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Abstract
The search engines are indispensable tools to find information amidst massive web pages and
documents. A good search engine needs to retrieve information not only in a shorter time, but also
relevant to the users’ queries. Most search engines provide short time retrieval to user queries;
however, they provide a little guarantee of precision even to the highly detailed users’ queries. In
such cases, documents clustering centered on the subject and contents might improve search results. This paper presents a novel method of document clustering, which uses semantic clique.
First, we extracted the Features from the documents. Later, the associations between frequently
co-occurring terms were defined, which were called as semantic cliques. Each connected component in the semantic clique represented a theme. The documents clustered based on the theme, for
which we designed an aggregation algorithm. We evaluated the aggregation algorithm effectiveness using four kinds of datasets. The result showed that the semantic clique based document
clustering algorithm performed significantly better than traditional clustering algorithms such as
Principal Direction Divisive Partitioning (PDDP), k-means, Auto-Class, and Hierarchical Clustering
(HAC). We found that the Semantic Clique Aggregation is a potential model to represent association rules in text and could be immensely useful for automatic document clustering.
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1. Introduction
The explosion of diverse information over the Internet created a need for the automated tools to help web users
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find relevant information [1]-[3]. The search engines are indispensable tools to find, filter, and extract the desired information embedded in massive web pages and documents over the Internet [3]. However, the search engines often return inconsistent, irrelevant and messy results [4]. The polysemy, phrases, and term dependency
bring additional challenges for search-related technologies [5]. A single term is usually not enough to identify
the theme (also known as concept) in the documents. For example, we can associate the term mouse with a
computer or animal or person to denote different themes.
The researchers are intermittently upgrading the information searching tools by deploying various concepts
such as text mining, machine learning and web-agents [6]-[9]. A good search engine takes care of mainly two
aspects. First, the retrieved piece of information must be relevant to users’ queries. Secondly, the information
should be retrieved in a shorter time. Most of the search engines take care of the second aspect by providing a
speedy response to user queries; however, they provide a little guarantee on the precision (relevance) to users’
queries. In such situations, the subject, and contents based document clustering might improve search results.
The clustering discovers the latent themes to organize, summarize, and disambiguate a large collection of web
documents [10] [11]. Therefore, document clustering is a potential approach to deal with the diverse and a large
number of information presents over the Internet [12] [13]. In the document clustering, a document is viewed as
a feature vector point in the multidimensional space. The methods such as the k-Means, Hierarchical Clustering
(HCA), Auto Class, and Principal Direction Divisive Partitioning (PDDP) select a set of key Terms/Phrases to
organize the feature vectors in different documents [14]-[17]. Most of these methods classify documents from
the matrix representation; however, the matrix operations cannot discover all term associations. Also, these approaches consider the co-occurrence of terms but neglect whether terms co-occur in the same context. For example, two terms Wall and Street do not represent a meaningful theme, say Wall Street if these are present at
different places in a document. Sometimes, the number of features is exceptionally large, and we extract only
the salient features. The frameworks to reduce the dimension of the feature space include term co-occurrence,
principal component analysis, independent component analysis, and latent semantic indexing. However, the leftover dimensions can still be enormous, and the quality of the resulting clusters tends to be not good due to the
loss of some relevant features. The feature extraction might also result in degradation of cluster quality due to
the presence of noise in the data. Automatic query expansion may help the users by adding appropriate words to
a query; however, the diversity of topics within a document makes irrelevant data also available to the users’
queries.
We observed the context associations in a collection of documents form a clique [18]. The nodes in the clique
correspond to the term in the collection of documents, and the hyperedge connecting one or more nodes indicates support strength in associating the terms involved. The term is defined as a set of words or phrases to define term association formally. Each term can be an empty set or a set of word combinations. The word is a socalled primitive semantic unit in a dictionary. We conjectured that such a clique must have captured the theme
of the document collection, and cliques could be aggregated semantically. Therefore, we designed an algorithm
for semantic aggregation of the clique (hereafter Semantic Clique Aggregation, SCA in short) based upon the
strength of support. Also, we validated if the SCA represented a significant improvement over the traditional
methods such as PDDP, k-means, Auto Class and HAC [15] [16].

