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Abstract—With rise of web 2.0, its associated user-centric
applications have attracted a lot of users. Folksonomy plays an
important role in these systems, which is made of labeling data.
Discovery triadic frequent closed patterns is an important tool
in knowledge discovery in folksonomy. The huge volume of data
and the number of dimensions in these systems, including users,
tags and resources are challenging for data mining. In this
paper, a method for discovering all triadic frequent closed
patterns based on Hidden Markov Model in folksonomy is
proposed. By extracting useful data from dataset, the proposed
method emprises to build Hidden Markov Model on the two
dimensions, then with inference from created hidden model
discover triadic frequent closed patternsthrough applying third
dimension on the results. In fact, extracting useful data in the
first step and using viterbi based algorithm, for inference,
regularly are pruned dataset and are causes for triadic frequent
closed patterns to be discovered more quickly. Testing on a real
data set taken from “Del.icio.us” website and comparing the
results with the same algorithm in the field of folksonomy called
“Trias” show that the proposed method in terms of the time, can
extract all triadic frequent closed patternsmore effectively.

I.

INTRODUCTION

Social resource sharing systems are web-based systems
that allow users to upload their resources, and by labeling
them with arbitrary words present these shared resources to
others. The shared photo gallery Flickr1, the bookmarking
system del.icio.us2and bibsonomy3 are examples of social
tagging systems, that within a few years have acquired large
number of users. The reason for success of these systems is its
simple structure and ease of use that allow users to freely
allocate keywords as “tag” to the resources. The result of these
collaborative tagging activities in these systems leads to the
user-generated classification called “Folksonomy”.[1]
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A folksonomy has three main parts including users, tags,
and resources (triple u,t,r), in which user u assignstag t to the
resource r. In these systems, the tags reflect the views of the
different users about unique resourcessuch as blogs, news,
photos, etc. So folksonomy contains valuable information and
knowledge. The hidden knowledge discovery from
folksonomy is becoming the main research task among the
social sharing resources systems.
Finding shared concepts between users is one of the most
important tools for extracting knowledge from folksonomy
which has wide applications. For example, in [2,3,4], these
concepts are used for clustering folksonomy in a web-based
recommended system, and in [5,6] are used for ontology
learning from folksonomy, to enhance information retrieval
metrics. A triadic frequent closed pattern is a triple set (A,B,C)
where each user in A has tagged each resource in C with all
tags from B, and that none of these sets can be extended
without shrinking one of the other two dimensions.
Our algorithm will return aset of triples, whereeach triple
(A,B,C) consists of a setAof users, a setBof tags,and a setCof
resources and each user in Ahas taggedeach resource inCwith
all tags fromB. These triples called “tri-Concepts”, and have
the property that none of thesesets can be extended without
shrinking one of the other twodimensions.
In this paper, a method for mining all frequent tri-Concepts
fromfolksonomy is provided and shows that the proposed
method discovers the patterns faster than the Trias algorithm.
The remainder of the paper is organized asfollows. Section
II reviews some related works. Section IIIrecalls the key
notionsused throughout this paper.In section IV, we introduce
a new method for mining all frequent tri-Concepts.The
empirical evidences about the performance of our approach
are provided in section V. Finally, Section VI contains
conclusions and future works.

II.

