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Abstract Most of the current algorithms for mining frequent patterns assume that two
object subdescriptions are similar if they are equal, but in many real-world problems some
other ways to evaluate the similarity are used. Recently, three algorithms (ObjectMiner,
STreeDC-Miner and STreeNDC-Miner) for mining frequent patterns allowing similarity
functions different from the equality have been proposed. For searching frequent patterns,
ObjectMiner and STreeDC-Miner use a pruning property called Downward Closure property,
which should be held by the similarity function. For similarity functions that do not meet this
property, the STreeNDC-Miner algorithm was proposed. However, for searching frequent
patterns, this algorithm explores all subsets of features, which could be very expensive.
In this work, we propose a frequent similar pattern mining algorithm for similarity functions
that do not meet the Downward Closure property, which is faster than STreeNDC-Miner and
loses fewer frequent similar patterns than ObjectMiner and STreeDC-Miner. Also we show
the quality of the set of frequent similar patterns computed by our algorithm with respect
to the quality of the set of frequent similar patterns computed by the other algorithms, in a
supervised classification context.
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1 Introduction

Data Mining emerged as an important research area at the beginning of the 1990s [1].
In Data Mining, the search of frequent patterns (frequent pattern mining) is a task in which
lots of research have focused their attention. Since then, frequent pattern mining is usually the
first and most expensive step of Association Rule Mining, another well-known and widely
studied Data Mining task. Also, it is fundamental for many other data mining tasks, such as
sequential patterns [4], episodes [16], associative classification [14], subspace clustering [2],
causality [23] and partial periodicity [9]. Besides, frequent patterns describe regularities of
a dataset and they could represent very important and hidden knowledge as user’s profiles,
modus operandi of some actions, syndromes, risk factors, etc. [10,12,13,15,26].

A frequent pattern is a combination of feature values of the objects of study that appears
in a dataset with a frequency not less than a user-specified frequency threshold.

Most of the current algorithms for mining frequent patterns [8,5] assume that two object
descriptions are similar when they are equal. However, in many real-world problems, object
descriptions could be considered as similar whether they are equal or not. In those prob-
lems, the concept of similarity between object descriptions or its opposite, the concept of
dissimilarity (not necessarily a distance) is usually employed to compare objects and count
how many times an object appears in a dataset [11]. However, two real-world objects are
not always exactly the same. In addition, and as a consequence, other concepts of similarity
(not necessarily the opposite or the inverse of a distance, even not necessarily symmetric) are
frequently used in soft sciences (geology [7], medicine [18,19], sociology [22], etc.) to make
decisions. Furthermore, this concept has been employed in other areas such as information
retrieval and document analysis [20,24,25].

A frequent similar pattern [5,21] is a combination of feature values of the object of
study, such that, the accumulation of frequency of its similar patterns is no less than a user-
specified frequency threshold. For example, if we have an MP3 Player, an MP4 Player, a
Mouse and a Keyboard and the frequency threshold is 2 of 4 items, then the MP3 Player is a
frequent similar pattern because the MP4 Player includes the functionalities of the MP3
Player. Therefore the MP4 Player can be considered similar to the MP3 Player in a certain
sense. Consequently, 2 of the 4 items are similar to an MP3 Player. Notice that in this example
the similarity is not symmetric because the MP3 Player does not include all functionalities
of the MP4 Player and then, the MP4 Player is not a frequent similar pattern.

Another more complex example is the following. Given the dataset described by numer-
ical and not numerical features (Mixed Data) shown in Table 1, assuming 0.6 as frequency
threshold and using the traditional frequent pattern definition, the only frequent combination
of feature values is (Married = No), which appears 4 times in the 6 objects of the dataset.

However, if we use the frequent similar pattern definition considering that

Table 1 Example of a mixed
dataset

� Age (A) Car (C) Married (M)

O1 23 Compact No

O2 25 Big No

O3 25 Medium No

O4 29 Medium No

O5 34 Big Y es

O6 38 Fancy Y es
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Table 2 Frequent similar
patterns

Patterns Frequency

(Age = 25) 0.66

(Age = 29) 0.66

(Car = Medium) 0.83

(Car = Big) 0.83

(Married = No) 0.66

(Age = 25, Car = Medium) 0.66

(Age = 29, Car = Medium) 0.66

(Age = 25, Married = No) 0.66

(Car = Medium, Married = No) 0.66

(Age = 25, Car = Medium, Married = No) 0.66

– two ages are similar if the absolute value of their difference is at most 5 years;
– compact cars are similar to medium cars, medium cars are similar to compact cars and

big cars; big cars are similar to medium cars and fancy cars, and fancy cars are similar to
big cars.

then the frequent similar patterns in the dataset of Table 1 and their frequencies would be
those shown in Table 2.

As it can be appreciated, the use of different similarity functions (between feature values
and object descriptions) produces patterns which are hidden for algorithms that assume that
two object descriptions are similar when they are equal.

On the other hand, the cardinality of the search space for finding frequent similar patterns
is exponential with respect to the number of features used for describing objects. In order
to prune this space, a property named Downward Closure [21] has been applied. It says, in
the context of frequent similar patterns, that all superdescriptions of a non-frequent similar
pattern are also non-frequent similar patterns (Property 2.1).

For mining frequent similar patterns using Boolean (symmetric and non-symmetric) simi-
larity functions that satisfy the Downward Closure property, two algorithms ObjectMiner [6]
and STreeDC-Miner [21] have been proposed. On the other hand, for mining frequent similar
patterns using Boolean (symmetric and non-symmetric) similarity functions that do not hold
the Downward Closure property, the STreeNDC-Miner algorithm, which makes an exhaustive
search [21], has also been proposed.

In this paper, we propose a frequent similar pattern mining algorithm for Boolean similarity
functions that do not hold the Downward Closure property, which unlike STreeNDC-Miner,
prunes the search space. Additionally, the proposed algorithm finds some similar patterns
that are not obtained either by ObjectMiner or STreeDC-Miner.

The outline of this paper is as follows. Section 2 is dedicated to providing basic concepts.
In Sect. 3, related works are reviewed. Section 4 describes the proposed algorithm. Finally,
in Sects. 5 and 6, the experimental results and conclusions are exposed.