2. Methods
We used text-mining concepts such as feature extraction and association and then designed Semantic Clique
Aggregation (SCA) algorithm. The algorithm was evaluated by using the four different datasets. This study included the following steps: 1) Feature extraction, 2) Feature association, 3) Semantic clique, 4) Design of Semantic Clique Aggregation algorithm, 5) Evaluation of the algorithm-Dataset and Evaluation criteria.

2.1. Feature Extraction
The feature extraction extracts the key terms from a collection of indexed documents. The document indexing is
originally the task of assigning terms to the documents for retrieval. In the earlier approaches, an indexing model
was developed based on the assumption that a document should be assigned to these terms that were used by
queries, and to which the document was relevant [19] [20]. The tf − idf weighted schema was used for information retrieval, where tf denotes term frequency that appears in the document; and idf denotes inverse
document frequency, where document frequency is the number of documents that contain the term [21]-[23].
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The tf − idf function demonstrates: 1) rare terms are no less prominent than frequent terms according to their
𝑖𝑖𝑖𝑖𝑖𝑖values; 2) multiple occurrences of a term in a document are no less significant than singleoccurrence according to their tf values [24]. Therefore, tf − idf implies the significance of a term in a document. The
tf − idf can be defined as follows.
Definition 1 Let Tr represent a collection of documents. The significance of a term ti in a document d j
in t Tr isits tf − idf value calculated by the function tfidf ti , d j , which is equivalent to the value
tf ti , d j × idf ti , d j . The value of tfidf ti , d j can be calculated as:

(

)

(

)

(

(

)

tfidf ( ti , d j ) = tf ( ti , d j ) log

)

Tr

Tr ( ti )

where Tr ( ti ) denotes the number of documents in Tr , in which ti occurs at least once, and

(

(

)

1 + log N ( ti , d j ) if N ( ti , d j ) > 0
tf ( ti , d j ) = 
Otherwise
0,

)

where N ti , d j denotes the frequency of the terms ti , which occurs in the document d j by counting all its
nonstop words. To prevent the value of Tr ( ti ) to be zero, the Laplace adjustment is taken to add an observed
count. Let a document d j in Tr be represented as a vector
V j = tfidf ( t1 , d j ) , tfidf ( t2 , d j ) , tfidf ( t3 , d j ) , , tfidf ( tn , d j ) . Therefore, Tr can be represented as a matrix
T

M r = V1 , V2 , V3 , , VI , . Most of the previous work proposes finding or partitioning the association rules into
clusters from M r ; however, there are more often than thousands of terms in a document, and some terms are
not always in the collection [25]-[27]. The document matrix M r is a large and sparse matrix. It becomes computationally hard to find the independent sets of association rules for automatically clustering the documents into
different clusters. The computational requirement is dependent on the function of the length of the vectors that
represent the documents.

2.2. Feature Association
Support and Confidence are used for defining association rules [28]. We proposed a straightforward idea on association rules in the document clustering, which included only the concept of support. The features use various
association rules and algorithms to determine relationships among the features. All documents need to be stored
in the intermediate indexed form before performing association analysis of a collection of documents. In the
document clustering, when a set of term co-occurred, it represents a theme. The documents containing these
terms could be organized as a semantic clique. In this study’s framework, the association rules were determined
by the support, whereas confidence was considered as unnecessary. The support for a collection of documents is
defined below. Let t A and t B be two terms.
Definition 2 Support denotes the significance of the documents in Tr that contains both term t A and t B ,
that is,
Support ( t A , t B ) =

tfidf ( t A , t B , Tr )
Tr

where

tfidf ( t A , t B , Tr ) =

1
Tr

Tr

∑ tfidf ( t A , tB , di )

X i =0

tfidf ( t A , t B , di ) = tf ( t A , t B , di ) log

Tr

Tr ( t A , t B )

Also, Tr ( t A , t B ) define the number of documents contained both term t A and t B . The term frequency
tf ( t A , t B , di ) of both term t A and t B can be calculated as follows.
Definition 3
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if N ( t A , d j ) > 0 and N ( t B , d j ) > 0
otherwise

A minimal support θ is given to filter the terms,where tf − idf values are less than θ . It helps us to
eliminate the most common terms in a collection and the non-specific terms in a document.