RELATED WORK

The discovery of shared conceptualizations opens a new
research field which may prove interesting also outside the
folksonomy domain: ‘Closed itemset mining’. This line of
research did not receive a broad attention up to now. With the
rise of folksonomies as core data structure of social resource
sharing systems, which formally is denoted as triple, the
interest in triadic concept analysis increased again. Mining all
frequent tri-concepts is thethree-dimensional version of
mining all frequent closed itemsets. Indeed, folksonomy
systems provide a rich resource for data analysis, information
retrieval, and knowledge discovery applications. The
discovery of frequent patterns is one of the important tools for
knowledge extraction in these systems.
Frequent pattern mining algorithms [7,8,9] typically
generate a large number of patterns and many of them are
redundant. To reduce the number of frequent patterns,
frequent closed pattern mining algorithms have been
proposed. In [10], the A-close algorithm is proposed that uses
a breadth-first search to find frequent closed patterns.
CLOSET [11] and CLOSET+ [12] adopt a depth-first, feature
enumeration strategy. CLOSET uses a frequent pattern tree for
a compressed representation of the dataset. CLOSET+, an
enhanced version of CLOSET, uses a hybrid tree-projection
method to build conditional projected table in two different
ways according to the density of the dataset. Both MAFIA
[13] and CHARM [14] use a vertical representation of the
datasets. MAFIA adopts a compressed vertical bitmap
structure while CHARM enumerates closed itemsets using a
dual itemset-tidset search tree and adopts the Diffset technique
to reduce the size of the intermediate tidsets. Since these
methods adopt a feature enumeration strategy, they cannot
efficiently handle datasets with a large number of features.
Although the above-mentioned algorithms perform well in
their respective application domains in 2D datasets, they
cannot mine frequent closed patterns in 3D context.
The problem of finding triadic frequent closed patterns can
be studied in two areas. Outside the folksonomy areas in [15],
two algorithms have been proposed, the first algorithm offers
a framework for usage of existing methods to discover dyadic
frequent closed patterns in a three dimensional dataset. The
second algorithm is called CubeMiner, and acts by recursively
count of ternary relations and divides datasets into smaller
parts. The CUBEMINER algorithm operates in a depth-first
manner, which has the risk of causing infinite trees.
Moreover,at each level, several checks are performed on each
candidate to ensure its closeness and its uniqueness which is
computationally very expensive.Existing several checks to
achieve the unique patterns and mismatch with folksonomy is
a problem in these algorithms. In [16], J¨aschke et al.
introduced the TRIAS algorithm to compute frequent triconcepts from a folksonomy. Actually, the main feature of
TRIAS is to exploit the subsets of tri-concepts already
extracted in order to check whether they lead to new triconcepts. However, several tri-concepts are computed
redundantly inducing a number of unnecessary computations.
This drawback occurs because of the particular order of
extraction of tri-concepts which is strongly inspired by the
way of doing the NEXTCLOSURE algorithm. More recently,

Cerf et al., in [17], proposed the DATA-PEELER algorithm
with the challenge of outperforming both TRIAS and
CUBEMINER algorithms in terms of performance. The
DATA-PEELER algorithm is able to extract closed concepts
from n-ary relations by enumerating all the n-dimensional
closed patterns in a depth first manner using a binary tree
enumeration strategy. In [18], Trabelsi et al. present TRICONS methods that directly extract triples from the
folksonomy. The main thrust of the introduced algorithm
stands in the application of an appropriate closure operator
that splits the search space into equivalence classes for the
localization of tri-minimal generators. These tri-minimal
generators make the computation of the tri-concepts less
arduous than do the pioneering approches of the literature.
III.

PRELIMINARIES

A. Folksonomy
Folksonomies are the core structure of social bookmarking
systems. The word “folksonomy” is a blend of the words
“taxonomy” and “folk”, and stands for conceptual structures
created by the people. The way a folksonomy is emerging is
the same in all these systems and can be described as follows:
There is a user who is interested in a certain resource. A
folksonomy system provides a way to store this resource and
to annotate it [1]. This resource can be a photo, link or
anything else. Typically, the annotation process is as simple as
possible and is driven by keywords called tags. The set of all
allocations of a user for a resource is called Personomy.
Theentire personomy collections of all users is called
Folksonomy. Here, a formal and precise definition of
Folksonomy can help understand the issue.
Definition (1): a Folksonomy is simply a tuple F:=
(U,T,R,Y):
•

U, T, and Rare finite sets, whose elements are called
users, tags, and resources, resp.

•

Yis a ternary relation between them, i.e. ܻ  ܷ كൈ ܶ ൈ
ܴ[1].

B. discovery of triadic frequent closed patterns
The frequent patterns are set of items that are repeated
with a greater frequency than or equal to a threshold specified
by the user. To recover the more important shared concepts
we can additionally impose minimum support constraints on
each of the three dimensions ‘users’, ‘tags’, and ‘resources’.
Definition (2) describes triadic frequent closed patterns issue.
Definition (2): Suppose that F:= (U, T, R, Y) as defined in
(1) is given Folksonomy. A tri-set of F is a triple (A,B,C) with
AكU, BكT ,CكR. also, we consider u-minsupp and tminsupp and r-minsupp the thresholds A, B, C in such a way
that u-minsupp, t-minsupp, r-minsupp[א0,1]. The task of
mining all frequent tri-concepts consists in determining all triȁȁ
ȁȁ
ݐെ
sets (A,B,C) of F with   ݑെ ݉݅݊ݑݏǡ
݉݅݊ݑݏǡ

ȁȁ
ȁோȁ

ȁȁ

ȁ்ȁ

  ݎെ ݉݅݊ݑݏ.

Closed in a triplex pattern means that none of these sets
can be extended without shrinking one of the other two
dimensions.Also, sometimes it is more convenient to use

absolute ratherthan relative thresholds. For this case we let
߬௨ := |U|·u-minsupp,߬௧ :=|T|·t-minsupp, and߬ := |R|·r-minsupp.
[16]

୬ୱ

•

In this paper, process of discovery triadic frequent closed
patterns is divided into four steps and each one has been
described as follows.

