυτή παρουσιάζονται μεθοδολογίες που έχουν προταθεί για τον εντοπισμό 
όρων αιχμής και των αντίστοιχων χρονικών διαστημάτων οαχμής για κάθε όρο.Στη συνέχεια 
παρατίθενται κάποιες μέθοδοι που έχουν προταθεί για την ενσωμάτωση της πληροφορίας 
αιχμής στην αναπαράσταση των κειμένων, προσπαθώντας κυρίως να βελτιώσουν την κλασική 
διανυσματική αναπαράσταση ενός κειμένου (bag of words). Παρόλα αυτά σε καμία από 
αυτές τις μεθόδους δεν λαμβάνεται υπόψη η συσχέτιση των όρων.

Στη συνέχεια της εργασίας μελετάται κατά πόσο η ομαδοποίηση σε ροές κειμένου 
δύναται να βελτιωθεί με την εξόρυξη πληροφορίας που αφορά την συσχέτιση όρων αιχμής. Γι 
αυτό τον λόγο, προτείνεται η χρήση πινάκων ομοιότητας όρων (λέξεων) που κατασκευάζονται 
από όρους αιχμής και την πληροφορία συσχέτισής τους.

Επιπλέον προτείνεται μια άλλη μεθοδολογία που βασίζεται καταρχήν στην ομαδοποίηση 
των όρων αιχμής ώστε να σχηματίσουν εννοιολογικές ομάδες (topics), και στη συνέχεια 
στην εκμετάλλευση των εννοιολογικών ομάδων για την ομαδοποίηση των κειμένων της 
συλλογής. Οι μεθοδολογίες που παρουσιάζονται συγκρίνονται πειραματικά χρησιμοποιώντας 
γνωστές συλλογές κειμένων και παρατίθενται εμπειρικά συμπεράσματα σχετικά με τις 
δυνατότητες της κάθε προσέγγισης.

VI



Chapter 1

Introduction

Thanks to the development of the second version of the world wide web (Web 2.0), there is 
a continuous growth in the available digital content. The vast amount of this information 
is described by the term ”big data”, which came to the fore the last years. Moreover, 
the founder of the Web, Tim Berners-Lee, presented in public some interesting results, 
when the available data gets linked up1. Tools for clustering are necessary for organizing 
and analyzing any available information. Clustering is one of the 6  common tasks in the 
data mining field [15], the other 5 are classification, regression, anomaly detection, sum­
marization and association rule mining. Each clustering process aims to discover groups 
of ” similar objects” and is a widely studied problem in the text domains.

Nowadays, text documents could be produced by many sources. From user platforms 
like twitter and facebook to newswire sites and blogs. Conventional clustering techniques 
have difficulty in handling the large amount of text data (text streams) that produced over 
time, as new challenges are faced. Topic detection and tracking (TDT) is a related prob­
lem to that of text stream clustering. The goal of TDT is the identification of clusters of 
documents from a non-stationary text collection, where each cluster contains documents 
that discuss the same real life event.

Moreover, text representation is an important issue because it affects the performance 
of a text mining algorithm. The most widely used representation for the task of text 
clustering is the Vector space model-bag of words (VSM). In [21] the bursty feature rep­
resentation is proposed, that is appropriate for text streams as it captures the temporal 
dimension of a document. The role of bursty features, have been investigated and in other 
works proposing different representations [23] [58] that extend the classical vector space 
model. However, none of the above works considers the relation between bursty features. 
Despite its simplicity, the major limitations of VSM is that terms are statistically inde­
pendent. The generalized vector space model (GVSM) is a generalization of the vector

*http://www.ted.com/talks/tim_berners_lee_the_year_open_data_went.worldwide
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The research question that this thesis addresses is if the clustering procedure of text 
streams could be further enhanced by exploiting bursty feature correlations. We extend 
the GVSM term similarity matrix using the bursty features discovered by the Kleinberg’s 
2 states automaton [29]. Furthermore, we propose several forms of matrices, based on the 
correlation of bursty terms. Finally, we introduce the Correlated Bursty Term Clustering 
(CBTC) algorithm for the initialization of the k-means, appropriate for text stream data 
collections.

The rest of this thesis is organized as follows. Chapter 2 describes the related work. In 
chapter 3, our methodology is documented. The experimental clustering results in bench­
mark datasets are reported in chapter 4. Finally, in chapter 5, we present our conclusions 
as well as future research directions.

space model that estimates the correlation between terms [46].



Chapter 2

Related W ork

2.1 Topic Detection and Tracking

2.2 Bursty Information

2.3 Vector Space Model

2.4 Event Modeling

2.5 Spherical K-means

2.1 Topic D etection and  Tracking (TDT)

The TDT program started in 1997 as a pilot study, conducted initially by a small group 
of researchers. The research was pursued under the DARPA Translingual Information 
Detection, Extraction and Summarization (TIDES) program and the goal was to develop 
technologies for organizing the text news from a variety of broadcast news media in order 
to detect and track the appearance of news topics. A detailed overview of the results of 
the pilot study could be found in [1]. A fundamental concept in TDT is the notion of 
an ”event” and a ”topic”. During the pilot study ”event” and ”topic” meant the same 
thing, an incident that happens at a certain place and time. Later, in the second year, 
the definition of "topic” altered and broadened to include not only the triggering event 
but also other events and activities that are directly related to it. The notion of a ’’topic” 
differs form the notion of a general category like sports, politics etc. For example the 
"final game of the FIFA world cup 2014” and the "final game of UEFA champions league 
2014” although belonging to the same category, the one of sports, they refer to totally 
different real life events. As a result, they are two distinct topics.
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We could imagine a TDT system operating as follows. Given a text stream, the 
framework should discover the documents-stories that refer to a topic which have not 
been detected before. Furthermore, each topic referring to a real life event, should be 
tracked in order to discover more stories that mention it. Other important notions of the 
TDT project can be found in the figure 2.1.

Figure 2.1: TDT Definitions

An event or activity along with all directly 
related events and activities

H i i  ew kmJ

I

Something that happens at a specific 
time and place

A connected set of actions that have a 
common focus (etc specific campaigns)

A newswire article or a  segment of a news 
broadcast with a coherent news focus

Different text 
documents / articles

According to the TDT community , five different research applications are defined 1 :

1 . S tory  S egm entation  (SS) - detect story boundaries
The automatically transcribed speech data, coming from news agencies, need to be 
segmented into stories. In other words, the stream information should be spotted 
in discrete stories.

2. Topic Tracking (T T ) - Discover all stories that discuss a target topic.
Given an sample of stories that discuss a specific topic, TT framework should find 
all the subsequent stories, within the remaining corpus, that refer to the same topic.

3. Topic D etectio n  (T D ) - Identify clusters of stories that discuss the same topic. 
For the TD task no prior knowledge is provided as happens for the topic tracking

1 http: / /www .itl.nist.gov/iad/mig/tests/tdt/
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task. It is an unsupervised process. The TD system should detect clusters of stories 
that discuss the same topic.

4. F irst S tory  D etec tio n  (F S D ) - If a story is the first story of a new, unknown, 
topic.
FSD, also known as new event detection, detects the first story that refers to an 
event. An FSD system should output either YES or XO to the question: "does 
this story discuss a new topic?”. Like topic detection, first story detection is an 
unsupervised task.

5. Link D etec tio n  (LD ) - Detect whether or not two stories are linked.
A LD system should output a decision score determining whether a pair of stories 
discuss the same topic. In that case the stories are linked by the same topic.

The above tasks are not necessarily independent, because for the successful implemen­
tation of one of them, probably has another one as a prerequisite. For example task 3 
should be solved before we perform any of the rest.

The five tasks were shaped after the first year of the pilot study. The initial tasks 
were segmentation, tracking and detection [1]. Furthermore, the topic detection task, was 
divided into the online and the retrospective process. The online method is known as 
new' event detection (FSD) and the offline as retrospective event detection (RED). The 
objective of RED is the identification of all the events in a corpus of stories, by grouping 
the stories into clusters where each cluster represents an event.

At this point, w'e should notice that because of long and intensive research in the 
TDT field, occasionally other problems have been defined that are closely related. Fung 
et all [18] formalize the problem of "bursty event detection”, as the discovery of a set of 
bursty words, that are able to descibe an event, while Platakis et all in [40] study the 
problem of discovering hot topics in blogs, from the same perspective. From now and 
on, we will be using the notion of "topic” and "event” interchangeably.

Regarding the research so far, we could claim that there are two trends in the litera­
ture on how a topic would be represented. The document-based, originated from the TDT 
community, and the feature-based. In the document-based approach, the organization of 
documents into clusters defines the different set of topics. Therefore, the content of an 
event is described by the documents of each cluster or descriptive queries. However, it has 
been observed that events from news sources, appear frequently in bursts. In the latter 
approach, the feature-based, a topic is signaled by the burst of the frequencies of terms 
associated with it. The organization of the terms into groups form the detected events. 
The question which arises is how' to identify the features whose frequency is significantly 
increased, and how to group them in order to shape the final events.
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2.1.1 Online vs Offline TDT

According to [22] topic detection models could be classified into probabilistic and non- 
probabilistic. In the first category a "topic” is considered as a distribution over either 
documents or words, while in the second, the documents are clustered directly. Our re­
search is related to the non-probabilistic case. In both cases there are two approaches to 
detect and track topics.

The off-line (retrospective) approach assumes that the entire text stream is available 
for analysis. This, however, requires memory resources for storing and processing the 
available information. So decisions are taken periodically, ie non-real time. In contrast, 
the on-line approach considers that documents arrive in the system according to a chrono­
logical order. Thus, the required memory should be sufficient only for the processing of the 
current information flow. As a result the information is scanned only once, which requires 
the system to take decisions in a specified time interval or in strict-real time(immediate 
mode).

In [45] are described in detail the state of art approaches to immediate mode of on-line 
new event detection. In [35] an online new event detection framework is illustrated that 
deals with the above mentioned issues and could be used in practice. Finally, [8 ] describes 
the first Turkish news portal supporting event detection and tracking procedures.

2.1.2 Text S tream  Visualization

Figure 2.2: The Memetracker tool

The methods that have been developed for the task of topic detection and tracking, as 
well as from the broader related research areas, could be used for the visualization of text 
streams. Many tools and frameworks have been proposed. The Event River visualizes 
each event, by extracting the name of the involved people and the places related to it [3 4 ].
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Another well known framework is the Meme-tracker. The novelty of this framework is 
that it displays short, distinctive phrases that appear in many documents. Furthermore 
someone could observe how these ”memes” (phrases) evolve in time [33]. ThemeRiver is 
a system that visualizes thematic variations of a collection of documents, over time [19]. 
Blogpulse [7] was a search engine (no longer available) and analytical system for detecting 
trends in blogs, with visualization features . Another system, navigating the blogosphere, 
from a spatiotemporal perspective, is blogscope, which takes advantage of bursty key­
words and keywords correlations [4],

Another tool for analyzing unstructured text streams, by presenting trending key­
words, is produced by Microsoft Research Labs and is called Narratives [16]. Finally, 
extended research for the topic detection and tracking field, has also been conducted, not 
only on data derived from traditional newswire sources like news agencies and weblogs, 
but also on the Twitter micro-blog platform. As a result, several tools have been de­
veloped. For example TopicSketch [48] is a framework for real-time detection of bursty 
topics, providing a descriptive ” snapshot” of the current stream. On the other hand, 
CLEar [47], is a system that supports bursty topic detection, popularity prediction, event 
summarization, contextualization and visualization. A further extension of the abo\'e sys­
tems, that worths mentioning, is Truthy which is produced and maintained by Indiana 
University. It’s, actually, a framework for real-time analysis of memes diffusion, in social 
media by mining massive streams of public micro blogging events [42].



Figure 2.4: The BlogPulse tool

Generated by BlogPulse Copyright 2005 IntelliseeK Inc.

Date

■"Interaction design" ■  "Information architecture" ■  "user experience"

2.2 B ursty Inform ation

2.2.1 Event B urst

The burst of an event is signaled by the appearance of a large number of relevant docu­
ments in a relative small period of time. This depends on the number of documents and 
their spread in time. Thus events are characterized by a life cycle according to their pop­
ularity during time. There are events with long, short or periodic lifespan. For example 
events about football matches are periodic (every weekend), while an event related to a 
war has a longer lifespan than an event about a car accident.

Figure 2.5: Histogram of a topic from TDT5 data set

Israel withdraws troops from G aza

One further problem of topic detection and tracking is the context shifting. During the 
life-cycle of an event, the context of documents related to it tends to alter. This is because 
when an event is active, more and more documents are published that present diverse

8



aspects of it and this results in reduction of the average similarity among the documents 
of the same event. As Kleinberg observes in [29], ”the burst-and-di verse” phenomenon of 
events corresponds to the dynamic behavior of a document stream. According to figure 2.6 
(retrieved from [9]) that concerns the TDT1 copus, when an event is active the number 
of related documents (x-axis) is increased, while the average similarity between them is 
reduced (y-axis).

Figure 2.6: Documents similarity vs event activeness

0 10 20 30 40 50 60

the number of related documents o f events per day

2.2.2 B urst detection

The rapid increase in the frequency of a term in a short period is called burst. Thus, a 
word is bursty, when its frequency is encountered at an unusual high rate. The detection 
of bursty events is known as burst detection procedure and it has a variety of applica­
tions. From monitoring the network traffic or the price of a stock market to astronomical 
observations and web topic Mining. Several methodologies for burst detection have been 
proposed [6,56,59].

In the field of data/text mining, occasionally, several burst detection algorithms have 
been developed. [29] detects bursty words in email collection, using an infinite-state au­
tomaton and computes the optimal state sequence using a statistical procedure. A varia­
tion of Kleinberg’s method for BBSs (Bulletin Board Systems) and blogs text collection, 
where the distribution of documents is not uniform, is described in [17]. In [52] a param­
eter free burst detection algorithm is presented, based on sophisticated data structures, 
which detects bursts in multiple windows sizes simultaneously.

Fung et all [18] suggests a probabilistic framework, based on the binomial distribution, 
to identify bursty words. Furthermore they apply spectral analysis in order to categorize 
words in four categories to discover important and less-reported events. Lappas et all in
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[32] uses concepts from discrepancy theory, to model the burstiness of a word, developing 
a parameter-free approach.

In addition, [11] presents the OMRBD algorithm, that detects bursty words by main- 
taning multiple sliding windows of different resolution. Moreover, in [51] the difference 
between a bursty word and a buzzword is highlighted, proposing a buzzword detection 
method. As Yi states ” Buzzw ords  are t e r m s  o f  high m o m e n t u m  f o r  a relat ively short  

per iod o f  t ime.  N o t e  tha t  not  al l  burs ty  events  by the K le inberg’s model  can be considered  

as buzz because the m odel  doesn’t  take into  account  the relative duration and the m a ss  o f  

burs ts”.

Finally, Vlachos et all in [44] deals with the identification of bursts from the query 
logs of Microsoft’s search engine. While in [27] it is examined the use of bursts of edits in 
the discussion pages of Wikipedia articles to explore the process of how a topic is created.

2.2.3 Kleinberg model

A popular method for burst detection is proposed in [29], where author tries to investigate 
the role of time in his personal e-mail by modeling the text stream using an infinite-state 
automaton (figure 2.7).

Figure 2.7: Kleinberg’s infinite automaton

«jo r 1

CO

i
1

q } ~
\

\
transition cost 0 transition cost emissions at rate

Yinnper state δ-1 · 1

Figure retrieved from [29]

In this automaton, bursts appear as state transitions, corresponding to points in time 
around which the frequency of the examined word changes significantly. Moreover, a hier­
archical tree structure is created by the state transition-burstiness connection (figure 2 .8 ).

The most basic bursty model is the automaton with two states. It is ideal to describe 
the timeline of a term. In this thesis, we used the batch mode of the 2-state automaton, 
where documents arrive into consecutive batches. Suppose that there are T batches, where 
the sequence ( d u  ..., d r )  expresses the total number of documents in each time slice, while 
(η , ....,τγ) is the number of documents that contain the examined word. The algorithm
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is a kind of a Hidden Markov model. The automaton has 2  states, one with low emission
rate po =  \ R d \ f T  and another with higher rate p \  — s  · po, s  >- 1 (resolution). T is the

τ
whole time range and £  rt* = | R d  | .

t=l

Figure 2.8: The hierarchical structure of burst

Figure 2.9: Kleinberg’s 2-state automaton

In the proposed model each (r^d*) is considered to be an output symbol, that is 
produced probabilistically according to the internal state of the HMM. When such tuple 
sequence is given, the goal is to find an optimal state sequence q =  (qu  . . .qr) ,  where each 
qi minimizes the cost that is calculated by the following equation:

a ( i , r t , d t ) =  - In
d t

n
P ? ( l - P i ) d,- rt (2. 1)
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The state transition sequence s that minimizes the above cost function is derived using 
a dynamic programming algorithm, called Viterbi method. For a given input sequence 
< r, d  > =  (<  7 7 , di  > , . . . , <  r^, d r  > ), the Viterbi method identifies the most likely state 
sequence (viterbi path) of a hidden Markov model as follows.