2.3. Semantic Clique
We observed that the set of association rules for a collection of documents formed a semantic clique. We believed that each connected component in the semantic clique represented a theme. The following section introduces semantic clique and defines some related concepts:
Definition 4 A semantic clique can be represented as a weighted hypergraph G = (V , E , W ) that contains
three distinct sets, where V is a finite set of vertices, called ground set, E = {e1 , e2 , , em } is a non-empty
family of finite subsets of V in which each subset is called n-hyperedge (where n + 1 is the cardinality of the
subset), and W = {w1 , w2 , , wm } is a weight set. Each hyperedge ei is assigned the weight wi that demonstrates how significant the semantic organized by the vertices in ei is. Two vertices u and v are said to be an
r-connected in a clique if there exists either u = v , or a path from u to v (a sequence of r-hyperedge u j , u( j +1) ,
=
u0 u=
, , un v ). A r-connected hyperedge is called as r-connected component, which organizes a semantic
clique.

(

)

2.4. Design of Semantic Clique Aggregation Algorithm
Figure 1 shows an example of the semanticclique. This semantic clique is closed because of apriori conditions.
The goal of this research was to establish the belief—a connected component of a clique represented a theme in
the collection of documents.
In the graph, the vertex set V = {t A , t B , tC } represents the set of three key terms in a collection of documents;
the hyperedge set E = {e1 , e2 , e3 , e4 } represents association rules in V; and W = {WA. B , WC , A , WB ,C , WA, B ,C } where
each weight denotes the support of an association rule. This property satisfies the criteria of association rules: if
the support of an itemset {t1 , t2 , , tn } is bigger than a minimum support, so are all the nonempty subsets of it.
Semantic clique is an effective method to represent association rules. In a semantic clique, the universe of vertices organizes 1-item frequent itemsets; the universe of 1-hyperedge represents all possible 1-item and 2-item
feature associations, and so forth. This section introduces the Semantic Clique Aggregation algorithm to find all
connected components in a clique generated from the co-occurring terms found in a collection of documents. To
have a further discussion of the Semantic Clique Aggregation, we define the incidence matrix and the weighted
incidence matrix as follows:

Figure 1. An example of clique.
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( )

Definition 5 The n × m incidence matrix A = aij

associated with a clique is defined as

1 if vi ∈ e j
aij = 
0 otherwise
The corresponding weighted incidence matrix
A′
=

a′ ) ; a′
(=
ij

ij

 wij if vi ∈ e j

0 otherwise

where the weight wij denotes the support of an association rule.
Each vertex in V represents a term that has been reserved, which means its support is greater than a given minimal support θ ; each hyperedge in E is undirected that identifies support incident with an itemset, and each
hyperedge-connector denotes a connected component. The number of terms in the hyperedge-connector defines
the rank of a hyperedge. A hyperedge-connector of a hyperedge with rank r is said to be a r-hyperedge or r-connected component. As shown in Figure 1, the hyperedge-connector of a 3-hyperedge e1 is the set {t A , t B , tC } ,
which is a connected component that represents a theme of a document collection. A r-hyperedge denotes an
r-connected component, which is a r-frequent itemset. If we say a frequent itemset I i identified by a hyperedge
ei is a subset of a frequent itemset I j identified by e j , it means that ei ⊂ e j . A hyperedge ei is said to be a
maximal connected component if no other hyperedge e j ∈ E is the superset of ei , for i ≠ j . The documents
can be clustered automatically based on maximally connected components. Considering an example in Figure 2,
there are two maximal connected components. Both have 3-hyperedges in a clique.
The one component is organized hyperedge e1 = {t A , t B , tC } , the other by the hyperedge e5 = {tC , t D , t E } . The
boundary of a concept defines all possible term associations in a document collection. Both of them share a
common concept that can be taken as a 0-hyperedge {tc } , which is a 1-item frequent itemset {tc } . As all connected components are convex hulls, the intersection is null or another connected component. No semantic clique or interior semantic clique can be generated from the intersection of two semantic cliques. The intersection
of themes is either null or another theme (a maximal closed hyperedge belonging to all intersected themes). As
there is at most one maximal closed hyperedge at the intersection of more than one connected component, the
dimension/rank of the intersection is lower than all intersected hyperedges. Therefore, we could design an effective algorithm for documents clustering based on all maximally connected components in a clique without traversing all hyperedges. The algorithm to find all maximally connected components is as follows:
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Figure 2. A clique with two maximal 3-connected components.