ߨ ൌ ሾǤ Ǥ Ɏ Ǥ Ǥ ሿ ൌ ሺ୧ ሻ ൌ : In this problem, the
ȁଢ଼ȁ
probability of be in each state as the initial factor is
equal to result of dividing the number of times a tag is
assigned to resource i, divided by number of rows in
dataset.

•

 ܤൌ ሾǥ ܾ ሺݍሻ ǥ ሿ ൌ ܲ൫ݍห୨ ൯ ൌ

A. Preprocessing
In folksonomy, there are no boundaries to assign a tag to
an item. This provides adaptability, flexibility and in the
meanwhile, causes problems in analysis [3]. As a result, many
rows of folksonomy dataset, may contain data that impose
additional processing. Thus, in order to get useful data, we
filter dataset in preprocessing step.

•

IV.

THE PROPOSED METHOD

In the proposed method the preprocessing step consists of
two phases: in the first phase only those rows of dataset where
in each set of U,T,R the number of occurrences of each
element is equal to multiply of other sets thresholdswill be
extracted. This means that, this step will extract the data that
for users as much as ߬ × ߬௧ or more, to resources as much as
߬௨ × ߬௧ or more and for tags as much as ߬௨ × ߬ or more are
repeated. In the second phase, from output of previous phase,
we extract a part of datasetwhere for each element in the first
set, its Corresponding element in the second set is repeated as
much as the threshold that is considered for third set. e.g. for
each t, its related u is repeated as much as ߬ .
B. Learning Hidden Markov Model
A real folksonomy dataset in addition to user number,
information resource address and dedicated tags may include
time of tag registration, source format, tag weight, and other
additional information. In this article, only user numbers,
information resource address, and assigned tags, among
others, are important and other information will be ignored.
We only use the resources and tags data to produce HMM4, in
order to consider resource as states of HMM and tags as
observations of HMM. HMM is a powerful mathematical
model that obeys from the concepts of Markov models. In this
section, we describe the learning HMM problem .
As mentioned in the previous sections, in the problem of
miningall frequent tri-concepts, there is three set as <U,T,R>
where any user in U, allocated all tags in T to each resource in
R. In this problem, Q is a set of tags and is considered as
observations of HMM, ܳ ൌ ሼݍଵ ǡ ǥ ǡ ݍ ሽ. Also, S is a set of
resources and is cosidered as states of HMM, ܵ ൌ
ሼݏଵ ǡ ǥ ǡ ݏ௦ ሽ.݊ݑǡ is the number of users who have devoted tag
q to the resource j, and ୧ǡ୨ is the number of times that
resource j is tagged after resource i. Our HMM is as follow:
λ=(Α,Β,π)

(1)

Equation (1) is a probabilistic model which its parameters
using folksonomy are computed as follows:
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୬௨౧ǡౠ
୬ୱౠ

: The probability

of observing tag q in state ୨ is equal to the number of
times that users assigend tag q to the resource j,
divided by the total times resource j is tagged.
 ൌ ሾǥ  ୧୨ ǥ ሿ ൌ ൫୨ ห୧ ൯ ൌ

୬ୱǡౠ
୬ୱౠ

: The probability of

transition from state ୧ to ୨ is equal to the number of
times that resource j is tagged after resource i, divided
by the total times resource j is tagged.
Figure 1 shows an example of the proposed method
HMM.

Figure 1. example of the proposed method HMM

C. Inference of Hidden Markov Model
To infer from created hidden model, we use aviterbi
algorithm. This function receives observations sequence and
HMM, then returns the probability that the observations
sequence is observed in each state of HMM.
In order to support the ߬௧ , and mining groups of the same
resources that have received similar tags, we make non
repeated combinations of set t with length ߬௧ and consider it as
observations sequence for viterbi algorithm. Then among
generated outputs, only those results for later processing will
be saved that at least for ߬ resources the probability of
observing input string be existed. The output of this step are
shared tags and resources groups that satisfy the threshold
values.
D. Final processing
In fact , this step includes applying third dimension means
that users extracted on each cluster from previous step, Which
may be breaks down or join groups according to the
corresponding users.

Breaking clusters:In this process, based o
on each extracted
dyadic frequent pattern in inference of HMM
M step, the clusters
are broken into several clusters so thhat each cluster
includestriple users, resources and tags andd each userassigns
all existing tags to each resource.

TABLE II.
DataSet

Finally,this section provides all tri-concepps.
V.

