Cluster Analysis to Find Sets of High-frequency Queries for Filtering in Similarity Join 53

Cluster Analysis to Find Sets of

High-frequency

Queries for Filtering in

Similarity Join

Kamolwan Kunanusont! and Jaruloj Chongstitvatana?, Non-members

ABSTRACT

Similarity search and similarity join are important
operations in text databases. In some situations,
some similar queries, called high-frequency queries,
are repeated over a period of time. High-frequency-
queries-based filter is used to facilitate this type of
queries. However, the performance of this method
depends mostly on the chosen high-frequency queries.
This paper proposes methods, which are based on
DBSCAN and agglomerative hierarchical-based clus-
tering algorithm, to find high-frequency queries for
the filter, called DBRAN and DBSM. For evalua-
tion, both DBRAN and DBSM are applied on var-
ious sets of queries to find high-frequency queries for
three datasets. It is found that DBSM performs bet-
ter than DBRAN when the variation among high-
frequency queries is high. However, when the vari-
ation among high-frequency queries is low, the per-
formance of both DBRAN and DBSM are about the
same.

Keywords: Similarity Join, Similarity Search, High-
frequency Queries, Cluster Analysis

1. INTRODUCTION

Similarity join is used to retrieve all similar pairs
of texts between two relations in a database. It is
used in text databases in many situations, such as
inexact queries and data cleaning. A pair of texts
is considered to be similar if the similarity between
the texts, which is measured by a similarity func-
tion, exceeds the specified threshold. Many similar-
ity functions such as Cosine similarity [1] and Jaccard
similarity [1] are widely used. However, calculating
the similarity between every pair of texts in the rela-
tions takes a long time. Filter-and-verify framework
is used to reduce the computation time for similarity
join by first filtering out some dissimilar pairs of texts
and then calculating the similarity of the remaining
pairs, called candidates, for verification. Many filter
methods, such as prefix filtering [2] and AdaptJoin
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[3], are proposed with the objective to obtain high
filter percentage with low computation time.

Prefix filtering reduces the computation time by
examining only a short prefix of a text to prune a dis-
similar text. In [2], a text is further examined in the
verification step when it is not possible to determine
from its short prefix if it is dissimilar to the query.
Both the filter percentage and the filter time for pre-
fix filtering increase when longer prefix is used for fil-
tering. AdaptJoin and AdaptSearch [3] dynamically
choose the prefix length for each pair of texts so that
the increase in filter percentage is worth the increase
in the filter time. Suffix filtering [3] and positional
filtering [3] are also used to improve the effectiveness
of filtering.

The performance of the filtering methods such as
[2, 3, 4] is measured by the filter percentage and the
filter time, and it depends mostly on the tokens in the
pair of texts. However, in real-world situations, many
queries contain a common set of tokens, called a high-
frequency query. These filter methods do not assume
to have the knowledge of these patterns, and they
repeat the same filter process for all queries which
contain similar tokens. High-frequency-query based
filtering [5] makes use of the high-frequency queries
by organizing text data according to its similarity
compared to each high-frequency query in a table
called a similarity table. If a query is similar to one
of the high-frequency queries, the similarity table of
the closest high-frequency query is chosen and can-
didates of the query are obtained from the similarity
table. However, if a query is not similar to any high-
frequency queries, prefix filtering is used to effectively
find the candidates. It is shown in [5] that the filter
time depends on the number of chosen high-frequency
queries. An additional inverted indices in [6] reduces
the filter time by using prefix filter to reduce the time
for finding the closest high-frequency query.