1 . t=0, C0 (i) =  0 C i ( t ) =  oo

2 . t  =  t  +  1

3. Compute cost C j ( t )  for j= 0 ,l

(a) C j ( t )  =  m i n ( C j ( t  -  l )  +  r ( q , j ) )  -  a { j , r u dt)

(b) r(q,j) is the state transition from the previous state q
and is defined as r(q ,  j )  =  7  * lo g T  for q <  j  and r ( q , j )  =  0 for q >  j

4. Repeat steps 2  and 3 for all batches of documents

5. Select the state sequence with the minimum cost

Consecutive appearances of state 1 (bursty state) are considered as bursty moments of 
the word. Thus, the length of a burst is defined from the appearance of the first (tl) un­
til the last bursty moment (t2 ), while the weight of the burst is calculated from equation: .

t

W =  Σ  2 (σ ( ° ’ r «> d t ) -  σ (!> r t, d t ) )  (2 .2 )

The weight, which is non-negative, is equal to the improvement in cost incurred by 
using state p \  over the interval [tl,t2 ] rather than state p 0.

The algorithm has two parameters. The resolution (s) and the conversion cost ( 7 ). 
The first one controls the difference between the burst (high emission rate) and the nor­
mal state (low emission rate). As Kleinberg mentions, small values of s often lead to long 
bursts, while higher values increase the strictness of the algorithm criterion for how rapid 
an increase of activity should in order to be considered as burst.

The second one (conversion cost) defines the cost of the automaton when changing 
state. Higher (lower) values mean that the burst must be sustained over longer (shorter) 
period of time in order to be detected by the algorithm. The default value of this parame­
ter is set to 1 which indicates that the cost is proportional to the increase in state number.

Unfortunately Kleinberg didn’t propose any way of tuning these parameters that were 
manually set. However, two algorithms are proposed in a recent study [13] for the estima­
tion of the above parameters. The disadvantage of these methods is that the estimation
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of the parameters is investigated at the word and not at the corpus level. Thus, it is time 
consuming to find the best parameters for each word in the vocabulary, especially when 
the vocabulary length is of order 103 in magnitude. Moreover the Kleinberg’s burst detec­
tion algorithm is not appropriate for online burst detection. Finally, it is a computational 
expensive method as for its implementation is used a dynamic programming algorithm.

2.3 Vector Space Model

The most widely-used text representation in the field of text mining is the Vector Space 
Model (or term vector model). In VSM, a document is represented by a vector of weights 
corresponding to text ’’features”. The weight of each feature quantifies its importance 
to describe the document content. Thus, not all text features are useful in representing 
a documents. As features, according to the common approach of Bag of Words (BOW), 
distinct words are considered.

A document d, is represented as a vector of V  features. In equation 2.3 T denotes the 
document transpose and d^ the weight of j - th  feature ( f j )  inside document d{.

d  =  [dfi, · · *, di\y\]T , d  E R}  (2.3)

The most popular weighting scheme is the normalized tf-idf, which is the product of 
two statistics. Term frequency and inverse document frequency.

N
tf ~ idft4 =  tfttd x idft = tft4 x log(-)

dft
(2.4)

Although, various ways for calculating the values of both statistics have been proposed, 
we used the simplest and most common choice, where t f i 4 , is the raw frequency of term t 
in document d. The id fu is the logarithmically scaled fraction of documents that contain 
the term t, obtained by dividing the total number of documents ( N ) by the number of 
documents containing the term, and then taking the logarithm. It is a measure of how 
much information the term provides. In other words, whether the term is common or 
rare across all documents. When the TFIDF representation is used, cosine similarity has 
been proved to be an effective measure for the task of document clustering. Given two 
documents vectors, d; and dj, cosine similarity computes the cosine of the angle between 
them.

s imcosid i , dj)  =  d' f 3 € [0,1] (2.5)

An extension of VSM-BOW is the bag of phrases (VSM-ΒΟΡ), where consecutive 
words are regarded as distinct features (word n-grams). Despite the simplicity of VSM, 
there are some deficiencies, concerning the assumption of term independence. According
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to this hypothesis, the terms are statistically independent. Moreover, in the vector space 
representation, the order in which the terms appear in the document is lost. In addition, 
documents are represented in high dimensional and sparse feature space due to the large 
vocabulary size. Finally the VSM-BOW cannot handle language phenomena such as 
synonymy and polysemy, because the context a word appear is missing. Thus, due to the 
semantic sensitivity, documents with similar context but different terms vocabulary are 
hard to be associated.

2.3.1 GVSM

Because of the difficulties with VSM, many variations have been proposed that map the 
document vectors to a new feature space. This new space of features is known as concept 
space and its dimension is equal or less than the initial. A document projection to the 
concept space can be defined as

p v sm  _ ^ d > =  s d e  R v ' V '  < V  (2.6)

The matrix 5, of dimension V r x  V ,  is called semantic matrix. The cosine similarity 
between two documents in the concept space can be computed with equation 2.7 where 
i f  is the normalization factor of document d*.

s i m i Z H d ' ,  d j )  =  ( S d i f i S d j )  =  ( i f S d i f i l f S d j )  =  l f l f ( d f S TS d J) (2.7)

As reported by Kalogeratos in [26], the methods that have been proposed so far, ei­
ther interpret the above equation as a dot product of the document images to the new 
feature space R v \  or as a measure that considers the correlation between features which 
is expressed by the matrix S TS.

The Generalised Vector Space model (GVSM), estimates the similarity between docu­
ments based on how their terms are related [46]. The image of a document to the concept 
space is given by:

d! =  X d  (2.8)

In the above equation, d is part of document collection X. More specifically, X is a 
XxV Document-Term matrix, whose rows and columns are indexed by the documents 
and vocabulary terms respectively. This, according to equation 2.7, implies that S T S=  
X TX = S I M g v s m  is a term similarity matrix. S I M q v s m  represents the inner-products 
of term vectors, introducing term to term correlation by deprecating at the same time 
the pairwise orgononality assumption of the VSM. It is actually a V  x V  term similarity 
matrix where the r-th  row has the dot-product similarities between term v r and the rest 
terms of the vocabulary.

14



There are works that purpose different measures to capture the terms correlations [5, 
12,14,26]. In [5] the Context Vector Model (CVM-VSM) is introduced, where two co­
occurrence frequency measures are proposed in order to construct the term similarity 
matrix. One relies on low level counting the co-occurrence of terms in the same documents 
and the other tries to discover terms associations at a higher semantic similarity level. 
Finally, [14] suggests the use of the co\^ariance matrix between terms and the matrix of 
Pearson’s correlation coefficients to estimate the term similarity matrix.

2.4 Event M odeling

As reported before, in literature two approaches are followed in off-line or on-line mode, 
in order to model an event:

1. Document-Based approaches

•  [2] Each new document that arrives in the system, is compared with all clusters 
of documents that have been created so far. If its similarity measure with the 
cluster exceeds a threshold then is assigned to it. Otherwise, this document 
starts a new event. According to this basic algorithmic approach several ideas 
have been proposed to improve the clustering procedure. More specifically:

•  [30,31,49] To improve the clustering accuracy they take into account entities 
like places, date, time and persons’ names that are involved in each event.

•  [30,49] They observed that e\rents of specific topics use the same sets of words. 
Thus, before performing clustering they divided the documents into the respec­
tive topic categories.

•  [30,49,54,55] Different reweighting in terms of each topic category, results in 
significant improvements in the clustering accuracy.

•  [36] Proper names, locations, temporal expressions and normal terms are ex­
tracted forming the corresponding ontology of each document. Thus, each 
document story is represented by these four sub-vectors and the similarity of 
two documents is conducted by comparing a pair of their corresponding sub­
vectors.

2. Feature-Based approaches

•  [18] A feature pivot clustering algorithm is proposed in order to group bursty 
features. An event is signaled by the appearance of a group of bursty features.

•  [20] An unsupervised greedy event detection algorithm is applied in a pool of 
features, that have been categorized in the previous step in four non overlapping 
groups. The method is able to detect aperiodic and periodic events.
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•  [1 1 ] The bursty features are detected with the OMRBD algorithm, and then 
affinity clustering propagation is performed in order to form the events.

•  [52] The burst of an event is considered as a set of bursty features, which are 
extracted from short text streams.

•  [43] A keyword graph is proposed based on word co-occurrences in documents. 
Community detection methods, derived from social network analysis, are used 
to discover and characterize the events.

For the purposes of this work, we follow the document-based approach. Therefore, 
an event consists of a set of documents, thus our problem is transformed to a problem 
of documents clustering, with the difference that we should take into consideration the 
chronological sequence of documents. Therefore, the time factor adds one more dimension 
to the problem of clustering. Stories that discuss the same event tend to be in temporal 
proximity. Hence lexical similarity and temporal proximity are two major criteria for 
our problem. In addition, the high dimensional and sparse feature space in combination 
with language phenomena are challenges that affect the development of an effective al­
gorithm. Moreover, in the case of event detection and tracking, because of the temporal 
and unpredictable nature of streams, the above issues complicate even more the problem 
of document clustering.

2.4.1 Docum ent based techniques

As expected, conventional clustering methods are not suitable for detecting events in 
text stream, because the do not take into account the temporal relationship between the 
documents. It is likely, to be clustered to the same group, documents that have similar 
semantic content, but refer to different events. On the other hand, algorithms that have 
as input the number of clusters to be created are not appropriate. The predefined number 
of clusters can not cover the changing nature of information flow. It is almost unlikely to 
know in advance how many events will be identified because of the complex and unpre­
dictable nature of text streams.

O n -lin e  m e th o d s

An important issue in on-line clustering (centroid and non-centroid) algorithms, is to 
determine the similarity threshold. To be more precise, a known approach in the online 
event detection is the single-pass clustering algorithm (figure 2 .1 0 ).

However, as pointed out by Allan in [2] and verified by out experimental studies, a 
fixed threshold in the on-line process is not appropriate. On the contrary, if the threshold 
were adjusted each time to the ’energy1 of the event, the results would be much more 
efficient. Intuitively, what we desire is a low threshold when an event is active to allow 
the clustering of documents without reducing significantly the accuracy of the clusters.
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Moreover, when an event is inactive, by increasing the threshold the algorithm would 
avoid to group together irrelevant to the event documents.

Variations in this algorithm were proposed either by increasing similarity threshold 
over time [2 ], or using a time window which specifies the number of previous documents 
that should be taken into consideration for clustering [55]. But both approaches reach to 
the conclusion, that documents relating to events that spans a long time period, delegate 
to different groups.

Figure 2.10: Single pass document clustering

Event Detection Algorithm:
E = mdi,
For each news document d  from on-line news stream 

e = ARGMAXteE(sim(0,<4));
If sim(e/i) >= threshold then

else
-  CmateNewsEvent(d); 

add ê w into E,
end if 

end for

In [9] the ” life profile” for each event is proposed in order to select the appropriate 
value of similarity threshold. Moreover, in [10] the life cycle of each event is modeled by 
assigning an amount of ’’energy” to each one. This amount is declining over time, while 
it grows as the number of correlated with the event documents increases. The threshold 
is defined as the amount of energy of each event (figure 2 .1 1 ).

O ffline m e th o d s

In off-line event detection, because of the fact that we have available the whole corpus 
we could find statistical information for each term, concerning the flow of the text stream. 
In addition, we could define, from the beginning, the representatives of the events. All 
these urge that we could study the problem of event detection and tracking also from this 
perspective, the off-line one, as we don’t have to deal with the difficulties of the on-line
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version. Furthermore, we could take into consideration the burst intervals of each term. 
The conclusions of such a research could be useful for the on-line process because the 
development of an online event detection and tracking system, should first of all, deal 
with the memory issues and then proceed to the clustering procedure.

Figure 2 .1 1 : Energy-based Single Pass clustering

Energy-based Event Detection Algorithm:
E = null.
For each news document d  from on-line news stream 

e = ARGMAX, ̂ sim(e,d)),
If sim(e^) >= threshold^a then 

e. Energylfrdate(d)·, 
e. VectorUpdateig), 

else
em  = CreateNewsEvent(d), 
add into E,

end if 
end for

The methods that have been proposed so far, introduce the bursty information in 
the text representation (VSM-BOW). Then, they are evaluated using classical clustering 
algorithms like spherical K-means.

2.4.2 B ursty Feature representation

A fundamental approach, in this direction is presented in [23], where the bursty feature 
representation is proposed. It is based on the bursty information of features as extracted 
from the two-state Klenberg’s automaton. A document vector d €  R v  is transformed as 
follows:

du>= J F P ii + 6wj' if  ̂G D and t € p i (2 9)
1 F P i j  , otherwise,

where B  denotes the set of bursty features, F P i j  the binary weight of term j  in document 
i at time t, δ >  0  the burst coefficient, Wj and pj  the bursty weight and its corresponding 
interval. So each word in the vocabulary may be either no bursty at all, or bursty at one
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ore more non-overlapping time periods. As a result bursty words are strengthened by a 
factor of £w. In the experiments an improvement is observed in the cluster purity and 
entropy as well as the class entropy measure.

In their next work [21], the same authors tested the performance of their previous 
idea using the TDIFD weighting scheme with the normalized (w’) and unormalized bursty 
weight (w), proposing the B-VSM representation with 5 different variations. The first two 
versions of B-VSM use the entire feature space d  G R v  (equation 2.3)

( S A B )  d y  =
t f i d f i j  +  w'j, i f  f j  G B 
t f i d f i j  , otherwise,

( S M B )  d y  =
t f i d f i j  * if f j  G B  

t f i d f i j  i otherwise,

while the last three, use only the bursty feature space B.

di — [dn, ■ ■., dj|£|]

(2.10)

(2.11)

(2.12)

( B A B )  dij =  t f i d f i j  +  w'j (2.13)

( B M B )  d^ =  t f i d f i j  ■ Wj (2.14)

( B T )  d y  =  t f i d f i j (2.15)

One distinction from the previous research [23], is that in [2 1 ] only the largest bursty 
weight of each feature as its burstiness score are taken into account. Moreover the time 
stamp t of each document is not regarded in any of the five weighting schemes. As a 
result, the bursty weight of a feature f j  is applied to the whole document collection and 
not to the documents that are published during its bursty interval Pj . Their experimental 
results, on a subcorpus of the TDT3 dataset, reveal that the B-VSM is able to detect the 
top-k bursty topics as well as to improve significantly the recall and precision.

The method in [58] follows the similar concept with previous works [21,23], aiming 
to mine, retrospectively, events from text streams through the procedure of clustering. 
The major contribution is the BurstVSM representation. In BurstVSM, the vocabulary 
contains only the bursty terms (equation 2 .1 2 ) and no extra weight is added

(B u r s t-V S M ) =
t f i d f i j ϊ if t G Pj  ^2 

0  , otherwise,
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where p j  is the bursty period of feature j.

Moreover the bursty feature space is computed by parameterizing the Kleinberg’s 
method, using a sliding window to recompute the probabilities p0 and p \ .  Last but 
not least, [58] deals with multiple bursts contrary to [21]. The benefits from taking into 
account the multiple bursty periods of each word are highlighted in the Table reftab:novel.

Table 2.1: Summary of representation models

semantic
information

temporal
information

dimension
reduction

trend
modeling

VSM / X X bad
boost VSM / partially X moderate
BurstVSM / / / good

table derived from [58]

We should notice that according to [23], a bursty-feature-only representation, although 
it reduces the feature space, frequently degenerates into a zero-vector due to the sparsity 
of the bursty features. Finalfy, a close method to the aforementioned works is [24]. As­
suming that traditional vector space model cannot capture the temporal aspect of text 
streams, the bursty feature space is explored either with the Kleinberg’s two state au­
tomaton or using the burst detection method proposed in [32]. The major contribution is 
the bursty distance measurement to calculate the similarity between a pair of documents, 
as well as the local burstiness score, based on the local word occurrence.

2.5 Spherical K-m eans

K-means is a fast and easy to understand clustering algorithm. It assumes a representative 
of each cluster and an objective function that evaluates the quality of each partition. 
Given a dataset and the number K of desired clusters, the algorithm, initially selects K -  

representatives, usually by random, as the centers of the clusters. After that, each object 
(document) is assigned to the partition with the closest center. Then, the new centers are 
recalculated and the algorithm repeats the assignment of all objects (documents) to the 
new cluster representatives. The above procedure could be summarized in the following 
two steps.

1. Reassignment step: each object(documents) is assigned to the cluster whose center 
is nearest to it
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2 . Update step: Each cluster representative is updated in such a way that the objective 
function is optimized in every algorithmically step.

The k-means converges because in each iteration is created a more homogenous par­
tition (or the clustering error is reduced if take into account the distance measure), ter­
minating at a local maximum(minimum) where no more changes in the clusters could be 
occurred. The main disadvantage of the algorithm is that although it converges quickly 
and monotonically, it results in a local minimum (or maximum), depending on the ini­
tialization of the centers.

Its time complexity is O(tXV), where t  <  M A X J T E R  is the number of iterations un­
til convergence. X is the number of documents and V the length of the vocabulary. When 
the centers are computed as the arithmetic mean (centroids) the K-means minimizes the 
sum of sum of squared euclidean distances between the objects of the cluster and the 
centroids. Another well-known method is K-medoid where a cluster is represented with 
the medoid object, defined as the one that has the maximum average similarity to the 
objects of its cluster.

