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Abstract. Text clustering can effectively improve search results and user
experience of information retrieval system. Traditional text clustering approaches
are based on vector space model, in which a document is represented as a vector
using term frequency based weighting scheme. The main disadvantage of this
model is that it cannot fully exploit semantic correlations between social
annotations and document contents because term frequency based weighting
scheme only captures the number of occurrences of terms in the document.
However, social annotation of web pages implicates fundamental and valuable
semantic information thus can be fully utilized to improve information retrieval
system. In this paper, we investigate and evaluate several extended vector space
models which can combine social annotation and web page text. In particular, we
propose a novel vector space model by computing the semantic correlations
between social annotations and web page words. Comparing with other vector
space models, our experiments show that using semantic correlations between
social tags and web page words improves the clustering accuracy with RI score
increase of 4% ~ 7%.
Keywords: social annotation, clustering, information retrieval.

1 Introduction
Recent years the advance of Web 2.0 technology has influenced the ways that users
interact with Internet. Unlike the traditional publishing-browsing style of interaction
between users and Internet, Web 2.0 facilitates users the abilities of information
sharing, exploration and collaboration on the Internet. This brings on the evolution of
new web applications such as social annotations and social networking.
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In particular, a social annotation is referred to as an online annotation associated
with a Web resource (typically a Web page, Web image and Web video). By means of
online Web annotation tools, users can collaboratively add and modify text labels that
describe or categorize Web resource without modifying the resource itself. At present,
widely used online Web annotation tools include Delicious (annotating Web pages),
Flickr (annotating Web images), YouTube (annotating Web videos), etc.
Essentially, social annotations can be viewed as socially classification layer
building on the top of existing annotated Web resources. Moreover, social annotation
is user-provided metadata implicating fundamental and valuable semantic information
of Web resources. In recent years, many of academic research have been focused on
social annotations [1]. The main purpose of these research works is to combine the
analytical technique of social annotations with traditional information retrieval
technologies to enhance the performance and user experience of information retrieval
systems.
Generally, a social annotation is a triple consists of three elements: tag, user, and
resource. In the triple of a social annotation, the resource is tagged by user based on
the resource content; the tag (also referred as annotation) reflects the category of the
resource; the user, by which the tag is provided, hides the latent social community.
The semantic correlation among of elements of the triple can be utilized to improve
the information retrieval system.
This paper aims to improve web page clustering accuracy for information retrieval
system using social annotation. As the fundament of web page clustering, traditional
vector space model (VSM) only takes the word occurrence frequency in the document
into account. Due to the “Bag of Words” nature it cannot represent the contents of
document more precisely. On the other hand, as a sort of user-provided metadata,
social tag should be fully exploited to enhance the traditional VSM. Based on this
consideration, we propose a social annotation based vector space model that makes
use of the semantic of social annotations to cluster Web pages more accurately. In
particular, our model is constructed by calculating the semantic correlations between
social annotations and web page words. Different from the other enhanced VSM in
which the words in a document and tags annotated to the document are simply treated
with the same weighting, we project the calculated semantic correlations of social tags
to the axis of vector space so that the axis with higher semantic correlation between
tags and words has higher weight. This is the main contribution of our work.
Our work can be summarized as: we firstly calculate a semantic correlation matrix
between social tags and web page words. Then a web page can be represented by a
vector in three ways: (1) the axes of vector space are social tags and the coordinate of
axis t for document d is determined by the semantic correlations between document d
and tag t, which is denoted by P(d, t). (2) the axes are web page words and the
coordinate of axis w for document d is determined by the semantic correlations
between document d and word w, which is denoted by P(d, w). (3) the axes are words
plus tags and the coordinates is weighted sum of P(d, t) and P(d, w). In order to
evaluate the performance of our method, we compare it with other vector space
models with K-means clustering algorithm. Our experiments show that our proposed
model can improve the clustering accuracy by 4% ~ 7%.
Different from the existing works, the main contributions of our work are: (1) we
exploited the semantic correlations between social tags and the words of web pages.
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(2) we proposed a new vector space model by making full use of exploited semantic
correlations of social annotations. This work will be an effort to help clustering the
tagged web.
The rest of this paper is organized as follows: Section 2 introduces the related
research work of social annotations. Section 3 proposes an extended vector space
model by exploiting semantic correlations of social annotations. Experiments and
numerical results are presented in Section 4. The conclusion is drawn in Section 5.