However, it is necessary to first find an appro-
priate set of high-frequency queries, which covers a
large number of queries containing the repeated pat-
terns. In order to reduce the space for similarity
tables, fewer high-frequency queries should be used.
This paper proposes to use cluster analysis in or-
der to identify high-frequency queries for filtering.
The density-based cluster analysis is an unsupervised
method which groups data together based on their
closeness [7]. Three main types of cluster analy-
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sis are center-based, hierarchical-based and density-
based clustering. In this paper, methods to find
an appropriate set of high-frequency queries are pre-
sented. Density-based spatial clustering of applica-
tions with noise (DBSCAN) [8] is used to find clus-
ters in a query set, and a core point in each cluster is
used as a high-frequency query. However, DBSCAN
yields too many clusters, and many of them are over-
lapped. This paper presents a method of choosing
representative points for a query set. DBSCAN with
a RANdom core point (DBRAN) randomly picks one
core point from each cluster obtained from DBSCAN
as a high-frequency query. This method is used as a
basis for the comparison. However, the random core
points may not be good representatives for the query
sets. DBSCAN with Merging (DBSM) which merges
near-by clusters under some criteria is proposed.

In the rest of this paper, similarity join and cluster
analysis are described in Section 2. The problem of
finding high-frequency queries is defined and meth-
ods for finding high-frequency queries are proposed
in Section 3. Experiments which are performed to
evaluate the high-frequency queries obtained from the
proposed method are presented in Section 4. In Sec-
tion 5, the experimental results are discussed. The
conclusion and future work are discussed in Section
6.

2. RELATED WORKS

This section describes similarity join and filtering
methods used for similarity queries, especially high-
frequency-queries-based filter. Then, cluster analysis
is described.

2.1 Similarity Join

Similarity join finds all pairs of similar texts from
two datasets, where the similarity between texts is
measured by a similarity function. Given two text
datasets D7 and Ds, a similarity function f and a
similarity threshold ¢, the similarity join of D; and
Do, denoted by SJ(Dl, DQ), is {(dl, d2)|d1 € Dy, do €
Dy and f(dy,d2) >t} [2].

The brute force method to find SJ(D;, D2), which
is to calculate the similarity between all pairs of texts
(d1,d3) in Dy x Dy and compare with ¢, consumes
too much time. The filter-and-verify framework [4]
reduces the time for similarity join by first filtering
out non candidates, which are text data that can-
not possibly be answers of the query, and then ver-
ifying the remaining candidates for the answers. In
the verification step, the similarity between the query
and each candidate is calculated, and only the candi-
date whose similarity exceeds the given threshold is
returned as an answer. Consequently, the following
two factors must be considered for the performance.
First, the average filter time for each text data should
be less than the verification time. Second, the filter

step preferably produces a small number of candi-
dates. Thus, a trade-off between the filter time and
the filter power must be considered.

Many methods for filtering, such as [2, 3, 4], are
proposed. Some filtering methods minimize the filter
time by examining only some parts of the text. Prefix
filtering [2], positional filtering [3] and suffix filtering
[3] are based on this idea. For prefix filtering, inverted
indices are created to group text data according to
their prefixes, and to speed up filtering. AdaptSearch
and AdaptJoin [4] aim to improve the filter power of
prefix filtering by finding a good trade-off point for
filter time and filter power. Delta inverted indices are
proposed to support the use of varying prefix length
in filtering.

However, when high-frequency queries arise, these
filtering methods go through the indices and get sim-
ilar results repeatedly. The filter time can be reduced
by caching the result of a high-frequency query with
varying query thresholds, and used this result for
any queries which are similar to the high-frequency
query. Based on this idea, another approach for fil-
tering is to organize text data according to the simi-
larity between the text data and a chosen text. High-
frequency-queries-based filter [5] is an example of this
approach, and a text which is similar to many ex-
pected queries, called a high-frequency query, is one
of the chosen texts. A high-frequency query is used
because the filter power is high when the query is
similar to the chosen text. In practice, these high-
frequency queries often appear. For example, after
April 2015 Nepal earthquake [9], the search for words
‘Nepal’, ‘earthquake’ and ‘help Nepal’ dramatically
increases compared with the previously recorded data
by Google trends explorer [10]. This group of words is
a high-frequency query, which can be defined as a set
of words/tokens such that many queries are similar
to it.

