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Abstract 
 

This thesis proposes a semi-statistical method to automatically partition a stream 

of text into coherent segments using product partition models (Barry and Hartigan, 1992). 

This is done through the use of a modified dynamic programming algorithm proposed by 

Ath. Kehagias , P. Fragkou and V. Petridis (2002). In addition, we shall discuss an 

approach to recursively apply the above algorithm to organize the resulting linear 

segments into a hierarchical structure 

 Performance of the system was evaluated using standard Information Retrieval 

evaluation indices and two other evaluations metrics, the Pk metric (Beeferman, Berger, 

and Lafferty, 1997) and WindowDiff  (Pevzner and Hearst, 2002). As no previous 

evaluation measures have been proposed to test the fitness of a hierarchical structure. I 

test the concept of my work by concatenating segments from different texts to form a 

hierarchical structure and then seeing if that structure can be recovered automatically.  
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1 Introduction 
 

1.1 Background 

 
The World Wide Web is a vast repository of information that connects people, providing 

them access to millions of web resources via the Internet. Although there are many types 

of representation of this information such as images, videos, etc., free-form text is still by 

far the most common. There are hundreds of millions of documents on a wide variety of 

topics available on the net. 

 As the numbers of these documents grow, so does the need for an efficient and 

effective method to access the information. Text and discourse processing techniques 

such as text classification, text segmentation, and text summarization have been the 

groundwork for organizing such information. Text segmentation, in particular, has been a 

very useful technique for segmenting unstructured text and building topic and subtopic 

structure, which can then be used to facilitate indexing and retrieval. 

 

1.2 What is Text Segmentation? 

 
Text segmentation is the effort to identify boundaries where a change of topic occurs in 

order to segment a continuous stream of unstructured text into coherent stories. 

 
Chafe'76: 

Our data ... suggest that as a speaker moves from focus to focus (or from thought to 

thought) there are certain points at which they may be a more or less radical change in 

space, time, character configuration, event structure, or even world ... At points where all 

these change in a maximal way, an episode boundary is strongly present. 

 

Although the task of segmenting text into coherent stories appears to be simple, it 

has proven a difficult problem to resolve. There are many important and interesting 

discourse phenomena at the level of the paragraph or multi-paragraph to be taken care of 

by the text segmentation algorithm in segmenting the texts into multi-paragraph or topical 
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segments. The structure may be linear or hierarchical and it reveals the relationship 

between the substructure of the texts, and its content meaning. 

Generally, there is no strict definition to what a “topic” is. An intuitive way of 

representing the problem is to find boundaries that divide the texts into stretches of 

segments where each segment talks about a different matter. Hence, instead of attempting 

to describe what a “topic” is, we instead attempt to discover when the “topic” shifts. Such 

an approach also enables automatic text segmentation to be domain independent. As a 

result, much of the earlier research on text segmentation (such as Hearst’s TextTilling 

algorithm) has been focused on detecting topic changes rather than identifying the topic 

itself. 

A general-purpose tool for partitioning text or multimedia content into coherent 

regions will have a number of immediate practical uses. In the field of information 

retrieval, research in sub-topic segmentation was originally inspired by the following 

problem: given a large unpartitioned collection of expository text (such as large numbers 

of newspaper articles strung together) and a user’s query, return a collection of coherent 

segments matching the query. Lacking a tool for detecting topic breaks, an IR application 

may be able to locate positions in its database which strongly match the user’s query, but 

be unable to determine how much of the surrounding data to provide to the user.  

Other practical uses of document segmentation are: improved automated 

summarization (Salton et al., 1994; Barzilay and Elhadad, 1997), automated genre 

detection (Karlgren, 1996) and audio or video summarization. In particular, automatic 

detection of story and topic boundaries in news feeds has recently been the focus of much 

research. (Allan et al, 1998; Beeferman, Berger, and Lafferty, 1997; Beeferman, Berger, 

and Lafferty, 1999). 

 

1.3 Previous Works 

 
Text segmentation has been the focus of past research initiatives, as documented in the 

literature. Most text segmentation techniques fall into two categories (Allan, 1998): 

content-based technique, which focuses on the story content, and discourse-based 

technique, which focuses on story structure or discourse. 
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Content-based approaches resolve the segmentation problem by relying on some 

measure of the difference in word usage on the two sides of a potential boundary: the 

larger the difference, the more indicative of a boundary. 

The TextTiling algorithm (Hearst, 1993) is a well-known example of a content-

based approach. It is a domain-independent technique that assigns a score to each topic 

boundary candidate based on a cosine similarity measure (Salton, 1983) between chunks 

of words appearing to the left and right of the candidate. Topic boundaries are placed at 

the locations of valleys in this measure, and are then adjusted to coincide with known 

paragraph boundaries. Hearst’s success in showing that lexical repetition can be used to 

locate topic boundaries in a stream of text prompted other researches to investigate 

similar approaches.  

Another content-based approached uses a graphically motivated text segmentation 

technique called dotplotting (Reynar, 1994). A similarity matrix is obtained from the text 

and then plotted on a graph. Dense regions on the graph correspond to tight regions of 

topic similarity and are used to determine how the topic segments are distributed.  