2 Related Work
Applying social annotations to web-based information systems is a hot topic and has
been received a lot of attentions in recent years [2]. We briefly summarize the existing
related works into the following three directions.
2.1 Language Models of Social Annotation
The research of probabilistic language model of information retrieval system is based
on the idea which is originally proposed by Pronte and Croft [3]: Given a specific
query, a document is a good match to query if the generative probabilistic language
model of for the document is more likely to generate the query. Along with the
emergence of social annotation, later research works on probabilistic language model
seek to combine the probabilistic model of social annotation and annotated document
content. Zhou et al. proposed a unified framework to combine the modeling of social
annotations with the language modeling-based methods for information retrieval. The
framework enhances document and query language models by incorporating user
domain interests as well as topical background models [1]. Xu et al. analyzed two
properties of social annotation, namely keyword property and structure property.
These two properties of social annotations are leveraged for the use of language
modeling with a mixture language model LAM (Language Annotation Model) and
LAM is utilized to strengthen existing smoothing methods for the language model for
information retrieval [4] [5].
2.2 Semantics of Social Annotation
The semantics of social annotations are captured by the following ways: calculating
similarity between social annotations, establishing probabilistic model of social
annotations and measuring the relationships among social annotations or annotated
Web resources. Wu et al. established a global semantic model from social annotations
which can be inferred from social annotations statistically [2]. Markines et al.
evaluated similarity measures for emergent semantics [6] [7] of social annotations by
building an evaluation framework to compare various general social annotationsbased similarity measures statistically [8] [9]. Cattuto et al. analyzed several measures
of tag similarity and used validated measures of semantic distance to characterize the
semantic relation between the mapped tags [10].
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2.3 Social Annotation Applications
The probabilistic language model and semantics of social annotations can be
employed in many aspects of information retrieval systems such as ranking,
classification, clustering to improve the effectiveness and user experience.
Similarity ranking measures the relevance between user query and resulting Web
resources. Some proposed ranking models seek to improve query-resource similarity
more precisely by making use of social annotation. Bao et al. proposed two novel
algorithms SocialSimRank and SocialPageRank to incorporate social annotations into
search result ranking [11]. Liu et al. proposed a tag ranking scheme to automatically
rank the tags of images. Tag ranking scheme is applied to tag-based image search
[12]. Schenkel et al. are focused on search ranking in social networks [13].
Since Social annotation provides a natural way for people to classify Web
resources, some other research works try to explore this feature of social annotation to
enhance the accuracy of Web resource classification and clustering. Pedro and
Siersdorfer proposed a novel multi-modal approach for automatically ranking and
classifying photos by exploiting image features and social annotations [14]. M.G.
Noll and C. Meinel explored and studied the characteristics of social annotations with
regard to their usefulness for Web document classification [15]. Shepitsen et al.
presented a personalization algorithm for recommendation in folksonomies which
relies on hierarchical social annotations clustering [16] [17]. Begelman et al. clustered
social tags by defining a set of similarity measures among tags [18]. Ramage et al.
used social annotations as complementary data source to improve automatic
clustering of Web pages by means of combining social annotations with Web pages in
an extended vector space model [19].