When high-frequency queries are chosen, a simi-
larity table is created based on each of them. Each
table stores the pointers to all records in the dataset
sorted by the similarity between each record and the
corresponding high-frequency query. Each row of a
similarity table built for a high-frequency query F
contains pointers to text data whose similarity with
respect to F are in a specified range for the row.
That is, for the similarity table STr created for the
high-frequency query F' and the dataset D, the row
i, in s rows, of ST stores pointers to text data
whose similarity compared to F' is between i/s and
(¢ +1)/s. Thus, STr[i] = {p|p is the pointer to
r € D,i/s < f(r,F) < (i +1)/s}. The following
example illustrates the similarity table.

Example 1: Suppose a similarity table STp of
10 rows, shown in Table 1, is created for a
dataset D, wusing a high-frequency query F =
{t1,ta,t3,t4,t5,t6,t7,ts,t9}. The Jaccard similarity
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function f, where f(s1,8) = |s1|/|s2|, is used as
the similarity function. Consider the following data
records in D:

dy = {t1,t2,t3,t4,t5, 6, 17,13, t10},

dy = {t1,t2,t3,t4,t5,t6, 1o, t11},

ds = {t1,t2,t3,ta,t5,t6, t7, t10, t11, t12}, and

dy = {t1,t2,t3,ta, t5,t6, t7, ts, to, t11 },
The similarity between the high-frequency query F and
each data record is calculated, as shown below.

f(dy, F) = 8/10 = 0.800
F(dy, F) = 7/10 = 0.700
f(ds, F) = 7/12 = 0.583
F(ds, F) = 9/10 = 0.900

Thus, the data records dy,ds,ds and dy are stored in
rows 7, 6, 5 and 8 of STk, respectively, as shown in
Table 1.

To find the answers for a query ¢ with the threshold
t, the high-frequency query, say F', which is closest to
the query ¢ is chosen. Then, the similarity between
q and F is calculated. It is found that a text data d
is a possible answer of the query ¢ with the threshold
Lif f(g,F) — (1—t) < f(d,F) < f(g.F) + (1—1).
From the similarity value between F' and any possible
answer of ¢, the lower bound f(q, F')+ (1 —t) and the
upper bound f(q, F) + (1 —t) are used to filter out
data in some rows of the similarity table.

Table 1: The system availability comparison be-
tween HADM-KRS and the proposed KRS with KRA
failure (K = N-2) and KRS without KRA failure (K

=0).

Row | Data records | Jaccard similarity (0.0-1.0]
0 (0.0, 0.1]
1 (0.1, 0.2]
2 (0.2, 0.3
3 (0.3,0.4
1 (0.4, 0.5
5 L ds, . (0.5, 0.6
6 L do, .. (0.6, 0.7
7 L dn, . (0.7, 08
8 s, (0.8,0.9
9 (0.9, 1.0

The following example shows how to find the an-
swers of a query from a similarity table created from
a high-frequency query.

Ezample 2: Suppose the query q = {t1,ta,t3,t4, 15, ts,
tr,ts,to, t10} s queried on the dataset D, shown in
Example 1, with threshold = 0.85. The similarity be-
tween q and the high-frequency query F of the simi-
larity table STr, which is shown in Table 1, is com-
puted; f(q,F) = 9/10 = 0.900. Considering any
candidate for the query gq, the lower bound and the
upper bound of its similarity compared to the high-
frequency query F are 0.9 + (1 — 0.85) = 0.75 and
0.9 + (1 — 0.85) = 1.05, respectively. Thus, the rows
7, 8 and 9 of STk contain possible answers of q, while

the rest cannot possibly contain any answer. That is,
dy and d3 can be filtered out, but di and dy must be
further verified. For verification, the similarity be-
tween the query q and both d1 and d4 are calculated.
Since f(q,d1) = 9/10 = 0.9, which is higher than the
threshold, dy is an answer of q. On the other hand,
dy is not an answer of q because f(q,dy) = 9/11 =
0.818, which is lower than the threshold.

When more high-frequency queries are used, the
filter power can be increased but the filter cost is also
increased because more similarity must be calculated.
In [6], an inverted index of high-frequency queries is
proposed, in order to reduce the computation time
for choosing the high-frequency queries.

