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Abstract
In the area of data mining, the process of frequent pattern
extraction finds interesting information about the associa-
tion among the items in a transactional database. The no-
tion of support is employed to extract the frequent patterns.
Normally, a frequent pattern may contain items which be-
long to different categories of a particular domain. The ex-
isting approaches do not consider the notion of diversity
while extracting the frequent patterns. For certain types of
applications, it may be useful to distinguish between the
frequent patterns with items belonging to different cate-
gories and the frequent patterns with items belonging to
the same category. In this paper we propose a new inter-
estingness measure, called DiverseRank, to rank the fre-
quent patterns based on the items’ categories. Given a set
of frequent patterns, we propose an efficient algorithm to
extract the diverse-frequent patterns. Experiments on the
real-world data set show that the diverse-frequent patterns
extracted with the proposed DiverseRank measure are dif-
ferent from the frequent patterns extracted with the support
measure.

1 Introduction
Frequent pattern mining extracts interesting associations
among the items in a transactional database. In this paper,
we propose a new interestingness measure called DiverseR-
ank to rank the frequent patterns by considering the cate-
gories of items within it. We first explain the basic model
of frequent patterns and discuss the motivation for the pro-
posed approach.

The basic model of frequent patterns is as follows [1].
Let I = {i1, i2, · · · , in} be a set of items, and DB be a
database that consists of a set of transactions. Each transac-
tion T contains a set of items such that T ⊆ I. Each transac-
tion is associated with an identifier, called T ID. Let X ⊆ I
be a set of items, referred as an itemset or a pattern. A pat-
tern that contains k items is a k-pattern. A transaction T is
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said to contain X if and only if X ⊆ T . The frequency (or
support count) of a pattern X in DB, denoted as f (X), is
the number of transactions in DB containing X . The sup-
port of X , denoted as S(X), is the ratio of its frequency to
the DB size, i.e., S(X) = f (X)

|DB| . The pattern X is frequent
if its support is no less than the user-defined minimum sup-
port threshold, i.e., S(X) ≥ minSup. We explain about the
model through Example 1.

Example 1: Consider the database of 6 transac-
tions as shown in Table 1. The set of items I =
{bread, butter, eggs, milk, hair spray, diapers,
tea, whiskey, battery, orange, apple, cherry}. The
set of items ‘bread’ and ‘eggs’, i.e., {bread, eggs}
is a pattern. It is a 2-pattern. It occurs in 4 transac-
tions (T IDs of 1, 2, 3 and 4). Therefore, the support
count of {bread, eggs}, i.e., f ({bread, eggs}) = 4.
The support of {bread, eggs} is 0.66

(
= 4

6

)
. If the

user-specified minSup = 0.25, then {bread, eggs} is a
frequent pattern because S({bread, eggs})≥minSup.
The list of frequent patterns discovered from Table 1
are shown in Table 2.

Table 1: Transaction database.
TID Transactions
1 bread, butter, eggs, orange
2 bread, butter, eggs, apple
3 bread, eggs, battery, milk, tea
4 bread, eggs, battery, cherry
5 butter, diapers, hair spray, whiskey
6 butter, diapers, hair spray

Frequent pattern mining is a popular data mining technique
and plays an important role in the extraction of associa-
tion rules [1]. The notion of support is employed to ex-
tract the frequent patterns. The major issue with the fre-
quent pattern mining is the generation of a huge number
of patterns which might be found insignificant depending



Table 2: Frequent patterns.
Frequent Patterns Support
{butter} 0.66
{bread} 0.66
{eggs} 0.66
{battery} 0.33
{diapers} 0.33
{hair spray} 0.33
{bread, eggs} 0.66
{bread, butter} 0.33
{butter, eggs} 0.33
{battery, eggs} 0.33
{battery, bread} 0.33
{butter, hair spray} 0.33
{butter, diapers } 0.33
{diapers, hair spray} 0.33
{bread, butter, eggs} 0.33
{bread, eggs, battery} 0.33
{butter, diapers, hair spray} 0.33

upon the application or user-requirement. In this connec-
tion, the researchers have made efforts to mine constraint-
based and/or user-interest based frequent patterns by using
the measures such as closed [27], maximal [11], periodic
[13, 22] and top-k [19].

Similarly, in this paper we have made an effort to pro-
pose a new interestingness measure by exploiting the fact
that items in a frequent pattern may belong to different cat-
egories of a particular domain. For certain types of applica-
tions, it may be useful to distinguish between the frequent
patterns with items belonging to different categories and
the frequent patterns with items belonging to the same cat-
egory. The existing frequent pattern extraction approaches
fail to distinguish the patterns based on the diversity of the
items within it. In this paper, we have made an effort to
propose an interestingness measure to rank the frequent
patterns by analyzing the extent to which the items in the
patterns belong to different categories.