2 Basic concepts

Let � = {O1, O2, . . . , On} be a dataset. Each object is described by a set of features R =
{r1, r2, . . . , rm} and represented as a tuple (v1, v2, . . . , vm) where vi ∈ Di (Di is the domain
of ri , 1 ≤ i ≤ m). A subdescription of an object O for a subset of features S ⊆ R denoted
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as IS(O), is the description of O in terms of the features in S. O[r ] denotes the value of
O on the feature r ∈ R. Each subset of features, S ⊆ R, S �= ∅, has associated a Boolean
similarity function fS between subdescriptions of objects1 [17]. Given two subdescriptions
IS(O), IS(O ′), with O, O ′ ∈ �, fS(O, O ′) = 1 means that O is similar to O ′ with respect
to S and fS(O, O ′) = 0 means that O is not similar to O ′ with respect to S. Two examples
of Boolean similarity functions are as follows:

fS(O, O ′) =
{

1 if ∀r ∈ S|Cr (O[r ], O ′[r ]) = 1
0 otherwise

(1)

fS(O, O ′) =
{

1 if |{r∈S|Cr (O[r ],O ′[r ])=1}|
|S| ≥ α

0 otherwise
(2)

where Cr : Dr × Dr → {0, 1} is a comparison function between values of feature r . Two
examples of comparison functions are as follows:

Cr (x, y) =
{

1 if x = y
0 otherwise

(3)

Cr (x, y) =
{

1 if |x − y| ≤ ε

0 otherwise
(4)

Notice that the use of similarity function (1) with the comparison function (3) produces
the equality function. However, the use of similarity functions (1) or (2), combining the
comparison function (3) with at least one comparison function (4) setting ε �= 0, produces
similarity functions different from the equality.

Let IS(O) be a subdescription, O ∈ �, S ⊆ R, S �= ∅, and fS be a Boolean similarity
function; then the frequency of IS(O) in � for fS is defined as:

fS- f req(O) = |{O
′ ∈ � | fS(O, O ′) = 1}|

|�| (5)

A subdescription IS(O) is a fS-frequent subdescription in �, also called frequent similar
pattern, if its frequency fS- f req(O) is no less than a threshold minFreq [21].

Given a dataset �, a Boolean similarity function fS and a frequency threshold minFreq ,
the frequent similar pattern mining problem on mixed data using fS , consists in finding all
frequent similar patterns in �.

The Downward Closure property [21], in the context of frequent similar patterns, is defined
as follows:

Property 2.1 ( fS-Downward Closure) Let fS be a similarity function, then fS holds the
Downward Closure property iff for all S1, S2, O, such that, S1 ⊆ S2 ⊆ R, S1 �= ∅, O ∈ �:

[ fS1 - f req(O) < minFreq] ⇒ [ fS2 - f req(O) < minFreq]
As we mentioned before, the fS-Downward Closure property has been used for pruning

the search space during the frequent similar pattern mining. However, not all similarity func-
tions hold this property. For example, the similarity function (2) with α �= 1 and using the
comparison function (3) does not hold the fS-Downward Closure property.

We say that a similarity function fS is non-increasing with respect to the cardinality of S
iff for all S1 ⊆ S2 ⊆ R, S1 �= ∅, O, O ′ ∈ � fS1(O, O ′) ≥ fS2(O, O ′). Based on this we
have:

1 fS(O, O ′) denotes the similarity between O and O ′ using their subdescriptions IS(O) and IS(O ′).
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Proposition 2.1 If fS is a non-increasing similarity function with respect to the cardinality
of S, then fS holds the fS-Downward Closure property.

Proof If for all S1, S2, O, O ′ such that S1 ⊆ S2 ⊆ R, S1 �= ∅, O, O ′ ∈ �, fS1(O, O ′) ≥
fS2(O, O ′) then:

|{O ′ ∈ � | fS1(O, O ′) = 1}| ≥ |{O ′ ∈ � | fS2(O, O ′) = 1}|
|{O ′ ∈ � | fS1(O, O ′) = 1}|

|�| ≥ |{O
′ ∈ � | fS2(O, O ′) = 1}|

|�|
fS1 - f req(O) ≥ fS2 - f req(O)

�
A subdescription IS(O) is considered a fS-interesting pattern if IS(O) is a fS-frequent

subdescription or it contributes to the frequency of a fS-frequent subdescription IS(O ′) (i.e.,
fS(O ′, O) = 1).

Notice that if fS holds the fS-Downward Closure property and IS(O) is a non
fS-interesting pattern, then all superdescriptions of IS(O) are non fS-interesting patterns
too. Therefore, IS(O) and all its superdescriptions should not be considered for computing
the frequency of frequent similar patterns. On the other hand, if fS holds the fS-Downward
Closure property, but IS(O) is a fS-interesting pattern, then its superdescriptions can con-
tribute to the frequency of other patterns.

Two related processes for building frequent similar pattern candidates are the combination
and expansion procedures. The combination procedure consists in obtaining a subdescription
with k+1 features from two subdescriptions with k features, such that they share k−1 feature
values. The expansion procedure consists in obtaining a subdescription with k + 1 features
from one subdescription with k features, by adding a feature value, such that the added feature
is posterior to all features of the subset of features, taking into account a predefined order in
the set of features R.

3 Related works

As we mentioned in the introduction, there are three algorithms for mining frequent
similar patterns, all of them for Boolean similarity functions. ObjectMiner [6] and
STreeDC-Miner [21] assume that the similarity function holds the Downward Closure prop-
erty; and STreeNDC-Miner [21] does not assume it.

ObjectMiner was inspired in the Apriori Algorithm [3]. It works following a breadth
first search strategy: first, for each feature, all the frequent similar values (frequent similar
subdescriptions with only one feature), are determined. Afterward, for each pair (Pi , Pj ) of
frequent similar subdescriptions with k − 1 features, found in the iteration k − 1, such that
Pi and Pj have a common subdescription with k − 2 features, they are combined in order to
create a new candidate subdescription with k features (see Fig. 1). In this step, for each pair
(Pi , Pj ) of frequent similar subdescriptions with k−1 features and a common subdescription
with k − 2 features, the next process is done:

– The combination P∗ from Pi and Pj is obtained.
– The set of candidates to be similar to P∗ is obtained by means of intersecting the set of

subdescriptions similar to Pi and the set of subdescriptions similar to Pj .
– From these candidates, the set of subdescriptions similar to P∗ is obtained.
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Fig. 1 Combination of subdescriptions with k − 1 features into subdescriptions with k features

– The frequency of P∗ is computed.
– If the frequency of P∗ is equal or greater than minFreq then P∗ is a frequent similar

subdescription.

This process finishes when a step does not produce any frequent similar subdescription
with k features.

The main weakness of ObjectMiner is that although descriptions or subdescriptions of
objects are usually repeated in the datasets, it does not use this fact in order to reduce the
number of operations on subsequent steps. For this reason, the similarity between repetitions
of the same subdescription are computed, causing an additional and unnecessary computa-
tional effort. Also storing the set of similar subdescriptions (including its repetitions) for each
frequent subdescription affects ObjectMiner when it processes datasets with many objects.