However, the performance of high-frequency-
queries-based filter depends heavily on the set of cho-
sen high-frequency queries. An appropriate set of
high-frequency queries is necessary to create effec-
tive similarity tables for similarity join. This paper
proposes an algorithm which finds the set of high-
frequency queries that can be used efficiently for high-
frequency-query-based filter based on cluster analy-
sis, which is described next.

2.2 Cluster Analysis

Cluster analysis is an unsupervised learning tech-
nique which finds clusters of data in a dataset. It
is used in many applications such as data mining,
machine learning and pattern recognition [7]. Clus-
ter analysis can be categorized as density-based clus-
tering, hierarchical-based clustering and center-based
clustering [7]. Density-based clustering creates data
clusters in the high density areas. Hierarchical-based
clustering groups small clusters of data to a larger
cluster hierarchically. Center-based clustering groups
data located near the same centers together. In this
work, density-based clustering algorithm called DB-
SCAN is used as it is less susceptible to noise [8] along
with agglomerative hierarchical based clustering algo-
rithm.

DBSCAN is the density-based clustering algorithm
that finds the clusters by eliminating points in the low
density areas while grouping those in higher density
areas together. A cluster is determined based on two
parameters. Omne is minpt, which is the minimum
number of points and the other is eps, which is the
radius of clusters. A group of points is classified as a
cluster if there are sufficient data points, i.e. at least
minpt points, located near each other, i.e. within a
radius eps. In DBSCAN, a data point is either a core
point, a border point or a noise point. A core point
is a data point with least minpt points in the radius
eps. A border point is a data point, which is not a
core point but located within eps distance from a core
point. A noise point is a data point which is neither
a core point nor a border point.

Although DBSCAN is initially proposed for spa-
tial database [6], it can be applied in other applica-
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tions efficiently. Similarity functions can also be used
instead of distance function in order to define the re-
lationship between data [11]. In this paper, the sim-
ilarity function which is used for similarity join and
search is also used for clustering, and the similarity
is used as the distance between two points. Because
a high-frequency query is a query which is similar to
many other queries, high-frequency queries are cen-
ter points of clusters created from a query set. Thus,
our proposed method is based on DBSCAN, which
discovers clusters of data and identifies core points of
each cluster.

Another approach for clustering analysis is
hierarchical-based clustering algorithm, which groups
data in hierarchical relationship [7]. Data points
which are close together have stronger relationship
and are grouped into a cluster, and then clusters
which are close together are further grouped together.
For agglomerative methods [7], each single data point
is initially considered as a cluster and clusters are
grouped based on their distance. This procedure is
repeated until all becomes only one cluster. The idea
of agglomerative methods is applied, together with
DBSCAN, to help identifying high-frequency queries.

Next, the algorithms for finding sets of high-
frequency queries, based on DBSCAN and the idea
of agglomerative clustering, are proposed.

3. PROPOSED METHOD

This paper proposes methods to find a set of high-
frequency queries which can be used to build similar-
ity tables as an index structure for high-frequency-
queries-based filtering. High-frequency queries can
be obtained by examining the query history. Given
a set of queries, it is needed to find queries which
appear frequently, or are similar to many queries
from this set. First, high-frequency queries is de-
fined in Section 3.1. Based on this definition, a high-
frequency query is a representative of a group of sim-
ilar queries. Clustering algorithms can be used to
find such queries. DBSCAN is used to find high-
frequency queries because it is less susceptible to
noise [7]. From the definition, if queries are clus-
tered densely, there are many high-frequency queries
which are similar to each other. It is redundant
to create two similarity tables based on two simi-
lar high-frequency queries. Two methods to choose
an optimal set of high-frequency queries for high-
frequency-queries-based filtering are proposed in Sec-
tion 3.2. One method, called DBRAN, randomly
chooses one of the high-frequency queries from each
cluster. The other one, called DBSM, merges similar
high-frequency queries together to create a represen-
tative of these queries. The performance evaluation
of DBRAN and DBSM is described in Section 4.