In this paper, we propose a new interestingness measure
called DiverseRank, to rank the frequent patterns based on
the items’ categories. We use the concept hierarchy of the
items concerning to the transactional database to find the
items’ categories. Given a set of frequent patterns, we pro-
pose an efficient algorithm to extract the diverse-frequent
patterns. A diverse-frequent pattern is a frequent pattern
containing items from different categories. We proposed
an item-encoding method to mine diverse-frequent patterns
in an efficient manner. Experiments on the real-world data
set show that the diverse-frequent patterns extracted with
the proposed DiverseRank measure are different from the
frequent patterns extracted with the support measure.

The proposed approach can help as an additional tool
for exploring or analyzing the frequent patterns with re-
spect to the diversity and will be helpful to improve the
performance of several applications. For example, we al-
ready know that the frequent patterns are helpful in get-

ting interesting associations among the items in the trans-
actional databases of supermarkets. If we identify the
diverse-frequent patterns with the proposed approach, the
decision-maker may get an additional insight regarding the
items’ categories of frequent patterns. Suppose, the cus-
tomers are buying items from the different categories to-
gether, the proposed approach will highlight such patterns
so that an appropriate decision can be taken to improve the
sales.

The rest of the paper is organized as follows. In the
next section we discuss the related work. In Section 3, we
explain the notion of diverse-frequent patterns and the cor-
responding algorithm. In Section 4, we present experimen-
tal results. The last section contains summary and conclu-
sions.

2 Related Work
In [1], the notion of frequent patterns and the algorithm
(Apriori) to extract the frequent patterns from the transac-
tional database was first introduced. Since then, the fre-
quent pattern mining has been widely studied in the field of
data mining. Several approaches have been proposed to ef-
ficiently extract the frequent patterns from the transactional
database [2, 8]. Normally, the preceding frequent pattern
mining techniques generate a large number of frequent pat-
terns which can be uninteresting to the user. To gener-
ate interesting frequent patterns, research efforts have been
made to mine constraint-based and/or user-interest based
frequent patterns by using the measures such as closed [27],
maximal [11], periodic [13, 22], top-k [19], pattern-length
[25] and cost (utility) [10].

Pei et al. [18] has introduced convertible monotonic and
convertible anti-monotonic properties to reduce the search
space. Provided that there is a fixed order on the items, a
constraint C is defined as convertible anti-monotone, when-
ever an itemset S satisfies C, so does any prefix of S. Sim-
ilarly, the constraint C is defined as convertible monotone,
whenever an itemset S violates C, so does any prefix of
S. Some of the constraint-based approaches do not sat-
isfy monotonic and/or anti-monotonic properties which in-
creases the search space for mining constraint-based pat-
terns.

In [1], a notion of confidence was proposed to extract a
new kind of knowledge, association rules. After extracting
the frequent patterns based on the support, an approach was
proposed to extract the association rules using both support
and confidence. In the literature, several interestingness
measures [5, 16] have been proposed to filter out uninter-
esting frequent patterns and association rules. The interest-
ingness measures can be objective or subjective. The objec-
tive measures are statistical by nature and do not consider
any domain knowledge. Examples include relative support
[26], all-confidence, any-confidence, bond [17], li f t and
χ2 [3]. The subjective measure assess the interestingness
of a pattern using the user’s existing concepts and domain
knowledge. Examples include general impressions [20],
fuzzy rules [14] and hard-soft beliefs [15].
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Figure 1: Categories of items: (a) Concept hierarchy (b) Generalized-frequent pattern for {bread, butter, battery}

The concept hierarchies have been used to discover the
generalized association rules in [21, 24] and to discover
multiple-level association rules in [7] . In [4], a keyword
suggestion approach based on the concept hierarchy has
been proposed to facilitate the user’s web search. However,
the concept hierarchies/taxonomies have not been exploited
to assess the interestingness of a pattern with respect to the
categories of items within it.

The notion of diversity has been widely exploited in
the literature to assess the interestingness of summaries
[5, 9, 28]. In [12], an effort has been made to extend the
diversity-based measures to assess the interestingness of
the datasets using the diverse association rules. The di-
versity is defined as the variation in the items’ frequencies
and not according to the categories of items within it. As a
result, the diversity-based measures cannot be directly ap-
plied to mine the diverse-frequent patterns. Moreover, the
work in [12] has focused on comparing the datasets using
diverse association rules.

As discussed in the preceding paragraphs, several inter-
estingness measures have been proposed along with sup-
port to extract interesting frequent patterns. As per our
knowledge, no effort has been made to assess the inter-
estingness of a frequent pattern based on the categories of
items within it. In this paper, we are proposing the notion of
diversity along with support to extract interesting frequent
patterns. The proposed DiverseRank uses concept hierar-
chies/taxonomies to assess the interestingness of a pattern
with respect to the categories of items within it.

3 Diverse-Frequent Patterns
In this section, we first explain the concept of diverse-
frequent patterns. Next, we propose the interestingness
measure, DiverseRank, to rank the frequent patterns based
on the items’ categories within it. Subsequently, we present
the item-encoding technique and the diverse-frequent pat-
tern extraction algorithm.