Spherical k-means (spk-means) is a variant of k-means that utilizes the cosine similarity 
for the data vectors normalized with respect to L2-norm. The maximized objective func­
tion is the clustering cohesion. The optimal representative for a cluster is its normalized 
centroid and the overall clustering cohesion of a partition C is given by:

K
C o h e s i o n ( C )  =  Σ Σ  (rCj)Tdi (2.17)

j = l  d i € C j

where r Cj is the representative (normalized centroid) of cluster Cy



Chapter 3

Correlated Bursty T erms

3.1 Terminologies

3.2 Term similarity matrices

3.3 Correlated Bursty Term Clustering

3.1 Terminologies

As text stream is considered the appearance o f documents according to  a predefined time­
line

Stream  =  [S \ , . . . ,  S t ] (3.1)

where 5,* represents the set o f documents with the i-th time-stamp. We denote a corpus of 
text streams with X documents as X, and T  the time period that it spans. Each document 
S p  that appears in one of the T  batches, is represented as a vector of V features using 
the TFIDF representation.

For the identification of the bursty feature space B, we used the Kleinberg’s two-state 
automaton, that returns the bursty weight wj  and interval Pj  of each feature f j .  Although 
the value o f equation 2.2 is a positive number, this does not imply that the individual 
weights o f each time slot that is enclosed in the interval [tl,t2] are all positive.

wl =  <t(0, rt, dt) -  σ(1, r u dt) (3.2)

After experimental efforts, we observed that the following burst-reweighing scheme 
works better for our data sets.
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d(<)=  {  if f j  €  B  and t  e  Pj  3,
,J 1 t f i d f i j  , otherwise,

where is given by 2.2. Thus, after applying the above equation to the document 
collection X, we have at our disposal the corpus representation XB given by 3.3.

3.2 Term sim ilarity m atrices

The experiments in all previous works [5,12,14], that purpose different variations of the 
term similarity matrix, conducted for static document collections. On the other, none of 
the works [21,23,58], that study the problem of text stream clustering, use the correlation 
between features in order to improve clustering performance.

In our research, we are interested in studying the problem of topic detection and 
tracking in a retrospective way (offline). Using the vector space bag of words model, we 
try to exploit correlations of busrty words, in order to form term similarity matrices that 
would be able to improve the clustering of text streams. The term similarity matrix of 
the GVSM { X ' X )  captures the relation of terms that co-occur in the same documents. 
Initially, we propose the S I M ^ y f j b  term similarity matrix, which contains not only the 
co-occurrence but also the co-burstiness of terms.

that appear together, in at least one document. However, there are documents that con­

co-occure in the same document vectors, but also features that happen to be bursty dur­
ing the same period. For this reason we propose the S I M  1#  as well as S I M 2 q similarity 
matrices.

In order to construct the two matrices, first we need to create the BI matrix, of 
dimension V  x T  (figure 3.1), which indicates the time slot a feature is bursty and its 
corresponding burstiness score.

(3.4)

Note that the S I M ^ y 8̂  and S I M g v s m  matrices enclose only the relations of terms

tain totally different words which are semantically related. We claim that if such words 
are bursty and refer to the same event, their intervals of high frequency would be over­
lapping. Such a similarity term matrix could capture not only the co-bursty features that

0 if f i  i  D
(3.5)

\
w j ,  w j  > 0 if f i  £  D
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where w? is the burst weight of feature i at time slot j according to equation 3.2.

F ig u re  3 .1 : A n  e xa m p le  o f  B I

T h e  w h ite  sp a ces  a re  th e  b u rs ty  p e rio d s  o f each  te rm , th a t  th e  b u rs ty  w e ig h t is  p o s it iv e .

T  (time)

S I M I b =  B I - B I '  (3 .6 )
τ

S I M l B( i , j )  =  J 2 D IiKDI'Kj (3 .7 )
k =1

S IM 2 b =  S I M I b/T  -  A (3 .8 )

A =  (G '-G )/T  (3 .9 )

G(i) =

0 , i f  f , φ D

°r  (3 -10)

Σ  B i ( i , j ) ,  i f h  e  B
j=\

In  a  t e x t  s t re a m , i t  is  co m m o n  fo r som e e ve n ts  to  o v e r la p  in  t im e . F o r  e xa m p le  

th e  ”  E b o la  v i r u s  e p id e m ic  in  W e st A f r ic a ”  a n d  ” X X I I  O ly m p ic  W in te r  G a m e ”  e v e n ts , 

em erg ed  a c c o rd in g  (to  W ik ip e d ia 1) in  n ew s so u rces  on F e b ru a ry  o f 2014 . M o re o ve r th e  

p ro b a b il ity  th e  b u rs ty  fe a tu re s  o f  th e se  e ve n ts  to  o c c u r  in  th e  sa m e  t im e  s lo ts  is  v e ry  

h ig h . H o w e v e r , th e  c o n c e p tu a l c o n te n t o f  su ch  e ve n ts  is  to t a l ly  d if fe re n t . In  su ch  cases 

th e  S IM lf j  a n d  S I M 2/y s im i la r i t y  m a tr ic e s  w o u ld  c a p tu re  th e  c o -b u rs t  re la t io n  o f  te rm s  

th a t  re fe r  to  s e m a n t ic a lly  u n re la te d  e v e n ts . T o  ta c k le  th is  l im it a t io n , w e p ro p o se  th e  

SIM Y q1' an d  5 / Λ / 2 β ,Γ te rm  m a tr ic e s .

1http://en.wikipedia.org/v iki/2014
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SI Ml ( i , j ) ψ  =  S I M l B(i,j) · COR(i, j) (3.11)

S I M 2 ( i , j ) 7  =  S IM 2 B( i , j )  ■ C O R (i,j )  (3 .1 2 )

w h e re  C O R  is  th e  m a t r ix  th a t  c o n ta in s  th e  c o rre la t io n  co e ffic ie n ts  fro m  X .  A lth o u g h  th e  

c o r re la t io n  m a t r ix  h a s  been  p ro p o sed  in  [14], in  o u r  case  w e  a re  in te re s te d  o n ly  in  th e  

b u rs t y  te rm s . A l l  th e  ab o ve  te rm  m a tr ic e s  a re  s y m m e t r ic , no n  n e g a tiv e  a n d  p o s it iv e  d e fi­

n ite . H o w e v e r in  o rd e r to  a p p ly  th e m  in  a  d o cu m e n t c o lle c t io n  w e  n o rm a liz e  th e ir  c o lu m n s . 

T h e  n o rm a liz a t io n  is  d o ne  b y  d iv id in g  th e  e le m e n ts  o f  each  c o lu m n  b y  th e  sq u a re  ro o t o f 

th e  e u c lid e a n  n o rm  o f  te rm  w e ig h ts . A s  i t  is  a n t ic ip a te d , a f te r  n o rm a liz a t io n  th e  m a tr ic e s  

a re  no  lo n g e r s y m m e t r ic .

T h e  s ize  o f  a l l  m a tr ic e s  is  0 (V 2) .  T h e  a d va n ta g e  o f th e  ab o ve  m a tr ic e s , c o n t ra ry  

to  S I M ^ s% a n d  S I M is  t h a t  th e y  a re  m o re  sp a rse  s in c e  th e y  c o n ta in  o n ly  th e  

c o -b u rs t in e s s  a n d  n o t  th e  co -o ccu rre n ce  re la t io n  o f  th e  w o rd s . T h e  d isa d v a n ta g e  o f  a l l  

m a t r ic e s  is  t h a t  th e  m e m o ry  re q u ire m e n ts  is  la rg e  en o u g h , e s p e c ia lly  w h e n  th e  n u m b e r o f 

te rm s  in c re a s e s . H o w e v e r , th is  co u ld  be  h a n d le d  w ith  se m a n t ic  k e rn e ls . B u t  su c h  a  s tu d y  

is  b e yo n d  th e  sco p e  o f  th is  th e s is .

3.3 Correlated Bursty Term Clustering
T h e  b u rs ty  in te rv a l o f b u rs ty  fe a tu re s  d eno tes th e  p e rio d  d u r in g  w h ic h  th e  e ve n t a s so c i­

a te d  w ith  th e m  is  ’’ h o t” . In  o th e r  w o rd s , th e  m a jo r it y  o f d o cu m e n t s to r ie s  th a t  d isc u ss  th e  

sa m e  e ve n t a re  p u b lish e d  a ro u n d  th is  t im e  p e r io d , th u s  th e ir  te m p o ra l p ro x im it y  te n d s  to  

be  c lo se . F u r th e rm o re  an d  a c co rd in g  to  K le in b e rg ’s  b u rs t  d e te c t io n  m e th o d  (b a tc h  m o d e ), 

in  o rd e r fo r a  te rm  to  be c h a ra c te r iz e d  as b u rs ty , i t  d ep end s on th e  n u m b e r o f re la te d  

d o cu m e n ts . T h e  la rg e r  th e  n u m b e r o f d o cu m e n ts  th a t  c o n ta in  th e  c a n d id a te  te rm , th e  

la rg e r  th e  p ro b a b il i t y  th is  te rm  to  be p a r t  o f  B .  A t  la s t , th e  fa c t  th a t  a  g re a t a m o u n t o f 

re se a rch  w o rk  t h a t  s tu d y  th e  p ro b le m  o f  to p ic  d e te c t io n  fo llo w  th e  fe a tu re  b ased  ap p ro a ch  

( v ia  th e  d is c o v e ry  o f b u rs ty  w o rd s ) m a ke  us to  do th e  fo llo w in g  a s su m p tio n .

T h e  b u rs ty  te rm s  co u ld  sugg est to  u s to  th e  m o st im p o rta n t  d o cu m e n ts  o f each  e ve n t. 

W e  re g a rd  a s  im p o r ta n t , a  d o cu m e n t th a t  is  c lo se  to  th e  c e n tro id  (o r m e d o id ) o f th e  d o cu ­

m e n ts  th a t  a re  d e r iv e d  fro m  th e  sam e  c la s s . T h e  d is c o v e ry  o f su ch  d o cu m e n ts , is  e xp e c te d  

to  im p ro v e  th e  p e rfo rm a n c e  o f  a l l a lg o r ith m s  th a t  a re  p a r t  o f  th e  K -m e a n s  fa m ily , b ecause  

th e ir  re s u lts  d ep en d  on th e  se le c tio n  o f  th e  in i t ia l  c lu s te r  cen te rs .

T h e  f ir s t  p a r t  o f th e  m e th o d , we p ro p ose  fo r th e  se le c tio n  o f th e  K  ce n te rs , is  based  on 

th e  p h ilo so p h y  o f th e  fe a tu re -b a se d  m e th o d s , i )  In i t ia l ly ,  w e c re a te  K '  g ro u p  o f fe a tu re s  

a p p ly in g  th e  S p e c t ra l C lu s te r in g  a lg o r ith m  to  a  b u rs ty  te rm  g ra p h , th e n  i i )  w e co m p u te
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th e  K r-re p re se n ta t iv e s  u s in g  th e  s y n th e t ic  p ro to ty p e s  p ro ce d u re  [25]. T h e  re p re se n ta t iv e s  

a re  c o m p u te d  fro m  th e  se t o f  d o cu m e n ts  th a t  c o n ta in  th e  b u rs t y  w o rd s  an d  a re  p u b lish e d  

d u r in g  th e ir  b u r s t y  in te rv a l . M o re o ve r , w e a ss ig n  th ese  d o cu m e n ts  ( D ocsB) to  th e  n e a r­

e st c lu s te r  re p re se n ta t iv e s  fo rm in g  K *  c lu s te rs  o f  d o cu m e n ts , i i i )  A t  th e  e n d , w e red u ce  

th e  n u m b e r c lu s te rs  fro m  K '  to  K  b y  m e rg in g  th e  m o st s im ila r  c lu s te rs  a c c o rd in g  to  th e  

co s in e  s im i la r i t y  o f  t h e ir  re p re se n ta t iv e s . T h e  pseudo -co de o f  o u r  m e th o d  fo llo w s .

f u n c t io n  C B T C ( D ,  P d o c s , P t e rm s , A , /?, AT, AT', a d j)

1 . c</> <— G raphC uster(adj, K f)

2 . { S P , y c , K f}  C o n stru c tB u rsty S P (c^ \ D , Pdocs , P term s , λ ,  β  )

3 . { 5 P }  <— M ergeC lusters(yCJ S P ,  AT, K \  Pdocs , P term s , λ ,  β)

3.3.1 Bursty Term Graph
In  o rd e r to  c lu s te r  th e  b u rs t y  fe a tu re s , w e  sh o u ld  d e fin e  a  re la t io n  b e tw e e n  th e m . F o r  

th a t  re a so n , w e d ec id ed  to  c re a te  a  te rm  co -o ccu ren ce  g ra p h  fro m  th e  se t  o f  b u r s t y  te rm s  

B .  In  l i t e ra tu re  th e re  a re  se v e ra l w o rk s  fo llo w in g  th is  co n ce p t e ith e r  fo r  e ve n t d e te c t io n  

o r to p ic  s u m m a r iz a t io n .

In  [39] a n  e ve n t d e te c t io n  a lg o r ith m  is  p ro p o sed  u s in g  a  k e y w o rd  co -o ccu ren ce  g ra p h .In  

[43] a  g ra p h  is  c re a te d , fro m  n o u n  p h ra se s  an d  n a m e  e n t it ie s , a n d  th e n  a  c o m m u n ity  de­

te c t io n  a lg o r ith m  is  a p p lie d  to  d isc o v e r e v e n ts . H o w e ve r , none o f th e  these  w o rk s  c o n s id e r 

th e  b u rs t in e s s  o f each  fe a tu re . M o re o ve r in  [37] a  n e tw o rk  is  b u i lt  fo r a  sp e c if ic  t re n d in g  

to p ic , w h e re  no d es a re  b u rs ty  an d  n o n b u rs ty  w o rd s an d  a n  edge d eno tes a  co -o ccu ren ce  

re la t io n . In  a d d it io n , in  [50] th e  p ro b le m  o f " b u r s t y  e ven t ta g g in g ”  is  s tu d ie d  w h e re  an  

e ven t is  d e sc r ib e d  fro m  a  se t o f ta g s . T h e  a u th o rs  obsen^ed t h a t  tag s fro m  v a r io u s  w eb 

so u rces  re f le c t  th e  u se rs1 in te re s ts  o ve r t im e , th u s  b y  a p p ly in g  g ra p h  c lu s te r in g  te ch n iq u e s  

th e y  d e te c te d  b u rs ty  e v e n ts . F in a l ly  a  m o re  so p h is t ic a te d  m e th o d  fo r e ve n t d e te c t io n  

fro m  so c ia l t e x t  s t re a m s , lik e  b logs a n d  e m a ils  is  p resen ted  in  [57].

O u r  g ra p h  n e tw o rk  G ( V ,E )  c o n s is ts  o f b u rs ty  te rm s  o n ly  ( | P |  =  |V |  ) .  N o d es co rre ­

sp o n d  to  te rm s , w h ile  a n  edge b e tw een  tw o  no des n *  an d  r i j  is  ad d e d , i f  th e  fo llo w in g  

tw o  c o n d it io n s , fo r te rm s  in* a n d  Wj, a re  s a t is f ie d :

1. T h e i r  b u r s t y  in te rv a ls  o ve rla p .

2 . D u r in g  th e  o v e r la p p in g  p e r io d , th e  te rm s  a n d  Wj c o -o ccu r in  a t  le a s t  one d o cu ­

m e n t.
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(3.13)

The weight of each edge is derived from [11,44]:

w (k ,j) =  -
\Dkr\Dj\ p tng j- h

l̂ -l m )
w h e re  D k is  th e  se t o f d o cu m e n ts  th a t  in c lu d e  te rm  f k an d  a re  p u b lish e d  in  it s  b u rs ty  

in te rv a l . V e r t ic e s  w ith  degree less th a n  1 a re  e lim in a te d  fro m  th e  g ra p h . U s in g  th e  re s u lt ­

in g  g ra p h , w e a p p ly  th e  S p e c tra l C lu s te r in g  a lg o r ith m  [38] to  p a r t it io n  th e  b u rs ty  te rm s  

in to  K *  n o n -o v e rla p p in g  c lu s te rs . F in a l ly ,  w e o m it  g ro u p s w ith  le ss  th a n  tw o  te rm s .

f u n c t io n  GraphCluster(adj, K r)

i n p u t  ; a n  a d ja c e n t  m a t r ix  a d j t h a t  re p re se n ts  th e  s t ru c tu re  o f th e  

b u rs ty - fe a tu re s  g ra p h  a n d  K ’ th e  n u m b e r o f  d e s ire d  c lu s te rs  

o u t p u t  : =  {c[f \  . . . , Οχ}} th e  c lu s te r in g

so lu t io n  w ith  K ’ g ro u p s o f  te rm s

1. c<'> <— SpectralClustering(adj, K ')

2 . <- -  {c(/ \  V i  =  1 : K ',  1 ^ 1  <  2 }

3. |c(/) |

4. r e tu r n (c ^ )

3.3.2 Cluster representatives
In  th e  seco nd  s te p  o f  o u r a lg o r ith m , w e d e te rm in e  th e  d o cu m e n ts  t h a t  a re  re la te d  to  each  

b u rs ty  te rm . T h e  a s so c ia t io n  c r ite r io n  is  fo r  a  b u rs ty  te rm  to  a p p e a r  in  a  d o cu m e n t a t  

le a s t  o nce . T h e  c o n s id e re d  d o cu m e n ts  o f  each  te rm , a re  o n ly  th o se  th a t  a re  p u b lish e d  

d u r in g  it s  b u rs ty  in te rv a l .