3 Vector Space Model Based on Semantic Correlation of Social
Annotation
The objective of our work is to investigate how to exploit the semantic relationship
between social annotations and annotated documents and how this semantic
relationship can be employed to enhance vector space model so that the accuracy of
web page clustering can be improved. Our work is mainly inspired by the previous
work [16] [17] and [19].
In research work of [16] and [17], a hierarchical tag clustering algorithm is
proposed based on tag’s vector space model. In this tag-based vector space model, an
annotated Web resource is modeled as a vector over the set of tags, and a user is
modeled in the same way. Each component of a vector is calculated based on the
well-known TF-IDF measure [20] of tags. To calculate the similarity between a user
query and a Web resource, a query is also modeled as a unit vector consisting of a
single tag, which is based on the assumption that the user interacts with the system by
selecting a query tag and expects to receive resource recommendations. We argue that
the content of annotated Web resource should also been considered in order to model
the annotated web resource in tag-based vector space model more precisely, and in
the case that user query consists of arbitrary terms, how to model user query in tagbased vector space model is still an unsolved problem.
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On the other hand, the research work [19] proposed an extended vector space
model, which is constructed in following ways with bags of words and tags: Words
only, Tags Only, Words combining Tags. The combination of words and tags can be
concatenation of l2-normalized word and tag vector with equal weight, treating term
of tag as n terms of word or treat tags simply as additional words. We also argue that
the combination of words and tags should consider the correlation between words and
tags rather than treating them with equal weight. Another problem of word term based
vector space model is that a document may contain many informationless terms, and
these informationless terms are more likely to act as noises which will increase the
errors of clustering.
3.1 Problem Definition
Since an annotated web page is associated with a group of tags, we describe an
annotated web page as a tuple:
,

(1)

where
, ,…,
is the set of words occurred in the web page ,
, ,…,
is the set of social tags of the web page .
With this document description, the goal of social annotation based web page
, ,…,
clustering task can be defined as: Given a set of documents
and a
target number of clusters K, we want to find an assignment function :
:

1,2, … ,

which maps each document in to a cluster number
1, … ,
is represented in a bi-tuple defined in (1).

(2)
1,2, … ,

, where

3.2 Weighted Matrix of Social Annotation
There are two kinds of elements related to the social annotations: web page and social
tag. Their relationship can be described by weighted tag-document matrix, which is
illustrated in Figure 1.

Fig. 1. The illustration of the relationship between web page and tag

As shown in Figure 1, the relationship between web page and tag can be described
by binary matrixes, in which “1” element of ith row and jth column represents a
relationship exists between corresponding element i and j. However, the matrix
doesn’t consider the factor of frequency, that is, how many times a tag is annotated to
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a web page. In order to count the factor of frequency, the tf-idf measure is applied to
the
tag-document matrix
.
1,1

1,

,1

,

(3)

where is the number of social tags and is the number of annotated web pages.
, denotes the relationship between the ith social tag and
The matrix element
jth web page, which can be obtained as:
,

(4)

,

where
(5)
denotes how many times the tag is applied to the
In formula (4) and (5),
,
is the measure of the importance of the tag in which is the
web page ;
total number of annotated web pages and
denotes the number of web pages to
which the tag is applied.
Because social tags can be viewed as the terms marking social categorization of
web pages, so an alternative choice is to assign the same importance for each tag. In
can be ignored and
, is obtained as:
this case
,

(6)

,

3.3 Tag Similarity
The similarity measure between tags can be elicited by exploiting underline tags co, is a relationship measure for
occurrence of matrix
, in which element
tag i and document j. Based on the assumption that semantically similar annotations
are more likely assigned to the same documents, we can derive similarity matrix of
tags from tag-document matrix
, and we denote the similarity matrix of tags
derived from
by :
(7)
where the element

,

measure the similarity between tag

and tag

.

3.4 Semantic Correlation between Tags and Words
The matrix
can be viewed as a semantic correlation matrix between social tags
and documents. However,
is only based on the statistical feature of tags. In order
to characterize semantic correlation between tags and documents more precisely, the
contents of documents should also be exploited.
An intuitive approach to exploit the contents of a document is based on the total
times a tag annotated to the document. But this approach ignores the semantic
correlation between the tag and word occurred in document. Our approach to
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calculate the semantic correlation between tag and document is based on the tag-word
correlation matrix.
In vector space mode, each document is viewed as vector in which each component
corresponds to a word in dictionary with TF-IDF weight. We denote the
worddocument matrix as
:
1,1

1,

,1

,

(8)

where l is the number of words in dictionary and n is the number of web pages. The
word
can be represented as the jth row vector
in
:
,1 ,…,
Similarly, the tag

,

(9)

can be represented as the ith row vector
,1 ,…,

in

:

,

(10)

are vectors in document based vector space, the
and
Since
semantic correlation between tag and word , which is denoted by
,
,
can be measured as:
,

(11)

Finally, we denote the semantic correlation matrix between tag and word by
and
can be calculated as:

,
(12)

where the element
word .