3.1 Concept of Diverse-Frequent Patterns

Given a frequent pattern obtained from a transactional
database at some minSup, its diversity is based on the cat-
egory of items within it. If the items of a frequent pattern

belong to the same/few categories, we consider that the pat-
tern has low diversity. Relatively, if the items belong to
different categories, we consider that the pattern has more
diversity.

Finding the category of an item is an important issue.
An item may belong to several levels of categories. For
example, the item bread belongs to dairy and f resh f ood
categories. We use the concept hierarchy of the correspond-
ing transactional database to find the category of a given
item. The concept hierarchy is a tree in which the items
are organized in a hierarchical manner. We assume that all
the items of a frequent pattern belong to the leaf level of
a concept hierarchy. In a concept hierarchy, starting from
the leaf level, several lower level items are mapped to the
higher level items. Ultimately, all the items are merged to
the higher level item, root.

Figure 1(a) is an example of concept hierarchy for the
items in Transactional Table 1. In this figure, it can be ob-
served that the items bread, butter, eggs and milk, are
mapped to a higher level item dairy. Similarly, the higher
level items dairy, drinks, and f ruits are mapped to another
higher level item f resh f ood. Finally, the higher level
items f resh f ood, household and beauty are mapped to
the root.

Table 3: Frequent patterns of size 3.
Frequent Patterns Rank
{bread, butter, eggs} 3
{bread, eggs, battery} 2
{butter, diapers, hair spray} 1

We explain the notion of diverse-frequent patterns by
using the concept hierarchy given in Figure 1(a). Con-
sider the frequent patterns of size 3 discovered from Ta-
ble 1 at minSup = 0.25. The user ranking of the fre-
quent 3-patterns based on the categories of items within
them are shown in Table 3. The reasoning behind the
ranking is as follows. We assume that the frequent pat-
terns with the items from multiple categories are more in-
teresting than the frequent patterns with the items from
a few categories. In the pattern {bread, butter, eggs},
all the items belong to the “dairy” category. Hence, this



pattern is of the least interest to the user. In the pattern
{bread, eggs, battery}, although the items bread and eggs
have a common immediate parent “dairy”, the item bat-
tery has a different parent. All these items have a com-
mon parent “root”, which is at level 0. Thus, the pattern
{bread, eggs, battery} is relatively more interesting than
the pattern {bread, butter, eggs}. Since, the items in the
pattern {butter, diapers , hair spray} have only one com-
mon parent “root”, it is more interesting than the patterns
{bread, butter, eggs} and {bread, eggs, battery}.

Now, given two frequent patterns of the same length,
different merging behavior can be realized if we observe
how a given frequent pattern at the leaf level is moving to-
wards the higher level patterns. That is, one pattern may
quickly merge to a few higher level items within a few lev-
els and the other pattern may merge to a few higher level
items by crossing more number of levels. To differentiate
the patterns in terms of diversity, we define the notion of
DiverseRank.

3.2 DiverseRank

The following assumptions have been made on the struc-
ture of the concept hierarchy.

• The concept hierarchy is represented as a tree of
height h (the length of the longest path from root to
a leaf node). The height of the root is 0 and the height
of leaf is h.

• All the items of a transaction are at the leaf node.

• All the leaf nodes in the tree are present at the same
height h. That is, we are considering only the bal-
anced concept hierarchies. The issue of extracting
the diverse-frequent patterns for the imbalanced hier-
archies will be investigated as a part of future work.

It can be observed that a given frequent pattern moves
from the leaf level to the root level through a merging pro-
cess. Several lower level items of a pattern are merged
into the corresponding higher level items. In a way, we
get higher level pattern for any low level frequent pattern.
We capture this aspect through the notion of generalized-
frequent pattern (GFP) which is defined as follows.

Definition 1. Generalized-frequent pattern (GFP(Y,l)):
Let Y be a frequent pattern, l be a level and h be the height
of the concept hierarchy (where 0≤ l ≤ h). The GFP(Y, l)
indicates the GFP of Y at level l. (Note that GFP(Y,h) is
a frequent pattern obtained from a transactional database
using some minSup.) Assume that the GFP(Y, l + 1) is
given. The GFP(Y, l) is calculated based on the GFP of Y
at the level (l +1). The GFP(Y, l) is obtained by replacing
each item in GFP(Y, l + 1) with its corresponding parent
at the level l with duplicates removed, if any.

Given the frequent pattern Y , there may be several GFPs
(different levels). We explain this through Example 2.

Example 2: Consider the concept hierarchy in Figure
1(a). The height of the tree is 3, i.e., h = 3. Any fre-
quent pattern extracted from the Table 1 will always be
at level 3. The GFP for Y = {bread, eggs, battery}
at each level is shown in Figure 1(b). The
GFP for the pattern {bread, eggs, battery} at
level 2 is {dairy, electronics}, i.e, GFP(Y,2) =
{dairy, electronics}. It is because the items “bread”
and “eggs” share a common parent “dairy” at level 2.
Similarly, the GFP(Y,1) = { f resh f ood, household}
and GFP(Y,0) = {root}.