3.1 Definition of High-frequency Queries

To make it possible to find useful high-frequency
queries from a set of queries, a definition of a high-
frequency query is formulated. First, the concept of
friends is defined to allow the measure of frequency
of a query from similar queries. Definition 1 states
that two queries are friends if their similarity is not
lower than a specified threshold t.

Let @ be a set of n text queries.

Let f be a similarity function and t be a specified
similarity threshold between friends in range [0, 1].
Definition 1: A text ¢ is called a friend of another
query gz in iff f(q1,q2) > ¢.

Lemma 1: q is a friend of q2 iff q¢2 is a friend of
qi-

Then, a high-frequency query is defined based on
the number of friends, as shown in Definition 2.

Let miny be a positive integer < n.

Definition 2: A text query ¢ is called a
high — frequency query of the query set @ iff ¢ has
more than miny friends in Q.

According to this definition, a high-frequency
query is a query that has sufficient number of friends.
There are several ways to find high-frequency queries
from a query set ). However, choosing an appro-
priate set of high-frequency is crucial for the perfor-
mance of high-frequency-based filter.

3.2 Methods to Find Sets of High-frequency
Queries

Based on the definition of a high-frequency query,
DBSCAN method can be used to find high-frequency
queries with a specified minimum number of friends
and a similarity threshold. However, the distance
function used in DBSCAN is different from the simi-
larity function. The distance between two data points
is high if they are different. On the other hand, the
similarity between two data points is low if they are
different. According to [11], a distance function can
be mapped into similarity function using three con-
version functions, i.e. linear, sigmoidal and inverted
functions. In this section, the linear conversion func-
tion is used.

For both proposed methods, DBSCAN is used to
find high-frequency queries. When high-frequency
queries are closed together, the difference between the
similarity tables created from these queries is so small
that they are redundant. To avoid this redundancy,
only some of these high-frequency queries must be
chosen. The first approach is to randomly choose
one high-frequency query for each cluster. DBSCAN
with this randomly chosen high-frequency query for
each cluster is called DBRAN. The other approach is
to merge high-frequency queries obtained from DB-
SCAN, and this method is called DBSM.
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For DBRAN, DBSCAN is used with the query set
to find the clusters of queries along with their core
points, and then one core point is randomly cho-
sen from each cluster as one of the high-frequency
queries. This resolves the redundant problem of the
high-frequency queries. However, if the cluster is
large, the random text might not cover all data in
the cluster. DBSM is proposed to solve this problem.

DBSM also uses DBSCAN to find core points,
which are high-frequency queries. Then, similar
high-frequency queries are merged together to re-
duce the redundancy while preserving the query cov-
erage. Therefore, we need a criteria to determine
whether two core points should be both chosen as
high-frequency queries or they should be merged into
one. Furthermore, it must also consider how to merge
two core points. We propose a merging scheme to deal
with both of these issues.

To merge core points, the concept of hierarchical
agglomerative clustering is adapted. For each cluster
obtained from DBSCAN, the high-frequency queries
are brought to find the pair with highest similarity.
The decision to merge core points, or high-frequency
queries, is based on the comparison between the simi-
larity tables created from the original high-frequency
queries and the merged high-frequency query. Sup-
pose we have two high-frequency queries d; and ds
which are most similar with each other, compared
with other pairs of high-frequency queries in the same
clusters. The merged high-frequency query created
from dl and ds contains the common tokens be-
tween dy and ds. Specifically, the merged query
m = di; Ndy. Then, the average number of candi-
dates in the similarity table created with m as the
high-frequency query and the average number of can-
didates in the similarity table created with d; and
ds as the high-frequency queries are compared. The
average numbers of candidates are obtained by do-
ing high-frequency-queries-based filtering for queries
which are the friends of the queries d; and dy com-
pared to the friends of m, with the specified thresh-
old ¢. If the latter one is smaller, the merged query
is used as a high-frequency query, instead of the
two original queries. Otherwise, we do not merge
them and continue trying to merge the rest of the
high-frequency queries. The remaining set is the
set of high-frequency queries used for high-frequency-
queries-based filtering. The following example shows
how the merging strategy works.