,

measure the semantic correlation between tag

and

3.5 Extended Vector Space Model
Based on the similarity matrix of tags and the semantic correlation matrix between tag
and word, we can model web page as a vector in tag-based vector space, in which
each social tag is axis and each component of the vector is determined by the
projection of the web page with respect to each tag.
The projection of the web page with respect to each axis is calculated according to
semantic correlation between web page and tag. Given a web page d and tag t, we
denote the projection of document d with respect to axis t by
, . The vector of
document d, denoted by
, is defined as:
,

,…,

,

(13)

where m is total numbers of tags, and each component of
, :
,

μ

,t

,

is calculated by
(14)
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μ and φ are all real constant between 0 and 1. Formula (14) shows that

, is
the linear combination of two parts: the first part, which denoted by
, , is
determined by how many times the tag t is applied to the document d; another part,
denoted by
, is determined by the semantic correlation between tag t and
document d.
Before giving the definition of
, , we firstly denote the set of tags by T and the
set of words occurred in web pages by W, thus
, is defined as:
∑

,
and

,

,

(15)

is defined as:
,

,

,

(16)

, ,

Similarly, we can also model web page as a vector in word-based vector space, in
which each word occurred in web pages is axis and each component of the document
vector is determined by the projection of the document with respect to each word.
Given a document d and word w, we denote the projection of document d with respect
to axis w by
, . The vector of document d, denoted by
, is defined as:
,
where n is total numbers of words, and
,
where

μ

is the transpose of

,

,

(17)

is calculated by:

,w
and

,

,…,

,

φ

,

(18)

is calculated by

∑

,

(19)

Another way to represent a web page is to combine the projection of the web page
with respect to tag and word. Given a web page d, we calculate tag-based vector
and word-based vector
, respectively. Then the web page d is modeled
, which is calculated by:
by a vector
μ

φ

(20)

and
When combining the
vector, we need to utilize feature selection
algorithm to select words and tags and make the number of words and tags equal to
each other.

4 Experiments and Numerical Results
In order to investigate the effectiveness of the clustering method under our social
annotation based vector space model, we apply flat clustering algorithm K-means to
our model to evaluate clustering accuracy. The evaluation is done by extensive
experiments on real world data collections.
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4.1 Data Collections
The target data collection is partly crawled from the social annotation site del.icio.us
during July, 2010. Our data collections consist of 1502825 tags and 466871 web
pages.
4.2 Evaluation Measure and Gold Standard
To evaluate the accuracy of clustering, we use subset of partly crawled data collection
from del.icio.us which is also presented in Open Directory Project (ODP). ODP is the
largest, most comprehensive human-edited directory of the Web. For every web page
presented in ODP, we use the root category of that page as our evaluation gold
standard. The evaluation measure we adopted is Rand Index (RI) [21]. RI penalizes
both false positive and false negative decisions during clustering and it measures the
accuracy of clustering result. If define A as the number of true positive documents, B
as the number of false negative documents, C as the number of false positive
documents, D as the number of true negative documents, and A+B+C+D is the total
number of document ,then RI is defined by
RI =

(21)

4.3 Experiment Settings
The total category of crawled web page presented is 17 and we select 100, 200 and all
documents in each category for evaluating. We also use feature selection algorithm to
select 1000, 1500, 2000 tags for testing, respectively. And the number of words is set
to be equal to the number of tags. The parameters μ and φ are all set to 0.5 in formula
(14), (18), and (20). For the performance comparing, we also apply the K-means to
the following models:
(1)
(2)
(3)

(4)
(5)
(6)

Tag-only: a document is modeled by tag-based tf-idf weighting vector.
Word-only: a document is modeled by word-based tf-idf weighting
vector.
Tag+Word: a document is modeled by concatenation of l2-normalized
word and tag vector with equal weight, which is proposed by Ramage et
al. [19] and used as accuracy comparing baseline with our work.
VT: a document is modeled by the projection of web page with respect to
each tag, which is defined by formula (13)-(16).
VW: a document is modeled by the projection of web page with respect to
each word, which is defined by formula (17)-(19).
VT+W: a document is modeled by combining the projection of web page
with respect to tag and word, which is defined by formula (20).