STreeDC-Miner was focused on solving the main weakness of ObjectMiner. In order to
do that STreeDC-Miner assumes an order between the features that describe the objects,
and works following a depth first search strategy: first, it determines all the frequent similar
values for each feature. In order to search for the frequent similar values for each feature
(in general, the frequent similar patterns for a set of features S), the feature values are added
to a structure called ST ree, in which equal subdescriptions are grouped. Thus, for computing
the similarity between subdescriptions, only one subdescription for each group is considered,
which reduces the number of similarity function evaluations. Afterward, through a recursive
procedure, the frequent similar patterns obtained for each subset of features are expanded to
frequent similar pattern candidates by adding a feature value, such that the added feature is
posterior to all features of the subset of features, taking into account the feature order. The
frequent similar pattern candidates and the expansions of the non- frequent similar patterns
that are interesting patterns, are added to a ST ree structure. Their similarities are computed
from the similarities of the subdescriptions they come from. Thus, in the similarity computa-
tion, the similarity between two subdescriptions are only computed if the patterns they come
from are similar. Also the frequency of all frequent similar pattern candidates is computed.

The structure called ST ree (Fig. 2), is a tree in which each path from the root to a leaf
represents a subdescription P . Each leaf contains: P.objs, the list of objects having the same
subdescription that P; P.similars, the list of subdescriptions to which P is similar; P.c=,
the number of occurrences of the subdescription P in the dataset (length of P.objs); and
P.c≈ the number of subdescriptions, which are similar to P , in the dataset (if the similarity
function is symmetric then P.c≈ = |P.similars|).

STreeDC-Miner, unlike ObjectMiner, reduces the number of times the similarity func-
tion is evaluated for repetitions of the same subdescription and it needs less memory than
ObjectMiner. Nevertheless, both STreeDC-Miner and ObjectMiner, assume that the simi-
larity function holds the Downward Closure property. For this reason, when the similarity
function does not hold the Downward Closure property, both algorithms improperly prune
the search space and lose many frequent similar patterns.

For mining frequent similar patterns, using Boolean similarity functions that do not
hold the Downward Closure property, the STreeNDC-Miner [21] algorithm was proposed.
STreeNDC-Miner does not prune the search space, it finds the similar frequent patterns for
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Fig. 2 Example of ST ree{r1,r2,r3} for the dataset � = {O1, O2, O3, O4, O5}, the similarity function (2)
with α = 0.5 and the comparison function (3) for each feature

all S ⊆ R, S �= ∅. However, the computational effort for searching frequent similar patterns
is reduced using a top down strategy together with the ST ree structure.

STreeNDC-Miner, like STreeDC-Miner, assumes an order among the features that describe
the objects, and follows a depth first search strategy. But, unlike STreeDC-Miner, in order
to search for frequent similar patterns, all reductions of R, by means of consecutive direct
reductions, are obtained, where a direct reduction of a subset of features consists in removing
a feature, such that the removed feature is posterior to all features already removed.

First, all objects are added to a ST ree structure; their similarities and their frequencies
are computed; and frequent similar patterns involving all the features are obtained. Later, for
each reduced subset of R, the subdescriptions stored in the ST ree structure corresponding to
the subset from which the reduced subset comes from, are added to a new ST ree structure,
their similarities and their frequencies are computed; and the frequent similar patterns for the
reduction are obtained too. As a consequence of the top down strategy, if two subdescriptions
are equal for a subset of features S, then they are added to the ST ree structure. Also, in the
similarity computation, like STreeDC-Miner, only one subdescription by group is considered,
which reduces the number of similarity function evaluations.

The main weakness of STreeNDC-Miner is that it does an exhaustive search of frequent
similar patterns, which requires runtimes longer than the previous algorithms.

4 RP-Miner algorithm

If a similarity function fulfills the fS-Downward Closure property, then combinations (on
ObjectMiner) or expansions (on STreeDC-Miner) of non fS-frequent subdescriptions for find-
ing fS-frequent subdescriptions have no sense. Therefore, the search space can be pruned.
However, when the fS-Downward Closure property is not held, then some superdescrip-
tions of non- fS-frequent subdescriptions could be fS-frequent subdescriptions. To face
this problem, we introduce a new algorithm that unlike ObjectMiner, which only combines
fS-frequent subdescriptions, and STreeDC-Miner, which adds to a fS-frequent subdescrip-
tion any other feature values following a predefined order; adds to a fS-frequent subdescrip-
tion any other feature value (without order), while the obtained subdescription has not been
previously analyzed.

In Fig. 3, a dataset � = {O1, O2, O3, O4, O5}, the search space for this dataset and the
frequency fS- f req of each subdescription, are showed. In order to compute fS- f req , the
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Fig. 3 Search space for the dataset � = {O1, O2, O3, O4, O5}

similarity function (2) with α = 0.5 (that does not hold the fS-Downward Closure property),
and the comparison function (3) for each feature, were used. Considering minFreq = 0.8, in
Fig. 3 the non-frequent similar patterns appear in black cells and the frequent similar patterns
appear in white cells. For each frequent similar pattern IS(O), the color of the cell, in which
its fS- f req value appears represents:

White. All subdescriptions IS′(O), such that S′ ⊂ S, are frequent similar patterns too.
Light Gray. Not all subdescriptions IS′(O), such that S′ ⊂ S, are frequent similar patterns,

but there is at least one frequent similar pattern IS′(O), such that S′ ⊂ S, |S′| =
|S| − 1.

Dark Gray. Neither all subdescriptions IS′(O), such that S′ ⊂ S, are frequent similar pat-
terns nor there is at least a frequent similar pattern IS′(O), such that S′ ⊂
S, |S′| = |S| − 1.

In this example, there are only 3 frequent similar patterns with white frequency cells, and
there are 19 frequent similar patterns with light gray frequency cells and only one frequent
similar pattern, with dark gray frequency cell.

The algorithms that explore and prune the search space using the fS-Downward Closure
property (ObjectMiner and STreeDC-Miner) would only find those frequent similar patterns
with white frequency cells. On the other hand, since the non- frequent similar patterns that
are fS-interesting patterns are not pruned, STreeDC-Miner would find some of the frequent
similar patterns with light gray frequency cells.

On the other hand, for each frequent similar pattern IS(O) with light gray frequency
cell, there is at least one sequence S1, S2, . . . , Sk , such that Sk = S; for all i < k, Si ⊂
Si+1; |Si+1| = |Si | + 1; and ISi (O) is a frequent similar pattern with white or light gray
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frequency cell. Therefore, each frequent similar pattern IS(O) can be constructed by expand-
ing another frequent similar pattern IS′(O), such that S′ ⊆ S and |S′| = |S| − 1, by adding
one feature value.

