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Abstract 
In this presentation we review and present a novel approach to text data mining and automatic text summarization. This 
modeling includes several steps. First, we apply a rapid change detection algorithm in data streams and documents, introduced 
in [1, 2]. It is based on ideas from image processing and especially on the Helmholtz Principle from the Gestalt Theory of 
human perception. Applied to the problem of keyword extraction, it delivers fast and effective tools to identify meaningful 
words using parameter-free methods. We also define levels of meaningfulness of document words, which allows control of the 
sizes of selected keywords sets providing for different application needs. After that, based on the introduced level of 
meaningfulness, we model a document as a one-parameter family of graphs with its sentences or paragraphs defining the 
vertex set and with edges defined by Helmholtz's principle. We demonstrated that for some range of the parameters, the 
resulting graph becomes a small-world network [3]. Such a remarkable structure opens the possibility of applying many 
measures and tools from the theory of social networks to the problem of extracting the most important sentences and structures 
from text documents [4]. We also present our new software for document analysis and automatic text summarization. 
 

1. Introduction 

Automatic keyword and feature extraction are fundamental problems in text data mining, where a majority of 
document processing applications directly depend on the quality and speed of the identification of salient terms 
and phrases. Applications ranging from automatic document classification to information visualization and from 
automatic filtering to security policy enforcement all rely on automatically extracted keywords. Keywords are 
used as basic representations of documents to perform higher levels of syntactic and semantic analysis.  
Automatic text summarization is another important and challenging problem. Over the years, the amount of text 
available electronically has grown exponentially. This growth creates a huge demand for automatic methods and 
tools for text summarization. We can think of automatic summarization as a type of  information compression, 
where some redundant or less important information is removed. To achieve successful compression, better 
modelling and understanding of document structures and internal relations are required. In this paper we review 
and demonstrate a novel approach to extractive text summarization by modelling texts and documents as small-
world networks. To make our presentation more concrete, we demonstrate main steps of our approach for one 
particular example: the 1962 State of the Union Address given by President J.F. Kennedy. 

2. The Helmholtz Principle and Level of Meaningfulness 
Let us first briefly explain the Helmholtz principle in human perception. According to a basic principle of 
perception due to Helmholtz [5], an observed geometric structure is perceptually meaningful if it has a very low 
probability to appear in noise. As a common sense statement, this means that "events that could not happen by 
chance are immediately perceived". For example, a group of five aligned dots exists in both images in Fig. 1, 
but it can hardly be seen on the left-hand side image. Indeed, such a configuration is not exceptional in view of 
the total number of dots. In the right-hand image we immediately perceive the alignment as a large deviation 
from randomness that would be unlikely to happen by chance.  
In the context of data mining, we shall define the Helmholtz principle as the statement that meaningful features 
and interesting events appear as large deviations from randomness. In the cases of textual, sequential or 
unstructured data we derive qualitative measure for such deviations [1, 2]. Such measure was inspired by [6], 
where similar measures were proposed for image processing.  
For a text document D we first pre-process the document by splitting the text by non-alphabetic characters and 
down case all words. After that we apply porter stemming and consider only words with length at least two. 
Sentences without such words are removed. For our example, Kennedy-1962, the numbers of sentences,  
paragraphs, words and different words are: Sentences: 272; Paragraphs: 28; Words: 6486; Different words: 
1501. As we can see, in this document there are on average around ten sentences per paragraph.  
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Let P  denote a family of parts of the document D. Elements of P  could be paragraphs, sections, pages of the 
document D if the document has such logical units, or, more generally, several consecutive sentences.  For P ∈ P  
we can define a measure of meaningfulness of a word w from D inside P as follows: 
If the word w appears m times in P and K times in the whole document D, then we first define the number of 
false alarms NFA(w, P) by the following expression (see [1] for details):  

 NFA(w, P) = 1
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 is a binomial coefficient, and the number N is equal to [L/B] where L is the length of the 

document D and B is the length of P in the number of words. We define a measure of meaningfulness of a word 
w in P as follows 

 1( , ) : log ( , ).Meaning w P NFA w P
m

= −  

The justification for using Meaning(w, P) was given in [2] based on arguments from statistical physics. 
Given a text document D and a family P  of parts of the document D, we define MeaningfulSet(ϵ) as a set of all 
words with Meaning(w) > ϵ, where 
 ( ) : max ( , ).