The dragon approach (Allan, 1998) uses Hidden Markov Model (HMM) 

techniques in a way similar to the one used in speech recognition. It treats a story as an 

instance of some underlying topic. In the model, the hidden states are topics and the 

observations are words or sentences. 

A more recent content-based approach utilizes Product Partition Models 

(Kehagias et al., 2002) in an attempt to model text segmentation as an optimization 

problem. The model makes use of prior information obtained from training texts in order 

to predict the average segment length of the text to be segmented. It has been found that 

this yields a significant increase in the accuracy of the resulting segmentation when this 

information is used in conjunction with content information from the text.  

Morris and Hirst (1991) first proposed the notion of lexical chains to chain 

semantically related words (i.e. synonyms) together via a thesaurus. The chains are 

constructed out of selected content terms in the document and represent the lexical 

cohesive structure of a text. This approach is different but somewhat related to content-

based approaches that make use of the difference in word usage at different parts of a text 

to locate a potential boundary. 
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Other researchers have subsequently used this method for text segmentation. For 

example, Segmenter (Kan et al., 1998) assigns a score to each paragraph in a text based 

on their relative positions (beginning, end or at the middle) in the lexical chains. The 

scores are then used to indicate whether the paragraph marks a topic boundary. 

Discourse-based approaches make use of prosodic features such as pause duration 

as well as lexical features such as the presence of certain cue phrases or cue-words that 

tend to appear near the segment boundaries. Such methods tend to be domain-specific 

because of their dependence on the style of text. 

The HMM Segmentation method (Allan, 1998) studied by Umass uses a Hidden 

Markov Model to model “marker words”, or words which predict a topic change. It relies 

on words that predict the beginning or the end of a segment.  

The CMU method (Beeferman, 1999; Beeferman and Berger, 1997; Della 

Pietra, 1997) is an example of a hybrid approach that combines the content and discourse 

based methods. It uses a statistical framework for feature selection. It can select different 

features and style of texts and combine content features and discourse features together. 

The method builds an exponential model incrementally to extract features that are 

correlated with the presence of boundaries in labeled training text. 

 

1.4 Motivations for this Research 

 

In this research, I will investigate a hybrid approach that combines the usage of lexical 

chains in addition to information obtained from word repetition in a text to discover its 

structure. Previous research has used only one or the other but not both. I have found that 

when I added information obtained from lexical chaining to a previous content-based 

approach that used only word repetition, I was able to obtain a 20% increase in the 

segmentation accuracy. 

Previous work on text segmentation focused mainly on linear rather than 

hierarchical text segmentation. Whereas linear segmentation only attempts to find topic 

boundaries within a text without any concern of their underlying structure, hierarchical 

segmentation not only locates the subtopics, but also tries to organize them into a 

meaningful hierarchy.    
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A hierarchical segmentation may be more useful than a linear one for many real 

world applications. For example, most textbooks, technical manuals, research papers etc. 

have an inherent hierarchical structure. Thus, the other motivation of my research is to 

tackle the problem of hierarchical text segmentation. This will be done in two phases. 

First, I will implement a linear segmentation algorithm to obtain the linear subtopic 

segments of a text. Next, I will apply a hierarchical clustering algorithm to organize the 

segments into a hierarchical tree.  

 

1.5 Thesis Structure 

 
The rest of this thesis will be organized as follows. Chapter 2 will discuss the Product 

Partition Model framework, which will be the basis of this project. In Chapter 3, I will 

introduce TextSegmenter, the system I have created to accomplish the task of text 

segmentation. Chapter 4 will deal with the linear segmentation results of TextSegmenter 

from experiments using Freddy Choi’s corpus (Choi, 2000). Chapter 5 will introduce the 

hierarchical clustering algorithm to cluster linear segments into a hierarchical structure, 

which is the second part of this project. Chapter 6 will discuss the experiments done to 

prove the validity of the hierarchical clustering algorithm. Finally, I end with Chapter 7 

by giving a conclusion and some basis for future work. 
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2 The Product Partition Model framework 
 
For this project, I have utilized prior research on using Product Partition Models to 

formulate text segmentation as an optimization problem, which is then solved using a 

dynamic programming algorithm. (Kehagias et al. 2002). I have modified the algorithm 

(as well as add in an additional feature) to give better results for linear text segmentation. 

Furthermore, in the later part of this thesis, I will introduce a way to recursively apply the 

algorithm so as to achieve hierarchical text segmentation. (Note that the original paper 

was focused solely on the linear aspect). 

The objectives of my project are thus as follows: 

a. To improve an existing linear segmentation algorithm such that it gives better     

    results than any others so far reported in the literature. 

b. To introduce an algorithm to organize linear text segments into a hierarchical   

    structure.  

 

A Product Partition Model (PPM) (Barry & Hartigan, 1992) is a Bayesian 

inference procedure for segmentation of a sequence of random variables, based on the 

heterogeneity of the sequence. The model assumes that observations in different 

components of a random partition of the data (for example, segmented text) are 

independent. If the probability distribution of random partitions is in a certain product 

form making the observations, it is also in product form given the observations.  
Applying the PPM framework to text segmentation, we can define the posterior 

joint probability of an observed text and its segmentation by the product of two terms: 

a. The prior probability of the segmentation, which is derived through the use of 

a corpus of training texts that are in the same domain as that of the observed 

text. This is described by an appropriate homogeneity function. 

b. The conditional (given the segmentation) probability of the observed text, 

which is described by a cohesion function that is made up of two parts. The 

first part uses information from lexical repetition in the text. The second part 

uses information obtained from lexical chaining. (Morris and Hirst, 1991). 
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Mathematically speaking, suppose we let o represent the observed text, and let t 

range over the set T of all possible segmentations of the text. Using Bayes’ theorem, the 

most likely segmentation is then: 

 

}apartbpart

Tt
tPtoPt )()|(maxargˆ ⋅=

∈

876
 

 

The negative logarithm of the joint probability is the segmentation cost, and this is 

minimized using a dynamic programming algorithm. 

