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Abstract— Document analysis/ retrieval system plays crucial role to strengthen any information retrieval system. There are
various processing stages associated with a document analysis system, such as feature extraction stage, semantic representation
stage, dimensionality reduction stage and similarity measure stage. Researchers are contributing well in every stage to improve
the performance of the document analysis system. This short paper considers word affinity graph/ matrix for further
improvement so that semantic representation can be given more precisely. This is accomplished by incorporating weight
component in the word affinity matrix to provide significance for degree of distribution. Theoretical study on both word affinity
matrix and weighted word affinity matrix shows the significance offering by them on widely distributed document terms.
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L INTRODUCTION

Nowadays, usage of electronic documents are highly
appreciated because of their compactness, easy to explore and
retrieve, fast documents transfer, etc. Hence, all the paper
documents are being converted to electronic documents [1].
On the other hand, data analysts and investigators attempt to
explore huge databases to solve problems and making
decisions for betterment of their respective field [2].
However, statistical and computational analyses require a
huge collection of text documents with numerical or
structured values. This leads the information retrieval system
to process slowly and sequentially as well [2]. This system
extracts the documents from huge databases based on the
requirements of the users [7] [8].

In — depth document analysis play crucial role for such
information retrieval system. However, the documents have
different words to describe a concept and alternative words
with similar meaning. This poses a great challenge for
conventional information retrieval system. The challenge gets
increased further, when the query becomes too long [3].
Hence, semantic concept has been introduced and now it has
found great attention towards research [9].

II. DOCUMENT ANALYSIS/ RETRIEVAL SYSTEM

A general layout of a document analysis and retrieval system
is given in Fig. 1. The training phase constitutes a process of
constructing a feature library in which the training documents
are well — treated and features are stored in structured
manner. The first process extracts features, may be local
features or global features or both, from the subjected
documents. The extracted features are subjected to
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understand the semantic concepts behind them. The semantic
representation of the extracted features may be high
dimensional, and sometimes multi — dimensional. Hence,
dimensionality reduction methods cross the path and play its
role. Once the semantic representation of extracted features is
obtained in low dimension, they are structured and stored in
feature library. Given a test document, the similar documents
can be retrieved from the database by performing all the
aforesaid processes of the test document followed by
measuring the similarity of it with the feature library contents.

III. MOTIVATION

Numerous research works have been carried out in the
literature to develop such a retrieval system by contributing
towards betterment of each processing stages. For instance,
vector space model (VSM) [11] has been introduced to use tf
— idf weighting scheme and to generate a feature vector at
constant length, instead of varying length [4]. In another case,
Latent Semantic Indexing (LSI) [11] [12] has been used for
dimensionality reduction. However, Principle Component
Analysis (PCA) [14] has replaced LSI over the period by
solving the dimensionality reduction problem as an
eigenvalue problem [5]. All the components have
outperformed well as per the literary report [10]. However, by
improving each component, the overall retrieval accuracy and
precision can be significantly improved further.

This short paper presents a theoretical outline on improved
semantic representation for the betterment of document
analysis system. We have presented our thought process of
using weights with word affinity graph based on the
frequency of occurrence and co-occurrence measures.

The rest of this short paper is organized as follows. Section 4
briefs the word affinity graph in a document analysis system
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and Section 5 details the weighted word affinity graph.
Section 6 conducts a theoretical investigation to understand
the performance variation and Section 7 concludes the paper.
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Fig. 1. General architecture of a document analysis/ retrieval
system

IV. WORD AFFINITY GRAPH

A word affinity graph is a document representation given by
frequency of term co-occurrence in a document section [6].
Consider two words in a paragraph, say a and b . The
characteristic of individual and joint occurrence of these
terms constitute word affinity graph. In contrast to the name,
the word affinity graph is often represented in matrix format
G, where the element of the matrix can be represented as
N
_) Zfilmkm=n

m,n —)i=l
|D1|;0therwise (1)
where, N represents number of documents, m and n
represent a and b , respectively and |Dl| represents

cardinality of the set D; , subjected to the constraint,
Dy c D:d;e Dj;when a,be d;
documents represented as {dl,dz,...,dN}; d; refers to

Here, D is a set of

i document. The generated matrix can also be called as
word affinity matrix.
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V. WEIGHTED WORD AFFINITY GRAPH

This work recommends considering joint probability
distribution function to construct the weighted word affinity

matrix G . Hence, the modified formula can be given as

;otherwise 2)

idf (m)-idf (n)+

where, idf (0) represents inverse document frequency of the

respective word represents a small scaling factor (usually set
as 0.1) to avoid infinite value. This acts as the weight to
impose the significance of the co-occurrence factor given in
the numerator. In other words, a matrix element becomes
high, when the co-occurrence and individual document
frequency are almost similar. Hence, the weighted word
affinity matrix describes a document based on the complete
spatial distribution of the feature, whereas the word affinity
matrix may consider the term distribution partially. It has also
to be noted that #f (term frequency) and idf are the most
prevalently used term weighting measures as it quenches the
needs to accomplish information retrieval accuracy [13].

VI. PEFORMANCE INVESTIGATION

Let us consider two words ‘hi’ and ‘how’ and there are 10
documents in the database. The term frequencies of these two
terms are given in Table 1. Based on Table I, the constituents
for word affinity matrix and weighted word affinity matrix
can be tabulated as given in Table II and V, respectively.
Table III gives both the resultant word affinity matrix and
weighted word affinity matrix, where diagonal elements are
same and non — diagonal elements are different. The non —
diagonal elements of weighted word affinity matrix are lesser
than those in the word affinity matrix. This interprets that
these two words are not well distributed throughout all the
documents.

Consider the sample example but with different frequency
distribution as given in Table IV and so the constituents table
can be constructed as Table V. The frequency distribution is
different, but for convenient comparison, the term frequency
is maintained same.

Table VI shows the constructed word affinity matrix and
weighted word affinity matrix, where the non — diagonal
elements of the weighted word affinity matrix are ten times
greater than that of the word affinity matrix. This is achieved
because of the sparse distribution of the terms throughout all
the documents and so higher importance is given here
compared to the previous example. Hence by exploiting
weighted word affinity matrix, the feature descriptors can be
more informative by providing significance to the distribution
ratio.
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