4.1 Relaxed prune

In this section, we introduce a new expansion process for searching frequent similar patterns,
starting from the frequent similar patterns with just one feature. The expanded patterns of
each similar pattern IS(O) are obtained adding a feature r ∈ R to S.

Obviously, there could exist more than one sequence S1, S2, . . . , Sk for building a pattern
ISk (O). Therefore, each pattern could be obtained by the expansion of several frequent sim-
ilar patterns. For example, in Fig. 3, pattern (a, -, 0, ♦) can be obtained by expanding the
patterns (-, 0, ♦), (a, 0, ♦), (a, -, ♦), and (a, -, 0).

However, if an expanded pattern has already been analyzed (to verify if it is a frequent sim-
ilar pattern), and it is obtained again through another way, then it would be neither analyzed
again nor expanded. Only, expanded patterns, that have not been analyzed, are considered as
candidates to be frequent similar patterns.

In this process, the similarity between two expanded patterns is only computed if the
patterns they were obtained from are similar.

The expansion process for the example of Fig. 3 is showed in Fig. 4. As it can be seen,
none of the non-frequent similar patterns were expanded. However, each expansion IŜ(O)

of a non-frequent similar pattern IS(O) can be obtained through another way, if there is at
least a frequent similar pattern IS′(O) such that S′ ⊂ Ŝ and |S′| + 1 = |Ŝ|. For example, the
non-frequent similar pattern (a) is not expanded, but its expansion (a, -) is obtained when
the frequent similar pattern (-) is expanded.

Following the expansion process described before, unlike ObjectMiner and STreeDC-
Miner which prune all non-frequent similar patterns, only the non-frequent similar patterns
IS(O) where there is no sequence S1, S2, . . . , Sk , such that Sk = S; for all i < k, Si ⊂
Si+1; |Si+1| = |Si | + 1; and ISi (O) is a frequent similar pattern, are pruned. We call this
procedure Relaxed Prune.

4.2 Proposed algorithm

In this section, we introduce a new algorithm for mining frequent similar patterns using a
similarity function that does not hold the Downward Closure property based on the relaxed
prune introduced in Sect. 4.1. We call this algorithm RP-Miner (Algorithm 1).

The idea of this algorithm is the following: First, all single frequent similar feature values
are calculated. Then, each obtained frequent similar pattern is successively expanded while
it has not been previously analyzed.

At the beginning, the set of analyzed patterns (W ), the set of frequent similar patterns
( f requents), and the expanded set of features (Ŝ) are empty sets; and ST reeS is null.

In order to search for the frequent similar patterns from each Ŝ, we use an ST reeŜ
structure.

According to the size of Ŝ, we distinguish three cases:

1. Ŝ = ∅. The algorithm is recursively called for each r ∈ R (lines 27–29)
2. |Ŝ| = 1. All the objects in � are added to ST reeŜ (lines 4–7). After that,

the similarities between all subdescriptions in ST reeŜ are computed, and for each
subdescription P , the list P.similars is updated (lines 8–10). Later, for each
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Fig. 4 Expansion process for mining frequent similar patterns on the dataset showed in Fig. 3

subdescription P in ST reeŜ, P.c≈ is computed; the frequent similar patterns in
ST reeŜ are also computed and the set of frequent similar patterns is updated (lines
22–26). Finally, if the set of frequent similar patterns in ST reeŜ is not empty,

the algorithm is recursively called for adding each r ∈ R to Ŝ (lines 27–29)
3. |Ŝ| > 1. For each fS-interesting pattern P in ST reeS , the objects in P.objs,

which have not been analyzed, are added to ST reeŜ and they are added to the set
of analyzed patterns (lines 12–18). After that, only the similarity values between
all subdescriptions in ST reeŜ , such that their similarities regarding S are dif-
ferent from zero, are computed. For each subdescription P , the list P.similars
is updated (lines 19–21). This reduces the number of similarity function evalua-
tions. Later, for each subdescription P in ST reeŜ, P.c≈ is computed; the frequent
similar patterns in ST reeŜ are also computed; and the set of frequent similar
patterns is updated (lines 22–26). Finally, if the set of frequent similar patterns
in ST reeŜ is not empty, the algorithm is recursively called for adding each r ∈ R to Ŝ
(lines 27–29).
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Algorithm 1: R P-Miner(ST reeS, Ŝ)

1 if Ŝ �= ∅ then
2 ST reeŜ ←empty ST ree structure

3 if |Ŝ| = 1 then
4 foreach O ∈ � do
5 if ¬ST reeŜ .contain(IŜ(O)) then
6 ST reeŜ .add(O)

7 ST reeŜ .IŜ(O).c= ← ST reeŜ .IŜ(O).c= + 1

8 foreach P, P ′ ∈ ST reeŜ do
9 if f Ŝ(P, P ′) = 1 then

10 P ′.similars ← P ′.similars ∪ P

11 else
12 foreach P ∈ ST reeS such that P is fS-interesting do
13 foreach O ∈ P.objs do
14 if IŜ(O) �∈ W then
15 if ¬ST reeŜ .contain(IŜ(O)) then
16 ST reeŜ .add(O)

17 W ← W ∪ IŜ(O)

18 ST reeŜ .IŜ(O).c= ← ST reeŜ .IŜ(O).c= + 1

19 foreach P, P ′ ∈ ST reeŜ such that IS(P) ∈ IS(P ′).similars do
20 if f Ŝ(P, P ′) = 1 then
21 P ′.similars ← P ′.similars ∪ P

22 foreach P ∈ ST reeŜ do
23 foreach P ′ ∈ P.similars such that P ′ �= P do
24 P ′.c≈ ← P ′.c≈ + P.c=
25 local Frequents ← {P ∈ ST reeŜ : P.c= + P.c≈ ≥ minFreq}
26 f requents ← f requents ∪ local Frequents

27 if Ŝ = ∅ or local Frequents �= ∅ then
28 foreach r ∈ R − Ŝ do
29 R P-Miner(ST reeŜ , Ŝ ∪ {r})

5 Experimental results

In this section, we compare the proposed algorithm RP-Miner (RPM) against ObjectMin-
er (ObjMiner), STreeDC-Miner (STDC), and STreeNDC-Miner (STNDC) algorithms. We
divided the experimental results in two sections. In the first section, a comparison in terms
of the time needed to mine the frequent similar patterns and the number of frequent similar
patterns mined by each algorithm was done. In the second section, we compare the quality
of the set of frequent similar patterns obtained by each algorithm.