 

2.1 Problem Representation 

 

Consider a text with T sentences. We label each sentence from 1 to T according to their 

order in the text. A segmentation of the text is a partition of {1, 2…T} into K contiguous 

segments: {1,2…t1}, {t1+1, t1+2… t2}, …, {tK-1+1,  tK-1+2,… T}; {t0, t1, …tK} are the 

segment boundaries that partition the text such that they satisfy: 

 

.0 110 Ttttt KK =<<<= −  

 

Sentence 0 is a dummy sentence, which we use to represent the start of the text. Hence, 

any segmentation will contain the two boundaries t0 = 0 and tK = T; the dummy sentence 

at the beginning and the last sentence at the end of the text. We assume that segment 

boundaries always appear at the end of sentences. 

We denote a possible segmentation using the vector  = {tt̂ 0, t1, …tK} and the set 

of all possible segmentations of {1, 2…T} using TΦ . Our task, then, is to find the most 

probable segmentation vector  in t̂ TΦ . 
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2.2 Text Representation 

 

Suppose that the text has a vocabulary of L distinct words, {1,2…L}. We can represent 

the text using a T x L matrix c, where (for t = 1,2…T and l = 1,2…L): 

     

⎪⎩

⎪
⎨
⎧ −−

=
otherwise0

sentencethttheinappearswordthltheiff1
,c lt

 

 

We use c1, c2, … cT to denote the sentence vectors, which are binary strings of 1’s and 0’s 

(either a word of the vocabulary appears in the sentence, or it does not).   

From the text, we can extract two classes of information, which we represent using a 

sentence similarity matrix and a lexical chain matrix, denoted by d1 and d2 respectively. 

 

2.2.1 Sentence similarity matrix 

 

The sentence similarity matrix of the text is a T x T matrix d1 such that: 

 

⎪⎩

⎪
⎨
⎧ ≠

=
otherwise

tsifcc ts

ts
0

),(simcos_
,1d  

 

where  is the cosine similarity function. The cosine similarity measure 

(Salton, 1987) is a metric used to measure the similarity between two documents. It is 

defined as the cosine of the angle between two vectors v and w such that: 

( )cos_sim

 

( ) ( )∑∑
∑

==

=

⋅
=

n

i i
n

i i

n

i ii

wv

wv
θcos

1
2

1
2

1  

 

In other words, d1s, t is the cosine similarity value between sentence s and sentence t. The 

resulting matrix d1 has zeros and non-zero values arranged in a characteristic pattern 
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which corresponds to the structure of the text. In the figure below, a dotplot (Reynar, 

1994) of the matrix corresponding to a sample article is given. 

 

 

Figure 1: Dotplot of sample article 

  
 We will use the notation d1(s, t) to denote the square submatrix of d1 defined by 

positions (s + 1, s + 1) and (t, t). For every s = 0, 1, …T-1 and t = 1, 2, …T, we obtain a 

submatrix d1(s, t) which corresponds to the segment {s+1, s+2, ... t}. Assuming that 

sentences belonging to the same subtopic (i.e. segment) will have many words in 

common, then a submatrix which corresponds to an actual segment will have many non-

zero values in it. A good segmentation algorithm will thus divide the matrix into 

submatrices that are densely packed with non-zero values. 

 

2.2.2 Lexical Chain Matrix 

 

Morris and Hirst (1991) first proposed the notion of lexical chains to chain semantically 

related words together via a thesaurus. For this project, I will use a simpler interpretation 

of it and chain only words with the same stem. (Kan et al. 1998) 

 Given a term and the distribution of its occurrences, we can link related 

occurrences together. The metric for determining relatedness is the proximity of the 
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terms. If two occurrences of a term occur within n sentences, we link them together as a 

single unit, and repeat until no larger units can be built. This is illustrated in the diagram 

below. 

  
sents 0123456789012345678901234567890123456789012345 
cat      1xx1                           1xx1               1x1 
ball    1xx1                     1xx1                      11xx1 

Figure 2: Lexical chains formed by the terms 'cat' and 'ball'. 

  

 Figure 2 shows the lexical chains formed by the terms “cat” and “ball”. The 

numbers at the top represent the sentence numbers of the text and are grouped in tens. 

The term “cat” appears a total of six times, “ball”, a total of seven. The occurrences of the 

terms are grouped together into several term links, as joined by the “x”s. 