We now explain the different aspects that are to be con-
sidered while computing the diversity of a given frequent
pattern. If we observe the GFPs of a given frequent pat-
tern at different levels of the concept hierarchy, the merg-
ing process occurs at each level. So, two aspects should
be included to compute the diversity of a frequent pattern.
One, how the items of a frequent pattern are merging from
level to level, which we call Merging Factor(MF). And sec-
ond, the contribution of each level in the diversity as the
items are merged at multiple levels, which we call Level
Factor(LF). We explore these two aspects and develop the
formula for computing the diversity of the given frequent
pattern.

3.2.1 Merging Factor(MF)

Given two levels l and (l +1) of the concept hierarchy, if
all the items of frequent pattern at (l +1) are merging into a
single higher level item at l, its MF should be 0. Similarly,
when the items of the frequent pattern at (l +1) are not
merging at l, the MF should be 1. Consider the concept

 a   b   c    d   e   f     g   h   i       (h=2)               

  j             k               l             (h=1)   

  r                             (h=0)       

Figure 2: Concept hierarchy

hierarchy of height 2 in Figure 2. The MF of {a, b, c}
from level 2 to 1 should be 0 as all the items have the same
immediate parent. On the other hand, the MF of {a, d, g}
should be 1 from level 2 to 1. The reason being that there
is no merging of items while moving from level 2 to level
1. However, the MF of {a, d, g} should be 0 from level 1
to 0, as all the higher level items at level 1 merges into the
root.

The MF at a level l depends on the number of items get-
ting merged when the frequent pattern is moved from the
immediate lower level (l + 1) to the level l in the concept
hierarchy. So, the MF at a given level l is proportional to
the ratio of the number of items in the GFP at level l to the
number of items in the GFP at level (l +1). The MF of a
pattern Y at a level l is denoted as MF(Y, l) and given by



the following equation.

MF(Y, l) =
|GFP(Y, l)|−1
|GFP(Y, l +1)|−1

(1)

where 0 ≤ l ≤ (h−1) and |GFP(Y, l +1)| represents the
number of items in the GFP of Y at level (l +1) and
|GFP(Y, l)| represents the number of items in the GFP of
Y at level l. It can be noted that 0 ≤ MF(Y, l) ≤ 1. We
explain the calculation of MF using Equation 1 in Example
3.

Example 3: For the pattern Y = {a, b, c} in Figure 2,
the GFP(Y,2) = {a, b, c} and GFP(Y,1) = { j}. The
MF at level 1 is calculated as 1−1

3−1 , i.e., MF(Y,1) = 0.
Similarly, the GFP for the pattern Z = {a, d, g} at
level 2, 1 and 0 are calculated. Thus, the GFP(Z,2) =
{a, d, g}, GFP(Z,1) = { j, k, l} and GFP(Z,0) =
{r}. Using these values, the MF at level 1 and 0 is
calculated, i.e., MF(Z,1) = 1 and MF(Z,0) = 0.

3.2.2 Level Factor

It can be noted that the frequent pattern which merges to a
few higher level items after crossing more levels should re-
ceive more diversity value than the frequent pattern which
merges to a few higher level items in lesser number of lev-
els. To ensure this, appropriate weight should be added to
the MF of the pattern at each level, which is called Level
Factor (LF). The LF at a given level can be computed using
various methods. We are proposing two methods.

• Equal LF (ELF): The contribution of each level is
the same to the diversity. For a given level l, it can be
computed as ELF(l) = 1/h.

• Proportional LF (PLF): Normally, the contribution
of the levels nearby root should be more as compared
to the levels near to leaf. For this, we choose a weight-
ing function which is linearly increasing as the pattern
moves up in the hierarchy. The PLF at a level l is
denoted as PLF(l) and is given by the following for-
mula. Note that, the PLF at level h (leaf level) is 0 and
the PLF at root (h = 0) is not counted.

PLF(l) =
2∗ (h− l)
(h−1)∗h

(2)

where, 1≤ l ≤ (h−1) and h 6= {0,1}. Also,

1

∑
l=h−1

PLF(l) = 1 (3)

We explain the contribution of PLF using Example 4.

Example 4: Using the concept hierarchy of
height 3 in Figure 1(a), the weight at level 2 is
PLF(2) = 2∗(3−2)

3∗(2) = 1/3. Similarly, the PLF at

level 1 is computed as PLF(1) = 2∗(3−1)
3∗(2) ) = 2/3.

3.2.3 Definition of DiverseRank(DR)

The DiverseRank of a frequent pattern is a function of MF
and LF. The definition is as follows.

Definition 2. DiverseRank of a frequent pattern Y: Let Y
be a frequent pattern, h be the height of the concept hierar-
chy and “s” be the level where the number of items in the
GFP of Y is 1 (i.e., |GFP(Y,s)| = 1). The DiverseRank of
Y , denoted by DR(Y ), is given by the following equation.
Here, we are using PLF for the LF.

DR(Y ) =
s+1

∑
l=h−1

PLF(l)∗MF(Y, l)

By replacing the corresponding equations, we get the for-
mula for DiverseRank.

