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Abstract – Measuring the similarity between documents is 

an important operation in the text processing field. In this 

paper, a new similarity measure is proposed. To compute the 

similarity between two documents with respect to a feature, 

the proposed measure takes the following three cases into 

account: a) The feature appears in both documents, b) the 

feature appears in only one document, and c) the feature 

appears in none of the documents. For the first case, the 

similarity increases as the difference between the two 

involved feature values decreases. Furthermore, the 

contribution of the difference is normally scaled. For the 

second case, a fixed value is contributed to the similarity. For 

the last case, the feature has no contribution to the similarity. 

The proposed measure is extended to gauge the similarity 

between two sets of documents. The effectiveness of our 

measure is evaluated on several real-world data sets for text 

classification and clustering problems. The results show that 

the performance obtained by the proposed measure is better 

than that achieved by other measures. 
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I. INTRODUCTION 
 

Text processing plays an important role in information 

retrieval, data mining, and web search in text processing. 

A document is usually represented as a vector in which 

each component indicates the value of the corresponding 

feature in the document. The feature value can be term 

frequency (the number of occurrences of a term appearing 

in the document), relative term frequency (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). Usually, the dimensionality of a document is 

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 severe challenge for 

similarity measure which is an important operation in text 

processing algorithms. We propose a new measure for 

computing the similarity between two documents. 

Several characteristics are embedded in this measure. It 

is a symmetric measure. The difference between presence 

and absence of a feature is considered more essential than 

the difference between the values associated with a present 

feature. The similarity increases as the difference between 

the two values associated with a present feature decreases. 

Furthermore, the contribution of the difference is normally 

scaled. The similarity decreases when the number of 

presence-absence features increases. An absent feature has 

no contribution to the similarity. The proposed measure is 

extended to gauge the similarity between two sets of 

documents. The measure is applied in several text 

applications, including single label classification, multi-

label classification, k-means like clustering, and 

hierarchical agglomerative clustering, and the results 

obtained demonstrate the effectiveness of the proposed 

similarity measure. 

 

II. RELATED WORK 
 

A lot of measures have been proposed for computing the 

similarity between two vectors. The Kullback-Leibler 

divergence is a non-symmetric measure of the difference 

between the probability distributions associated with the 

two vectors. Euclidean distance is a well-known similarity 

metric taken from the Euclidean geometry field. 

Manhattan distance, similar to Euclidean distance and also 

known as the taxicab metric, is another similarity metric.  

Some measures which have been popularly adopted for 

computing the similarity between two documents are 

briefly presented here. Let d1 and d2 be two documents 

represented as vectors. The Euclidean distance measure is 

defined as the root of square differences between the 

respective coordinates of d1 and d2, i.e. 

 
where A·B denotes the inner product of the two vectors A 

and B. Cosine similarity measures the cosine of the angle 

between d1 and d2 as follows: 

 
Pair wise-adaptive similarity dynamically selects a 

number of features out of d1 and d2 and is defined to be 

 
Where di, K is a subset of di, i = 1, 2, containing the 

values of the features which are the union of the K largest 

features appearing in d1 and d2, respectively. 

The Extended Jaccard coefficient is an extended version 

of the Jaccard coefficient for data processing: 

 
While the Dice coefficient looks similar to it and is 

defined as follows: 
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IT-Sim, an information-theoretic measure for document 

similarity, was proposed in: 

 
Where wi represents feature i, pji indicates the normalized 

value of wi in document dj for j = 1 or j = 2, and π(wi) is 

the proportion of documents in which wi occurs. 

 

III. PROPOSED SIMILARITY MEASURE 
 

1. The presence or absence of a feature is more essential 

than the difference between the two values associated with 

a present feature. 

2. The similarity degree should increase when the 

difference between two non-zero values of a specific 

feature decreases. The similarity degree should decrease 

when the number of presence-absence features increases. 

3. Two documents are least similar to each other if none 

of the features have non-zero values in both documents. 

The similarity measure should be symmetric. Thatis, the 

similarity degree between d1 and d2 should be the same as 

that between d2 and d1. The value distribution of a feature 

is considered, i.e., the standard deviation of the feature is 

taken into account, for its contribution to the similarity 

between two documents. 

Based on the preferable properties mentioned above, we 

propose a similarity measure, called SMTP (Similarity 

Measure for Text Processing), for two documents d1 =< 

d11, d12.  . . d1m > and d2 = < d21, d22, . . . , d2m >. 