4.4 Experimental Results and Analysis
Our first experiment is to randomly select 100 documents from each category in our
data collections. Based on selected documents, we perform K-means tests for six
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different vector models described in Section 4.3. For each of tests, we use RI values
to measure our clustering performance.
As shown in Table 1, Tag-only has the worst RI value, which means Tag-only has
the lowest clustering accuracy. The reason is that social tags have limited information
and bad quality. Another possible reason is social tags are so sparse that it is bad for
our clustering performance. For Word-only and Tag+Word, both of them have better
RI values than Tag-only under our expectations because they have detailed
information for documents. More importantly, our proposed VT+W model improves RI
value further beyond Word-only and Tag+Word. The main reason is that VT+W model
considers the semantic correlations between social tags and web page words and it has
much richer semantic information than other models. Another reason is there are
noise words in either Word-only or Tag+Word models. Compared to other models,
our model has up 29% better RI than Word-only and 22% better RI than Tag+Word.
The increased value is calculated by averaging RI increase with tags number 1000,
1500 and 2000.
Table 1. Select 100 documents randomly from every category

Tag-only
Word-only
Tag+Word
VT
Vw
VT+W

tag, word = 1000
0.1148
0.7125
0.8065
0.8458
0.6831
0.8450

tag, word = 1500
0.1064
0.5533
0.6502
0.8361
0.5925
0.8370

tag, word = 2000
0.1002
0.7331
0.6411
0.8380
0.6337
0.8553

Similarly, we picked up more documents for each category and conducted the
second experiments. The result is shown in Table 2. Compared to other models, our
model has up 42% better RI than Word-only and 34% better RI than Tag+Word
averagely. Again, our model shows much better RI values than other models.
Table 2. Select 200 documents randomly from every category

Tag-only
Word-only
Tag+Word
VT
Vw
VT+W

tag, word = 1000
0.0947
0.8216
0.7731
0.8574
0.8349
0.8677

tag, word = 1500
0.0899
0.6388
0.6342
0.8620
0.7483
0.8727

tag, word = 2000
0.0840
0.6161
0.5813
0.8635
0.7175
0.8765

Besides investigating how VT+W can achieve much better clustering accuracy, we
also conduct an experiment how sampling documents affect clustering accuracy.
Without sampling documents, we select all the documents to conduct an experiment
as shown in Table 3. This table shows that our model has 2% better RI value than
Word-only averagely, and 4% ~7% better RI value than Tag+Word .
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Table 3. Select all documents from every category

Tag-only
Word-only
Tag+Word
VT
Vw
VT+W

tag, word = 1000
0.1402
0.8277
0.8163
0.8316
0.8230
0.8484

tag, word = 1500
0.1623
0.8201
0.7857
0.8333
0.8131
0.8400

tag, word = 2000
0.1317
0.8262
0.7809
0.8291
0.7676
0.8327

From Table 1, 2, and 3, one can find increasing samples can benefit RI values.
However, when oversampling documents, it will be against the RI values. The
possible reason is that some samples have noises information. This observation is
consistent with the conclusion that noisy information is not so good for the
improvement of clustering performance [22].

5 Conclusion
Social annotations of web pages contain usefully semantic information and thus can
be utilized to improve the performance of information retrieval system. In this paper
we exploit the semantic of social annotations by calculating the semantic correlation
between social annotations and words in web pages. Furthermore, we propose a novel
vector space model based on semantic correlation between social annotations and
words, and apply the K-means clustering algorithm to our model to evaluate the
clustering accuracy. Comparing with other vector space models, our model can
achieve the best clustering accuracy by 4% ~ 7%.
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