DR(Y ) =
s+1

∑
l=h−1

[
2∗ (h− l)
(h−1)∗h

]
∗
[
|GFP(Y, l)|−1
|GFP(Y, l +1)|−1

]
(4)

Since the generation of the GFP starts from (h−1), the
lower limit in the Equation 2 is set to (h−1). The GFP of
Y contains only one element at level s. So, the MF at level
s will always be 0. Hence, the upper limit in the equation 2
is set to (s+1).

The DiverseRank of a frequent pattern ranges from
[0,1]. If all the items in a frequent pattern have the same
immediate parent, then the DiverseRank is 0. On the other
hand, if all the items in a frequent pattern have only “Root”
as the common parent, then the DiverseRank is 1 for such
patterns. We now illustrate the calculation of the DiverseR-
ank with Example 5.

Example 5: We calculate the DiverseRank of the
three frequent patterns of size 3 listed in Table 3. The
concept hierarchy of height 3 (h = 3) given in Figure
1(a) is used. Refer to the Example 4 for the PLF val-
ues.

• Consider the frequent pattern {bread,
butter, eggs} from the Table 3. The GFP
of {bread, butter, eggs} at level 2 is {dairy}.
This is because all the items belong to the same
category “dairy”. Thus, the level where the
length of the GFP becomes 1 is at level 2, i.e.,
s = 2. Since we are traversing the hierarchy
bottom to up, s+1 6≥ h−1 in Equation 4. Thus,
the DR({bread, butter, eggs}) is 0.

• Similarly, consider the frequent pattern Y =
{bread, eggs, battery} from the Table 3. For
the GFPs of Y from level 3 to level 0, re-
fer to the Figure 1(b). Thus, the GFP of
Y will contain only one item at the level 0,
i.e, s = 0. The MF at level 2 is calcu-
lated as MF(Y,2) = 2−1

3−1 = 1
2 . Similarly, the

MF(Y,1) = 2−1
2−1 = 1 and MF(Y,0) = 1−0

2−1 = 0.



The DR({bread, eggs, battery} is calculated as
follows.

=
(

1
2
∗ 1

3

)
+

(
1
1
∗ 2

3

)
= 0.82

• Consider the frequent pattern Z = {butter,
diapers, hair spray} from the Table 3. The GFP
of Z at level 2 is {dairy, baby clothing, hair}.
Similarly, the GFP(Z,1) = { f resh f ood,
household, beauty} and GFP(Z,0) = {root}.
Thus, the number of the items in the GFP of
Z becomes 1 is at level 0, i.e., s = 0. The
DR({butter, diapers, hair spray}) is calculated
as follows.

=
(

2
2
∗ 1

3

)
+

(
2
2
∗ 2

3

)
= 1

Definition 3. Diverse-frequent patterns: A frequent pat-
tern Y is said to be diverse if the DR(Y ) ≥ minDiv, where
minDiv is the user-specified minimum diversity threshold.

Here, the diversity threshold minDiv, which varies from 0
to 1 (inclusive), indicates the extent to which the items in
the patterns belong to the different categories. The patterns
with small minDiv value indicates that most of the items
are from the same low-level category in the concept hierar-
chy. The patterns with high minDiv indicates that items in
the patterns are from different categories. So based on the
requirement, the user can vary minDiv value.

Problem Definition. Let DB be the transactional database
on n items. Given, minSup and minDiv, the problem is to
extract complete set of frequent patterns that exists in DB
having support and DiverseRank values more than minSup
and minDiv values respectively.

3.3 Approach for Mining Diverse-Frequent Patterns

In this section, we first explain the issues of extracting
the diverse-frequent patterns. Next, we present an item-
encoding approach to extract the diverse-frequent patterns
in an efficient manner. Subsequently, we present the corre-
sponding algorithm.

3.3.1 Issues in extracting Diverse-Frequent Patterns

The extraction of the diverse-frequent patterns from the
transactional database is complex because the diverse-
frequent patterns fail to satisfy the anti-monotonic property.
Also, there is an issue of generating the GFP of a given fre-
quent pattern at any level. We elaborate on these issues as
follows.

• Anti-monotonic property: It can be noted that the
diverse-frequent patterns discovered by DiverseRank
doesn’t satisfy the anti-monotonic property. Anti-
monotonic property states if a pattern passes the

test, then all its subsets must also pass the test.
We illustrate using the following example. Contin-
uing with Example 4, let {bread, eggs, battery}
be a frequent pattern and minDiv = 0.5. Although
the DR({bread, eggs, battery}) is more than the
minDiv, its subset {bread, eggs} is not diverse be-
cause (DR{bread, butter}< 0.5) as the items “bread”
and “eggs” have the same immediate parent. Hence,
DiverseRank doesn’t satisfy the convertible anti-
monotonic property. As a result, the DiverseRank can-
not be pushed into any existing frequent pattern min-
ing algorithms to further reduce the search space.