T h e n , th e  re p re se n ta t iv e  o f  each  g ro u p  o f te rm s  is  c o m p u te d , fro m  th e  d o cu m e n ts  

t h a t  a re  p a r t  o f  th e  se t D o cs . F o r  th is  t a s k , w e used  th e  s y n th e t ic  p ro to ty p e s  [25] in s te a d  

o f c e n tro id s  o r m e d o id s . T h is  is  d u e  to  th e  fa c t  t h a t ,  i )  th e  se t Docs m a y  po ssess l i t ­

t le  a m o u n t o f  d o cu m e n ts , i i )  th e  h ig h  d im e n s io n a lity  an d  s p a r s it y  o f  th e  d a ta  a n d  i i i )  

th e  e x a m in e d  se t co u ld  p o ss ib ly  c o n ta in  d o cu m e n ts  fro m  d iffe re n t to p ic s , th e re fo re  w e 

re q u ire  a  m e th o d  th a t  w o u ld  c o m p u te  th e  re p re se n ta t iv e  o f  th e  c lu s te r  fro m  d o cu m e n ts  

o f  th e  d o m in a n t  c la s s . F o r  these  re a so n s , w e chose  th e  s y n th e t ic  p ro to ty p e s  re p re se n ta t io n .

G iv e n  a  c lu s te r  o f d o cu m e n ts , th e  a lg o r ith m  co m p u te s  it s  m ed o id  a s  th e  d o cu m e n t 

w ith  th e  m a x im u m  ave rag e  s im i la r i t y  to  th e  o b je c ts  o f th e  c lu s te r . T h i s  is  th e  f ir s t  re p ­

re se n ta t iv e . T h e n , se le c ts  i t e r a t iv e ly  th e  c lo se st d o cu m e n ts  to  th e  re p re se n ta t iv e . T h e  

n u m b e r o f th e  c lo se st d o cu m e n ts  is  defin ed  as a  p e rcen ta g e  ( Pdocs) o f  th e  c lu s te r  s iz e . A t
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th e  end  o f  e a ch  it e ra t io n , i t  c a lc u la te s  th e  n e w  re p re se n ta t iv e  a s  th e  c e n tro id  o f  th e  se­

le c te d  d o c u m e n ts . F in a l ly ,  th e  m e th o d  choo ses th e  m o st h ig h ly  w e ig h te d  fe a tu re s  ( Pterms 
p e rce n ta g e  o f  th e  v o c a b u la ry  le n g th ) to  c o n s t ru c t  th e  s y n th e t ic  p ro to ty p e .

W e  sh o u ld  n o t ic e , t h a t  th e  se t  Docs is  c h a n g in g  a t  e v e ry  it e ra t io n . M o re o ve r , a  d o c­

u m e n t m a y  c o n ta in  m u lt ip le  b u r s t y  te rm s , w h ic h  a re  c lu s te re d  in  d iffe re n t g ro u p s d u r in g  

th e  f ir s t  s te p . T h u s ,  i t  is  p o ss ib le  a  d o cu m e n t to  a p p e a r  m o re  th a n  one it e ra t io n  in  th e  

se t Docs. A l l  th e  d o cu m e n ts  t h a t  a re  p u b lish e d  d u r in g  th e  b u r s t y  in te rv a ls , a n d  c o n ta in  

a t  le a s t  one b u r s t y  te rm , a re  s to re d  in  th e  v a r ia b le  D o c sb- T h e  se t D ocsb  i s  th e  p o o l o f  

d o cu m e n ts  f ro m  w h ic h  w e  a re  g o ing  to  c re a te  th e  d o cu m e n t c lu s te rs .

In  th e  la s t  s te p , w e c lu s te r  th e  d o cu m e n ts  th a t  b e lo n g  to  th e  se t  D ocsb  in to  K '  g ro u p s . 

T h is  is  p e rfo rm e d  b y  a s s ig n in g  each  d o cu m e n t to  th e  c lu s te r  w it h  th e  c lo se st re p re se n ta ­

t iv e . T h e  s im ila r ity ' m e a su re  th a t  is  u sed  to  p e r fo rm  th e  c o m p a riso n  is  th e  co s in e  s im i la r i t y  

(e q u a t io n  2 .5 ) .  B y  p e r fo rm in g  th is  c lu s te r in g  s te p , w e p a r t it io n  th e  se t D ocsb  in to  K '  

d is jo in t  g ro u p s . In  t h a t  w a y , w e a s so c ia te  th e  c lu s te rs  o f  b u rs ty  te rm s  w it h  g ro u p s o f  

d o cu m e n ts .

f u n c t io n  C on stru ctB u r$ tySP (c^ \ D , Pdocs1 P term s , λ ,  β )

in p u t : <U) is  th e  c lu s te r in g  so lu t io n  o f fu n c t io n  G r a p h C lu s t e r

D  is  th e  t e x t  s t re a m  c o lle c t io n

P d o c s , P t e r m , A a n d  β  p a ra m e te rs  fo r th e  s y n th e t ic  p ro to ty p e  m e th o d  

o u tp u t : S P  =  { 5 P i , . . . ,  S P k '}  th e  se t o f  s y n th e t ic  p ro to ty p e s

Vc =  {v a ,  - * * j Vk ' }  th e  c lu s te rs  o f  d o cu m e n ts  

le t  : fk d e n o te  th e  k - fe a tu re , / *  G B
th e  i- th  g ro u p  o f  d o cu m e n t w it h  1 <  i <  K *

D /k is  th e  se t  o f  d o cu m e n ts  c o n ta in in g  te rm  / *

C o n s t r u c tS P : m e th o d  fo r th e  s y n te t ic  p ro to ty p e s

A s s ig n T o C lo s e s t : c lu s te rs  th e  d o cu m e n ts  D ocsb  to  th e  K ’ c lo se st c e n te rs  ( S P )

en d  le t

1. D ocsb  0

2. for i  =

3 . D o c s  <-  0

4. for ea ch  /*  €
%

5 . D o c s  <— Docs +  {D fk}

6. e n d  for
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7. D ocsb D ocsb +  {D o cs}

8 . SP i <— Con$tructSP(Docs, Pdocs , P term s , A , /?)

9. en d  for

1 0 . J/c A s S Z ^ n T o C / o s e S ^ S P ,  .D O C S#)

11. retu rn  (SP, t/c)

3.3.3 Merging step
In  th e  la s t  s te p  o f  th e  a lg o r ith m , c lu s te r  re d u c t io n  is  p e rfo rm e d . In  each  it e ra t io n , th e  

c lu s te rs  w it h  m o st s im ila r  re p re se n ta t iv e s  a re  m erg ed  fo rm in g  a  n e w  c lu s te r . A f t e r  t h a t ,  

th e  n e w  re p re se n ta t iv e  is  c a lc u la te d , u s in g  a g a in  th e  s y n th e t ic  p ro to ty p e  p ro ce d u re . T h e  

p ro ce d u re  e n d s  u n t i l  th e  n u m b e r o f c lu s te rs  is  e q u a l to  th e  d e s ire d  n u m b e r.

f u n c t io n  M e rg e C lu s te r s (y c, S P ,  K ,  K ’ , P d o c s , P te rm s , A ,/ ? )

in p u t : yc a n d  SP a re  th e  o u tp u ts  o f fu n c t io n  C o n s t r u c tB u r s t y S P

K  is  th e  n u m b e r o f  c lu s te rs  in  w h ic h  w e w o u ld  lik e  to  red u ce  th e  se t yc 
P d o c s , P t e r m , A a n d  β  a re  th e  p a ra m e te rs  o f c o n s t ru c ts  o f S P  m e th o d  

o u tp u t  : S P :  s y n th e t ic  p ro to ty p e s  c e n te rs

le t  : C lo s e s tC e n t re s : m e th o d  t h a t  f in d  th e  m o s t  s im i la r  s y n th e t ic  c e n te rs

M e rg e : m e th o d  t h a t  m erg es tw o  c lu s te rs

en d  le t  

1. r ep ea t

2 . {/c , e }  ClosestCentres { 5 ,  P }

3 . yCKC M erge{yCK, yce}

4 . yc <-yc -  { vck, yce} +  { y c„ }

5. S P Ke <- C on stru ctsP (yCKC, c, Pdocs, Pterm s, X, β )

6 . S P ^ S P  +  { 5 P „ e}  -  { S P K, S P e}

7. K ' « -  K  -  1

8. u n til K ' =  K

9. r e tu rn  SP
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Chapter 4

Experiments

4 .1  D a ta - s e ts

4 .2  T e x t  S t re a m  G e n e ra to r

4 .3  E x p e r im e n ta l  M e th o d

4 .4  E x p e r im e n ta l R e s u lt s

4.1 Data-sets
In  o u r e x p e r im e n ts , w e u sed  4 d iffe re n t  t e x t  d a ta s e ts . D 1 - D 2  a re  su b se ts  o f  th e  20- 

N e w s G ro u p s  b y  c h o o s in g  ra n d o m ly , 100 d o cu m e n ts  fro m  each  se le c te d  c a te g o ry . D 3  is  

a  v e rs io n  o f  th e  R e u te rs -2 1 5 7 8  b e n c h m a rk  t e x t  c o lle c t io n , b y  se le c t in g  th e  10 to p -s ized  

ca te g o rie s . F ro m  each  c a te g o ry  w e  chose  100 d o cu m e n ts  a t  ra n d o m , e x c e p t  fo r  th e  la s t  

o n e , w h e re  w e  to o k  a l l  i t s  d o cu m e n ts  a s  it s  s iz e  is  b e lo w  100 .

D 5  is  a  su b se t  o f  G o o g le N e w s d a ta s e t  * , t h a t  c o n ta in s  E n g lis h - w r it te n  a r t ic le s  fro m  

th e  ”  T e c h n o lo g y ”  c a te g o ry . F ro m  th is  t e x t  c o lle c t io n  w e k e p t th e  c la sse s  w ith  m o re  th a n  

20 d o cu m e n ts  a n d  w e  e x t ra c te d  th e  m a in  c o n te n t fro m  each  a r t ic le . M o re  d e ta ils  a b o u t 

th is  d a ta s e t  a n d  th e  w a y  i t  w a s  a n n o ta te d , c a n  be  fo u n d  in  [28].

D 4  is  a  su b se t  o f  T D T 5  1 2 t e x t  c o lle c t io n , w h ic h  c o n ta in s  250  to p ic s  g a th e re d  fo rm  15 

d if fe re n t  n e w sw ire  so u rces  b e tw een  A p r i l  a n d  S e p te m b e r o f  2 00 3 . T h e  7 5 %  o f th e  to p ic s  

a re  m o n o lin g u a l ( E n g l is h , A r a b ic  o r  M a n d a r in  C h in e s e ) a n d  th e  re s t  m u lt i l in g u a l. F ro m  

th is  d a ta se t  w e  k e p t  th e  E n g lis h - w r it te n  d o cu m e n ts  an d  th o se  a p p e a r in g  in  tw o  o r m o re

1 http://www.db-net.aueb.gr/GoogIeNewsDataset/
2https://catalog.ldc.upenn.edu/docs/LDC2006T19/TDT2004V1.2.pdf
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ca te g o rie s  w e re  re m o ve d . F ro m  th e  re s u lt in g  c a te g o rie s , w e c o n s id e re d  o n ly  th o se  w ith  

m o re  th a n  50  d o cu m e n t s to r ie s .

P re -p ro c e s s in g  o f  a  ra w  t e x t  c o lle c t io n  is  a  re q u ire d  s te p  b e fo re  a p p ly in g  a n y  c lu s te r in g  

a lg o r ith m . A  s ta n d a rd  m e th o d  c o n s is ts  o f  tw o  s te p s . In i t ia l l y  s to p -w o rd s , n u m b e rs  a n d  

a lp h a n u m e r ic s  a re  e lim in a te d . T h e n , th e  s te m m in g  a lg o r ith m  [41] is  a p p lie d , in  o rd e r 

to  re p la ce  each  w o rd  b y  i t s  c o rre sp o n d in g  w o rd  s te m . T h e  d e r iv e d  w o rd  s te m s  fo rm  th e  

v o c a b u la ry  o f  th e  t e x t  c o lle c t io n . F o r  th e  p re -p ro ce ss in g , w e u sed  th e  ’’ T e x t  to  m a t r ix  

G e n e ra to r  to o lk it ”  [53].

T o  re d u ce  th e  fe a tu re  sp ace  in  D 1 ,D 2  a n d  D 3 , w e ig n o red  th e  w o rd s  t h a t  a p p e a r in  

less th a n  5 d o c u m e n ts , w h ile  th e  th re sh o ld , fo r D 4  a n d  D 5 , w a s  se t to  3 . F o r  each  o f 

th e  la s t  tw o  d a ta s e ts , w e c a lc u la te d  th re e  q u a n t ile s  fro m  th e  te rm s  d o cu m e n t fre q u e n cy  

d is t r ib u t io n . In  th a t  w a y , th e  d is t r ib u t io n  w a s  d iv id e d  in  th re e  e q u a l p a r ts . W e  e x c lu d e d  

th e  c o rn e r p a r ts  (te rm s  w it h  v e ry  h ig h  a n d  v e ry  lo w  d o cu m e n t fre q u e n c y ) a n d  w e k ep t 

th e  re s t  w o rd s  fo r  o u r \^ ocabulary . T h e  d o cu m e n ts  w ith  no  w o rd s , a f te r  th e  p re v io u s  

p re p ro ce ss in g , w ere  n o t ta k e n  in to  c o n s id e ra t io n . T h e  c h a ra c te r is t ic s  o f th e  ab o ve  t e x t  

d a ta se ts  a re  p re se n te d  in  T a b le  4 .1 , w h ile  T a b le s  4 .4  a n d  4 .3  p re se n t th e  e ve n ts  a n d  th e  

to p ic s  fro m  T D T 5 ,  G o o g le X e w s , 2 0 -X e w s G ro u p s  a n d  R e u te rs -2 1 5 7 8  d a ta se ts  re sp e c t iv e ly .

T a b le  4 .1 : C h a ra c te r is t ic s  o f  t e x t  d o cu m e n t c o lle c t io n s

X a m e  C la s se s X V B a la n c e V ’

D 1 10 1000 2352 1 4 5 ,8 9

D 2 10 1000 2310 1 4 4 ,5 4

D 3 10 993 1566 0 ,9 3 4 4 ,1 6

D 4 30 4972 4717 0 ,0 6 2 1 ,5 4

D 5 11 268 1298 0 ,4 3 1 8 5 9 ,0 7

N denotes the number of documents, V the size of the vocabulary, V ’ the average document 
vocabulary and Balance the ratio of the smallest to the largest class

T h e  p re -d e fin ed  t im e lin e  o f  th e  T D T 5  an d  G o o g le X e w s  d a ta se ts  w a s  u sed  a n d  d o cu ­

m e n ts  t h a t  w e re  p u b lish e d  th e  sa m e  d a y  w ere  in s e r te d  in  th e  sa m e  b a tc h . B e c a u se  o f  th e  

la c k  o f  t im e s ta m p s  in  th e  2 0 -X e w s G ro u p s  a n d  R e u te rs -2 1 5 7 8  d a ta , w e used  a  s im u la t io n  

m e th o d  in  o rd e r , a r t i f ic ia l ly ,  to  p ro d u ce  to p ic  b u rs ts .
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Table 4.2: Selected topics for D1,D2 and D3

D a ta s e t S o u rce  to p ic

D l 2 0 -N G s : g ra p h ic s , w in d o w s .m is c , p c .h a rd w a re , 

m a c .h a rd w a re , w in d o w s .x , a u to s , 

m o to rc y c le s , p o lit ic s .g u n s , 

p o lit ic s .m id e a s t , p o lit ic s .m is c

D 2 2 0 N G s : a th e is m , g ra p h ic s , ib m .p c .h a rd w a re , 

fo rsa le , a u to s , s p o r t .b a s e b a ll , 

c r y p t ,  re lig io n .C h r is t ia n  

p o lit ic s .g u n s , p o lit ic s .m is c

D 3 R e u te rs  -2 15 7 8 : a cq , c o rn , c ru d e , 

e a rn , g ra in , in te re s t , m o n e y - fx , 

s h ip , t ra d e , w h e a t

T a b le  4 .3 : D 5  - su b se t o f G o o g le N e w s

id to p ic ID N a m e

1 65 A T & T  U n v e ils  S h a re d  W ire le s s  D a ta  P la n s

2 186 A p p le  C o n s id e re d  In v e s t in g  in  T w i t t e r

3 15 G o o g le  N e xu s  7 ta b le t  goes o n  sa le  in  U S

4 555 V M w a re  b u y s  N ic ir a  fo r $ 1 .0 5  b il l io n

5 646 G o o g le  u n v e ils  p r ic e  fo r g ig a b it  In te rn e t  se rv ic e