All the hyperedges in ξ are maximally connected components. A hyperedge will be constructed, including
those co-occurring terms, whose supports are bigger or equal to a given minimal support θ . An external vertex
will be added to a hyperedge, provided the support produced is not less than θ . The intersection of any two
hyperedges in ξ is not necessarily empty because the intersection can be taken as the commonly owned concept. According to the Property 1, when a maximal connected component is found, all its subcomponents are
also included in the hyperedge.
The documents can be decomposed into several categories, based ontheirsimilar concept, which is represented
by a hyperedge in ξ . If a document consists of a theme, it means that document highly equates to such a theme;
thereby all the terms ofa theme are also contained in this document. The documents can be classified into the
category based on identifying Theme. A document consisting of more than one theme can be classified to multi-categories.

2.5. Evaluation of the Algorithm
2.5.1. Datasets
Four datasets were used to evaluate the effectiveness of the designed algorithm.
First dataset-the first dataset was web pages collected by Boley [16]. The web pages consist of four broad
categories-business, finance, electronic communication, networking, labor, and manufacturing. Each categoryis
divided into four subcategories.
The second dataset—the second dataset was the Reuters-21,578-Distribution-1 collection, which consisted of
Newswire articles. Reuter-21,578 is a multi-class and multi-labeled benchmark, containing over 21,000 Newswire articles assigned to 135 so-called topics. These topics are used to evaluate the performance of clustering.
The articles have a title and a content section, which refer to financial news related to different industries,
countries, and other categories. Some articles contain many category labels, and documents in each category
have a broader range of contents. Two kinds of tests were performed on this dataset. In this study, we selected
9494 documents from which all multi-categorized documents were discarded, and the categories with less than
five documents were removed.
Third dataset—the third dataset was 848 electronic medical literature abstracts collected from PubMed. All
those abstracts were collected by searching the keywords-cancer, metastasis, gene, and colon. The purpose was
to differentiate all articles explaining to which organ cancer may spread from the primary tumor. A few
organswere selected for this study such as liver, breast, lung, brain, prostate, stomach, pancreas, and lymph. In
this study, we neglected the primary tumor present in the colon or from the other organs.
Fourth dataset—the fourth dataset is 305 electronic medical kinds of literature collected from the journalsTransfusion, Transfusion Medicine, Transfusion Science, Journal of Pediatrics and Archives of Diseases in
Childhood Fetal and Neonatal Edition. Those articleswere selected by searching keywords—transfusion, newborn, fetal and pediatrics. The third and the fourth datasets belonged to homogeneous topics. They both denote a
similar concept hierarchy.
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2.5.2. Evaluation Criteria
To measure the effectiveness, we validated the themes generated as clustering results by the human experts as
shown in Table 1.
The three measures of the effectiveness of a clustering method, precision, recall, and Fβ , were calculated after considering the contingency Table 1. The precision and recall are defined respectively as follows.

Precision i =
Recalli =

TPi
TPi + FPi

TPi
TPi + FN i

The Fβ measure, which combines Precision and Recall, is defined as follows.

Fβ

(β
=

2

)

+ 1 × Precision i × Recalli

β × Precision i + Recalli
2

F1 measureis used in this paper, which is obtained when β is set to be 1 that means precision and recall are
equally weighted for evaluating the performance of clustering. The overall Precision and Recall are calculated as
the average of all Precisions and Recalls belonging to some categories because many categories will be generated, and then compared. F1 is calculated as the mean of individual results. It is a macro-average among categories.