• Generating GFP: The complexity of extracting the
diverse-frequent patterns majorly depends on the gen-
eration of GFP at each level. Given a concept hierar-
chy of height h, the complexity of finding the parent
of a node is O(m), where m is the total number of
nodes in the concept hierarchy. Therefore, the total
complexity of generating the GFP of a frequent pat-
tern Y at a level l is O(m× |GFP(Y, l + 1|), where
0≤ l < h and |GFP(Y, l +1)| is the number of items
in GFP(Y, l + 1). Since the number of nodes in the
concept hierarchy can be very large, it is computation-
ally expensive to measure DiverseRank of a frequent
pattern.

To ease the process of extracting of diverse-frequent pat-
terns from DB, we divide the process into two steps.

(i) Extraction of frequent patterns from the DB: One
of the existing frequent pattern extraction algorithm
[1, 8] can be used to extract the frequent patterns.

(ii) Extraction of diverse-frequent patterns from the
frequent patterns: We make an effort to reduce
the computational complexity of generating GFP
to extract diverse-frequent patterns using the item-
encoding technique [7].

3.3.2 Item-encoding technique

In this section, we explain the item-encoding technique
which can be used to extract diverse-frequent patterns in
an efficient manner. In the concept hierarchy, all the nodes
under a parent node are numbered from left to right. The
encoded representation of an item is the traversal path from
the root to the respective item. An example of how the item
encoding is done is given as follows.

In Figure 1(a), each node at a level is numbered from left
to right. The encoded representation of the item “butter” is
“1112”. The first digit, “1”, represents the “root” at level-0,
the second, “1” for “fresh food” at level-1, the third, “1”,
for “dairy” at level-2 and the last, “2”, for the item “butter”.
The list of the encoded items used in the transaction table 1
are shown in the Table 4. The encoded version of the trans-
actional database in Table 1 is shown in the Table 5. The
list of the frequent patterns discovered from this encoded
transaction table is given in Table 6 below.



Table 4: Encoded items using Figure 1
Items Encoded Items
bread 1111
butter 1112
eggs 1113
milk 1114
tea 1121
whiskey 1123
orange 1131
apple 1132
cherry 1133
diapers 1211
battery 1221
hair spray 1311

Table 5: Encoded transaction database.
TID Encoded Transactions
1 1111, 1112, 1113, 1131
2 1111, 1112, 1113, 1132
3 1111, 1113, 1221, 1114 , 1121
4 1111, 1113, 1221, 1133
5 1112, 1211, 1311, 1123
6 1112, 1211, 1311, 1221

Table 6: Encoded frequent patterns.
Frequent Pattern Encoded Frequent

Patterns
{bread, butter, eggs} {1111, 1112, 1113}
{bread, eggs, battery} {1111, 1113, 1221}
{butter, diapers, hair spray} {1112, 1211, 1311}

The advantage of using the item-encoding is that the par-
ent of an item at a level l can be computed easily without
traversing the complete concept hierarchy. Given a concept
hierarchy of height h, the parent for an item at a level l can
also be encoded by replacing the last (h− l) characters of
the item with “*”. For example, the parent for “butter” at
level 3 is “dairy”. The encoded representation of “dairy” is
“111*”. Similarly, the “fresh food” is encoded as “11**”
and the “root” is encoded as “1***”.

The following example illustrates how to generate GFP
at the various levels of concept hierarchy using the en-
coding. Consider the encoded frequent 4-pattern Y =
{1111, 1112, 1121, 1311}. The GFP for Y at level 2 is
{111∗,112∗,131∗}. It is because, the parent for “1111”
and “1112” at level 2 is “111*”. Similarly, the GFP at level
1 is {11∗∗, 13∗∗} and at level 0 is {1∗∗∗}.

It should be noted that when the hierarchies become
very broad (i.e. the number of children under a node > 9),
we switch from the string representation to the vector repre-
sentation. For example, an item which was earlier encoded
as 1321 will now be encoded as < 1,3,2,1 >. This repre-
sentation will take care of the situation when the number

of children under a node becomes greater than 9. For ex-
ample, the 13th children under a node can be encoded as
< 1,3,2,13 >. However, the complexity is not affected.

Complexity of generating GFP with item-encoding
technique: The complexity of finding the parent of an en-
coded node is O(h), where h is the height of concept hier-
archy. For the real-world concept hierarchies, h is gener-
ally small and ranges from [3− 10]. Thus, the total com-
plexity of generating a GFP of Y at a level l using encod-
ing is O(h×|GFP(Y, l +1)|)∼ O(GFP(Y, l +1)), where
0≤ l < h and |GFP(Y, l +1)| is the number of items in the
GFP(Y, l +1).

3.3.3 Proposed Algorithm

In this section, we present the algorithm called diverseFP
to mine diverse-frequent patterns. The input to the
diverseFP, is the list of encoded frequent patterns, height
of the concept hierarchy, and the user-specified minimum
diversity threshold minDiv. The diverseFP algorithm calls
the procedure GFPgen to generate the GFP of a frequent
pattern at a level l. The input to the procedure GFPgen is
an encoded frequent pattern, the current level and the height
of the concept hierarchy.

The description of the diverseFP is as follows. Here,
we present the algorithm by assuming PLF for computing
LF.