Example 3: Suppose there are two text queries ¢ =
{t1,t2,t3,ts,t5} and q2 = {t2,t3,t5,t6}. q1 has two
friends b1 = {t17t27t3,t4} and b2 = {tl,tg,t3,t4,t6}
while go has one friend by = {t1,t2,t3,ts,ts}. To
determine whether q1 and qo should be merged, the
merged query m which is g1 N g2 = {ta,t3,t5}, is
created. Then, the similarity values between each
query and its friends are computed, and the results
are shown below.

fla1,01) = 0.89, f(q1,b2) = 0.8,

f(q2,b3) = 0.75,

flm,b1) = 0.57, f(m,by) = 0.52, f(m, bs) = 0.86.

Then, the similarity table for m is created from the
dataset.

Given the number of data records in each row of the
similarity tables created from q1, go and m as shown
in Table 2. The candidate number of q1 using by and
bo is 141 = 2 while the candidate number of g3 using
bs is 1. Therefore, the candidate number before merge
is 241 = 3. Then, the candidate number for m using
b1, b2 and b3 is calculated from STm, which is 0+4+/4
= 8. Since 8 > 4, which means the candidate after
merge is more than the candidate before merge, ¢,
and g will not be merged. Otherwise they are merged
into m and all of their friends are added to the friend
list of m.

Table 2: Candidate numbers from similarity tables
of q1, g2 and m.

rocTable | g, ST, ST
1 1 1 0
2 2 1 2
3 4 2 4
4 s 3 28
5 23 33 16

In this paper, two methods are proposed to find an
appropriate set of high-frequency queries because of
the low performance of brute force methods. There-
fore, only DBRAN and DBSM are implemented to
compare the performance and the experiments are
described in Section 4.

4. EXPERIMENTS

In this section, we describe experiments which
are performed in order to evaluate the proposed
method. The two methods to find sets of high-
frequency queries - DBRAN and DBSM - are im-
plemented in Java and compile with Netbeans IDE
7.1.2 on Windows 7 professional machine with 8 GB
memory.

Three text datasets used for high-frequency-
queries-based filter are:

— Enron [12], which contains email from Enrons se-
nior management,

— NYTimes [12], which contains news article, and

— DBLP [13], which contains computer science bib-
liography.

Table 3 shows the sizes of these datasets.

However, the query sets which contain high-
frequency queries must be generated. For each
dataset, a certain number of data records are ran-
domly chosen. These chosen records are the original
high-frequency queries. Each of these high-frequency
queries is mutated by changing some percentage of
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Table 3: Details of each dataset used in the experi-

ECTI TRANSACTIONS ON COMPUTER AND INFORMATION TECHNOLOGY VOL.10, NO.1 May 2016

ments.
Dataset | Number of | Number of Average
possible records length per
words record
Enron 28,099 39,861 160
NYTimes 101,636 299,749 232
DBLP 167,446 1,385,952 14
the tokens, and added in a query set. Each query

set used in the experiments is composed of a num-
ber of mutated high-frequency queries and a number
of other queries randomly chosen from the dataset.
From each dataset, 8, 16, 32, 64 and 128 records
are randomly chosen as the original high-frequency
queries. The original sets of chosen high-frequency
queries cannot be known in real-world situation. But,
for our synthetic query sets, they are used in the
experiments for a baseline measurement to compare
with the results from both proposed methods.

For each mutated query, mutation can be done by
inserting, deleting or substituting a token in a query.
A certain percent of tokens in each query are mu-
tated, and the mutation percentage is varied from
20% to 50%. Each query set contains mutated high-
frequency queries and randomly chosen records in the
dataset. The percentage of the high-frequency queries
are 50, 60 and 80. However, since the percentage of
queries related to high-frequency queries does not af-
fect the difference of the result between each method,
only the results from 60% related sets are shown here.

Half of each query set is randomly chosen as a
training set that DBRAN and DBSM use to find high-
frequency queries. The other half of the set is used
as a test set, which is used as query sets for high-
frequency-queries based filter to measure the perfor-
mance.