 A “good” segment {s+1, s+2, …t} should have many lexical chains that start at 

one end of its boundary (s+1) and ends at the other. However, we do not always expect 

the ends of the chains to coincide exactly with the boundaries of the segment. The ends of 

the chain might just miss touching them and this should still be acceptable. We, thus, 

allow for a certain distance, b, such that if either ends of a chain miss the boundaries by a 

distance less than or equal to b, we still consider the chain to be contained within the 

segment. Note that the word “contain” might be slightly misleading. A segment does not 

contain a chain simply because the chain is within its boundaries. The ends of the chain 

must be within the allowable distance from the boundaries. To further illustrate this, see 

figure 3 on the next page. 
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2.3 Product Partition Models 

 

We now define two random variables, the segmentation variable T, which takes values in 

, and the lexical similarity variable D, which takes values in TΦ TΨ . The two variables 

are each specified by its probability function. We will denote a probability function by 

the letter f. For example, 

 

( ) ( )( )KK ttttttf ,...,,P,...,, 1010 == TΤ  

( ) ( )( )KK ttttttf ,...,,P,...,,| 1010 === T|dDdΤ|D . 

 

 A Product Partition Model (PPM), is a pair of random variables (D, T) which 

have a particular type of joint probability distribution fD,T such that 

1. The probability of a particular segmentation {t0, t1, …tK} has the form: 

 

( ) ( ) ( ) ( )KKK ttcttcttctttf ,12,11,010 ...,...,, −⋅⋅⋅=Τ  

 

where c(s, t) is a homogeneity function and K can take any value between 1 

and T. 

 

2. Conditional on T = (t0, t1, …tK), the probability density of the submatrix  

D(tK-1, tK), has the form (for k = 1,2,…, K): 

 

( ) ( ) ( )( ) ( )( )kkKKKttt ttgtttttf
K ,11,0,1|,...,, ,...,|

10 −− = ddTD  

 

 where g(d(tk-1, tk) is the cohesion function. 
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Combining 1 and 2, the joint probability of D and T has the form 

 

( ) ( ) (( )[ ]∏
=

−− ⋅=
K

k
KKKKK ttgttctttf

1
,1,110 ,...,,, ddΤD, ) . 

  

 Hence, the PPM is made up of a cohesion function, which assigns probabilities 

independent of the observed text, and the homogeneity function, which assigns a 

probability to each segment, given a particular segmentation. 

 In the next sections, we will discuss the homogeneity and cohesion functions used 

for this project. 

 

2.3.1 Homogeneity function 

 

The homogeneity function is defined as  

 

⎥
⎥
⎦

⎤

⎢
⎢
⎣

⎡
⎟
⎠
⎞

⎜
⎝
⎛ −−

=
2

2
exp),(

σ
µsttsc  

 

 (where ) Tts ≤<≤0

 

 This function is used to incorporate some information regarding the segment 

length of the text, without actually seeing the text. It can be used when we know that the 

text being segmented is of a particular domain and we have training data from that 

domain (i.e. a corpus of Wall Street Journal articles). We are thus able to use the data to 

estimateµ , the mean value, andσ , the standard deviation of the segment length. 
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2.3.2 Cohesion function 

 

The cohesion function is defined as: 

 

⎥
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(r is a parameter). 

 

∑ ∑+= +=

t

si

t

sj jid
1 1 ,  is the sum of all the cosine similarity values in the submatrix of 

d(s, t) which corresponds to the segment {s+1, s+2, …, t}. When r = 2, (t - s)r gives us 

the area of the corresponding square submatrix. The term ( ) ( )
rt

si

t

sj ji std −∑ ∑+= +=1 1 ,1  is 

the segment density, and d2i,j gives the total number of lexical chains that the segment 

contains. A high value of ( ) ( ) ji

rt

si

t

sj ji dstd ,21 1 ,1 +−∑ ∑+= +=
 indicates strong intra-

segment similarity (i.e. the segment contains many repeated words).  

 

2.3.3 Segmentation Cost 

 

With the above functions defined, we can now proceed to define the segmentation cost as 

follows: 
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(γ  is used to control the relative importance of the cohesion and homogeneity functions). 

The total segmentation cost is the sum of the cost of the K segments of the text; the cost 

of the k-th segment is the sum of the two terms. 

 A good segmentation gives segments that have high density and contain many 

lexical chains (homogeneity function), while at the same time, does not deviate much 
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from the average segment length (cohesion function). The corresponding segmentation 

cost ),,, γσµ rJ(t;  will thus have a small value. An optimal segmentation will give the 

global minimum of ),,, γσµ rJ(t;  

 

),,,minargˆ
),...,,( 10

γσµ rJ(t;t
Ktttt=

=  

 

 The discussion of the PPM framework for text segmentation is thus concluded. In 

the next section, I will introduce TextSegmenter, a system I have created to accomplish 

the task of segmenting text files.
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3 TextSegmenter  
 

3.1 TextSegmenter System Architecture 

 

 

 

 

 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
 

Figure 4: TextSegmenter system flow 
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Figure 4 shows the flow of the TextSegmenter system. The rest of this section will be 

devoted to explaining each of the various stages. 

 

3.2 Estimating statistical values through the use of training data 

 

If segmented training data is available, the mean value, µ , and standard deviation, σ , of 

the segment length can be obtained. These values are needed in the homogeneity function 

of section 2.3.1. If they are not available, then we set γ  to zero and omit this part. 

 

3.3 Preprocessing and filtering of text 

 

The input text is first split into its component sentences using MXTerminator 

(Ratnaparkhi, 1994). Next, punctuation and stop-words (determined by a stoplist) are 

filtered out. Finally, the remaining words are stemmed using Porter Stemming Algorithm 

(Porter, 1980).  