5.1 Efficiency and effectiveness of the algorithms

Since the frequent similar pattern mining problem consists in finding all frequent similar
patterns, the effectiveness of an algorithm for frequent pattern mining is measured as the
number of frequent similar patterns mined by it, whereas the efficiency is measured as the
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Table 3 Description of the datasets used in the experiments

Dataset Objects Numerical features Non numerical features

Car Evaluation 1728 2 5

Contraceptive Method Choice 1473 2 8

Census 32561 3 9

Poker Hand 1000000 5 6

Fig. 5 Runtime for a Car Evaluation and b Contraceptive Method Choice

runtime spent for mining the frequent similar patterns. Additionally, some other measures
like the number of similarity evaluations, as well as the ratio between the number of frequent
similar patterns and the runtime, are also used. The comparison using each measure was
done for different values of the minFreq threshold. Table 3 gives a description of the data-
sets2 used in our experiments. We consider that Car Evaluation and Contraceptive Method
Choice datasets are not large datasets, but Census and Poker Hand are large datasets. First,
we describe the results for non-large datasets and later for large datasets.

For the experiments, we used the similarity function (2) with α = 0.7 for all datasets,
which does not satisfy the fS-Downward Closure property.

For Car Evaluation, we used the comparison function (4) with ε = 2 for features Doors
and Persons, respectively; and for the remaining features, we used the function (3). For Con-
traceptive Method Choice and Census, we used the comparison function (4) with ε = 5 for
feature Age and for the remaining features we used the function (3). For Poker Hand, we
used the comparison function (3) for all features.

In Fig. 5a, b, the runtime of the algorithms for Car Evaluation and Contraceptive Method
Choice are shown.

As we expected, in both datasets, the runtime of RP-Miner was longer than the runtime of
STreeDC-Miner and ObjectMiner but it was shorter than the runtime of STreeNDC-Miner.
This is a consequence of the number of frequent similar patterns found (see Fig. 7a, b) by
RP-Miner and the number of similarity function evaluations computed (see Fig. 6a, b) by
RP-Miner.

The number of frequent similar patterns found for Car Evaluation and Contraceptive
Method Choice are shown in Fig. 7a, b. It is worthwhile to underline that STreeNDC-Miner
finds all frequent similar patterns, while ObjectMiner and STreeDC-Miner, which assume
that fS fulfills the fS-Downward Closure property, can do not find all frequent similar pat-
terns. Also RP-Miner can does not find all frequent similar patterns. However, the use of the

2 http://archive.ics.uci.edu/ml/datasets.html.
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Fig. 6 Number of similarity function evaluations for a Car Evaluation and b Contraceptive Method Choice

Fig. 7 Number of frequent similar patterns for a Car Evaluation and b Contraceptive Method Choice

relaxed prune allows RP-Miner to find many frequent similar patterns that ObjectMiner and
STreeDC-Miner miss.

Notice that, in Car Evaluation for minFreq = 0.02, respect to the frequent similar pat-
terns obtained by STreeNDC-Miner, ObjectMiner lost up to 14,168 (70.64%) frequent sim-
ilar patterns and STreeDC-Miner lost up to 3,805 (18.97%) frequent similar patterns, while
RP-Miner lost fewer frequent similar patterns (3,279, 16.35%) (see Fig. 7a). For the other
values of minFreq , the number of frequent similar patterns lost by the algorithms is less,
however, RP-Miner always lost fewer frequent similar patterns than ObjectMiner and
STreeDC-Miner.

Analogously, in Contraceptive Method Choice for minFreq = 0.02, compared to the
frequent similar patterns obtained by STreeNDC-Miner, ObjectMiner lost up to 412,977
(91.27%) frequent similar patterns and STreeDC-Miner lost up to 278,031 (61.45%) frequent
similar patterns, while RP-Miner lost fewer frequent similar patterns ( 263,197, 58.17%) (see
Fig. 7b). For the other values of minFreq , the number of frequent similar patterns lost by
the algorithms is also less, however, RP-Miner always lost fewer frequent similar patterns
than ObjectMiner and STreeDC-Miner.

Another relevant point is that, in both datasets Car Evaluation and Contraceptive Method
Choice, the ratio between the number of frequent similar patterns and the runtime for our
algorithm was greater (up to 1.6 and 3.1 times, respectively for minFreq = 0.02) than the
ratio for STreeNDC-Miner (see Fig. 8a, b). In addition, our algorithm sometimes obtained
values for this measure greater than those obtained by ObjectMiner.

The number of frequent similar patterns found for the large datasets Poker Hand and Cen-
sus, are shown in Fig. 9a, b. These datasets contain much more objects than Car Evaluation
and Contraceptive Method Choice. Although STreeNDC-Miner is the most effective algo-
rithm (since it can find all frequent similar patterns), it is very slow because it performs an
exhaustive search of frequent similar patterns. It is important to highlight that for Poker Hand
and Census datasets using (minFreq = 0.02) STreeNDC-Miner was unable to finish after
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Fig. 8 Ratio between the number of frequent similar patterns and the runtime for a Car Evaluation and
b Contraceptive Method Choice

Fig. 9 Number of frequent similar patterns for a Poker Hand and b Census

Fig. 10 Runtime for a Poker Hand and b Census

Fig. 11 Number of similarity function evaluations for a Poker Hand and b Census

10 days. For this reason, the STreeNDC-Miner results were not plotted and not compared
with the other algorithms.

As in the previous datasets, in Poker Hand and Census, the runtime of RP-Miner was
longer than the runtime of ObjectMiner and STreeDC-Miner (see Fig. 10a, b). Furthermore,
this is a consequence of the number of frequent similar patterns found (see Fig. 9a, b) and
the number of similarity function evaluations computed (see Fig. 11a, b) by RP-Miner.
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Fig. 12 Ratio between the number of frequent similar patterns and the runtime for a Poker Hand and b Census

However, in these datasets, the number of frequent similar patterns (see Fig. 9a, b) obtained
by RP-Miner and lost by ObjectMiner and STreeDC-Miner was much bigger than the ones
lost in the previous datasets.

It can be noticed that ObjectMiner and STreeDC-Miner lost more frequent similar pat-
terns compared to the frequent similar patterns obtained by RP-Miner in Poker Hand for
minFreq = 0.02 (see Fig. 9a). For the other values of minFreq , in this database the num-
ber of frequent similar patterns found by the algorithms was similar. Nevertheless, RP-Miner
always lost fewer or the same frequent similar patterns than ObjectMiner and STreeDC-Miner.