The set of high-frequency queries obtained from
each method is used to measure the performance
of the two methods. The method performs well if
high-frequency-queries based filtering works well, us-
ing the set of high-frequency queries obtained from
the method. Two factors coverage and the number
of candidates are observed in the experiments. The
coverage of a set of high-frequency queries is the num-
ber of queries in a query set that are similar to at least
one high-frequency query. These queries are called in-
coverage queries and others are called out-of-coverage
queries. Large coverage indicates that the similarity
tables can be used for a large number of queries. For
an in-coverage query, a similarity table can be used
for filtering and the candidates are obtained from the
table. These candidates are called in-coverage can-
didates. A smaller number of in-coverage candidates
indicates that the filter works well. On the other
hand, for an out-of-coverage query, high-frequency-
queries based filter does not use similarity tables and
switches to AdaptSearch. In this case, the candidates

obtained from similarity tables, called out-of-coverage
candidates, are too numerous to be of use. It is prefer-
able for a set of high-frequency queries to have large
coverage and a small number of in-coverage candi-
dates. Thus, the number of in-coverage candidates
per in-coverage query is also an important indicator.
However, if both the number of in-coverage queries
and the number of in-coverage candidates are large,
the average number of in-coverage candidates must
be considered. These three values are measured in
the experiments, and they are analyzed next.

5. PERFORMANCE MEASUREMENT
5.1 Coverage Percentage

First, the coverage percentage, which is the per-
cent of the in-coverage queries in a query set, is exam-
ined. High coverage percentage indicates that many
queries are similar to at least one of the chosen high-
frequency queries, and one of the similarity tables can
be used for filtering. Thus, it is desirable that a set
of high-frequency queries gives high coverage percent-
age.

From the experiments with the query sets with
60% of the queries created by mutation on the high-
frequency queries, Fig. 1-3 show the coverage per-
centage for the three datasets. It is shown from all
three datasets that, when the mutation is low, i.e.
at 20%, the coverage percentages of high-frequency
queries obtained from DBRAN, DBSM and original
sets are nearly the same. This means the sets of high-
frequency queries retrieved from these two methods
similar with the original sets. With at least 40%
mutation, the coverage percentages from DBSM sets
are better than DBRAN. They are both lower than
original sets. For the original set of high-frequency
queries, it remains the same when the queries are mu-
tated at lower level. On the other hand, if the queries
are mutated more than 40%, the coverage percentage
decreases when the mutation level increases.

Another point to consider is the effects of the num-
ber of original high-frequency queries. If queries are
mutated for 20%-30%, the number of high-frequency
queries does not affect the coverage percentage. On
the other hand, for the sets of high-frequency queries
obtained from DBRAN and DBSM, their coverage
percentages moderately decrease if the train sets con-
tain more high-frequency queries. However, the orig-
inal sets of high-frequency queries are not affected by
this parameter.

From the experiments, it is shown that the sets of
high-frequency queries obtained from both DBRAN
and DBSM have similar coverage as the original set
of high-frequency queries when the percent of mu-
tation is low. However, when mutation is increased,
both DBRAN and DBSM yield sets of high-frequency
queries with lower coverage percentage compared to
the original sets. However, DBSM finds sets of high-
frequency queries with higher coverage percentage
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candidates indicates how much verification is required

than DBRAN, especially when the number of high-

frequency queries is low.

for similarity join. The number of in-coverage candi-

dates depends on the similarity between each query
and the chosen high-frequency query, together with

The higher number of in-coverage queries leads to
more in-coverage candidates which is shown next.

the similarity threshold, which is 0.5 in this experi-

ment. From the experiments on query sets, in which

60% of the queries created by mutation on the high-

frequency queries, Fig. 4-6 show the number of in-

coverage candidates for the three datasets.

are mau-

, when the queries

the numbers of in-

For all three datasets

tated for 20%,

ODBSM

coverage candidates

BDBRAN

are low. Using high-frequency queries obtained from

@Orniginal

both DBSM and DBRAN, the numbers of in-coverage

the number of

candidates are highest when the queries are 30% mu-
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more.
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Fig.3

in-coverage candidates become almost the same for

both DBSM and DBRAN when the queries are 40%

mutated. With 50% query mutation level, the in-

This means out-of-

coverage candidate number decreases as well as the

result from other methods.