 

3.4 Features Extraction 

 

During this stage, the sentence similarity matrix d1 and the lexical chain matrix d2 are 

extracted from the preprocessed text. (See sections 2.2.1 and 2.2.2)   

 

3.5 Linear Segmentation algorithm 

 

Given the sentence similarity matrix d1, the lexical chain matrix d2, and the parameters 

γσµ ,,, r , we can now proceed with the dynamic programming algorithm to minimize the 

global segmentation cost. 
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Segmentation Algorithm 

 

Input: The sentence similarity matrix d1; the lexical chain matrix d2; the parameters  
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Backtracking 

K  = 0 

SK  = T 

While  0>
Ksz

 K = K + 1 

 SK =  
1−Ksz

End 
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K = K + 1 

SK = 0 

For k = 0,1,…K 

kKk st −=ˆ   

End 

Output: The optimal segmentation ( )kttt ,...,t̂ , 10=  

 
 

The algorithm runs in O(T2) time. 

 

3.6 Linear Segmentation Output 

 

The output of the linear segmentation part of TextSegmenter is a text file containing the 

original input document arranged line by line (for each sentence). Lines are drawn to 

indicate where the subtopic boundaries lie.  

 

3.7 Extension – Hierarchical clustering of segments 

 

Depending on the needs of the user, a linearly segmented text may be enough for his 

purposes. The extension to TextSegmenter provides an algorithm to cluster the segments 

obtained from the earlier stages into a hierarchical structure. This part of the system 

involves the second objective of my project. I will delay the explanation on how this is 

done for now, and, in the next chapter, go on to the discussion on the experiments done to 

evaluate the accuracy of TextSegmenter as a linear segmentation program. 
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4 Experiments and Evaluation 
 
This part of my thesis will focus on evaluating the linear segmentation algorithm, which I 

introduced in section 3.5. 

 

4.1 Evaluating Text Segmentation algorithms 

  

There are two main problems with evaluating a text segmentation algorithm. Firstly, 

human readers do not always agree with each other where boundaries should be placed or 

how fine-grained an analysis should be making it difficult to choose a reference 

segmentation for comparison. Some evaluations solve this problem by detecting 

boundaries in sets of concatenated documents, where there can be no dispute on where 

the boundaries lie (Reynar, 1994; Choi, 2000). Others have human judges make ratings 

and then take the majority agreement as the standard. In this project, I shall use the 

former approach. 

 The second problem is that for different types of applications for text 

segmentation, different errors become important. For example, for information retrieval, 

it can be acceptable for boundaries to be off by a few sentences (this is known as a near-

miss), whereas for boundary detection of news feeds, accurate placement is crucial. 

In the sections below, I will discuss the standard evaluation indices, which have 

been used for text segmentation algorithms. 

 

4.1.1 Precision and Recall 

 

Precision and recall are both standard evaluation measures used in Information Retrieval 

applications that are concerned with retrieving documents to match a given query. When 

used in the context of text segmentation, they are defined as follows: 

Precision is the percentage of boundaries identified by an algorithm that are 

indeed true boundaries; recall is the percentage of true boundaries that are identified by 

the algorithm. Precision and recall have two major problems. The first problem is that 
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there is an inherent tradeoff between precision and recall, that is, the accuracy of one can 

be improved at the cost of the other. 

 The second problem is that precision and recall are not sensitive to near misses. 

This means that they penalize equally heavily on boundaries that miss by a wide margin 

(fifteen or more sentences) as compared to boundaries that miss by say, only a couple of 

sentences. This shortcoming means that it is unable to differentiate between algorithms 

that assign boundaries that are close to actual boundaries, and algorithms that assign 

boundaries that miss the actual ones by a wide margin. Intuitively, we would like to be 

able to give a higher score to the former type of algorithms. 

 

4.1.2 The Pk Evaluation Metric 

 

The Pk Evaluation Metric (Beeferman, Berger, and Lafferty, 1997) was introduced to 

resolve the problems with precision and recall, and allows for the assigning of partial 

credit to near misses.  

Pk is defined as the probability that two sentences drawn randomly from the 

corpus are correctly identified as belonging to the same document or not belonging to the 

same document. 

 Pk  is scaled between 0 and 1. An algorithm that assigns all boundaries correctly 

receives a score of 0. Boundaries are penalized according to the distance they are from 

true boundaries - the larger the distance, the greater the penalty. 

 

4.1.3 WindowDiff 

 

Though Pk is fast becoming the standard among researchers in text segmentation, there 

are still certain drawbacks to it such as false negatives being penalized more heavily than 

false positives. Pevzner and Hearst (2002) have thus made modifications to the error 

metric algorithm to remedy its problems. They have called the resulting fix WindowDiff.
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4.2 Experiments using Choi’s collection 

 
For the experiments on TextSegmenter, I have made use of Freddy Choi’s collection 

(Choi, 2000), which consists of texts made up of ten concatenated text segments. Each 

segment consists of the first n sentences of a randomly selected document from the 

Brown Corpus (Francis and Kucera, 1982). The texts are divided into four datasets and 

are listed in the table below. There are a total of 700 texts. 