6 5 D ig g  a c q u ire d  b y  B e ta w o rk s

7 252 M ic ro so ft  R e b o o ts  H o tm a il A s  O u t lo o k

8 425 F T C  F in e s  G o o g le  fo r S a fa r i  P r iv a c y  V io la t io n s

9 454 N o k ia  c u ts  L u m ia  900 p r ic e  in  h a lf  to  $50

10 19 A p p le  B r in g s  P ro d u c ts  B a c k  In to  E P E A T  C ir c le

11 496 Y a h o o  c o n firm s  4 0 0 k  a c c o u n t h a ck s
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Table 4.4: D4 - subset of TDT5

id to p ic ID N am e

1 55005 S o sa  e je c te d , c h e a t in g  su sp e c te d

2 55012 N a t io n a l D o  N o t C a l l  R e g is t r y

3 55016 G a y  B is h o p

4 55029 S w e d ish  F o re ig n  M in is te r  k ille d

5 55047 K o b e  ch arg ed  w it h  se x u a l a s sa u lt

6 55063 ( S A R S )  Q u a ra n t in e d  m e d ics  in  T a iw a n  p ro te s t

7 55069 E a r th q u a k e  in  A lg e r ia

8 55072 C o u r t  in d ic ts  L ib e r ia n  P re s id e n t

9 55076 P ro te s ts  a t  2003  M a s te rs  T o u rn a m e n t

10 55078 L o o t in g  a t  I r a q i  n u c le a r  s ite

11 55080 S p a n is h  E le c t io n s

12 55087 E a r th q u a k e  in  T u rk e y

13 55089 L ib e r ia n  fo rm e r p re s id e n t a r r iv e s  in  e x ile

14 55090 B la c k o u t  in  U S  a n d  C a n a d a

15 55098 B u s h  a n d  B la i r  S u m m it

16 55103 T w o  B r ito n s  am o n g  te r ro r  su sp e c ts

17 55105 U X  o ff ic ia l k il le d  in  a t t a c k

18 55106 B o m b in g  in  R iy a d h , S a u d i A r a b ia

19 55107 C a s a b la n c a  b o m b s

20 55109 Is ra e l w ith d ra w s  tro o p s  fro m  G a z a

21 55117 C a m b o d ia n  E le c t io n s

22 55118 W o r ld  E c o n o m ic  F o ru m  in  Jo rd a n

23 55125 Sw ed en  re je c ts  th e  E u r o

24 55128 M a d  co w  d ise a se  in  N o rth  A m e r ic a

25 55155 C h in e se  S u b m a r in e  A c c id e n t

26 55166 S u ic id e  b o m b e rs  h i t  M o sco w  c o n c e rt

27 55181 P a le s t in e : A h m e d  Q u re ia  ta p p e d  as  n e x t  p r im e  m in is te r

28 55200 Ir a q : P ro te c t io n  o f  a n t iq u it ie s

29 5 5227 B in  L a d e n  V id e o ta p e

30 55240 U S  tro o p s  f ire  on  M o su l c ro w d

4.2 Text Stream Generator
T h e  m a jo r  a s su m p t io n  w e m a d e  in  o rd e r c re a te  to p ic  b u rs ts , is  t h a t  d o cu m e n ts  fro m  th e  

sa m e  c la s s  fo llo w  a n  e x p o n e n t ia l d is t r ib u t io n . T h u s ,  b eca u se  o f  th e  to p ic  b u rs t s , b u rs ts  o f 

te rm s  w o u ld  b e  p ro d u ce d  to o . In  e v e ry  t im e  w in d o w  a  n u m b e r o f  d o cu m e n ts  is  a ss ig n e d . 

T h e  p ro b a b il i t y  a  te rm  to  c h a ra c te r iz e d  a s  b u rs ty  in  each  t im e  w in d o w  d ep en d s on th e

33



n u m b e r o f d o cu m e n ts  th a t  c o n ta in  i t .  B e lo w  th e  p seud o co d e  o f  th e  t e x t  s t re a m  g e n e ra to r 

is  d isp la y e d 3 .

T h e  in p u t  o f  th e  m e th o d , c o n s is ts  o f  th e  le n g th  o f  th e  s t re a m  t im e lin e  T, th e  n u m b e r 

o f  to p ic s  K  a n d  th e  m a x im u m  n u m b e r o f  b u rs ts  p e r  to p ic  ( burstsmax) .  F u r th e rm o re , th e  

m a x im u m  a n d  m in im u m  la m b d a  o f  th e  e x p o n e n tia l d is t r ib u t io n  (Zm in, lmax) a s  w e ll a s  th e  

m a x im u m  a n d  m in im u m  p e rce n ta g e  o f  d o cu m e n ts  th a t  p a r t ic ip a te  in  th e  to p ic  b u rs ts , 

a re  in p u t  o f  th e  g e n e ra to r ( r d m jn, rdmax). T h e  e x a c t  n u m b e r o f  b u rs t s , d o cu m e n ts  a n d  

th e  la m b d a  o f  each  b u rs t  is  cho sen  ra n d o m ly  in  th e  re sp e c tiv e  in te rv a ls .

f u n c t io n  T e x t S t r e a m G e n e r a to r (T ,  K ,  ID S ,  Imin̂  lmax·) bur stSmax^rdmim^^max )

i n p u t

o u t p u t

le t

e n d  le t

T  th e  t e x t  s t re a m  p e rio d  

K :  th e  n u m b e r o f  to p ic s  

ID S :  th e  id  o f  each  d o cu m e n t

IminJmax‘ m in  a n d  m a x  la m b d a  o f  th e  e x p o n e n t ia l d is t r ib u t io n

burstsmax: m a x  n u m b e r o f b u rs ts

rdmax'· m a x  ra t io  o f  s to r ie s  in  th e  b u rs ty  to p ic  in te rv a ls

rdmin : m in  ra t io  o f  s to r ie s  in  th e  b u rs ty  to p ic  in te rv a ls

t e x t  s t re a m  S (e q u a t io n  3 .1 )

NumberSbursts d en o te  th e  n u m b e r o f  b u rs ts  p e r  to p ic

d o c s Tatio th e  p e rce n ta g e  o f d o cu m e n ts  fro m  each  c a te g o ry  in  th e  b u rs ty  in te rv a ls  

se le c t- ra n d o m : m e th o d  th a t  se le c ts  ra n d o m ly  d o cu m e n ts  fro m  a  c a te g o ry  

d if f : m e th o d  th a t  re tu rn s  th e  d iffe re n ce  b e tw een  tw o  se ts 

d is t r ib u te : m e th o d  t h a t  d is t r ib u te s  th e  se le c te d  d o cu m e n t id s  in to  T  b a tch e s 

a c c o rd in g  to  a n  e x p o n e n t ia l (o r  ra n d o m ly )

1. f o r  i  =  1 . . .  AT

2 . Number bursts <- rand( l ,b u r s t s max)

3 . docsTatio rand(rdmini rdmax)

4 . Docs <— selectjrandom {Ci,docsraii0)

5 . Docsr€8t <- d if f (C i, Docs)

6 . f o r j  =  1 . . .  Number Stoats

7 . lambda <— rand( 1 mtn, lmax)

3It should be noted that the code is developed and maintained by the postdoctoral researcher Argyris 
Kalogeratos, email : kalogeratos@cmla.ens-cachan.fr
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8. S<— d is t r ib u te  (T, lambda, Docs) 

S < -  d is t r ib u te  ( T , random , Docsrest)9 .

10. e n d  for

11. en d

12. retu rn

4.3 Experimental Protocol

W e  co m p a re d  o u r s im i la r i t y  m a t r ic e s , SIM%£sm  " 5 J M 1 B - S IM 2 B - Ξ Ι Μ Ι ψ  - Ξ ΙΜ 2 ψ , 
w ith  th e  G V S M  m a t r ix  a s  w e ll a s  th e  s t a t ic  V S M  ( t f id f )  a n d  th e  b u r s t y  fe a tu re  re p re se n ta ­

t io n  (e q u a t io n  3 .3 ) .  W e  d es ig n ed  th re e  e x p e r im e n ts . T h e  f ir s t  e x p e r im e n t  w a s  co n d u cte d  

o n  th e  la s t  tw o  d a ta se ts  D 4  a n d  D 5 , w h e re  th e  t e x t  s t re a m  w a s  c re a te d  b ased  o n  th e  

d o c u m e n ts ’ d a i ly  t im e s ta m p s .

F o r  th e  D l ,  D 2  a n d  D 3  d a ta s e ts , d u e  to  th e  la c k  o f  d o c u m e n ts ’ t im e s ta m p s , w e  de­

s ig n ed  tw o  e x p e r im e n ts  u s in g  th e  s t re a m -g e n e ra to r  to  c re a te  to p ic  b u rs t s . In  th e  f ir s t  

e x p e r im e n t  (Experiment A), th e  d u ra t io n  T  w a s  se t to  30 a n d  in  th e  seco nd  (Experiment 
B) to  90 t im e  u n it s . F u r th e rm o re , in  th e  f ir s t  ca se , th e  n u m b e r o f b u rs ts  p e r  to p ic  w as 

one o r tw o , w h ile  in  th e  seco nd  a l l  to p ic s  h a d  o n ly  one b u rs t .

T a b le  4 .5 : P a ra m e te rs  o f th e  T e x t  S t re a m  G e n e ra to r

E x p e r im e n t A B

T 30 90

la m b a [0 .2 :0 .9] [0 .2 :0 .9]

# b u r s t s  p e r  to p ic 1-2 1

% d o cs  in  b u rs ts 0 .7 -0 .9 0 .7 -0 .9

F o r  each  b u r s t , th e  p a ra m e te r  la m b d a  o f th e  e x p o n e n tia l d is t r ib u t io n  w a s  se le c te d , 

ra n d o m ly , fro m  th e  in te rv a l [0 .2 :0 .9 ] . W e  chose , th is  in te rv a l, b eca u se  va lu e s  h ig h e r th a n  

1 re s t r ic te d  a  b u rs t  in  o n ly  one t im e  w in d o w , w h ile  va lu e s  c lose  to  ze ro  su s ta in e d  a  b u rs t  

o ve r m a n y  t im e  s lo ts . T h e  p e rce n ta g e  o f  d o cu m e n ts , fro m  each  to p ic , th a t  w o u ld  be 

a t ta c h e d  to  th e  b u rs ty  in te rv a ls  w a s  p ic k e d , ra n d o m ly , fro m  0 .7  to  0 .9 . F in a l ly ,  each  

e x p e r im e n t  w a s  e xe cu te d  5 t im e s , b y  ra n d o m ly  in i t ia l iz in g  th e  s t re a m  g e n e ra to r .
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T h e  re a so n , w e d esig n ed  o u r e x p e r im e n ts  in  th a t  w ay , is  to  s tu d y  th e  p ro p o sed  s im ­

i la r i t y  m a t r ic e s  in  tw o  k in d  o f s itu a t io n s ; in  " c o m p lic a te d ”  ( Experiment A) a n d  "m o re  

re la x e d ” (Experiment B )  t e x t  s t re a m s . In  th e  f ir s t  ca se , th e  o v e r la p p in g  b e tw een  to p ic s  

is  h ig h e r . W h i le  in  th e  seco nd  s itu a t io n , th e  p ro b a b il ity  o f s im u lta n e o u s ly  o c c u r r in g  tw o  

to p ic  b u rs ts  in  th e  sa m e  t im e s lo t  is  lo w e r. F o r  t h a t  reaso n  w e  in tro d u c e  a  su p e rv ise d  

m e tr ic , th e  e n tro p y  o f  a  t e x t  s t re a m  as th e  m ea n  o f e n tro p y  o f a l l  w in d o w s :

τ
T ,H s l

Hs =  1-ΞλΤ -  (4 .1 )

Η\ =  -  Σ ( η ( 4 ) / η ι ) ■ ίθ0 2(η (< £ )/η * ) (4 .2 )
i

w h e re  η1 is  th e  n u m b e r o f d o cu m e n ts  in  th e  ί - th  b a tc h  an d  n ( c j )  th e  n u m b e r o f d o cu m e n ts  

fro m  c la ss  c{.

T a b le  4 .6 : S t re a m  S ta t is t ic s

N a m e V B m H

D l- T = 3 0 2352 2 89 ,4 33 ,3 2 ,1 1 5 7  ± 0 ,9 0 3 5

D l - T = 9 0 2342 597 11 ,4 0 ,8 1 61  ± 0 ,7 2 4 3

D 2 - T = 3 0 2310 276 2 9 ,2 2 ,31  ± 0 ,8 9 1

D 2 - T = 9 0 2310 555 11,1 0 ,8 9 0 3  ± 0 ,7 1 3 2

D 3 - T = 3 0 1566 2 90 ,6 33 ,1 2 ,1 7 9 8  ± 0 ,8 8 3 3

D 3 - T = 9 0 1566 544 11 0 .8 3 8 7  ± 0 .7 4 4 2

D 4 - T = 1 8 3 4717 4020 23 ,8 48 3 2 ,0 5 2 9  ± 0 ,5 8 1 1

D 5 - T = 3 1 1298 400 8 ,6 4 52 0 ,2 3 6 9  ± 0 ,5 4 2 9

V  denotes the vo ca b u la ry  size , B  the  num ber o f b u rs ty  te rm s, m  the average num ber o f 

docum ents per tim estam p  and  H  the  stream  entropy

T h e  n e w  im a g e  o f a  d o c u m e n t , a f te r  a p p ly in g  o n  i t  a  te rm  s im i la r i t y  m a t r ix  S IM , is  

g ive n  b y  th e  p ro d u c t  d! =  d- S IM .  T h e re fo re , th e  im a g e  o f a  t e x t  c o lle c t io n  is  th e  p ro d u c t  

X ( =  X  ■ S IM .  W e  m u lt ip lie d  a l l  th e  s im i la r i t y  m a tr ic e s  w ith  re p re se n ta t io n s  X  a n d  X B .

T o  assess th e  q u a lit y  o f each  m a t r ix ,  w e te s te d  each  m a p p in g  d o cu m e n t c o lle c t io n  

u s in g  th e  s p h e r ic a l k -m e a n s  a lg o r ith m . T h e  p re -d e fin ed  n u m b e r o f  K - c lu s te r s  co rre sp o n d s  

to  th e  n u m b e r o f e ve n ts  in  a  c o lle c t io n . In  a d d it io n , th e  a lg o r ith m  ra n  100 t im e s  an d  

each  t im e  th e  k  c e n te rs  w e re  ra n d o m ly  in i t ia l iz e d , b u t  a l l  re p re se n ta t io n s  w e re  b o o ted  u p  

u s in g  th e  sa m e  ra n d o m  d o cu m e n t seeds.
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F o r  th e  e v a lu a t io n  o f  th e  C B T C  a lg o r ith m , w e co n d u cte d  e x p e r im e n ts  o n  a l l  f iv e  d a ta  

se ts  ru n n in g  th e  s p h e r ic a l K -m e a n s  in  X  a n d  X B  re p re se n ta t io n . F o r  th e  D l ,  D 2  a n d  

D 3  d a ta  se ts  w e u sed  th e  p a ra m e te rs  o f  Experiment A e xe cu te d  i t  1 t im e , b y  ra n d o m ly  

in it ia l iz in g  th e  t e x t  s t re a m  g e n e ra to r . M o re o ve r a l l  m e th o d s  w e re  in it ia l iz e d  u s in g  th e  

sa m e  ra n d o m  d o cu m e n t seeds.

4.3.1 Evaluation Metrics
T h e  e v a lu a t io n  w a s  b ased  o n  th re e  d iffe re n t su p e rv ise d  m e a su re s . A t  th is  p o in t  w e  d e fin e  

th e  fo llo w in g :

•  N  is  th e  n u m b e r o f  d o cs

•  C  is  th e  c lu s te r  s o lu t io n  o f  k -c lu s te r

C i ,  C K

•  cp is  th e  p o rt io n  o f  d o cu m e n ts  a c c o rd in g  to  th e ir  t ru e  c la s s  la b e ls  

c? cp

•  Mi, th e  s ize  o f c?

•  η *, th e  s ize  o f C{

•  nij , th e  n u m b e r o f  d o cu m e n ts  th a t  a re  c lu s te re d  to  Cj b u t  th e y  b e lo n g  to  <%.

P u r ity
P u r i t y  c a n  be  in te rp re te d  a s  th e  c la s s if ic a t io n  a c c u ra c y , i f  a l l  th e  sa m p le s  o f  a  c lu s te r  a re  

p re d ic te d  to  b e  m e m b e rs  o f  th e  d o m in a n t  c la s s .

1 *
Purity(c) =  —  ^ Γ^ τη α χ {η ^ ·}

j - i
(4 .3 )

F l-m e a su r e
F I  is  th e  h a rm o n ic  m ea n  o f  p re c is io n  (P  =  TP+FP) a n d  re c a ll (R  =  T P +F N ) ,  w h e re  T P ,  

F P  an d  F N  d en o te  T r u e  P o s it iv e , F a lse  P o s it iv e  an d  F a ls e  n e g a tiv e  re sp e c t iv e ly .