Define a function F as follows: 

 
Where 

 
Then our proposed similarity measure, SSMTP, for d1 

and d2 is 

 
The proposed measure takes into account the following 

three cases: a) The feature considered appears in both 

documents, b) the feature considered appears in only one 

document, and c) the feature considered appears in none of 

the documents. 

3.1 Similarity between Two Document Sets 
We extend our method to measure the similarity 

between two document sets. It can be considered as an 

average score of the features occurring in at least one of 

the two documents. Based on this perspective, the 

similarity between two document sets is designed to 

calculate an average score of the features occurring in the 

two sets. Let G1 and G2 be two document sets containing 

q1 and q2 documents, respectively, i.e., G1 = {d11, d12.  . 

. d1q1} and G2 = {d21, d22. . . d2q2} where dsj=< ds j1, 

ds j2, . . . , dsjm>,s ∈ {1, 2}, and 1 ≤ j ≤ q1 or 1 ≤ j ≤ q2. 

The function between G1 and G2 is defined to be 

 
And the similarity measure, SSMTP, for G1 and G2 is 

 
 

IV. EXPERIMENTAL RESULTS 
 

In this section, we investigate the effectiveness of our 

proposed similarity measure SMTP. The investigation is 

done by applying our measure in several text applications. 

4.1 Applications 
A brief description for the four applications are given 

below. 

1) K-NN is one of the most popular methods for single-

label classification in which a document can belong to 

only one category. It classifies an unseen document by 

comparing it to its k nearest neighbors in a specified 

training set. Given a document d, let Dk, with 

corresponding label set Lk, be a set containing the k most 

similar documents to d. Then d is classified to class c 

which appears Description of the Data Sets Used in the 

Experiments, Most frequently in Lk. A random choice is 

made when a tie occurs 

Table 1 

 
 

2) ML-kNN is an adaptation of k-NN for multi-label 

classification in which a document can belong to more 

than one category. An unseen document is labeled based 

on its k nearest neighbors using the maximum a posteriori 

estimate. For a document d, let Dk, with corresponding 

label set Lk, be a set containing the k most similar 

documents to d. If the probability that d belongs to class c 

given Lk is greater than the probability that d does not 

belong to class c given Lk, then d is classified to class c.  

Re-assigned based on the similarity between the 

document and the k clusters. Then the k clusters are 

updated. Then all the documents in the document set are 

re-assigned. This process is iterated until the k clusters 

stay unchanged. 

HAC produces a sequence of clustering of decreasing 

number of clusters at each step. The first clustering 

contains as many clusters as the number of documents in 
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the document set, i.e., each cluster contains one distinct 

document. Then the second clustering is produced by 

merging two most similar clusters into one. This process 

continues until the final clustering is obtained, which 

contains only one cluster consisting of all the documents 

in the document set. 

4.2 Data Sets 
Three data sets, named WebKB, Reuters-8, and RCV1, 

respectively, are used in the experiments presented below. 

Table 1 shows some important characteristics of the three 

data sets. Each data set is briefly described below. 

1) The documents in the WebKB data set are webpages 

collected by the World Wide Knowledge Base (Web→Kb) 

project of the CMU text learning group. The documents 

were manually classified into several different classes. The 

data set can be obtained from [2]. The documents of this 

dataset were not predesignated as training or testing 

patterns. We divide them randomly into training and 

testing subsets. Among the 4199 documents, 2803 are 

randomly selected for training and the rest, 1396, are for 

testing. Table 2 shows the distribution of the documents in 

each class randomly selectedfor training and testing, 

respectively. The number of features involved is 7786. 

 
 

2) Reuters-8. Reuters-21578 ModeApt`e Split Text 

Categorization Test Collection contains thousands of 

documents collected from Reuters newswire in 1987. The 

most widely used version is Reuters-21578 ModeApt`e, 

which contains 90 categories and 12902 documents. We 

use the 8 most frequent ones of the 90 categories and all 

the documents with less than or more than one topic are 

removed. The resulting data set is named Reuters-8 in 

which about 71% (5485/7674) of the documents were 

predesignated for training and the other documents, about 

29% (2189/7674), were predesignated for testing. Table 3 

shows the distribution of the documents in each class for 

training and testing. The data set can be obtained from the 

number of features involved is 17745. 

