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ABSTRACT:

In the text processing field finding the similarity between multiple documents is an important operation. In
this paper, we proposed a new similarity measure for document clustering. To figure out the similarity
between multiple documents with respect to a feature, our proposed similarity finding measure takes the

following cases into account:

1) The selected feature may appear in both documents, 2) the selected feature appears in only one document,
and 3) the selected feature appears in none of the documents. In the first case, the documents similarity
actually increases as the difference between the selected involved features values are less. Moreover, the
involvement of the difference is normally scaled by feature values. However in the second case, a constant
value is involved to find the similarity and in the last case, the selected feature are absent between the
documents and thus has no contribution to the document similarity. Our proposed measure is extended to

estimate the appropriate similarity between two document sets to get effective results with better performance.

Keywords—Document similarity, document clustering, entropy, accuracy, clustering algorithms.
1 INTRODUCTION

Text document processing plays an important role in information retrieval, data mining, as well as web
search [27], [31]. In document processing, the bag-of-words model is frequently used [26], [29]. A document is
typically represented as a vector of selected feature in which each component indicates the value of the
corresponding feature in the document. The feature value can be term frequency, relative term frequency (i.e.
the ratio between the term frequency and the total number of occurrences of all the terms in the document set),
or tf-idf (a combination of term frequency and inverse document frequency) [25].Typically, the dimensionality
of a document is very large and the resulting vector is sparse, i.e., most of the feature values in the vector are
zero. Such high-dimensionality and sparsity can be a strict challenge for similarity measure which is an
important operation in text processing algorithms . A bunch of similarity measures have been proposed for
computing the similarity between two vectors. Cosine document similarity [25] is a measure taking the cosine of

the angle between two feature vectors. The Kullback-Leibler divergence is a non-symmetric measure of the
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difference between the probability distributions associated with the two vectors[35]. Euclidean distance is a
well-known document text similarity metric taken from the Euclidean geometry field [45]. Manhattan distance
is also similar to Euclidean distance and also known as the taxicab metric, is another similarity metric[45]. The
Canberra distance metric [45] is used in situations where nonnegative elements are present in vector. The
Jaccard coefficient [21] is used for comparing the similarity of two sample document sets, and is defined as the
size of the intersection divided by the size of the union of the sample sets. The Hamming distance [21], [22]
between two feature vectors is the number of positions at which the corresponding symbols are different. The
extended Jaccard coefficient and the Dice coefficient retain the sparsity property of the cosine similarity

measure while allowing discrimination of collinear vectors.

IT-Sim , An information-theoretic measure for document set similarity, was proposed in [8]. Chim et al. [11]
also proposed a phrase-based similarity measure to compute the Suffix Tree Document (STD) model. Similarity

measures have been widely used in text classification and clustering algorithms.

We propose a document similarity measure for finding the similarity between two documents. Multiple
characteristics are involved in this measure. It is a symmetric measure. Here the difference between presence
and absence of a selected key feature is considered more essential than the difference between the values
associated with a present feature. The similarity value increases as the difference between the two values
associated with a present feature decreases. Also, the contribution of the difference is generally scaled. The
similarity decreases when the number of presence and absence feature increases. An absent feature has no

contribution to the document similarity.

Our proposed measure is progressively extended to determine the similarity between two sets of documents
appropriately. The similarity measure is going to applied in several text document set, and apply k-means

clustering to demonstrate the accuracy and effectiveness of the proposed similarity measure.
RELATED WORKS

There are some similarities measures which have been commonly adopted for finding the similarity between

two documents are described here.