5.2 Numbers of In-coverage Candidates

coverage candidates increase as the queries are more

mutated.

For an in-coverage query, its candidates are re-
trieved from the similarity table of the closest high-

Next, the average number of candidates per in-

frequency query. Thus, the number of in-coverage
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Fig.6: In-coverage candidates of Enron dataset with
60% high-frequency queries.

coverage query is examined.

5.3 Average Number of Candidates per In-
coverage Query

The total number of in-coverage candidates in-
creases with more in-coverage queries. Therefore, the
number of candidates alone is not sufficient to evalu-
ate the resulting sets of high-frequency queries. The
average number of candidates generated from each
in-covered query must also be considered. This is
computed from the number of all in-coverage candi-
dates dividing by the number of in-coverage queries.
As the numbers of data records are different for all
datasets, the percentage of average number of candi-
dates, compared to the whole dataset, is used.

Fig. 7-9 show the mentioned percentage of the
three datasets when 60% of the test sets related to
the original high-frequency queries with various mu-
tation percentage. For every dataset, when the mu-
tation percentage is low, i.e. 20%, the in-coverage
queries using original high-frequency queries generate
very few in-coverage candidates, i.e. less than 0.01%
of the whole dataset. However, both DBSM and
DBRAN generate more in-coverage candidates, i.e.
2%-6%. When the percent of mutation is increased,
high-frequency queries generated from DBSM and
DBRAN yield roughly the same percentage of in-
coverage candidates. In contrast with the higher per-
cent of mutation, say 40%, each of the in-coverage
queries using the original high-frequency query sets
generate dramatically higher candidates.

The results from these three measurements lead
to this conclusion. If the queries are mutated at
low level, high-frequency-queries-based filter using
the high-frequency queries found from DBRAN and
DBSM give the similar results. Query sets with low
mutation contain many similar queries which lead to
denser clusters. Therefore, the merging strategy is
not necessary as the random strategy performs well.
On the other hand, if queries are highly mutated,
DBRAN and DBSM give slightly different sets of
high-frequency queries which lead to the difference
in coverage percentage, candidate numbers and the

percentage of candidate numbers per query in the
datasets. The sets obtained from DBSM provide bet-
ter results in most of the experiment. This means
that the merging strategy is useful for the highly mu-
tated query set.

6. CONCLUSION

This paper proposes a method to find a set of high-
frequency queries, which is used in high-frequency-
queries-based filtering, from a query set. The set of
high-frequency queries is used to create similarity ta-
bles for high-frequency-queries-based filter for simi-
larity join. DBSCAN clustering algorithm is applied
to find the clusters of queries. DBRAN, which is DB-
SCAN with random core points, finds high-frequency
queries and removes redundant core points by ran-
domly selecting one core point from each cluster.
However, one core point may not cover every query
in a cluster. DBSM, which is DBSCAN with merging
strategy, removes redundant core points and also pre-
serves the coverage of each core point. This method
merges two core points if they are similar. Then,
the remaining core points are used as high-frequency
queries. Experiment results show that DBSM and
DBRAN are nearly the same when the high-frequency
queries are similar, or the clusters are compact. On
the other hand, if the high-frequency queries are
highly varied, DBSM outperforms DBRAN as the re-
sulting sets of high-frequency queries provide better
performance for high-frequency-queries-based filter.

BDBSM

BDERAN

WOriginal
the number of

high-frequency
2| queries

281 | ——————

mutation
percentage

Fig.7: In-coverage candidates per query percentage
of DBLP with 60% related to original high-frequency
queries.

Although DBSM found the sets that cover more
queries in the test sets than DBRAN;, it takes much
longer to compute if there are many core points in
each cluster. Therefore, the strategy to determine
whether the merging strategy is necessary for the set
of core points should be studied further.
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