Analogously, ObjectMiner and STreeDC-Miner lost more frequent similar patterns with
respect to the frequent similar patterns obtained by RP-Miner in Census for minFreq = 0.02
(see Fig. 9b). For the other values of minFreq , like in previous dataset, the number of fre-
quent similar patterns found by the algorithms was similar, and RP-Miner always lost fewer
or the same frequent similar patterns than ObjectMiner and STreeDC-Miner.

In addition, in both datasets, the ratio between the number of frequent similar patterns
and the runtime for our algorithm was sometimes greater than the ratio for ObjectMiner
(Fig. 12a, b).

Based on these experiments, we can affirm that our algorithm is more efficient that
STreeNDC-Miner and more effective than ObjectMiner and STreeDC-Miner.

Concerning the minFreq threshold, we can see that for all the datasets when the
minFreq increases, the number of frequent similar patterns obtained by all the algo-
rithms decreases, or remains equal (see Figs. 7, 9). Besides, small values of minFreq favor
RP-Miner if compared against ObjectMiner and STreeDC-Miner. Additionally, for Object-
Miner, STreeDC-Miner and RP-Miner, due to the prune, the number of candidates to frequent
similar patterns and the number of similarity function evaluations tend to decrease when the
minFreq value increases, while for STreeNDC-Miner, due to the exhaustive search, the
number of candidates to frequent similar patterns and the number of similarity function
evaluations tend to remain similar when the minFreq value increases.

5.2 Quality of the set of frequent similar patterns

Although the proposed algorithm (RP-Miner) obtains more frequent similar patterns than
ObjectMiner and STreeDC-Miner, obtaining a bigger set of frequent similar patterns does
not necessarily imply that this set is better. For this reason, in this section, we compare the
quality of the set of frequent similar patterns obtained by each algorithm as the accuracy
that a supervised classifier based on frequent similar patterns reaches when it uses this set of
frequent similar patterns to classify unseen objects.
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For this experiment, we used a simple supervised classifier based on frequent similar
patterns, which in the training phase obtains the set of frequent similar patterns from each
class and removes all the frequent similar patterns that appear in more than one class in order
to keep only patterns that represent objects from a single class. In the classification phase,
each object of the testing dataset is classified under the class where there are more frequent
similar patterns similar to its subdescriptions. The accuracy is measured as the percentage of
objects classified correctly.

For each dataset and for each value for the parameter minFreq , we repeated 10 times
the experiment randomly selecting 50% of the dataset for training and using the remaining
objects for testing. Since STreeNDC-Miner is not a feasible algorithm for large datasets, it is
not used in this experiment for datasets Poker Hand and Census. Additionally to the datasets
Car Evaluation and Contraceptive Method Choice, we included the no large datasets Iris and
Diabetes, which have 150 and 768 objects and 4 and 8 numerical features, respectively.

For each dataset and for all the algorithms used for mining frequent similar patterns, the
classification was done testing different values of the minFreq threshold from minFreq =
0.10 until minFreq = 0.20 with steps of 0.01. In Tables 4 and 5, we show the accuracies
achieved.

In the majority of these tests, the accuracy of the set of frequent similar patterns obtained
with RP-Miner was better than the accuracy obtained by those patterns obtained through
STreeDC-Miner and ObjectMiner respectively.

The last column in Tables 4 and 5 (EQ-STDC) contains the result of the STreeDC-Miner
algorithm using the equality function as similarity function. From this column, it can be seen
that using the equality function, as in the classical approach for frequent pattern mining, the
classification accuracy obtained by the set of frequent patterns is usually lower than the clas-
sification accuracy obtained by the set of frequent similar patterns obtained using similarity
functions different from the equality.

Regardless of the low accuracies in our experiments, in general, the classification accu-
racy reached through the frequent similar patterns found by our algorithm is better than the
classification accuracy reached through the frequent similar patterns found by ObjectMiner,
STreeDC-Miner and the classical approach. In fact, the best accuracies (gray cells in Tables 4,
5) for each dataset was achieved by our algorithm. Notice that the set of frequent similar pat-
terns found by RP-Miner is a superset of the frequent similar patterns found by ObjectMiner
and STreeDC-Miner. For this reason, we can affirm that the frequent similar patterns lost
by ObjectMiner and STreeDC-Miner affect the classification accuracy, whereas those other
additional patterns obtained by RP-Miner contribute to get better accuracies.

6 Conclusions

In this paper, we focused our attention on the problem of mining frequent similar patterns
for Boolean similarity functions that do not satisfy the fS-Downward Closure property.
A Relaxed Prune for this kind of functions and a novel algorithm based on this new prune
were proposed.

The experimental results have shown that the proposed algorithm, (RP-Miner), is more
efficient than the STreeNDC-Miner algorithm and more effective than the STreeDC-Miner
and ObjectMiner algorithms. Additionally, the quality of the set of frequent similar patterns
found by RP-Miner was measured by means of a supervised classifier. From the experiments,
we concluded that, in general, the proposed algorithm obtains better frequent similar patterns
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Table 4 Accuracy of the sets of frequent similar patterns for Car Evaluation, Contraceptive Method Choice,
Iris, Diabetes