3. Results
3.1. First Dataset
Table 2 demonstrates the results of the first experiment. Figure 3 demonstrates the performance on the first dataset of SCA.

3.2. Second Dataset
Table 3 indicates the evaluation results using the Reuter dataset and Table 4 illustrates some selected category
results.
Table 1. Contingency table for category ci .
Category

Clustering results

Expert
judgment

Yes

No

Yes

TPi

FN i

No

FPi

TN i

Table 2. The performance comparison on the first dataset.
Method

SCA

PDDP

k means

Auto Class

HCA

Precision

68.3%

65.6%

56.7%

34.2%

35%

Recall

74.2%

68.4%

34.9%

23.6%

22.5%

F1 measure

0.727

0.67

0.432

0.279

0.274

Table 3. The performance of reuter dataset by semantic clique aggregation.
SCA

k=2

k=3

k=4

k=5

Precision

93%

90.8%

93.8%

86.1%

Recall

68%

63.5%

77.9%

76.2%

F1 measure

0.834

0.774

0.814

0.77
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Table 4. The performance of some selected categories using reuter dataset by semantic clique aggregation.
Category

Precision

Recall

Cotton

100%

74%

Gold

100%

97%

I-Cattle

100%

100%

Corn

100%

66%

Nickel

100%

55%

Soybean

100%

35%

Coconut

85%

100%

U.S. Dollar

95%

87%

Gas

100%

97%

Aluminum

100%

73%

Cocoa

100%

96%

Propane

100%

66%

Cattle

100%

100%

Palm-Oil

100%

95%

Crude

86%

100%

Potato

100%

66%

Rape-Oil

88%

100%

Rape-Seed

45%

51%

Nat-Gas

98%

91%

Wpi

95%

65%

Jet

71%

62%

Figure 3. The effectiveness of semantic clique aggregation on the first dataset.

3.3. Third Dataset
Figure 4 demonstrates the generated clique associated with minimal support, 0.1, whereas the effectiveness of
the third dataset is shown in Figure 5.

3.4. Fourth Dataset
Figure 6 shows 516 documents, clustered according to the term colon and liver, whereas Figure 7 shows the
effectiveness of all categories.
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Figure 4. The semantic clique generated from the third dataset with minimal support, 0.1, whichever the rectangle node
represents a vertex, and elliptic node represents a hyperedge, a semantic clique.

Figure 5. The effectiveness of semantic clique aggregation on the third dataset.

Figure 6. The 516 documents clustered according to the terms colon and liver.
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Figure 7. The effectiveness of SCA on the fourth dataset with minimal support.

4. Discussion
4.1. Principal Findings
We found a novel method for document clustering that uses SCA algorithm. This agglomerative method did not
use any distance function. A semantic clique was constructed from the set of co-occurring frequent terms in the
text documents. The r-hyperedges (r-connected components) represented basic themes in the document collection. We presented a straightforward algorithm that could effectively discover the maximally connected components of co-occurring frequent terms in cluster documents. The results also showed that the value of “r” is dependent on the given minimal support. The r-connected component represents r-frequent itemsets with “r” different terms. The number of co-occurring terms decreases with a higher minimal support value for organizing
themes in a collection of documents-higher the minimal support value, lower the value of r. The support for the
generaltheme is higher than the specifictheme.