9  . P  . R

Fi = - jT f J f  e [0.1] (4-4)
L o w e r  (h ig h e r )  v a lu e s  o f F\ in d ic a te  w o rse  (b e t te r )  so lu t io n .
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N o r m a l i z e d  M u t u a l  I n f o r m a t io n

T h e  n u m e ra to r  is  th e  M u tu a l In fo rm a t io n  m e a su re  a n d  th e  d e n o m in a to r  is  th e  m a x im u m  

b e tw een  c lu s te r  a n d  c la s s  en tro p y .

NMI =
Σ(ψ)Ιθ£ΐ2

m ax{H (c ) ,  H (cp )}
(4 .5 )

W e  re p o rt  th e  ave rag e  v a lu e  (d e n o te d  as ’a v g ’ ) o f  each  m e tr ic  o ve r th e  ru n s  on a  

d a ta se t  as w e ll as th e  b e st v a lu e  (d e n o te d  as ’b e s t ’ ) c o rre sp o n d in g  to  th e  so lu t io n  w ith  

th e  th e  h ig h e s t  c lu s te r in g  o b je c t iv e  fu n c t io n  (e q u a t io n  2 .1 7 ) am o n g  th e  100 ru n s .

4.4 Experimental Results
•  T e r m - S i m i l a r i t y  m a t r i c e s

G o o g le N e w s

T a b le  4 .7 : T e r m - S im i la r i t y  m a tr ic e s  re s u lts  on th e  D 5  u s in g  s p h e r ic a l K -m e a n s

a v g .

P u r i t y

a v g .

F I

a v g .

N M I

b e s t

P u r i t y

b e s t

F I

b e s t

N M I

X 0 ,5 5 6 9 4 0 ,5 6 59 5 0 ,4 7 40 4 0 ,5 6 34 3 0 ,5 9 28 0 ,5 1 5 6

X B 0 ,7 9 3 8 8 0 ,7 9 31 9 0 ,7 7 18 3 0 ,89552 0 ,8 9 6 2 4 0 ,8 4 0 9 7

X - S IM 0 ^ " 0 ,5 5 72 8 0 ,5 8 25 8 0 ,5 0 19 8 0 ,58582 0 ,6 2 99 2 0 ,5 3 5 9

X B - S IM ® ™ " 0 ,7 1 9 4 0 ,7 4 30 8 0 ,7 0 97 2 0 ,83582 0 ,8 5 36 3 0 ,7 9 78 6

X - S I M ^ 's% 0 ,7 2 22 0 ,7 4 38 9 0 ,6 9 45 4 0 ,8 1 71 6 0 ,8 3 80 2 0 ,7 6 97 3

X B S I M ^ a 0 ,7 8 1 3 8 0 ,7 8 69 2 0 ,7 7 71 6 0 ,9 2 16 4 0 ,9 2 24 6 0 ,8 7 37 9

X - S I M l^ r 0 ,7 0 21 6 0 ,7 2 7 5 7 0 ,6 6 24 5 0 ,7 4 62 7 0 ,7 8 11 5 0 ,70301

X B - S IM l'g " ' 0 ,8 0 67 9 0 ,8 1 84 3 0 ,8 1 03 3 0 ,9 4 03 0 ,9 4 0 7 7 0 ,9 0 03 5

X - S I M 2 f 0 ,6 9 61 6 0 ,7 2 21 9 0 ,6 5 64 9 0 ,78731 0 ,8 0 00 6 0 ,7 1 30 4

X B - S IM 2 £ r 0 ,8 0 8 4 7 0 ,8 1 9 2 4 0 ,8 1 0 6 4 0 ,9 5 5 2 2 0 ,9 5 4 7 2 0 ,9 2 0 3 4

X - S IM 1 * 0 ,6 5 3 9 6 0 ,6 8 15 7 0 ,6 3 28 4 0 ,65299 0 ,7 0 40 3 0 ,6 5 00 2

X B - S I M l / j 0 ,7 5 78 4 0 ,7 8 26 5 0 ,7 7 50 5 0 ,83209 0 ,8 3 7 4 7 0 ,8 2 35

X -S IM 2 / J 0 ,6 5 6 4 9 0 ,68351 0 ,6 3 31 5 0 ,7 0 14 9 0 ,7 2 77 7 0 ,6 5 98 2

X B - S I M l s 0 ,7 6 57 5 0 ,7 8 93 0 ,7 8 02 2 0 ,8 8 43 3 0 ,8 9 2 8 7 0 ,8 6 17 3

W e  o b se rve  t h a t  th e  re p re se n ta t io n  X B - S I M ^ ^  o u tp e rfo rm e d  a ll th e  o th e rs . P ro b ­

a b ly , b e ca u se  in  th is  t e x t  s t re a m  th e  e ve n ts  a re  w e ll- se p a ra te d . M o re o ve r, fro m  a l l
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the datasets, this is the one with the lowest stream entropy.

T D T 5
T h e  D 4  d a ta se t  is  a n  im b a la n c e d  t e x t  c o lle c t io n , a s  th e re  a re  som e e ve n ts  w ith  m a n y  

a n d  o th e rs  w it h  lim ite d  d o cu m e n t s to r ie s . In  th a t  case  th e  P u r i t y  is  a  b ia se d  m e tr ic  

as i t  fa v o rs  th e  d o m in a n t  c la s s . F o r  th is  reaso n  w e sh o u ld  p a y  a t te n t io n  to  th e  

X M I  m e t r ic , in  o rd e r to  t ra d e  o ff th e  q u a lit y  o f th e  c lu s te r in g , a g a in s t  th e  n u m b e r 

o f c lu s te rs . A lth o u g h  th e  b est so lu t io n , fo r th e  sp k -m e a n s  a lg o r ith m , w a s  a cco m ­

p lish e d  u s in g  X B - S IM g v s a / , w e sh o u ld  a lso  n o tice  th e  p e rfo rm a n c e  o f X B - S I M l^ 7* 

th a t  a c h ie v e d  s l ig h t ly  le ss  X M I ,  b u t  b e tte r  F I  sco re . O n  th e  o th e r , th e  X B  - S I M ^ ^  

re p re se n ta t io n , gave  th e  h ig h e s t  ave rag e  m e a su re m e n ts .

T a b le  4 .8 : T e r m - S im i la r i t y  m a tr ic e s  re s u lts  on th e  D 4  u s in g  sp h e r ic a l K -m e a n s

a v g .

P u r i t y

a v g .

F I

a v g .

N M I

b e s t

P u r i t y

b e s t

F I

b e s t

N M I

X 0 ,5 6 38 3 0 ,5 1 12 5 0 ,5 8 70 6 0 ,6 1 82 6 0 ,5 7 6 7 0 ,6 2 34 8

X B 0 ,6 1 35 4 0 ,55601 0 ,6 4 12 0 ,66895 0 ,6 3 93 5 0 ,6 7 1 4

X'STSIgvsm 0 ,6 7 54 2 0 .6 2 20 8 0 ,6 8 04 6 0 ,7 3 99 4 0 ,6 8 6 9 8 0 ,7 1 1 2 8

X B - S IM Gv-s a / 0 ,7 1 79 3 0 ,6 4 83 9 0 ,72391 0 ,7 6 12 6 0 ,7 1 0 6 7 0 ,7 5 8 8 1

X - S I M ^ , 0 .6 9 9 9 7 0 ,63661 0 ,6 9 9 3 5 0 ,7 3 63 2 0 ,6 9 52 2 0 ,7 2 52 6

XB-SIM-& 0 ,7 2 0 6 8 0 ,6 5 2 5 4 0 ,7 2 6 9 8 0 ,75201 0 ,6 9 6 2 5 0 ,7 5 1 4 4

X - S I M l g ' - 0 ,6 8 0 5 4 0 ,6 2 26 8 0 ,6 8 3 1 7 0 ,7 0 37 4 0 ,6 6 3 3 4 0 ,7 0 2 9 3

X B S I M l ^ · 0 ,7 0 5 8 2 0 ,6 3 78 8 0 ,7 1 55 1 0 ,7 6 2 8 7 0 ,7 2 0 3 8 0 ,7 5 3 3 9

X S I M 2 ^ 0 ,6 7 9 2 4 0 ,6 2 23 8 0 ,6 8 2 1 3 0 ,7 0 71 6 0 ,6 7 4 4 9 0 ,7 0 5 4 3

X B S I M 2 ^ r 0 ,7 0 5 9 4 0 ,6 3 8 5 6 0 ,7 1 5 1 6 0 ,7 5 90 5 0 ,7 1 5 6 0 ,7 4 87 3

X - S I M l * 0 ,6 1 7 5 4 0 ,5 5 3 6 9 0 ,6 3 4 6 9 0 ,6 4 64 2 0 ,5 7 4 7 7 0 ,6 5 3 8 9

X B - S IM  1β 0 ,6 2 7 0 9 0 ,5 5 62 1 0 ,6 5 21 1 0 ,6 4 0 1 9 0 ,5 5 7 9 3 0 ,6 6 44 5

X S IM 2 / 3 0 ,6 1 7 4 9 0 ,5 5 45 2 0 ,6 3 51 3 0 ,6 5 64 8 0 ,5 8 3 2 8 0 ,6 5 46 3

X B - S IM 2 / , 0 ,6 2 8 0 8 0 ,5 5 71 5 0 ,6 5 31 1 0 ,6 3 7 1 7 0 ,5 5 6 1 4 0 ,66371

R e u t e r s

In  th e  Experiment D ( T = 9 0 ) ,  w h e re  th e  t e x t  s t re a m  is  c re a te d  fro m  th e  D 3  d a ta s e t , 

th e  X B  re p re se n ta t io n  w a s  th e  b e s t . B u t  th in g s  w ere  l i t t le  d iffe re n t in  E x p e r im e n t  

A ,  w h e re  th e  s to r ie s  a re  p u b lish e d  in  n a rro w e r t im e  p e rio d  ( T = 3 0 ) .  T h e  re p o rte d  

b e s t  s o lu t io n , w ith  m a x  P u r i t y  a n d  F I ,  w a s  d e riv e d  fro m  th e  sa m e  m e th o d  as  b e fo re  

( X B ) ,  w h ile  th e  m a x im u m  X M I  fro m  X  S I M l ^  s im ila r i t y  m a t r ix .  In  a d d it io n , th e  

X - S IM 2 ^ r p ro d u ce d  th e  h ig h e s t  ave rag e  m e a su re m e n ts  fo r  a l l  th re e  m e tr ic s .

39



T a b le  4 .9 : T e r m - S im i la r i t y  m a t r ic e s  re s u lts  o n  th e  D 3  u s in g  s p h e r ic a l K -m e a n s

T = 3 0

a v g .

P u r i t y

a v g .

F I

a v g .

N M I

b e s t

P u r i t y

b e s t

F I

b e s t

N M I

X 0 ,7 7 0 5 8 0 ,7 7 44 9 0 ,7 4 4 7 7 0 ,8711 0 ,8 6 38 4 0 ,82431

X B 0 ,79441 0 ,8 0 1 4 8 0 ,7 5 42 4 0 ,8 9 6 4 8 0 ,8 9 5 3 7 0 ,8 2 5 9 7

X S I M c v s a / 0 ,7 5 26 5 0 ,7 6 09 9 0 ,7 2 79 9 0 ,8 3 8 8 7 0 ,8 2 7 6 3 0 ,7 8 17 2

X B - S IM  g v s m 0 ,7 7 23 9 0 ,7 8 3 9 7 0 ,7 3 72 5 0 ,8 4 33 0 ,8 3 6 8 6 0 ,7 8 15 2

X - S IM  S 0 ,7 8 5 0 ,8 0 1 9 6 0 ,7 7 2 1 7 0 ,8 6 48 5 0 ,8 6 6 3 9 0 ,8 2 1 5 7

X B - S I M ^ s t 0 ,7 8 4 3 7 0 ,8 0 0 7 7 0 ,7 5 36 4 0 ,8 7 19 0 ,8 7 69 8 0 ,8 0 74 3

X - S IM  l “ r 0 ,7 9 6 3 9 0 ,8 0 7 4 5 0 ,77461 0 ,8 8 41 9 0 ,8 8 7 2 4 0 ,8 3 8 6 1

X B - S I M l £ r 0 ,7 9 0 4 7 0 ,8 0 1 8 9 0 ,74171 0 ,8 8 21 8 0 ,8 8 1 2 6 0 ,8 0 10 3

X - S IM 2 g ”· 0 ,7 9 6 9 0 ,8 0 7 9 5 0 ,7 7 5 4 9 0 ,8 7 02 9 0 ,8 7 26 1 0 ,8 3 36 2

x b -s b ^ 0 ,7 9 1 5 8 0 ,8 0 2 8 7 0 ,7441 0 ,8 8 37 9 0 ,8 8 23 9 0 ,8 0 42 6

X S I M  1β 0 ,7 0 3 6 8 0 ,7 2 1 8 7 0 ,6 6 66 3 0 ,7 6 91 8 0 ,7 8 17 9 0 ,7 1 4 7 7

X B - S I M la 0 ,6 6 4 4 8 0 ,6 7 9 6 3 0 ,5 9 3 6 7 0 ,6 9 14 4 0 ,6 9 4 4 7 0 ,6 0 92

X - S IM 2 F 0 ,7 0 9 8 9 0 ,7 2 7 3 3 0 ,6 7 1 9 4 0 ,78691 0 ,7 9 7 4 0 ,7 2 76 9

X B - S IM 2 a 0 ,6 6 71 3 0 ,6 8 12 5 0 ,5 9 6 1 4

T =

0 ,6 8 56

9 0

0 ,6 9 20 1 0 ,60591

X 0 ,7 7 0 5 8 0 ,7 7 4 4 9 0 ,7 4 4 7 7 0 ,8711 0 ,8 6 38 4 0 ,82431

X B 0 ,8 2 8 9 6 0 ,8 4 1 1 0 ,8 2 6 0 2 0 ,9 2 9 9 1 0 ,9 2 9 9 3 0 ,8 8 8 5 5

X - S IM  g v s m 0 ,7 5 26 5 0 ,7 6 09 9 0 ,7 2 79 9 0 ,8 3 88 7 0 ,8 2 76 3 0 ,7 8 17 2

X B * S IM c*v 5m 0 ,7 9 83 3 0 ,8 1 84 8 0 ,7 9 22 2 0 ,8 7 09 0 ,8 8 09 6 0 ,84261
Y  Q T \T ^ rs iy Λ·ΟΑΛ1σν/ 5Λ/ 0 ,8 0 13 9 0 ,8 2 03 8 0 ,7921 0 ,8 6 24 4 0 ,8 6 95 4 0 ,83152

X B - S I M * ” * 0 ,7 8 88 0 ,8 1 2 6 0 ,7 9 61 5 0 ,8 9 06 3 0 ,89701 0 ,8 6 27 4

X - S I M lcaor 0 ,7 9 72 8 0 ,8 1 45 9 0 ,7 8 36 8 0 ,87372 0 ,87071 0 ,8 2 90 8

X B - S I M l^ · 0 ,7 8 7 0 9 0 ,8 0 5 7 0 ,7 8 93 9 0 ,9 0 41 3 0 ,9 0 21 3 0 ,85801

X - S IM 2 ^ r 0 ,79871 0 ,8 1 4 8 9 0 ,7 8 4 5 3 0 ,8 7 41 2 0 ,8 7 10 4 0 ,8 2 9 1 7

X B - S I M 2 ^ 0 ,7 8 9 2 4 0 ,8 0 7 1 9 0 ,7 9 1 2 4 0 ,8 9 48 6 0 ,8 9 21 4 0 ,8 5 31 8

X - S IM  l a 0 ,7 5 9 1 8 0 ,7 9 0 9 7 0 ,7 4 67 2 0 ,85801 0 ,8 5 57 8 0 ,8 0 14 2

X B - S I M la 0 ,7 6 7 8 5 0 ,7 9 9 6 0 ,7 7 02 8 0 ,8 7 00 9 0 ,8 8 4 5 6 0 ,8 3 71 6

X - S IM 2 a 0 ,7 6 5 3 7 0 ,7 9 54 0 ,7 5 12 9 0 ,8 6 60 6 0 ,8 6 15 6 0 ,8 0 81 2

X B - S IM 2 a 0 ,7 7 0 2 7 0 ,8 0 11 9 0 ,7 7 15 0 ,8 7 99 6 0 ,88731 0 ,8 3 93 3

2 0 - N e w s g r o u p s

T h e  D 1  d a ta s e t  c o n s is ts  o f  d o cu m e n ts  th a t  o r ig in a te d  fro m  c la sse s  w ith  co n cep ­

tu a l s im i la r  c o n te n t . In  b o th  e x p e r im e n ts  ( A - B )  th e  b est X M I  a ch ie v e d  fro m  th e  

SIA I^vsm  m a t r ix .  In  th e  f ir s t  ca se , w h e re  to p ic  b u rs ts  a re  p laced  in  30 w in d o w s  

(Experiment D), th e  b e st so lu t io n  o f sp k -m e a n s , w ith  th e  m a x im u m  P u r i t y  an d  F I  

sco re , a t ta in e d  b y  S I M 2°βτ m a t r ix .  In  th e  second  case , th e  sa m e  te rm - te rm  m a t r ix
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w ith  th e  re p re se n ta t io n  X B - S IM 2 0 * · w o rke d  w e ll to o . A c c o rd in g  to  th e  ru n  th a t  

m a x im iz e d  th e  co h esio n  o f th e  c lu s te rs , th e  X B - S IM 1 #  re p re se n ta t io n  w a s  th a t  w ith  

th e  th e  va lu e s  fo r  P u r i t y  a n d  X M L

T a b le  4 .1 0 : T e r m - S im i la r i t y  m a t r ic e s  re s u lts  on  th e  D 1  u s in g  s p h e r ic a l K -m e a n s

T = 3 0

a v g .