1 Calculate the PLF for each level of concept hierarchy.

2 Repeat the steps 2.1 to 2.4 for every encoded frequent
pattern Y .

2.1 Set DiverseRank(Y ) to zero.

2.2 Set l = (h−1).

2.3 Repeat steps 2.3.1 to 2.3.3 until the length of the
GFP(Y, l) becomes 1.

2.3.1 Generate GFP(Y, l).
2.3.2 Calculate the DiverseRank value at that

level using Equation 4.
2.3.3 Set l = l−1.

2.4 If DiverseRank(Y ) > minDiv, output it as a
diverse-frequent pattern.

The pseudocode of the proposed diverseFP is given in
Algorithm 1. Lines 1-3 of Algorithm 1 initializes the PLF
for all the levels of a given concept hierarchy of height h.
Line 5 of Algorithm 1 initializes the DiverseRank for a en-
coded frequent pattern Y . Line 6 of Algorithm 1 initializes
the level counter to one level above the leaf level of the
concept hierarchy. Line 7 of Algorithm 1 initializes the
GFP(Y,h), i.e. the generalized-frequent pattern at the leaf
level. Procedure GFPgen in Line 9 of Algorithm 1 gener-
ates the GFP of a encoded frequent pattern at the current
level. Lines 10-12 of Algorithm 1 checks whether the size
of GFP(Y, l) is greater than 1. Line 13 in Algorithm 1 cal-
culates the MF at the current level. The DiverseRank is
calculated by multiplying MF and PLF at each level and



Algorithm 1 diverseFP (EFP: list of encoded frequent pat-
terns, h: height of the concept hierarchy, minDiv: user-
specified minimum diversity threshold)

1: for (l = h−1; l ≤ 1; l−−) do
2: Initialize PLF(l) = 2∗(h−l)

(h−1)∗h ;
3: end for
4: for each p ∈ EFP do
5: Initialize DR to 0;
6: Initialize l to (h−1) ; {Start from level (h−1).}
7: Initialize GFP(p,h) = |p|; {GFP at leaf level of the

hierarchy is the pattern itself.}
8: while true do
9: Call GFPgen to generate GFP(p, l);

10: if (|GFP(p, l)|== 1) then
11: break;
12: end if
13: MF(p, l) = |GFP(p,l)|−1

|GFP(p,l+1)|−1 ;
14: DR = DR + PLF(l)∗MF(p, l);
15: Decrease l by 1;
16: end while
17: if DR > minDiv then
18: Output p with DR value;
19: end if
20: end for

Procedure 2 GFPgen(patt: pattern, l: the current level, h:
height of the concept hierarchy)

1: Initialize GFP(p, l);
2: for (each item ∈ patt do
3: Initialize Parent;
4: for ( j = 0; j ≤ l; j ++) do
5: Append item[ j] character in Parent;
6: end for
7: Append (h− l) number of “*”s in the Parent;
8: if Parent doesn’t exist in GFP(p, l) then
9: Add Parent in the GFP(p, l);

10: end if
11: end for
12: return GFP(p, l);

the summation is updated in Line 14 of Algorithm 1. In
Line 15 of Algorithm 1, the level counter is decreased by
1 to move up in the concept hierarchy. Lines 17 and 18
checks whether an encoded frequent pattern is diverse or
not.

Similarly, Line 1 of Procedure 2 initializes an empty
string to store the GFP of the pattern at the current level.
Lines 4 to 7 of Procedure 2 generates the parent (higher
level) of an item at the corresponding level. Line 8 and 9
checks whether the parent node exists before in the GFP or
not. Finally, line 12 in the Procedure 2 returns the GFP of
the pattern at the corresponding level.

We now illustrate the algorithm by using an encoded
frequent pattern Y = {1111, 1112, 1221}. The height of
the concept hierarchy is 3 and the minDiv is chosen as
0.5. The weights are assigned using the formula PLF(l) =

2∗(h−l)
(h−1)∗h . According to this formula, PLF(2) = 1/3 and
PLF(1) = 2/3. The DiverseRank for the encoded fre-
quent pattern Y is initialized to 0, DR(Y ) = 0. Initially,
we start from one level above the leaf level. Thus, the cur-
rent level = 2. The GFP of Y at level 2, i.e., GFP(Y,2) =
{111∗,122∗} is generated by the procedure GFPgen. The
MF(Y,2) = 1/2 is calculated and multiplied by the corre-
sponding PFL(2) = 1/3. The DiverseRank is updated to
1/6. After updating the summation, we move one level up
in the hierarchy, i.e., to the level 1. Again GFPgen pro-
cedure is called and GFP(Y,1) = {11 ∗ ∗,12 ∗ ∗} is gen-
erated. The MF(Y,1) = 1 is calculated and multiplied by
PFL(1) = 2/3. The DiverseRank is updated to 5/6. Now
we move to the level 0 in the hierarchy, the GFP of Y at
level 0 is GFP(Y,1) = {1∗∗∗}. The pattern has completely
merged, so we stop at the level 0. The DiverseRank for Y
is 5/6 = 0.82. The pattern Y is a diverse-frequent pattern
as DR(Y ) > 0.5.