3) RCV1. The RCV1 data set consists of 804414 news 

stories produced by Reuters from 20 Aug 1996 to 19 Aug 

1997. There are 47236 features and 101 categories 

involved in this data set. We use 5 subsets of topics in 

LYRL2004 split defined in Lewis et al. The data set we 

use contains 30000 documents, of which 15000 were 

predesignated for training and the rest were predesignated 

for testing. The 5 subsets are arbitrarily named 

Subset1∼Subset5, as shown in Table 4. Each subset has 

3000 training patterns and 3000 testing patterns. In Table 

4, PMC denotes the percentage of documents belonging to 

more than one category and ANL denotes the average 

number of categories for each document. For example, in 

Subset1, 96.57% of the training documents belong to more 

than one category and each training document is assigned 

to 3.176 categories on average. 

 
 

 
 

4.3 Classification 
For WebKB, the randomly selected training documents 

are used for training/validation and the testing documents 

are used for testing. For Reuters-8 and RCV1, the pre 

designated training data are used for training/validation 

and the predesignated testing data are used for testing. 

Note that the data for training/validation are separate from 

the data for testing in each case. 

4.3.1 Single-Label Document Classification 
In this experiment, we compare the performance of our 

measure and the others in single-label document 

classification. The performance is evaluated by the 

classification accuracy, AC, which compares the predicted 

label of each document with that provided by the 

document corpus: 

 
Where n is the number of testing documents, and ci and cI 

are the target label and the predicted label, respectively, of 

the ith document. E(ci, ci) = 1 if ci = ci, and E(ci, ci) = 0 

otherwise. 
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Cosine gets 0.7328, Pairwise gets 0.7249, andIT-Sim 

gets 0.8059, respectively. Table 6 shows the The single-

label classifier SL-kNN is used with different similarity 

measures in this experiment. Fig. 1 showsthe classification 

accuracy obtained by SL-kNN with our measure using ten 

different λ settings, i.e., λ = 0.0001,0.001, 0.01, 0.05, 0.1, 

0.2, 0.4, 0.6, 0.8, and 1.0, on the training/validation data of 

WebKB and Reuters-8, respectively,represented in word-

count weighting. As shown in thefigure, high λ values are 

better. In classification, individualpatterns are compared 

one to one. For two patternsof the same category being 

compared, the case that onefeature appears in one pattern 

but does not appear in theother pattern occurs less often 

than the case that one featureappears in both patterns. 

With a high value of λ, theformer case is allowed to 

contribute as significantly to thesimilarity as the latter 

case. Therefore, high λ values arebetter for classification. 

We use the setting λ = 1.0 forSMTP to compare with other 

measures on testing accuracies.Note that the testing data 

are totally separate fromthe training/validation data. Table 

5 shows the classificationaccuracies obtained by SL-kNN 

with different measuresusing different k values, i.e., k = 1 

∼ 15, on the testing dataof WebKB represented in word-

count weighting. As can beseen from the table, SMTP 

performs better than the othersin all cases. For example, 

when k = 3 SMTP achieves0.8338 in accuracy, while 

Euclidean only gets 0.6705, EJgets 0.7407, testing data of 

Reuters-8 represented in word-count weighting. Again, 

SMTP performs better than the others in all cases. 

Next, we work with the data sets in different formats. 

Table 7 shows the classification accuracies obtained by 

SLkNN with different measures using different k values, 

i.e., k = 1 ∼ 15, on the testing data of WebKB represented 

in tf-idf weighting. Table 8 shows the classification 

accuracies obtained by SL-kNN with different measures 

using different k values, i.e., k = 1 ∼ 15, on the testing 

data ofReuters-8 represented in tf-idf weighting. From 

these two tables, we can see SMTP performs better than 

the others in all cases for WebKB and Reuters-8 in tf-idf 

weighting. Note that the accuracies shown in Tables 7 and 

8 are very close to their counterparts listed in Tables 5 and 

6. This shows that both tf-idf and word-count perform 

equally well in this application. Comparisons of 

Euclidean, EJ, and Cosine on the testing data of WebKB 

and Reuters-8 in z-score weighting are shown in Tables 9 

and 10, respectively. Note that z-score adjusts the 

attributes to have zero means. As a result, zero and 

negative attribute values are resulted from the adjustment. 

In Pairwise, IT-Sim, and SMTP, zero values with an 

attribute indicate that this attribute does not appear in the 

corresponding documents. Therefore, these measures are 

not included in the comparisons with z-score. The 

accuracies shown in Tables 9 and 10 are much lower than 

their counterparts listed in Tables 5–8. Therefore, z-score 

is inferior to tf-idf and word-count in this application. 