4.2. Secondary Findings
The proposed method was compared with conventional clustering methods such as PDDP, k-means, Auto Class,
and HAC by using the four datasets. The SCA algorithm demonstrated superior performance towards document
clustering. The results (Tables 2-4 and Figures 3-7) demonstrate that cliques are a good model to represent association rules in the text, which is particularly useful for automatic document clustering. The results are further
discussed below.
4.2.1. Evaluation of SCA by Comparing with PDDP, k-Means, Auto Class, HCA by Using the First
Dataset
Table 2 shows a comparison result of the SCA algorithm with PDDP, k-means, Auto Class and HCA after considering all non-stop words with the minimal support 0.15. The PDDP algorithm hierarchically splits the data
into two subsets and derives a linear discriminant function from them based on the principal component analysis.
The PDDP algorithm considered of all non-stop words. The principal component analysis often adversely affects
the results of classification with sparse and high dimensional datasets, which induces a high false positive rate
and false negative rate. The hyperedges generated by PDDP is based on the average Confidences of the Frequent
Itemsets with the same items. It would be unfair that a possible theme is withdrawn, in the case; a small confidence of an itemset existed. In the first dataset, there are 47 clusters, maximally connected components, has
been generated by SCA. It is larger than the original 16 clusters. The number of clusters reduces to be 23 after
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decreasing the Minimal support Value to 0.1, and its precision, recall, and F1 become 63.7%, 77.3%, and 0.698
respectively. Where there is higher the minimal support value, there is lower the number of co-occurred terms in
a semantic clique. The precision is worse in PDDP with lower minimal support because the clustering constraints generated from hyperedges are stronger to filter some documents (high false positive rate).
4.2.2. Evaluation Conducted Using the Second Dataset
Table 3 shows the evaluation conducted on the Reuter dataset for the cluster numbers ranging from 2 to 5. For
each given cluster number “k”, the performance scores were obtained by averaging “k” randomly chosen
clusters from the Reuter corpus in a one-run test. Some terms, which indicate a generic category in Reuter classifications, do not designate the same category so that the number of clusters is larger than the number of
Reuter’s categories. Table 4 illustrates some selected category results. Each clusteris labeled by selecting the
most occurred concept for all its documents. Considering the Oil topic in the Reuter dataset, it is a compositetopic, including Vegetable Oil, Crude Oil, and so on. There is about 1215 Reuter news clustered into the
Oil group, of which 1156 documents were exactly on the Oil topic. Ninety-five percent (95%) documents
correctly clustered into Oil. Some misclassified documents in Oil were related to Gas or Fuel. Strictly speaking,
those documents were said correctly classified. The other misclassified 19 documents were Reuter CPI (Consumer Price Index) topics, which described the change of the CPI was related to the change in oil prices. The
subcategory Crude Oil of the cluster contains 520 (44%) documents, which induced 88% precision rates compared with the Reuter’s crude oil.
4.2.3. Evaluation Conducted Using the Third Dataset
Fourteen organs related words were selected for clustering from the datasets consisting of PubMed abstracts.
Figure 4 demonstrates the generated semantic clique associated with minimal support, 0.1. The ellipse nodes in
Figure 4 denote the generated maximal connected components. Each identifies a cluster for document categorization. The effectiveness of the third dataset is shown in Figure 5.
4.2.4. Evaluation Conducted Using the Fourth Dataset
Five hundred sixteen (516) documents were clustered into a category in accordance with a maximal connected
component generated from two terms colon and liver (Figure 6). This study allows documents to be soft categorized into several clusters due to their overlapped themes, which is producedby the commonly co-occurring
terms associations. The MeSH categories (22 categories) were used to evaluate the effectiveness of SCA
(Figure 7) on each category of the fourth dataset. The document clustering is based on the MeSH terms related
to transfusion and pediatrics. The MeSH categories are a hierarchical structure that some categories are the subcategories of the other categories. Many theme categories shared the same terminology that induces a high false
negative rate by SCA on document clustering. In the dataset documents are not uniformly distributed in all
categories, some categories only contain a few documents that make their latent themes restricted by a few terms,
for example, the anemia and the surgery categories whose precision are both below 70%.

4.3. Limitation and Future Studies
We tested the algorithms using the four datasets; however, the further testing with even more massive datasets
could be performed. The algorithm is potentially useful for mining big data at the cloud. We tested the algorithm
in the non-cloud environment, and it can be further tested in cloud-based enormous data to find its suitability.

5. Conclusion
We found that Semantic Clique Aggregation is a good model for document clustering. A group of strong term
association can clearly identify a theme, and design of SCA algorithm has proved to be an effective way to find
term associations in a collection of documents. The document clustering using SCA might be a useful approach
to building search tools for semantic mining of big data in the cloud computing, Internet, and World Wide Web.
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