 

 Set 0 Set 1 Set 2 Set 3 

No. of texts  400 100 100 100 

Range of n 3-11 3-5 6-8 9-11 

Table 1: Statistics of Choi's collection 

 
 I have measured segment accuracy using the three different evaluation measures 

described in the previous sections (4.1.1 – 4.1.3). 

 My evaluation will take place in two stages. In the first stage, I will compare the 

results of segmentation using solely word repetition (feature d1) against using a 

combination of both lexical chaining (feature d2) and word repetition. The homogeneity 

function of the algorithm will be omitted in this stage. The purpose of this is to show that 

adding information from lexical chaining can indeed improve the accuracy of the 

segmentation algorithm.  

 The second stage will consist of evaluating the algorithm in its entirety, i.e., using 

both the homogeneity and cohesion functions, with the cohesion function comprising of 

both features d1 and d2.  
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4.2.1 Stage 1 – Evaluating effectiveness of lexical chain feature 

 

 Set 0 Set 1 Set 2 Set 3 All Sets 

Precision 0.895 0.869 0.847 0.9203 0.883 

Recall 0.321 0.438 0.3768 0.389 0.361 

Pk 0.45 0.452 0.432 0.374 0.447 

WindowDiff 0.37 0.312 0.356 0.2822 0.358 

Table 2: Experiment results without lexical chaining 

  

 Set 0 Set 1 Set 2 Set 3 All Sets 

Precision 0.797 0.770 0.808 0.887 0.816 

Recall 0.734 0.852 0.830 0.905 0.830 

Pk 0.148 0.118 0.105 0.0373 0.102 

WindowDiff 0.149 0.140 0.119 0.0442 0.114 

Table 3: Experiment results with lexical chaining 
 
Tables 2 and 3 above show the evaluation results of the algorithm with and without the 

use of feature d2. For the experiments above, γ  was set to zero (thus omitting the 

homogeneity function), and r was set to 0.66 (as per the original paper). For simplicity, 

we let n = b = 6. This value was obtained through the use of training data.  

 

 Set 0 Set 1 Set 2 Set 3 All Sets 

Without d2 0.372 0.312 0.356 0.282 0.328 

With d2 0.149 0.140 0.119 0.0442 0.114 

Table 4: Comparison of results with and without lexical chaining 
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Table 4 shows a comparison between the two methods using Windiff as the evaluation 

measure. We can see that there is an significant increase in the segmentation accuracy of 

about 20% when lexical chaining is used in conjunction with word repetition. 

 
4.2.2 Stage 2 – Evaluating overall effectiveness of algorithm 

Table 5: Evaluation results using both homogeneity and cohesion functions 

 
The table above shows the performance of TextSegmenter when both the homogeneity 

and cohesion functions are used together. µ  and σ  values were estimated using another 

subset of Choi’s texts. Though training, we found that the algorithm gives optimal 

performance when γ  was set to 0.5. 

Table 6: Comparison of TextSegmenter against other algorithms 

 
Table 6 gives a comparison of the results of TextSegmenter against other algorithms in 

the literature (obtained from Choi’s paper). The metric used for the comparison is the Pk 

error metric. The results show that TextSegmenter is more accurate than the others.

 Set 0 Set 1 Set 2 Set 3 All Sets 

Precision 0.833 0.842 0.911 0.928 0.878 

Recall 0.830 0.836 0.907 0.925 0.874 

Pk 0.115 0.0932 0.0393 0.020 0.0670 

WindowDiff 0.101 0.0996 0.0390 0.020 0.0650 

 Set 0 Set 1 Set 2 Set 3 

Utiyama (2001) 9% 10% 7% 5% 
Choi(b) (1999) 12% 12% 9% 9% 
Choi (1999) 13% 18% 10% 10% 
Reynar (1998) 22% 21% 18% 16% 
Kan et al. (1998) 36% 23% 33% 43% 
Hearst (1998) 46% 44% 43% 48% 
TextSegmenter 11.5% 10% 4% 2% 
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5 Organizing linear segments into a hierarchical structure 

 
In the earlier part of this thesis, I have introduced a method to split a text document into 

its topical segments. In this section, I will discuss how to organize these linear segments 

into a well-formed topic hierarchy.  

 

5.1 Why hierarchical? 

 

Organizing linear segments into a hierarchical structure provides a comprehensive form 

to present the document from which the segments were retrieved. Having such a structure 

makes it easier for users to view and retrieve needed information. 

  The task can be defined as such: given contiguous text segments (the 

segments are arranged in the order in which they were retrieved from the document), 

organize them into a hierarchical structure. The diagram below illustrates this. 

 

 

 

 

 

 

 

 

Figure 5: Getting a hierarchical tree from linear segments 
 

5.2 Related Work 

 

To my knowledge, there has been very little research done on this area. Most of the past 

work on text segmentation has linear rather than hierarchical. A past research paper 

(Yaari, 1997) had tried to use a variant of the HAC (hierarchical agglomerative 

clustering) algorithm to cluster paragraphs into a hierarchical tree. However, due to the 

 

Document 1 2 3 4 5

1 2 4 3 5
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Hierarchical tree structure 
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nature of the HAC, which always merges two segments at each pass, the resulting tree is 

a binary one. This is highly unlikely to be the structure of real world documents, where 

we would expect the tree structure to consist of a variable number of nodes at each level.  