A comparison of SMTP with the other methods in terms 

of efficiency is shown in Table 11. In this table, the time is 

listed in seconds and is the average of k being 1, 3. . . 15 

each of which requires nearly identical time consumption. 

The data sets involved are represented in tf-idf weighting. 

1)  K-means, is one of the most popular methods which 

produce a single clustering. It requires the number of 

clusters, k, to be specified in advance. Initially, k clusters 

are specified. Then each document in the document set is 

re-assigned based on the similarity between the document 

and the k clusters. Then the k clusters are updated. Then 

all the documents in the document set are re-assigned. 

This process is iterated until the k clusters stay unchanged. 

As Cloud Computing becomes prevalent, sensitive 

information are being increasingly centralized into the 

cloud. For the protection of data privacy, sensitive data has 

to be encrypted before outsourcing, which makes effective 

data utilization a very challenging task. Ranked search 

greatly enhances system usability by returning the 

matching files in a ranked order regarding to certain 

relevance criteria (e.g., keyword frequency), thus making 

one step closer towards practical deployment of privacy-

preserving data hosting services in Cloud Computing. We 

first give a straightforward yet ideal construction of ranked 

keyword search under the state-of-the-art searchable 

symmetric encryption (SSE)[1].By determining the most 

common English words and phrases since the beginning of 

the sixteenth century, we obtain a unique large-scale view 

of the evolution of written text. We find that the most 

common words and phrases in any given year had a much 

shorter popularity lifespan in the sixteenth century than 

they had in the twentieth century. The task of compiling a 

monograph on corpus linguistics must be faced up with the 

problem that there is at present no consensus among 

linguists. It is generally admitted that the mere fact of 

quoting authentic examples of language use is not a 

sufficient condition for a piece of research to qualify’ as 

corpus linguistic. they provide provable secrecy for 

encryption, in the sense that the untrusted server cannot 

learn anything about the plaintext when only given the 

cipher text; they provide query isolation for searches, 

meaning that the untrusted server cannot learn anything 

more about the plaintext than the search result; they 

provide controlled searching, so that the untrusted server 

cannot search for an arbitrary word without the user’s 

authorization; they also support hidden queries, so that the 

user may askthe untrusted server to search for a secret 

word without revealing the word to the server. Privacy 

preserving multi-keyword ranked search over encrypted 

cloud data (MRSE). We establish a set of strict privacy 

requirements for such a secure cloud data utilization 

system. Among various multi-keyword semantics, we 

choose the efficient similarity measure of “coordinate 

matching”, i.e., as many matches as possible, to capture 

the relevance of data documents to the search query. We 

further use “inner product similarity” to quantitatively 

evaluate such similarity measure. Fuzzy keyword 

searchgreatly enhances system usability by returning the 

matching files when users’ searching inputs exactly match 
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the predefined keywords or the closest possible matching 

files based on keyword similarity semantics, when exact 

match fails. In our solution, we exploited it distance to 

quantify keywords similarity and develop two advanced 

techniques on constructing fuzzy keyword sets, which 

achieve optimized storage and representation overheads. A 

new symbol-based tire-traverse searching scheme, where a 

multi-way tree structure is built up using symbols 

transformed from the resulted fuzzy keyword sets is 

constructed. If the user is actually interested in documents 

containing each of several keywords the user must either 

give the server capabilities for each of the keywords 

individually or rely on an intersection calculation to 

determine the correct set of documents, or alternatively, 

the user may store additional information on the server to 

facilitate such searches. Neither solution is desirable; the 

former enables the server to learn which documents match 

each individual keyword of the conjunctive search and the 

latter results in exponential storage if the user allows for 

searches on every set of keywords. 

 
 

 

Euclidean needs to do one inner product in each 

computation, while EJ and Cosine need to do three 

different inner products. Therefore, EJ and Cosine are 

about 3 times slower than Euclidean. Pair wise needs to do 

three inner products in each computation, but the length of 

the vectors can be shorter. For WebKB and Reuters-8, Pair 

wise is about 2.5times slower than Euclidean. IT-Sim is 

about 6-10 times slower than Euclidean, while SMTP is 

about 2 times slower than Euclidean. 

4.4 Clustering 
For a document corpus with p classes and n documents, 

we remove the class labels. Then we randomly selected 

one-third of the documents for training/validation and the 

remaining for testing. Note that the data for 

training/validation are separate from the data for testing. 