Dataset minFreq ObjMiner STDC STNDC RP-Miner EQ-STDC

0.10 64.86 65.96 51.01 66.27 65.43

0.11 64.86 65.96 51.01 66.27 65.43

0.12 64.86 65.96 51.01 66.27 65.43

0.13 60.52 61.01 38.91 60.94 60.14

0.14 60.52 61.01 38.91 60.94 60.14

Car Evaluation 0.15 60.52 61.01 38.91 60.94 60.14

0.16 55.59 56.08 31.31 56.23 55.65

0.17 55.59 56.08 31.31 56.23 55.65

0.18 55.59 56.08 31.31 56.23 55.65

0.19 55.39 55.77 28.61 55.71 55.39

0.20 55.39 55.77 28.61 55.71 55.39

Max accuracies 64.86 65.96 51.01 66.27 65.43

0.10 41.12 40.93 38.41 41.01 35.15

0.11 41.36 41.29 37.19 40.84 34.79

0.12 41.05 40.99 37.27 41.49 33.76

0.13 41.02 40.69 35.70 39.98 33.23

0.14 40.96 40.73 35.03 39.94 30.96

Contraceptive Method Choice 0.15 40.67 40.67 34.57 40.37 30.32

0.16 40.76 40.34 34.08 40.25 29.65

0.17 39.74 39.14 33.33 39.92 28.34

0.18 40.36 39.58 33.02 40.27 28.63

0.19 40.48 39.04 32.14 40.49 30.28

0.20 41.03 39.41 32.14 40.37 30.23

Max accuracies 41.36 41.29 38.41 41.49 35.15

0.10 92.93 93.33 93.33 93.47 66.52

0.11 92.93 93.33 93.33 93.47 66.22

0.12 92.93 93.33 93.33 93.47 65.74

0.13 91.60 91.87 92.00 92.00 65.22

0.14 91.60 91.87 92.00 92.00 65.19

Iris 0.15 91.60 91.87 92.00 92.00 64.55

0.16 91.60 91.87 92.00 92.00 64.56

0.17 89.87 90.00 90.40 90.23 63.91

0.18 89.87 90.00 90.40 90.23 63.65

0.19 89.87 90.00 90.40 90.23 63.86

0.20 89.87 90.00 90.40 90.23 63.83

Max accuracies 92.93 93.33 93.33 93.47 66.52

0.10 66.88 67.04 63.42 63.94 30.82

0.11 66.66 66.58 63.28 63.86 28.80

0.12 65.56 65.60 62.86 63.40 26.88

0.13 66.12 65.90 63.20 63.50 26.04

0.14 66.00 65.96 62.90 63.46 26.12

Diabetes 0.15 64.08 63.88 62.10 63.59 24.34
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Table 4 continued

Dataset minFreq ObjMiner STDC STNDC RP-Miner EQ-STDC

0.16 64.26 64.30 62.12 64.20 23.28

0.17 64.46 64.48 62.28 65.08 22.26

0.18 65.78 65.86 62.72 66.17 15.48

0.19 66.68 66.64 63.66 66.80 14.30

0.20 66.80 66.84 64.32 67.14 12.70

Max accuracies 66.88 67.04 64.32 67.14 30.82

Table 5 Accuracy of the sets of frequent similar patterns for Poker Hand and Census

Dataset minFreq ObjMiner STDC RP-Miner EQ-STDC

0.10 9.40 9.40 19.30 9.40

0.11 8.18 8.18 18.43 8.18

0.12 7.35 7.35 15.76 7.35

0.13 8.91 8.91 14.97 8.91

0.14 9.97 9.97 14.60 9.97

Poker Hand 0.15 12.79 12.79 14.33 12.79

0.16 13.66 13.66 14.31 13.66

0.17 14.16 14.16 14.28 14.16

0.18 13.96 13.96 13.96 13.96

0.19 13.96 13.96 13.96 13.96

0.20 12.18 12.18 12.18 12.18

Max accuracies 14.16 14.16 19.30 14.16

0.10 70, 20 72, 13 73, 47 70, 80

0.11 70, 07 71, 33 73, 07 71, 40

0.12 70, 07 71, 33 73, 07 71, 40

0.13 69, 60 70, 80 72, 67 70, 87

0.14 68, 47 70, 07 72, 60 70, 53

Census 0.15 66, 87 69, 73 72, 00 69, 80

0.16 66, 87 69, 73 72, 00 69, 80

0.17 66, 67 68, 07 71, 67 69, 60

0.18 65, 00 67, 07 70, 40 69, 47

0.19 63, 60 66, 40 70, 13 70, 87

0.20 63, 60 66, 40 70, 13 70, 87

Max accuracies 70, 20 72, 13 73, 47 71, 40

than those obtained by STreeDC-Miner, ObjectMiner, STreeNDC-Miner, and the classical
approach.

In future works, reducing the set of frequent similar patterns mined without losing informa-
tion would be an interesting and imperative research direction. Another interesting research
direction is mining frequent similar patterns for non-Boolean similarity functions.

123



RP-Miner: a relaxed prune algorithm for frequent similar pattern mining 469

Acknowledgments This work is partly supported by the National Council of Science and Technology of
Mexico under the project CB-2008-01-106443 and grant 32086. The authors would like to thank the anony-
mous reviewers for their valuable suggestions and comments.

References

1. Agrawal R, Imielinski T, Swami A (1993) Mining association rules between sets of items in large
databases. In: Proceedings of the 1993 ACM SIGMOD international conference on management of
data, pp 207–216

2. Agrawal R, Gehrke J, Gunopulos D, Raghavan P (1998) Automatic subspace clustering of high dimen-
sional data for data mining applications. In: Proceedings of the 1998 ACM-SIGMOD international con-
ference management of data, pp 94–105

3. Agrawal R, Srikant R (1994) Fast algorithms for mining association rules in large databases. In: Proceed-
ings of the 20th international conference on very large data bases, pp 487–499

4. Agrawal R, Srikant R (1995) Mining sequential patterns. In: Proceedings of the 1995 international con-
ference on data engineering, pp 3–14

5. Cheng J, Ke Y, Ng W (2008) A survey on algorithms for mining frequent itemsets over data streams.
Knowl Inf Syst 16:1–27

6. Dánger R, Ruiz-Shulcloper J, Berlanga R (2004) Objectminer: a new approach for mining complex objects.
In: Proceedings of the sixth international conference on enterprise information systems, pp 42–47

7. Gómez J, Rodríguez O, Valladares S, Ruiz-Shulcloper J et al (1994) Prognostic of gas-oil deposits in the
Cuban Ophiological Association. Applying mathematical modeling. Geophys Int 33:447–467

8. Han J, Cheng H, Xin D, Yan X (2007) Frequent pattern mining: current status and future directions. Data
Min Knowl Discov 15:55–86

9. Han J, Dong G, Yin Y (1999) Efficient mining of partial periodic patterns in time series database.
In: Proceedings of the 1999 international conference data on engineering, pp 106–115

10. Iváncsy R, Vajk I (2006) Frequent pattern mining in web log data. Acta Polytechnica Hungarica. J Appl
Sci Bp 1:77–90

11. Kelil A, Wang S, Jiang Q, Brzezinski R (2009) A general measure of similarity for categorical sequences.
Knowl Inf Syst. doi:10.1007/s10115-009-0237-8

12. LaRosa C, Xiong L, Mandelberg K (2008) Frequent pattern mining for kernel trace data. In: Proceedings
of the 2008 ACM symposium on applied computing, pp 880–885

13. Li J, Fu AW, Fahey P (2009) Efficient discovery of risk patterns in medical data. Artif Intell Med 45:77–89
14. Liu B, Hsu W, Ma Y (1998) Integrating classification and association rule mining. In: Proceedings of the

1998 international conference on knowledge discovery and data mining, pp 80–86
15. Lopez FJ, Blanco A, Garcia F, Cano C, Marin A (2008) Fuzzy association rules for biological data

analysis: a case study on yeast. BMC Bioinform 9:107
16. Mannila H, Toivonen H, Verkamo AI (1997) Discovery of frequent episodes in event sequences. Data

Min Knowl Discov 1:259–289
17. Martínez-Trinidad JF, Ruiz-Shulcloper J, Lazo-Cortés MS (2000) Structuralization of universes. Fuzzy