P
Meaning w Meaning w P

∈
=

P
 

For a sufficiently large positive ϵ, the set MeaningfulSet(ϵ) is empty. For ϵ << 0 the set MeaningfulSet(ϵ) 
contains all the words from D. Many real life documents do not have a natural subdivision into paragraphs, in 
which cases we use several consecutive sentences (typically four or five consecutive sentences) as a generalized 
paragraph.  For the document Kennedy-1962 with a family P  as all blocks of  four consecutive sentences, 
fifteen words with highest  Meaning(w) (after pre-processing) are 

 
choos:  3.3155 

berlin:  3.1520 

where: 2.7881 

item:    2.6544 

strength: 2.6185 

sixti:   2.5913 

urban: 2.5863 

assess: 2.5764 

dinner: 2.5699 

done:   2.5619 

stabil:   2.5477 

inflat:   2.5383 

troubl:   2.5111 

reagan:  2.5081 

newli:   2.4893 

Let us also present in Fig.2 the size of MeaningfulSet(ϵ) for the document as a function of ϵ. For real world 
documents, we observe that the size of MeaningfulSet(ϵ) has a sharp drop from the total number of words to 
zero around some critical value  as shown in Fig.2. This type of behaviour is typical for many real-world text 
documents with at least thirty sentences. 

 
Figure 2. Size of MeaningfulSet(ϵ) for the document as a function of ϵ 

 
Figure 1. The Helmholtz principle in human perception. 
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3. Graphs from Documents and Small World 
 
The second step in our document modelling is a construction of a one parameter family of graphs Gr(D; ϵ) for a 
document D. Let us denote by 1 2, , , nS S S

the sequence of consecutive sentences in the document D. The graph 
Gr(D; ϵ) has sentences 1 2, , , nS S S

as its vertex set. Nearest sentences in a document are often logically 
connected to create a natural flow of information:  we will add an edge for every pair of consecutive sentences 

1( , )i iS S + . This will also guarantee connectivity of our graph to avoid unnecessary complications with several 
connected components. Finally, if two sentences share at least one word from the set MeaningfulSet(ϵ)  we will 
connect them by an edge. This will define our family of graphs Gr(D; ϵ).  
For the document Kennedy-1962 the number of edges in Gr(D; ϵ) as a function of ϵ is presented in Fig.3. 

 
Figure 3. Number of edges in Gr(D; ϵ) as a function of ϵ 

 
For a sufficiently large positive number ϵ, we have MeaningfulSet(ϵ)  = ∅, and thus Gr(D; ϵ) is the path graph 
with n nodes and n-1 edges. As ϵ decreases, the MeaningfulSet(ϵ) increases in size and more and more edges 
will be added to the path graph until the graph Gr(D; ϵ) will look like a random graph with a large number of 
edges(for Kennedy-1962): 
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The path graph and the large random graph are two extreme cases, neither of which reveals any document 
structure. We are interested in what happens in between. In [3] we demonstrated that there is a range of the 
parameter ϵ where Gr(D; ϵ) becomes a small world, i.e. there is a large drop in the inter-node distances after 
adding a relatively small number of edges. We also investigated in [3] different clustering measures for Gr(D;ϵ). 
The main motivation to study such complex architectures is that hubs - strongly connected nodes - play a pivotal 
role for ranking and classifications of nodes (document sentences in our case). 
Graphs with a small world topology are usual in social networks, where there are a lot of local connections with 
a few long range ones [8, 9]. What makes such graphs remarkable is that a small number of long-range short-
cuts make the resulting graphs much more compact than the original regular graphs with only local connections. 
To formalize the notion of a small world, Watts and Strogatz defined in [7] the clustering coefficient and the 
characteristic path length of a graph. Small world graphs are characterised by small number of edges, small 
characteristic path length and large clustering. There is also another measure of clustering, which has become 
increasingly popular -- that of transitivity. 
Let G = (V, E) be a simple, undirected and connected graph with the set of nodes 1{ , , }nV v v= 

 and the set of 

edges E. Let us denote by ijl the geodesic distance between two different nodes iv  and jv . The geodesic 
distance is the length of the shortest path counted in the number of edges in the path. Watts and Strogatz define 
the characteristic path length (or the mean inter-node distance), L, as the average of ijl overall pairs of different 
nodes (i, j):  

 
1 .