EXPERIMENTS

In this section, experiments and results on a real dataset
are presented. The proposed method was teested on a dataset
taken from Delicious website. The number oof relations in this
data set is |Y|=616819, which is related to miid December 2003
until June 2004. The resulting folksonoomyconsists of|U|
=3,301 users, |T| =30,416 different tags, |R| =
=22,036 resources
(URLs), which are linked by |Y|= 616,819 triiples. This dataset
is easily downloadable5. For mining frequennt tri-concepts we
used minimum support values of ߬௨ := ߬௧ := ߬ := 2 and
measured the run-time of the implementatioons on a dual-core
Opteron system with 2 GHz and 6 GB RAM..
Performance of the proposed method w
was evaluated on
mentioned dataset and the results have beeen compared with
the Trias algorithm. We used monthly snappshots as follows:
ܨ contains alltag assignments performed on or before Dec 15,
2003, together with the involved users, taggs, and resources;
ܨଵ all tag assignments performed on or befoore Jan 15, 2004,
together with the involved users, tags, and resources; and so
on until  ܨwhich contains all tag assignments performed on or
before June 15, 2004, together with the invvolved tags, users,
and resources, Which is shown in detail in Taable 1.
TABLE I.

DETAIL OF DATASEETS

DataSet

|R|

|T|

|U|

|Y|

F0

54043

5670

588

98870

F1

65994

8290

941

131968

F2

89709

12599

1472

201935

F3

115167

16357

1843

278277

F4

146197

20970

2292

380804

F5

182125

25424

2795

493380

Proposed Method

Trias

Number of
patterns

Run time
(in seconds)

Number
N
of
patterns

Run time
(in seconds)

F0

25

0.8

25

5

F1

53

1.8

53

10

F2

129

8

129

46

F3

266

36

266

116

F4

491

113

491

315

F5

734

246

734

691

F6

1141

684

1141

1410

Joining clusters:After applying the third
d dimension and

breaking clusters, clusters containing ssame users and
resourceshaving different sets of tags may be created. This
means a group of similar users are assigned ttwo sets of tags to
the same resource. In this case, in order to mine all frequent
tri-conceps, we integrate two clusters on tagss.

PERFORMANCES OF PROPOSE
ED METHOD VS. TRIAS

unnecessary data in the
Note that through removingu
preprocessing step time consumin
ng processes have been
avoided. This step dramatically increeases the speed in creation
and inferences from the HMM. In fact, whatever the input
g step chosen larger, it
threshold values in preprocessing
identifies more non-useful data and
d reduces the size of the
input data to creation and inference of HMM, and are causes
c
In folksonomy
for runtime to be much lower, and conversely.
due to the large number of users, th
he extent of resources and
lack of restrictions on the choice of the
t tag, the more relations
are isolated. For example, by conssidering ߬௨ := ߬௧ := ߬ := 1
after discovery all frequent tri-con
ncepts more sets of three
parts (A, B, C) are in fact the samee relations in folksonomy.
But the important thing is that choosing small values as
mentioned above is not consisttent with the logic of
discovering frequent closed patternss, since the goal is to find
overlapping sets. This can be achiieved by choosing larger
values for the parameters. Howeverr, what can be stated as a
characteristic of the proposed metho
od is that the performance
of the proposed method is influeenced by the choice of
parameters. Figure 2 shows the effect
e
of chosen various
parameters.

As shown in Table 2, the number of exttracted patterns in
the proposed method is exactly equal to thhe Trias, but, the
proposed method in terms of the time is fasster and can more
effectively extract triadic frequent closed pattterns.
Figure 2. Threshold parameeters<߬௨ ,߬௧ ,߬ >
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http://www.uni-koblenz-landau.de/koblenz/fb4/
AGStaab/Research/DataSets/PINTSExperimentsDataSeets/index_html

In this test, threshold of tags an
nd resources are fixed and
the threshold of usersin each run is increased
i
by one unit. It is

clearthatby increasing the threshold for the user, execution
time is reduced.
CONCLUSIONS AND FUTURE WORK
In this paper, a method for discovering triadic frequent
closed patterns based on Hidden Markov Model in
folksonomy is presented. Existing methods are incapable of
discovering triadic frequent closed patterns or are not closely
matchedwith the scope and range of folksonomy.
Experimental results show that the proposed method is fully
capable of solvingthis problem and is quicker than similar
algorithm in the field of folksonomy called trias. Since the
main problem in discovering frequent closed patterns matter is
time, in future work, our main focus is on minimizing runtime
in solving this problem. This method can also be used on
datasets with more dimensions, such as when the user location
or time is intended. This makes it possible to obtain valuable
information on folksonomy systems. Moreover, the extracted
patterns can be well used in the recommended systems.
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