  

5.3 Getting a hierarchical structure through clustering 

 

The approach I am going to use to accomplish this task follows naturally from the 

solution I have used to achieve linear text segmentation.  The key idea of the proposed 

approach is to apply clustering to create the hierarchical topic structure of text segments. 

In the linear segmentation algorithm, we have treated sentences as the elementary 

segments (we assume that boundaries are found only at the end of a sentence). The 

algorithm then proceeds to partition the text such that the total segmentation cost of the 

segments is at a minimum. Thus, we effectively cluster sentences together in such a way 

that the segments that result are coherent and isolated from each other. In other words, 

the segments have high intra-similarity but low inter-similarity. We can follow up on this 

idea by treating the linear segments found from the previous step as the elementary 

segments. We then try to partition the text such that the grouped segments give the 

minimum global segmentation cost. We merge the segments together, and repeatedly do 

this until only one segment is left. The general algorithm for this is shown below: 

 

Input: linear segments obtained from earlier segmentation. 

While more than one segment left do 

Apply segmentation cost minimization algorithm to find the best way to partition 

segments {si, si+1,…, sn}. (n decreases with each loop.) 

 Merge segments within their respective partitions into a single segment. 

End While 

 

 Recall that the linear segmentation algorithm makes use of features (the sentence 

similarity and lexical chain matrix) extracted from the text. We will need to reuse these 

features for the hierarchical clustering algorithm, the sections below discuss how. 
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5.4 Building the tree from bottom-up 

 

Given the linear segments, we can proceed to organize them into a hierarchical structure. 

We will bring over the features extracted from the linear segmentation part. For 

simplicity, we will not take into account the homogeneity function but rely solely on the 

cohesion function.  

Assuming that the linear segmentation is {t1, t2, … tK}, the corresponding 

submatrices would be d(t1, t2), d(t2, t3) … d(tK-1, tK). If these segments are truly sub-topics 

of the text, then we would expect them to be highly cohesive. The next step would be to 

reapply the minimization algorithm and repartition the segments to obtain the next level 

of the hierarchical tree. We keep doing this until only one cluster remains (i.e. the 

original text). 

 

  

 

 

 

 

Figure 6: Example of hierarchical tree formed through clustering 

 

In Figure 7, clusters C1, C2, C3, C4 and C5 are the original linear segments. Clusters C6 and 

C7 are formed through merging C1, C2 and C3, C4 respectively. They form the second level 

of the tree. Finally, C8 (the entire document itself) is formed through merging C5, C6, and 

C7.  
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5.4.1 Recalculating the sentence similarity and lexical chain matrices 

 
We cannot simply reuse the features extracted from the prior level to do the segmentation 

for the next level, as we would get back the exact same segmentation. The key idea here 

is that in order to obtain the next level of segments, we ignore their intra-similarity and 

only take into account of their inter-similarity. We are no longer interested in the 

cohesiveness of any single segment once it has been obtained; rather, we want to focus on 

their similarity to other segments in order to best decide the best way to cluster them.  

In order to do this, we have to make changes to the matrices d1 and d2 during each 

pass. For each segment d(tk-1, tk), at level n, we set all values in the submatrices 

corresponding to the segments to zero. We then redo the minimization algorithm to 

obtain the segmentation for level n+1.  

 

 

 

 

 

 

 

 

Figure 7: Recalculation of lexical chain matrix 

 

Figure 5 shows the re-segmentation of a text before and after the recalculation of the 

lexical chain matrix. During level n, the optimal segmentation gives 4 segments, as this 

will give a total of 4 lexical chains. To obtain the next level, we ignore these 4 chains, 

which are contained within the segments, and only take into account the 2 chains that 

cross the segment boundaries. The new optimal segmentation for level n+1 is shown 

above.  

This is done similarly for the sentence similarity matrix. Hence if we have 

segmentation  at level n, we let: ( Kttt ,...,t̂ , 10= )
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for level n+1. 

 

5.5 Top-down partitioning 

 

Once the bottom-up building of the tree is done, we get a rough shape of what the 

hierarchical tree structure is like, however, the tree is flawed as during the building 

process, if there are two or more unrelated segments that are contiguous in the text, they 

are clustered together mistakenly. Thus boundaries, which should exist, are falsely 

removed. (See figure below.) 

 

 

 

 

 

 

Figure 8: Unrelated contiguous segments are wrongly merged during bottom-up building of tree 

 
In order to remedy this, we traverse the tree from top to bottom and compare the 

segmentation cost of each cluster (node) at level n of the tree with the segmentation cost 

of the entire document i.e. the cost of the segmentation if the entire text was to be treated 

as a single segment. If the segment cost of that node is higher, we split the node back into 

its constituent clusters. In other words, we restore all boundaries that had been taken 

away when merging its children nodes. If lower, we leave the segment as it is. 

Intuitively, this mean that if a single segment has a higher cost than the cost of the entire 

document, then that segment is less cohesive then if the document itself was treated as a 
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segment. This means that it is likely that the segment contains 2 or more unrelated 

subtopics that have been merged together and should therefore be split apart again. 