P u r i t y

a v g .

F I

a v g .

N M I

b e s t

P u r i t y

b e s t

F I

b e s t

N M I

X 0 ,5 1 0 4 9 0 ,5 2 4 2 3 0 ,4 5 7 4 7 0 ,5 9 3 0 ,59331 0 ,5 1 9 4 9

X B 0 ,5 6 3 5 6 0 ,5711 0 ,4 9 2 7 9 0 ,6 3 0 4 0 ,61925 0 ,5 4 2 2

X - S IM  g v s m 0 ,5 4 0 ,5 7 3 7 8 0 ,53851 0 ,5 8 5 0 ,5 8 3 4 0 ,5 5 8 5 5

X B S I M c v s a / 0 ,5 7 5 2 4 0 ,5 9 5 8 3 0 ,5 4 9 2 4 0 ,6 1 0 8 0 ,6 0 1 0 8 0 ,5 6 42 1

x -s i m & S ; , 0 ,6 0 0 4 6 0 ,6 1 1 5 2 0 ,5 5 8 7 3 0 ,6 3 3 4 0 ,6 1 88 3 0 ,57131

X B - S I M ^ / 0 ,6 0 0 5 2 0 ,6 1 1 3 0 ,5 5 4 4 0 ,6 3 6 6 0 ,6 3 22 4 0 ,5 7 8 2 7

X - S I M l g r 0 ,5 6 1 8 0 ,57371 0 ,5 1 6 0 2 0 ,6 2 9 2 0 ,62051 0 ,5 6 4 9 1

X B - S I M l ^ 0 ,5 9 5 6 8 0 ,6 0 1 9 9 0 ,5 2 3 7 6 0 ,6 4 1 6 0 ,62912 0 ,5 5 3 9 8

X - S IM 2 g r 0 ,5 5 6 7 9 0 ,5 6 8 8 5 0 ,5 1 1 6 5 0 ,6 3 3 6 0 ,6 2 4 6 9 0 ,5 6 5 6 6

X B - S IM 2 ^ r 0 ,5 9 5 6 8 0 ,6 0 1 5 6 0 ,5 2 3 1 9 0 ,6 5 3 8 0 ,6 4 2 2 7 0 ,5 6 0 3 7

X - S IM l jg 0 ,5 0 4 1 6 0 ,5 1 5 6 3 0 ,4 1 6 6 3 0 ,5 6 1 8 0 ,5 6 34 8 0 ,4 6 3 0 6

X B - S I M l f l 0 ,4 7 0 6 5 0 ,4771 0 ,3 6 8 0 5 0 ,5 0 3 6 0 ,5 0 13 0 ,3 9 0 9 8

X - S IM 2 s 0 ,5 0 9 9 9 0 ,5 2 05 1 0 ,4 2 1 5 5 0 ,5 6 3 8 0 ,5 6 65 9 0 ,4 6 5 0 9

X B - S IM 2 b 0 ,4 7 4 0 7 0 ,4 8 0 1 2 0 ,3 7 1 8 2

T =

0 ,5 0 4 8

9 0

0 ,5 0 50 4 0 ,3 9 3 4 2

X 0 ,5 1 0 4 9 0 ,5 2 4 2 3 0 ,4 5 7 4 7 0 ,5 9 3 0 ,59331 0 ,5 1 9 4 9

X B 0 ,6 5 4 5 2 0 ,6 5 88 0 ,5 9 3 6 7 0 ,7 4 82 0 ,75071 0 ,6 5 3 5 4

X - S IM C V 5 m 0 ,5 4 0 ,5 7 3 7 8 0 ,53851 0 ,5 8 5 0 ,5 8 34 0 ,5 5 8 5 5

X B - S IM o v s a / 0 ,6 2 3 8 9 0 ,6 4 9 8 0 ,6 1 2 6 4 0 ,6 7 1 8 0 ,68874 0 ,6 4 65 5
Y  Q T M ^ rsi^j \ - D i M G y s M 0 ,63971 0 ,6 4 9 7 3 0 ,5 8 8 0 2 0 ,7 0 5 0 ,70356 0 ,6 2 1 2 4

X B - S IM  % % 0 ,6 9 1 7 4 0 ,7 0 3 9 4 0 ,6 5 4 5 0 ,7 8 08 0 ,78423 0 ,7 0 5 9 2

X - S IM  l g r 0 ,6 0 6 8 7 0 ,6 2 0 0 7 0 ,55751 0 ,6 6 74 0 ,6 6 50 6 0 ,6 0 20 9

X - S IM lg " · 0 ,7 0 38 2 0 ,7 1 6 0 8 0 ,6 4 94 3 0 ,7922 0 ,79322 0 ,7 0 2 4 9

X - S IM 2 j i j r 0 ,60721 0 ,6 1 94 0 ,5 5 5 9 7 0 ,6 5 1 8 0 ,64495 0 ,5 9 26 5

X B - S I M 2 ^ 0 ,7 0 7 2 1 0 ,7 1 7 8 3 0 ,65111 0 ,7 9 3 0 ,79409 0 ,7 0 43 8

X - S I M I b 0 ,6 0 3 6 7 0 ,6331 0 ,5 3 6 2 7 0 ,6 9 98 0 ,70581 0 ,5 9 38 4

X B - S I M le 0 ,6 8 3 0 3 0 ,7 1 3 7 0 ,63211 0 ,8 0 4 8 0 ,8 0 3 3 6 0 ,6 9 5 9 2

X - S IM 2 b 0 ,6 0 86 5 0 ,6 3 65 6 0 ,5 3 84 5 0 ,7 2 22 0 ,72293 0 ,6 0 4 9

X B - S IM 2 / , 0 ,6 8 3 8 9 0 ,7 1 4 8 4 0 ,63255 0 ,7 9 08 0 ,79362 0 ,6881

T h e  D 2  d a ta s e t  w a s  se le c ted  on  p u rp o se , as opposed  to  D l .  In  th e  e x te n d e d  v e r­

s io n  o f th e  s t re a m  (Experiment Z?), th e  X B * S IM 2 j j f r an d  X B - S IM 1 /?  re p re se n ta t io n s
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d o m in a te d  on  th e  b e st a n d  ave rag e  ru n s  re s p e c t iv e ly , w ith  m u ch  b e tte r  re s u lts  th a n  

X * S IM 2 g ”· a n d  X - S IM l^ .  In  c o m p a riso n  w ith  th e  c la s s ic a l V S M  ( t f id f )  th e  re p re ­

se n ta t io n  w ith  b u rs ty  in fo rm a t io n  ( X B )  in  th e  sh o rt  ve rs io n  o f th e  s t re a m  (T = 3 0 )  

p ro d u ce d  s l ig h t ly  b e tte r  re s u lts  th a n  th e  p re v io u s  case  ( T = 9 0 ) .

T a b le  4 .1 1 : T e r m - S im i la r i t y  m a t r ic e s  re s u lts  on th e  D 2  u s in g  sp h e r ic a l K -m e a n s

T = =30

a v g .

P u r i t y

a v g .

F I

a v g .

N M I

b e s t

P u r i t y

b e s t

F I

b e s t

N M I

X 0 ,5 7 0 9 9 0 ,5 8 03 5 0 ,4 9 09 3 0 ,6 8 6 0 ,6 7 07 3 0 ,5 6 48 5

X B 0 ,5 9 98 3 0 ,6 0 35 3 0 ,5 1 62 8 0 ,6 8 76 0 ,6806 0 ,58481

X - S IM g v 's a / 0 ,6 0 6 1 6 0 ,62771 0 ,5 5 51 6 0 ,6 5 2 0 ,6 7 7 7 0 ,5 8 43 5

X B - S I M g v s m 0 ,63691 0 ,6 5 7 1 3 0 ,5 8 7 0 9 0 ,6 6 0 ,6 8 8 7 7 0 ,6 0 59 8

X - S IM o v s X f 0 ,6 3 2 9 7 0 ,6 4 46 0 ,56822 0 ,6 5 88 0 ,6 6 8 7 7 0 ,5 8 32 5

X B - S I M ^ 0 ,6 4 4 1 9 0 ,6 5 4 1 4 0 ,5761 0 ,6 8 06 0 ,68242 0 ,5 9 5 4 9

X - S IM lg ”" 0 ,6 2 4 7 4 0 ,6 3 16 5 0 ,5 5 0 2 6 0 ,7 0 76 0 ,7 0 5 4 6 0 ,6 0 7 5

X B - S I M l f r 0 ,6 4 1 9 6 0 ,6 4 7 9 3 0 ,5 5 5 1 3 0 ,6 9 16 0 ,6 8 56 0 ,5 8 2 4 7

X - S I A ^ 0 ,6 2 1 7 8 0 ,6 2 90 6 0 ,5 4 7 9 6 0 ,6 9 8 6 0 ,6 9 7 2 7 0 ,5 9 9 9 6

X B - S IM 2 “ r 0 ,6 4 2 2 3 0 ,6 4 7 9 0 ,5 5 5 9 3 0 ,7 0 9 6 0 ,7 0 1 3 6 0 ,6 0 2 1 5

X - S IM 1 b 0 ,5 1 28 2 0 ,5 3 0 9 5 0 ,4 3 7 0 6 0 ,5 7 2 0 ,5 7 29 5 0 ,4 7 0 9 8

X B - S IM 1 b 0 ,4 9 3 5 7 0 ,5 1 1 9 6 0 ,4 0 7 2 9 0 ,5 5 2 4 0 ,5 5 50 5 0 ,4 3 8 1 4

X - S IM 2 b 0 ,5 1 9 1 2 0 ,5 3 6 9 3 0 ,4 4 1 6 4 0 ,5 8 4 0 ,5 8 39 6 0 ,4 8 0 8 8

X B - S IM 2 b 0 ,4 9 5 9 5 0 ,5 1 3 2 8 0 ,4 0 8 1 7

T =

0 ,5 5 1 8

9 0

0 ,5 5 18 0 ,4 4 1 7 4

X 0 ,5 7 0 9 9 0 ,5 8 0 3 5 0 ,4 9 0 9 3 0 ,6 8 6 0 ,6 7 07 3 0 ,5 6 4 8 5

X B 0 ,6 6 3 3 9 0 ,6 6 5 7 6 0 ,6 0 4 6 9 0 ,7 4 2 4 0 ,7 3 90 2 0 ,6 6 0 3 6

X - S IM  g v s m 0 ,6 0 6 1 6 0 ,62771 0 ,5 5 5 1 6 0 ,6 5 2 0 ,6 7 7 7 0 ,5 8 4 3 5

X B - S IM g v s m 0 ,6 7 2 8 8 0 ,6 9 3 3 9 0 ,6 4 8 3 0 ,7 2 6 0 ,7 5 61 6 0 ,6 8 2 2 7

x - s i M - a 0 ,6 5 3 2 7 0 ,6 6 4 5 9 0 ,5 9 1 2 9 0 ,6 9 5 6 0 ,6 8 81 2 0 ,6 0 8 5 2

X B - S I M ^ t 0 ,6 9 0 8 9 0 ,7 0 3 9 3 0 ,6 5 6 0 2 0 ,7 5 8 2 0 ,7 5 57 5 0 ,6 9 0 5 4

X - S I M l “ r 0 ,66211 0 ,6 7 3 1 2 0 ,59251 0 ,7 3 3 0 ,71921 0 ,6 3 0 3 6

X B S I M l ^ · 0 ,7 1 4 9 2 0 ,72561 0 ,6 6 8 9 8 0 ,781 0 ,7 7 35 8 0 ,7 0 5 4 5

x - s i x ^ 0 ,6 6 0 6 8 0 ,6 7 1 3 0 ,5 9 0 4 0 ,7 3 3 2 0 ,7 1 82 0 ,6 3 02 4

X B S I M 2 ψ 0 ,7 1 5 6 3 0 ,7 2 6 1 1 0 ,6 6 9 0 4 0 ,781 0 ,77322 0 ,7 0 5 1 9

X S I M l j j 0 ,6 4 0 7 8 0 ,6 7 1 9 9 0 ,5 7 7 2 6 0 ,7 3 5 8 0 ,7 3 95 4 0 ,6 3 1 6 6

X B S I M 1 / , 0 ,6 9 3 5 4 0 ,7 2 2 1 7 0 ,6511 0 ,7 9 8 8 0 ,7 9 6 4 3 0 ,7 0 7 8 5

X - S IM 2 „ 0 ,6 4 2 6 9 0 ,6 7 2 6 2 0 ,5 7 7 3 8 0 ,7 3 4 8 0 ,7 3 65 3 0 ,6 3

X B - S IM 2 fl 0 ,69311 0 ,7 2 1 1 2 0 ,6 5 08 4 0 ,7 9 72 0 ,7 9 3 8 7 0 ,7 0 7 9 2

M a y b e  th is  is  a n  e x p la n a t io n  w h y  th e  X B  S I M g v s m  re p re se n ta t io n  a ch ie ve d  th e
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h ig h e st ave rag e  F l / N M I  a n d  th e  X B - S I M ^ ^  th e  h ig h e st P u r i t y  sco re . F in a l ly  as 

re p o rte d  b y  th e  b e st so lu t io n , o n ly  th e  S I M ^ y ^  ( F 1 ,N M I )  k ep t p e rfo rm in g  w e ll 

a g a in , w h ile  th e  m a x  p u r it y  o w n ed  to  th e  S IM 2 tg r.

W e co n c lu d e  th a t  S I M l ^ r a n d  S IM 2 cqt g e n e ra lly , p e rfo rm  b e tte r  th a n  S I M I b 
a n d  S IM 2 b m a t r ic e s . T h e  la t t e r  a re  n o t a p p ro p r ia te  so lu t io n s  b e ca u se  in  m a n y  

cases th e y  fa ile d  to  g a in  even  th e  in i t ia l  re p re se n ta t io n . A l l  th e  p ro p o sed  m a tr ic e s  

d ep end  on th e  b u rs t  d e te c t io n  s te p . T h u s ,  in  th e  m a tr ic e s  th e re  a re  n o isy  c o -b u rs ty  

re la t io n s , p ro p o rt io n a l to  th e  n u m b e r o f fa lse  d e te cte d  b u rs ty  te rm s . W e  b e lie v e , 

t h a t  th is  n o ise  is  e lim in a te d  eno ugh  due to  th e  c o r re la t io n  m a t r ix  C O R .  A  m o re  

e ffe c t ive  b u rs t  d e te c t io n  m e th o d  w o u ld  p ro b a b ly  b o o st m o re  th e  p e rfo rm a n c e  o f a l l 

a fo re m e n tio n e d  m a tr ic e s .

S h a d in g  m o re  l ig h t  to  th e  seco nd  e x p e r im e n t  o f D 3  d a ta s e t , i t  is  n o tice a b le  th a t  

th e  X - S IM g v s m  is  th e  w o rs t  re p re se n ta t io n . A n y  a d d it io n a l w e ig h t t h a t  re fe rs  to  

te rm s  co -o ccu rre n ce  w a s n ’t  n o t ab le  to  b e a t th e  X B  re p re se n ta t io n . H o w e v e r , fro m  

th e  e x p e r im e n t-B  in  D 4  a n d  D 5  d a ta s e ts , as w e ll as fro m  re su lts  in  D 1  c o lle c t io n , 

w h e re  th e  s t re a m  e n tro p y  is  lo w  en o u g h , th e  p ro p o sed  s im ila r i t y  m a t r ic e s  seem  to  

p e rfo rm  p re t ty  w e ll.

O u r  in i t ia l  a rg u m e n t th a t  th e  c o -b u rs ty  te rm s  c o u ld  e n h a n ce  te x t  c lu s te r in g  p e rfo r­

m a n ce  is  v e r if ie d  n o t o n ly  fro m  th e  e x p e r im e n ts  on  s t re a m s  w ith  lo w  s t re a m  e n tro p y , 

b u t  a lso  fro m  th e  s ta b le  p e rfo rm a n c e  o f X B - S IM ^ ^ j^ ,  w h ic h  in  m o st case s  a ch ie ve d  

b e tte r  re su lts  th a n  th e  X B  re p re se n ta t io n .