( 1) ij
i j

L l
n n ≠

=
− ∑  

Our graph Gr(D; ϵ) depends on the parameter ϵ, so the characteristic path length becomes the function L(ϵ) of 
the parameter ϵ. Obviously, L(ϵ) is also a non-decreasing function of ϵ.  
The clustering coefficient ( )iC v of a node iv is the probability that two nearest neighbours of iv are themselves 
nearest neighbours. Importantly, most real-world networks exhibit strong clustering. We define a clustering 
coefficient (or mean clustering) for an entire network as the mean of local clustering coefficients of all nodes. 
Historically, mean clustering was the first measure of clustering in the study of networks and is a widely used 
and very popular characteristic. Many researchers consider the transitivity to be a more reliable characteristic of 
a small world than the clustering coefficient (see [8] for more detailed explanations). Let us define the 
transitivity of a network as the fraction of paths of length two in the network that are triangular. For the 
document Kennedy-1962 the characteristic path length, clustering and transitivity of Gr(D; ϵ) as  functions of ϵ 
is presented in Fig.4. 

 
(a) 

 
(b) 

 

 
(c) 

 
Figure 4. (a) The characteristic path length, (b) Clustering, (c) Transitivity   
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By visual analysis of the graph characteristics it is possible to identify a range of the parameter ϵ where Gr(D; ϵ) 
becomes a small world. However, for applications it is crucial to develop numerical methods for automatically 
finding ranges of parameter ϵ where transitions into a small world occur. After analysing hundreds of different 
documents we have made the following new important observation: 
Transitions into a small world occur when the number of edges in Gr(D; ϵ) is between 3n and 4n, where n 
in a number of sentences in a document. 
Since the sum of degree of nodes equals twice the number of edges, we can conclude that transition into small 
world occur when the average degree in a graph is between six and eight. For example, based on the observation 
above, for the document Kennedy-1962 we can select ϵ=1.5. 
 

4. Ranking Function and Text Summarization 
To extract the most meaningful sentences or paragraphs from a text document, we need to define a ranking 
function for these text elements. In our graph theoretic approach a ranking function for sentences is defined as a 
measure of the importance of the nodes in such a graph. During the last ten years, we have witnessed increased 
research activities in different social, biological and man-made networks. Research on the theory of social 
networks has demonstrated that most observed graphs have many centrality measures with the large range of 
values and heavy-tail type distributions [8, 9]. Amongst the most popular/studied measures are the following: 
degree centrality (DC), closeness centrality (CC), betweenness centrality (BC), eigenvector centrality (EC), load 
centrality (LC),  current flow closeness centrality (CFCC), current flow betweenness centrality (CFBC), etc. It 
has been shown that social graphs preserve their crucial properties even after pruning a large number of 
(unimportant) nodes. Another example is electrical grids or road networks, where a failure of some nodes does 
not affect network properties significantly. This is precisely what we want in the automatic summarization: we 
can think about the extracting of a small number of important sentences and paragraphs as removing a large 
number of unimportant sentences, whilst preserving the structure of a document. 
Let us present several centrality measures for the document Kennedy-1962 with ϵ=1.5: 
 

  

  
We can see that betweenness centrality (BC), eigenvector centrality (EC) and  degree centrality (DC) clearly 
identify several most important sentences. In many experiments we have found that BC and EC produce better 
results than other centrality measures. Let us now present automatically generated extractive summary for the 
document Kennedy-1962: 
 
Summary for 1962-Kennedy. Ranking Algorithm: Eigenvector Centrality. Level of meaningfulness: 1.5 
Paragraph structure: all 4 consecutive sentences. Number of sentences in this summary: 4 
Yet our basic goal remains the same: a peaceful world community of free and independent states - free to choose their own 
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future and their own system, so long as it does not threaten the freedom of others. 
At times our goal has been obscured by crisis or endangered by conflict - but it draws sustenance from five basic sources of 
strength: the moral and physical strength of the United States; the united strength of the Atlantic Community; the regional 
strength of our Hemispheric relations; the creative strength of our efforts in the new and developing nations; the peace - 
keeping strength of the United Nations. 
And millions of American workers - whose jobs depend on the sale or the transportation or the distribution of exports or 
imports, or whose jobs will be endangered by the movement of our capital to Europe , or whose jobs can be maintained only 
in an expanding economy - these millions of workers in your home States and mine will see their real interests sacrificed . 
These various elements in our foreign policy lead, as I have said, to a single goal - the goal of a peaceful world of free and 
independent states. 
 
Positions of these four highest nodes with Eigenvector Centrality are presented below in Fig. 5 (they correspond 
to larger nodes in a picture, and darker colours mean a higher value of the centrality measure): 
 
 

 

Figure 5. Graph with ϵ =1.5. Algorithms: Eigenvector Centrality. Number of top sentences = 4.  
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