Consider td1 and td2 be two documents represented as feature vectors. The Euclidean distance [45] measure is

defined as the root of square differences between the respective coordinates of td1 and td2, i.e.

dBuc(td1, td2) = [(td1 — d2)«(td1 — td2)]1/2 1)

where A<B denotes the inner product of the two vectors A and B. Cosine similarity [25] measures the cosine of

the angle between td1 and td2 as follows:
SCos(td1, td2) = td1+td2 (td1etd1)1/2(td2¢td2)1/2---=-=-=------ (2

Pairwise-adaptive similarity [17] dynamically selects a number of features out of td1 and td2 and is defined to
be

dPair(td1, td2) = td1,K « td2.K (td1,Ketd1,K)1/2(td2,Ketd2,K)1/2---m-zmmne- ©)
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where tdi,K is a subset of tdi, i = 1, 2, containing the values of the features which are the union of the K largest

features appearing in td1 antd td2, respectively.

The extended Jaccard coefficient [48], [49] is an extended version of the Jaccard coefficient [21] for data

processing:

SEJ(td1, td2) = td1+td2 td1etd] + td2+td2 — td1etd2 4)
PROPOSED SIMILARITY MEASURE

The presence or absence of a key feature is more essential than the difference between the two values associated
with a present feature. Consider two key features wi and wj and two documents td1 and td2. Suppose wi does
not appear in td1 but it appears in td2. Then wi is considered to have no relationship with td1 while it has some
relationship with d2. In this case, td1 and td2 are dissimilar in terms of wi. If wj appears in both td1 and td2.
Then wj has some relationship with td1 antd td2 simultaneously. In this case, td1 and td2 are similar to some
degree in terms of wj . For the above two cases, it is reasonable to say that wi carries more weight than wj in
determining the similarity degree between td1 and td2. For example, assume that wi is absent in td1, i.e., dli =
0, but appears in td2, e.g., d2i = 2, and wj appears both in td1 and td2, e.g., td1j = 3 and td2j = 5. Then wi is
considered to be more essential than wj in determining the similarity between d1 and td2, although the

differences of the feature values in both cases are the same.

2) The similarity degree should increase when the difference between two non-zero values of a specific feature
decreases. For example, the similarity involved with td13 = 2 and td23 = 20 should be smaller than that involved
with td13 = 2 and td23 = 3.

3) The similarity degree should decrease when the number of presence-absence features increases. For a
presence absence feature of td1 and td2, td1 and td2 are dissimilar in terms of this feature as commented earlier.
Therefore, as the number of presence-absence features increases, the dissimilarity between td1 and td2 increases
and thus the similarity decreases. For example, the similarity between the documents < 1,0, 1>and<1,1,0>

should be smaller than that between the documents < 1,0,1>and < 1,0,0>.
Then our proposed similarity measure, SSMTP , for td1 and d2 is

SSMTP (td1, td2) = F(td1, td2) + A1 + A

Algorithm:

Stepl: Find document set feature key words based on term frequency value
Step2: Create feature document vector based on feature words find through stepl

Step3: Input the different document set to create document vector for each document based on feature document

vector.

Step4: Map and save document vector value to database for further similarity measure
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Step5: Calculate document similarity measure based on document vector value to depict similarity between two

documents

Step6: cluster the documents based on its similarity value

CONCLUSION

We have proposed a similarity measure between two documents or two document set. Here multiple key
properties of document are considering the presence or absence of a feature is more essential than the difference
between the similarities values associated with a current document feature. The document similarity degree
increases when the number of presence and absence features pair’s are less. Two documents are actually least
similar to each other if none of the key features have non-zero values in both documents. Besides, it is desirable

to consider the value distribution of a feature for its contribution to the similarity between two documents.

The proposed methodology has also been extended to measure the similarity between two documents set. To
improve the competence, we have provided an approximation to reduce the complexity involved in the
computation. The A values used are selected between range 0.6~1.0, can be set for applications where many
features appear commonly in the documents being compared, and a small value of A, e.g., 0.01 ~0.0001, can be
set for applications where many features appear in one document but not in other documents. In this work, we
are focusing on the efficiency and performance for document similarity measures in different

classification/clustering algorithms.
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