•  C o r r e l a t e d  B u r s t y  T e r m  C lu s t e r i n g

T h e  e x e c u t io n  o f th e  sp h e r ic a l K -m e a n s  a lg o r ith m  w it h  in i t ia l  c e n te rs  th e  s y n th e t ic  

p ro to ty p e s  p ro d u ce d  b y  o u r m e th o d  in  se c tio n  3 .3 .3  is  co m p are d  w ith  th e  ave rag e  

a n d  b e st so lu t io n  o f 100 ru n s  o f sp k -m e a n s  w ith  ra n d o m  in i t ia l iz a t io n . In  th e  f ir s t  

ro w  o f X  an d  X B  re p re se n ta t io n s  th e  ave rag e  v a lu e  o f e ach  m e tr ic  is  d isp la y e d , w h ile  

in  th e  seco nd  ro w  th e  v a lu e  o f th e  b est so lu t io n .

O u r  m e th o d  d e p en d s on fo u r p a ra m e te rs  : Pdocs, Pterms, λ ,  β, K, K \  T h e  f ir s t  

fo u r a re  im p o r ta n t  fo r th e  s y n th e t ic  p ro to ty p e  ( ConstructSP ) m e th o d . T h e  A an d  

β  w ere  se t to  0 , w h ile  th e  Pdocs an d  Pterms to  0 .5  an d  0 .4  re sp e c t iv e ly . W e  chose 

th ese  va lu e s  so th a t  h a lf  d o cu m e n ts  o f each  c lu s te r  a n d  less th a n  50 p e rce n ta g e  o f 

th e  w o rd s  to  be ta k e n  in to  c o n s id e ra t io n  fo r th e  c re a t io n  o f th e  re p re se n ta t iv e s . T h e  

K  p a ra m e te r  w a s  se t to  th e  n u m b e rs  o f th e  th e  u n d e r ly in g  c la sse s . F in a l ly ,  K ’ w as
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set to 2 K  and 3K.

A t  th is  p o in t , w e sh o u ld  n o tice  th a t  fo r  th e  e v a lu a t io n  o f C B T C  a lg o r ith m  in  D 4  

d a ta  se t , w e re g a rd e d  a l l  th e  b u rs ty  in fo rm a t io n  th a t  h a s  been  e x t ra c te d  fro m  th e  

K le in b e rg ’s tw o -s ta te  a u to m a to n . B e c a u se  th e  re s t  t e x t  s tre a m s  (D 1 ,D 2 ,D 3 ,D 5 )  

sp a n n e d  o n ly  30-31 t im e  u n it s , w e o b se rved  a f te r  e x te n s iv e  e x p e r im e n ta l te s ts , t h a t  

o u r m e th o d  p e rfo rm e d  b e tte r  w h e n  w e a d o p ted  th e  p e r io d  w ith  th e  la rg e s t  b u rs t y  

w e ig h t o f a  fe a tu re  as it s  b u r s t ) r p e r io d  o ve r th e  w h o le  d u ra t io n  T .  P ro b a b ly , th is  

h a p p e n s  b ecau se  w e d e a l w ith  m o re  c o m p lic a te d  s t re a m s  (F ig u re s  4 .1 , 4 .2 )  c o n t ra ry  

to  th e  D 5  d a ta s e t  (F ig u re  4 .3 ) .

T a b le  4 .1 2 : R a n d o m  In i t ia l iz a t io n a t io n  v s  C B T C  - re s u lts  o n  th e  D 5 , D 4  u s in g  s p h e r ic a l

K -m e a n s

P u r i t y F I N M I P u r i t y F I N M I

D 5

X 0 ,5 5 69 4 0 ,5 6 5 9 5 0 ,4 7 4 0 4 X B 0 ,7 9 3 8 8 0 ,7 9 31 9 0 ,7 7 1 8 3

0 ,5 6 34 3 0 ,5 9 2 8 0 ,5 1 5 6 0 ,8 9 5 5 2 0 ,8 9 6 2 4 0 ,8 4 0 9 7

X - 2 K 0 ,7 8 3 5 8 0 ,8 1 3 8 2 0 ,7 3 7 5 3 X B - 2 K 0 ,8 9 1 7 9 0 ,8 9 5 0 4 0 ,8 3 6 9 2

X - 3 K 0 ,66791 0 ,6 9 6 4 2 0 ,6 4 5 4 5 X - 3 K 0 ,8 2 4 6 3 0 ,8 0 89 3 0 ,8 0 1 1 6

D 4

X 0 ,5 6 38 3 0 ,5 1 1 2 5 0 ,5 8 7 0 6 X B 0 ,6 1 3 5 4 0 ,55601 0 ,6 4 1 2

0 ,6 1 82 6 0 ,5 7 6 7 0 ,6 2 3 4 8 0 ,6 6 8 9 5 0 ,6 3 93 5 0 ,6 7 1 4

X - 2 K 0 ,6 8 86 6 0 ,6 2 4 9 5 0 ,7 1 2 0 5 X B - 2 K 0 ,7 0 5 5 5 0 ,6 4 4 7 9 0 ,7 2 8 0 3

X - 3 K 0 ,6 9 3 0 8 0 ,6 3 9 7 8 0 ,7 0 5 3 3 X - 3 K 0 ,7 0 0 3 2 0 ,6 5 3 6 0 ,7 1 9 8 4

F ro m  T a b le  4 .1 2  w e c o u ld  see th a t  in  th e  D 4  d a ta s e t  o u r m e th o d  gave m u ch  b e tte r  

re s u lts  th a n  th e  ra n d o m ly  in it ia l iz e d  sp k -m e a n s  fo r  b o th  re p re se n ta t io n s . I n  D 5  

d a ta s e t , th in g s  a re  a  l i t t le  d iffe re n t . F i r s t  o f  a l l ,  w e sh o u ld  re m in d  th a t  i t  is  a  s m a ll 

t e x t  c o lle c t io n , le ss im b a la n c e d  a n d  w ith  th e  lo w est s t re a m  e n tro p y . M o re o ve r i t  is  

k n o w n  th a t  K - M e a n s  w o rk s  b e tte r  in  d a ta se ts  t h a t  h ave  e q u a lly  s ize d  c lu s te rs . F o r  

th ese  re aso n s , e s p e c ia lly  th e  f ir s t  tw o , th e  c lu s te r in g  p ro b le m  in  th e  D 5  d a ta s e t  is  

m u ch  e a s ie r . F o r  th e  X  re p re se n ta t io n , th e  in i t ia l iz a t io n  w ith  C B T C  p e rfo rm s  th e  

b e s t , c o n t ra ry  to  th e  X B  re p re se n ta t io n  w h e re  th e  ra n d o m  in it ia l iz a t io n  th a t  m a x i­

m ize s  th e  co h esio n  o f th e  c lu s te rs  is d o m in a t in g . O n  th e  o th e r the  D 3  (T a b le  4 .1 3 ) 

w a s  th e  o n ly  d a ta s e t , t h a t  o u r m e th o d  d id n ’ t  a ch ie v e  b e tte r  re su lts  th a n  th e  b est 

s o lu t io n  o f X  a n d  X B  re p re se n ta t io n . H o w e ve r , w e o b se rve  th a t  C B T C  a lg o r ith m  

p e rfo rm s  m u ch  b e tte r  fo r a l l  th re e  m e tr ic s  th a n  th e  ave rag e  o f 100 sp k -m e a n s  ru n s .
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T a b le  4 .1 3 : R a n d o m  In i t ia l iz a t io n a t io n  v s  C B T C  - re s u lts  o n  th e  D 3  u s in g  s p h e r ic a l 

K -m e a n s

P u r i t y F I N M I

X 0 ,7 7 0 5 8 0 ,7 7 4 4 9 0 ,7 4 4 7 7

0 ,8 7 1 1 0 ,8 6 3 8 4 0 ,8 2 4 3 1

X - 2 K 0 ,8 3 7 8 7 0 ,8 5 1 1 9 0 ,8 1 3 0 8

X - 3 K 0 ,8 6 10 3 0 ,8 5 3 9 2 0 ,8 1 2 6 3

X B 0 ,7 7 91 5 0 ,7 8 1 5 6 0 ,7 2 2 1 8

0 ,8 7 4 1 2 0 ,8 7 3 7 8 0 ,7 8 6 6 2

X B - 2 K 0 ,8 1 8 7 3 0 ,8 1 7 3 7 0 ,7 5 6 7 4

X B - 3 K 0 ,8 4 69 3 0 ,8 3 6 2 0 ,77201

T h e  s u p e r io r it y  o f  o u r m e th o d  in  a l l  m e t r ic s  a g a in s t  th e  a ve rag e  v a lu e  a f te r  ru n n in g  

th e  s p h e r ic a l K -m e a n s  100 t im e s , w a s  e xp e c te d  a s  th e  re p re se n ta t iv e s  o f  th e  c lu s te rs  

a re  p ro d u ce d  fro m  th e  c o m b in a t io n  o f d o cu m e n ts  t h a t  a re  c lo se  to  th e  m ed o id  o f 

each  c la s s . T h e  c ru c ia l  p o in t  in  o u r m e th o d  is  t h a t  th e  m o st im p o rta n t  d o cu m e n ts  

fo r a n  eve n t a re  p u b lis h e d  w h e n  th is  e ve n t is  b u rs ty .

T a b le  4 .1 4 : R a n d o m  In i t ia l iz a t io n a t io n  v s  C B T C  - re s u lts  o n  th e  D 1 ,D 2  u s in g  s p h e r ic a l 

K -m e a n s

P u r i t y  F I  N M I  P u r i t y  F I  N M I

P u r i t y F I X M I

X 0 ,51049 0 ,5 2 4 2 3 0 ,4 5 7 4 7

0 ,5 9 3 0 ,59331 0 ,5 1 94 9

X - 2 K 0 ,5 8 7 0 ,5 9 7 0 7 0 ,5 5 8 9 7

X B - 3 K 0 ,6 4 9 0 ,6 6 2 9 0 ,6 1 5 8 2

X 0 ,5 7 09 9 0 ,5 8 0 3 5 0 ,4 9 09 3

0 ,6 8 6 0 ,6 7 0 7 3 0 ,5 6 48 5

X - 2 K 0 ,6 9 4 0 ,7 2 3 2 3 0 ,6 2 0 1 9

X - 3 K 0 ,5 9 8 0 ,6 0 9 3 3 0 ,55441

P u r i t y F I X M I

X B 0 ,5 8 1 6 7 0 ,5905 0 ,5 3 52 1

0 ,6 3 9 0 ,6 4 6 9 6 0 ,5 6 45

X B - 2 K 0 ,6 2 3 0 ,63372 0 ,6 0 3 8 7

X B - 3 K 0 ,631 0 ,64531 0 ,5 9 3 3 9

X B 0 ,5 9 06 5 0 ,60314 0 ,5 0 20 2

0 ,6 5 3 0 ,66345 0 ,5 4 62 5

X B - 2 K 0 ,6 7 9 0 ,7 0 5 4 9 0 ,5 8 8 8 5

X B - 3 K 0 ,5 8 7 0 ,60784 0 ,5 3 17 4

A s  it  is  o b se rved  fro m  th e  re s u lts  p re sen ted  in  T a b le  4 .1 4  fo r th e  D 2  d a ta  co lle c ­

t io n , th e  s u p e r io r it y  o f o u r m e th o d  is  c le a r ly . M o re o ve r it  p e rfo rm s  b e tte r  fo r  the  

X  re p re se n ta t io n  fo r  d a ta  se t D l .  R e g a rd in g  th e  X B  re p re se n ta t io n , th e  C B T C  

in i t ia l iz a t io n  m e th o d  g ave  th e  h ig h e st N M I m e a su re .
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Figure 4.1: Text stream distribution of D1 and D2.

F ig u r e  4 .2 : T e x t  s t re a m  d is t r ib u t io n  o f D 3 .
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Figure 4.3: Text Stream distribution of D5.



Chapter 5
ο

Conclusions and Future W ork

5 .1  C o n c lu s io n s

5 .2  F u tu re  W o r k

5.1 Conclusions

In  th is  th e s is , w e s tu d ie d  th e  p ro b le m  o f  t e x t  s t re a m  c lu s te r in g , e x p lo it in g  th e  b u rs ty  

in fo rm a t io n . In  o rd e r  to  d isc o v e r th e  b u s ty  fe a tu re s  w e  u sed  th e  K le in e b e rg ’s  tw o - 

s ta te  a u to m a to n . W e  h a v e , a lso , p re se n te d  s e v e ra l t e rm - s im ila r it y  m a t r ic e s , t h a t  

a re  c o n s t ru c te d  fro m  b u rs ty  fe a tu re s  a n d  w ere  e v a lu a te d  a g a in s t  a  b u rs ty - fe a tu re  

a n d  G V S M  re p re se n ta t io n s  u s in g  th e  s p h e r ic a l K -m e a n s  a lg o r ith m .

F u r th e rm o re , w e  in t ro d u c e d  th e  C B T C  a p p ro a c h , w h ic h  is  u sed  fo r  th e  in i t ia l iz a t io n  

o f s p h e r ic a l K - m e a n s  w h e n  th is  is  a p p lie d  to  t e x t  s t re a m  c o lle c t io n s  w h e re  th e  n o tio n  

o f  b u rs t  is  c r u c ia l .  In  o rd e r to  f in d  th e  in i t ia l  re p re se n ta t iv e s , w e c o n s t ru c t  a  g ra p h  

u s in g  th e  b u rs t y  te rm s  a n d  th e n  w e p a r t it io n  th e  g ra p h  u s in g  S p e c t ra l C lu s te r in g . 

In  th e  n e x t  s te p , w e a ss ig n  d o cu m e n ts  to  each  c lu s te r  o f  te rm s  a n d  w e co m p u te  

re p re se n ta t iv e s  o f  each  c lu s te r  u s in g  th e  s y n th e t ic  p ro to ty p e  m e th o d . A t  th e  end 

w e m erg e  th e  m o st s im ila r  c lu s te rs .

T h e  e x p e r im e n ts  w ere  c o n d u cte d  on  se v e ra l b e n c h m a rk  d a ta se ts . F ro m  th e  c lu s te r­

in g  re s u lts , w e o b se rve d  th a t  in  m o st cases th e  C B T C  m e th o d  p e rfo rm s  m u ch  b e tte r  

th a n  ra n d o m  in i t ia l iz a t io n . M o re o ve r , b eca u se  o f th e  la c k  o f t im e s ta m p s  fo r 2 0 X G s  

a n d  R e u te rs -2 1 5 7 8  d a ta se ts  w e used  a n  a r t i f ic ia l  m e th o d  to  c re a te  to p ic  b u rs ts . 

M o re o v e r , th e  S IM ^ ysm  te rm  s im ila r i t y  m a t r ix  seem s to  be su p e r io r  in  m o st cases 

to  th e  G V S M  a n d  B - V S M  re p re se n ta t io n s . F in a l ly ,  in  t e x t  s t re a m s  w h e re  eve n ts
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o v e r la p  in  fe w  t im e  s lo ts , th e  X B * S IM 2 ^ r  te n d s  to  p e r fo rm  b e tte r  t h a n  G V S M  a n d

S I M S ® , .

5.2 Future Work

O u r  p la n s  fo r  fu tu re  w o rk  a re  to  te s t  th e  C B T C  a lg o r ith m  a g a in s t  o th e r  m e th o d s  

th a t  a re  u sed  fo r  th e  in i t ia l iz a t io n  o f  th e  s p h e r ic a l K -m e a n s  lik e  K - m e a n s + +  [3 ]. 

W e  c o u ld  a lso  in v e s t ig a te  fu r th e r  w a y s  to  im p ro v e  o u r  a lg o r ith m  b y  b u ild in g  a  g ra p h  

w it h  b u r s t y  a n d  n o n -b u rs ty  fe a tu re s  o r  te s t in g  o th e r  m e th o d s  in  o rd e r to  p a r t it io n  

th e  g ra p h  in to  g ro u p s  o f  fe a tu re s . I t  is  a lso  in te re s t in g  to  assess th e  b e h a v io r  o f  o u r 

a lg o r ith m  o n  s h o r t  a n d  lo n g - ru n n in g  e ve n ts .

R e g a rd in g  th e  te rm  c o rre la t io n  m a t r ic e s , w e  c o u ld  s tu d y  w a y s  to  c a lc u la te  th e  c o r­

re sp o n d in g  se m a n t ic  k e rn e ls . M o re o v e r , th e  p ro p o se d  m e th o d s  sh o u ld  b e  e v a lu a te d  

in  th e  fu tu re  u s in g  o th e r  c lu s te r in g  a lg o r ith m s . W e  h a v e , a lso , th e  in tu it io n , t h a t  

i f  g ra p h  c lu s te r in g  is  s u c c e s s fu lly  w e  c o u ld  e x t r a c t  g ro u p s  o f  te rm s  fro m  th e  b u r s t y  

k e y w o rd s  g ra p h , t h a t  w o u ld  b e  a b le  to  c o n s t ru c t  s e v e ra l te rm  s im i la r i t y  m a t r ic e s  

c o rre sp o n d in g  to  d if fe re n t  to p ic s  o f  a  t e x t  s t re a m . F in a l ly ,  i t  w o u ld  a lso  b e  in te re s t ­

in g  to  ch e ck  th e  p e rfo rm a n c e  o f  o u r m e th o d  on  d a ta  d e r iv e d  fro m  s o c ia l p la t fo rm s  

lik e  T w i t t e r .
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