4.4.1 k-Means Based Document Clustering 
In this experiment, we compare the performance of our 

measure and the others employed in the k-means based 

clustering method. The accuracy, AC, and entropy, En, are 

adopted to gauge the clustering performance as follows: 

 
Where Most is the majority number of documents having 

identical class labels in the ith cluster, ni is the number of 

documents in the ith cluster, and nji is the number of 

documents with label j in the ith cluster. 

 
 

 
Fig.2. Classification performance comparison by ML-kNN with 

different measures on testing data of RCV1 in tf-idf. (a) F1. (b) 

BEP. 
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The numerator gives the total sum of randomness 

contributed by all the clusters. The denominator purports 

to normalize the En value with maximum being 1. In 

general, a good clustering has a high value in AC and a 

low value in En. Fig. 3 shows the clustering accuracy 

obtained by k-means with our measure using ten different 

λ settings, i.e., λ = 0.0001, 0.001, 0.01, 0.05, 0.1, 0.2, 0.4, 

0.6, 0.8, and 1.0, on the training/validation data of WebKB 

and Reuters-8, respectively, in word-count weighting. As 

shown in the figure, low λ values are better. In clustering, 

an individual pattern is compared with the centers of 

clusters. Each center is the aggregate of all its member 

patterns. For such one-to-many comparisons, the case that 

one feature appears in a pattern but does not appear in a 

center (or vice versa) occurs more often than the case that 

one feature appears in both. With a small value of λ, the 

latter case is allowed to contribute as significantly to the 

similarity as the former case. Therefore, low λ values are 

better for clustering. We use the setting λ = 0.0001 for 

SMTP to compare with other measures on testing 

accuracies. Note that the testing data are totally separate 

from the training/validation data. Tables 16 and 17 show 

the AC and En values, respectively, obtained by k-means 

with k = 4 ∼ 16 on the testing data of WebKB in word-

count weighting. As can be seen from these tables, IT-Sim 

offers the best performance in AC and En for WebKB, and 

SMTP is the runner-up. Tables 18 and 19 show the AC 

and En values, respectively, obtained by k-means with k = 

8 ∼ 32 on the testing data of Reuters-8 in tf-idf weighting. 

For Reuters-8, SMTP offers the best performance in AC 

except for k = 8. Comparisons of Euclidean, EJ, and 

Cosine on the testing data of Reuters-8 in z-score 

weighting are shown in Table 20. From this table, Tables 

18, and 19, we can see that z-score is inferior to tf-idf in 

this application. 
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A comparison of SMTP with the other methods in terms 

of efficiency is shown in Table 21.  

 
 

V. CONCLUSION 
 

We have presented a novel similarity measure between 

two documents. Several desirable properties are embedded 

in this measure. For example, the similarity measure is 

symmetric. The presence or absence of a feature is 

considered more essential than the difference between the 

values associated with a present feature. The similarity 

degree increases when the number of presence-absence 

feature pair’s decreases. Two documents are least similar 

to each other if none of the 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 scheme has also been extended to 

measure the similarity between two sets of documents. To 

improve the efficiency, we have provided an 

approximation to reduce the complexity involved in the 

computation. We have investigated the effectiveness of 

our proposed measure by applying it in k-NN based 

single-label classification, k-NN based multi-label 

classification, k-means clustering, and hierarchical 

agglomerative clustering (HAC) on several real-world data 

sets. The results have shown that the performance obtained 

by the proposed measure is better than that achieved by 

other measures. 

The λ values used in the experiments are obtained 

through tuning based on the training/validation data which 

are separate from the testing data. In general, a high value 

of λ, e.g., 0.6∼1.0, can be set for applications where many 

features appear commonly in the documents being 

compared, and a small value of λ, 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 performance resulted from the application 

of different similarity measures in different 

classification/clustering algorithms. The algorithms and 

the data sets adopted are intended to be popular and easily 

accessible for anyone interested in this research area. 

However, it would be of greater value evaluating the 

performance of the measures on larger test-beds, e.g., 

DMOZ [4]. Also, this work mainly focuses on textural 

features. It would be interesting to investigate the 

effectiveness and efficacy of our proposed model in the 

scenarios that involve non-textual features and objects. 

Besides, as can be seen from the experimental results, the 

usefulness of a similarity measure could depend on (1) 

application domains, e.g., text or image, (2) feature 

formats, e.g., word count or tf-idf, and (3) 

classification/clustering algorithms. 
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