 

 

 

 

 

 

 

 

 

Figure 9: Top-down partitioning of tree to restore boundaries 

 

In the figure above, segments 4 and 5 are wrongly merged together after the bottom-up 

building of the hierarchical tree. During the top-down partitioning phase, it is found that 

the segmentation cost of the merged segments is more than the global segmentation cost. 

The merged segment is then split apart again. The correct tree is thus the one on the right. 

Note that the segment formed from merging segments 1 and 2 remains untouched. 
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6 Concept testing of hierarchical clustering algorithm 
 
Currently, there are no evaluation measures that exist in the literature which can be used 

to evaluate the accuracy of a hierarchical segmentation algorithm. As creating such a 

measure is out of the scope of this project, I have chosen to test the concept of my work 

by concatenating segments from different texts to form a hierarchical structure and then 

seeing if that structure can be recovered automatically. No score is assigned to a test case 

for partial success - either the algorithm successfully retrieves the structure, or it does not. 

 
6.1 Hierarchical text corpus  

 
In order to facilitate testing, I have created a corpus of documents by concatenating 

segments taken from scientific articles.  The articles are taken from Wikibooks 

(http://en.wikibooks.org/) and are from the genres of Life Sciences, Chemistry and 

Physical Sciences. 

Each of the genres is made up of numerous disciplines, e.g. Life Sciences is made 

up of the disciplines of biology, animal behavior, ecology etc. And each discipline are 

further divided into various sub-disciplines. For example, biology can be divided into 

evolutionary biology, neurobiology, microbiology etc. There is thus, an inherent 

hierarchy present. 

 

 

 

 

 

 

 

 

 

 

 An earthquake is a trembling or shaking movement of the Earth's surface.  
Earthquakes typically result from the movement of faults, quasi-planar zones of deformation within its uppermost layers. 
The word earthquake is also widely used to indicate the source region itself.  
The solid earth is in slow but constant motion (see plate tectonics) and earthquakes occur where the resulting stress 
exceeds the capacity of Earth materials to support it.  
The less frequent events that occur in the interior of the lithospheric plates are called intraplate earthquakes. 
Biology is the science of life. 
Biology encompasses a broad spectrum of academic fields that are often viewed as independent disciplines.  
Biology can be understood at the level of interdependent populations and their habitats through ecology and evolutionary 
biology.  
These include the comparisons of DNA sequences conducted within molecular biology.  
The word "biology" in its modern sense seems to have been introduced independently by Gottfried Reinhold Treviranus. 
Most non-scientists seem to be quite confused about precise definitions of biological evolution.  
Such confusion is due in large part to the inability of evolutionists to communicate effectively to the general public and 
also to confusion among scientists themselves about how to define such an important term.  
When discussing evolution it is important to distinguish between the existence of biological evolution and various 
theories about the mechanism of evolution.  
And when referring to the existence of biological evolution it is important to have a clear definition in mind.  
What exactly do biologists mean when they say that they have observed evolution or that humans and chimps have 
evolved from a common ancestor? 
Figure 10: Sample document from corpus 
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Figure 7 shows a sample document taken from the corpus. Paragraph 1 is taken 

from an article about earthquakes, paragraph 2 from an article about general biology and 

3 from an article about evolutionary biology. It can be seen immediately that 1 is 

unrelated to 2 and 3 whereas 2 and 3 are both subtopics of a larger topic (i.e. biology).  

 

6.2 Experiments using the corpus 

 

The hierarchical clustering algorithm when fed with the linear segments of the 

document shown in figure 7 should be able to retrieve the following structure (see figure 

8 below): 

 

  

Figure 11: Linear segments to hierarchical tree 

 
Any other tree structure recovered would be deemed to have failed. With this criterion, I 

have tested the algorithm on 30 documents in the corpus. Out of the 30 documents, 26 

documents passed the test, giving a success rate of about 86.7%. 

 

6.3 Limitations 

 
In the above test cases, I have used artificially created documents with enough word 

repetition such that the hierarchical structures of the documents are immediately obvious. 

Though my algorithm works for such cases, it remains to be seen whether it can be 

applied to real world applications, where the documents being segmented might not have 

such a large number of repeated words. To show that the algorithm can also be applied to 

real world cases, an evaluation measure must be created that can assign a score for partial 

success. I leave the creation of such a measure for future work.
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7 Conclusions 
 
7.1 Summary 

 
In this project I have accomplished the following objectives: 
  

1. Showed that using lexical chaining in conjunction with word repetition improves 

linear segmentation accuracy. 

2. Modified an existing linear segmentation algorithm to use both lexical chaining 

and word repetition such that it gives results on better than other algorithms in the 

literature. 

3. Created a hierarchical clustering algorithm based on the PPM framework to 

achieve hierarchical text segmentation. To my knowledge, no other such 

algorithm exists in the literature.  

 

7.2 Future Work 

 

In this thesis, though I have introduced an algorithm to organize linear text segments into 

a hierarchical tree structure and have shown that the concept works, I have not provided a 

comprehensive evaluation metric to rate the effectiveness of the algorithm. To my 

knowledge, as very little research has been done on hierarchical text segmentation, no 

such metric has yet been created and it is beyond the scope of this project to provide one. 

Thus, perhaps future work could be devoted to providing just such a metric and to 

perhaps improve on certain aspects of the algorithm. Furthermore, a corpus containing 

real-world documents of a hierarchical nature needs to be compiled in order to facilitate 

testing.  
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