Sets Syst 112:485–500
18. Ortiz-Posadas MR, Vega-Alvarado L, Toni B (2004) A similarity function to evaluate the orthodontic

condition in patients with cleft lip and palate. Med Hypotheses 63:35–41
19. Ortiz-Posadas MR, Vega-Alvarado L, Toni B (2009) A mathematical function to evaluate surgical com-

plexity of cleft lip and palate. Comput Methods Prog Biomed 94:232–238
20. Quan X, Liu G, Lu Z, Ni X, Wenyin L (2009) Short text similarity based on probabilistic topics. Knowl

Inf Syst. doi:10.1007/s10115-009-0250-y
21. Rodríguez-González AY, Martínez-Trinidad JF, Carrasco-Ochoa JA, Ruiz-Shulcloper J (2008) Mining

frequent similar patterns on mixed data. In: Ruiz-Shulcloper J, Kropatsch W (ed) Progress in pattern
recognition, image analysis and applications, LNCS 5197, Springer, Berlin, pp 136–144

22. Ruiz-Shulcloper J, Fuentes-Rodrguez A (1981) A cybernetic model to analyze juvenile delinquency.
Revista Ciencias Matemáticas 2:123–153

23. Silverstein C, Brin S, Motwani R, Ullman J (1998) Scalable techniques for mining causal structures.
In: Proceedings of the 1998 international conference on very large data bases, pp 594–605

24. Wan X (2006) Beyond topical similarity: a structural similarity measure for retrieving highly similar
documents. Knowl Inf Syst 15:55–73

25. Yang J, Cheungand WK, Chen X (2009) Learning element similarity matrix for semi-structured document
analysis. Knowl Inf Syst 19:53–78

123

http://dx.doi.org/10.1007/s10115-009-0237-8
http://dx.doi.org/10.1007/s10115-009-0250-y


470 A. Y. Rodríguez-González et al.

26. Zhang M, Kao B, Cheung DW, Yip KY (2007) Mining periodic patterns with gap requirement from
sequences. ACM Trans Knowl Discov Data 1:7

Author Biographies

Ansel Yoan Rodríguez-González received his B.S. degree in Com-
puter Sciences from Havana University, Cuba, in 2004 and his
M.C. degree in Mathematics Sciences from Havana University, Cuba,
in 2007. He is currently a Ph.D. student at the Department of Computer
Science, National Institute of Astrophysics, Optics and Electronics,
México.

José Francisco Martínez-Trinidad received his B.S. degree in
Computer Science from Physics and Mathematics School of the Auton-
omous University of Puebla (BUAP), Mexico in 1995, his M.Sc.
degree in Computer Science from the faculty of Computers Science
of the Autonomous University of Puebla, Mexico in 1997 and his
Ph.D. degree in the Center for Computing Research of the National
Polytechnic Institute (CIC, IPN), Mexico in 2000. Professor Martinez-
Trinidad edited/authored four books and over fifty journal and
conference papers, on subjects related to Pattern Recognition.

Jesús Ariel Carrasco-Ochoa received his Ph.D. degree in Computer
Science form the Center for Computing Research of the National
Polytechnic Institute (CIC-IPN), Mexico, in 2001. He works as full
time researcher at the National Institute for Astrophysics, Optics and
Electronics of Mexico. His current research interests include Logical
Combinatorial Patter Recognition, Data Mining, Testor Theory, Feature
and Prototype Selection, Text Analysis, Fast Nearest Neighbor Classi-
fiers and Clustering.

123



RP-Miner: a relaxed prune algorithm for frequent similar pattern mining 471

José Ruiz Shulcloper graduated from University of Havana in 1972,
received his Ph.D. degree in mathematics from the Moscow State
University in 1978. Since 1978, he is the leader of the research area
on Logical Combinatorial Pattern Recognition and author of more than
100 scientific publications on pattern recognition and data.

123


	RP-Miner: a relaxed prune algorithm for frequent similar pattern mining
	Abstract
	1 Introduction
	2 Basic concepts
	3 Related works
	4 RP-Miner algorithm
	4.1 Relaxed prune
	4.2 Proposed algorithm

	5 Experimental results
	5.1 Efficiency and effectiveness of the algorithms
	5.2 Quality of the set of frequent similar patterns

	6 Conclusions
	Acknowledgments
	References



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (ISO Coated v2 300% \050ECI\051)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Error
  /CompatibilityLevel 1.3
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Perceptual
  /DetectBlends true
  /DetectCurves 0.1000
  /ColorConversionStrategy /sRGB
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts false
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 149
  /ColorImageMinResolutionPolicy /Warning
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 150
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 149
  /GrayImageMinResolutionPolicy /Warning
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 150
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 599
  /MonoImageMinResolutionPolicy /Warning
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<

    /BGR <>
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e9ad88d2891cf76845370524d53705237300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc9ad854c18cea76845370524d5370523786557406300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /CZE <>
    /DAN <>
    /ESP <>
    /ETI <>
    /FRA <>
    /GRE <>

    /HRV (Za stvaranje Adobe PDF dokumenata najpogodnijih za visokokvalitetni ispis prije tiskanja koristite ove postavke.  Stvoreni PDF dokumenti mogu se otvoriti Acrobat i Adobe Reader 5.0 i kasnijim verzijama.)
    /HUN <>
    /ITA <>
    /JPN <FEFF9ad854c18cea306a30d730ea30d730ec30b951fa529b7528002000410064006f0062006500200050004400460020658766f8306e4f5c6210306b4f7f75283057307e305930023053306e8a2d5b9a30674f5c62103055308c305f0020005000440046002030d530a130a430eb306f3001004100630072006f0062006100740020304a30883073002000410064006f00620065002000520065006100640065007200200035002e003000204ee5964d3067958b304f30533068304c3067304d307e305930023053306e8a2d5b9a306b306f30d530a930f330c8306e57cb30818fbc307f304c5fc59808306730593002>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020ace0d488c9c80020c2dcd5d80020c778c1c4c5d00020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /LTH <>
    /LVI <>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken die zijn geoptimaliseerd voor prepress-afdrukken van hoge kwaliteit. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /POL <>
    /PTB <>
    /RUM <>
    /RUS <>
    /SKY <>
    /SLV <>
    /SUO <>
    /SVE <>
    /TUR <>
    /UKR <>
    /ENU (Use these settings to create Adobe PDF documents best suited for high-quality prepress printing.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
    /DEU <>
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /ConvertColors /ConvertToCMYK
      /DestinationProfileName ()
      /DestinationProfileSelector /DocumentCMYK
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure false
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles false
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /DocumentCMYK
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /UseDocumentProfile
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [595.276 841.890]
>> setpagedevice