4 Experiments and Results
Since there is no existing approach to discover diverse-
frequent patterns, we only carry out the experiment to ex-
tract the diverse-frequent patterns and analyze how they
differ from the frequent patterns. The experiments were
carried out on the classical R “groceries” market basket
analysis data set [6]. The groceries data set contains 30
days of point-of-sale transaction data from a typical local
grocery outlet. The data set contains 9,835 transactions
and 169 items. The average transaction size in the data
set is 4.4. The maximum and minimum transaction size is
32 and 1 respectively.

To generate a concept hierarchy for the items, a web-
based Grocery API provided by Tesco [23] (a United King-
dom Grocery Chain Store) is used. Some of the items that
were not listed in the concept hierarchy of Tesco are added
manually by consulting the domain experts. The total num-
ber of nodes in the concept hierarchy were 247 and the
height of the concept hierarchy is 4.

 50

 100

 150

 200

 250

 300

 350

 400

 0  0.2  0.4  0.6  0.8  1

N
um

be
r 

of
 d

iv
er

se
-f

re
qu

en
t p

at
te

rn
s

minDiv

minSup=0.8%

minSup=0.95%

minSup=1.2%

Figure 3: Number of diverse-frequent patterns vs. minDiv.



Table 7: Diverse-frequent 3-patterns with DR = 1
Top 10 diverse frequent patterns DiverseRank Support(%)
{soda, whole milk, shopping bags} 1 0.7
{rolls-buns, whole milk, newspapers} 1 0.8
{rolls-buns, soda, sausages} 1 1.0
{rolls-buns, bottled water, other vegetables} 1 0.7
{soda, rolls-buns, other vegetables} 1 1.0
{rolls-buns, bottled water, yogurt} 1 0.7
{rolls-buns, soda, shopping bags} 1 0.6
{rolls-buns, soda, whole milk} 1 0.9
{rolls-buns, soda, yogurt 1 0.9
{rolls-buns, bottled water, whole milk} 1 0.9

Table 8: Top 10 frequent 3-patterns along with DR and support value
Top 10 frequent patterns Support(%) DiverseRank
{whole milk, other vegetables, root vegetables} 2.3 0.33
{yogurt, whole milk, other vegetables} 2.2 0.33
{rolls-buns, whole milk, other vegetables} 1.8 0.75
{whole milk, tropical fruit, other vegetables} 1.7 0.5
{rolls-buns, yogurt, whole milk} 1.6 0.833
{yogurt, whole milk, root vegetables} 1.5 0.33
{yogurt, whole milk, tropical fruit} 1.5 0.33
{whipped sour cream, whole milk, other vegetables} 1.5 0.33
{whole milk, pip fruit, other vegetables} 1.4 0.5
{soda, whole milk, other vegetables} 1.4 0.75

Figure 3 shows the number of diverse-frequent pat-
terns discovered in the grocery dataset at different minSup
and minDiv thresholds values. The X-axis represents the
minDiv thresholds ranging from 0 to 1 and the Y-axis
represents the number of diverse-frequent patterns dis-
covered at the corresponding minDiv threshold value. It
can be observed that with the increase in minDiv , the
number of diverse-frequent patterns has decreased irre-
spective of minSup threshold. The reason is as follows.
When minDiv = 0, all the frequent patterns are the diverse-
frequent patterns. As the value of minDiv is increased, the
number of frequent patterns which satisfy DiverseRank >
minDiv are reduced due to the fact that the items in the sev-
eral patterns belong to one or few categories.

The list of the top 10 diverse-frequent 3-patterns along
with their support and DiverseRank is given in Table
7. Similarly, Table 8 contains the list of top 10 fre-
quent 3-patterns with respect to the frequency of the pat-
terns(support) along with their DiverseRank value. Highest
support of a frequent 3-pattern is 2.3 (%) and the highest
DiverseRank value of a frequent 3-pattern is 1. From the
two tables, one can observe that there are no common pat-
terns between them. Thus, we can say that the frequent pat-
terns having the highest DiverseRank value may not be the
patterns with the highest support. Similarly, the frequent
patterns with the highest support may not have the highest
value of DiverseRank. This indicates that the DiverseRank

measure is able to generate some new information which
support measure wasn’t able to generate.

5 Conclusion and Future Work
In this paper, we have proposed a new interestingness mea-
sure called DiverseRank to rank the frequent patterns based
on the notion of diversity. The proposed approach uses the
concept hierarchy of items for computing DiverseRank of a
frequent pattern. We have also proposed an efficient algo-
rithm to extract diverse-frequent patterns by using the item-
encoding technique. The experiments on the real world
data set show that the diverse-frequent patterns differ from
frequent pattern knowledge.

As a part of future work, we are planning to investi-
gate the extraction of diverse-frequent patterns by consid-
ering transactional databases with imbalanced concept hi-
erarchies. We are also planning to extend the notion of
diverse-frequent patterns to improve the performance of
clustering, classification and recommendation algorithms.
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