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Abstract: This paper presents a rule merging and simplifying method and an improved analysis deviation
algorithm. The fuzzy equivalence theory avoids the rigid way (either this or that) of traditional equivalence
theory. During a data cleaning process task, some rules exist such as “included”/“being included” relations
with each other. The equivalence degree of the being-included rule is smaller than that of the including rule,
so a rule merging and simplifying method is introduced to reduce the total computing time. And this kind of
relation will affect the deviation of fuzzy equivalence degree. An improved analysis deviation algorithm that
omits the influence of the included rules’ equivalence degree is also presented. Normally the duplicate records
are logged in a file, and users have to check and verify them one by one. It’s time-cost. The proposed
algorithm can save users’ labor during duplicate records checking. Finally, an experiment is presented which

demonstrates the possibility of the rule.
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Data cleaning becomes an important task during
the building process of a data warehouse. Nowadays
many researchers have studied algorithms such as
queue-prior  algorithm and  multi-pass  sorted-
neighborhood algorithm“’ﬁi, which greatly increase
the execution efficiency of data cleaning. However, the
equivalence theory, a very important concept in data
cleaning, is not given much attention. Equivalence
theory is the theory of how to define two records to be
equivalent or duplicated. Traditional equivalence theory
claims that records that conform to given equivalent
matching rules are duplicated; otherwise they are not. A
new equivalence theory based on fuzzy theory”: is
introduced to improve data quality. This paper presents
a rule-merging method to improve computing speed
and puts forward an algorithm to cluster similar
records. Finally, the paper gives an experiment and
explains the experimental result.

1 Traditional Equivalence Theory and Fuzzy
Equivalence Theory

The condition of a common set can be described
with the characteristic function:
1 ueA
can={,
The function shows the phenomena of “either
this or that”. The traditional equivalence theory looks
like “that”. A typical rule definition of traditional
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equivalence theory is as follows'™* :

Example 1

Given two records, R, and R, ,

If R, Iname EQUALS, R, .lname

And R, Addr EQUALS, R,. Addr
And R, .fname differs slightly R, .fname

Then R, EQUALS R,

In example 1, if the addresses and the first names
of R, and R, are the same, and their second names are
slightly different, then we regard R, and R, as
duplicated records, otherwise they are not. That is, the
traditional equivalence theory is in the form of “either
this or that”, if they are not duplicated records, they
are non-duplicated.

Therefore, the traditional equivalence theory has
two problems to be solved. Firstly, with such a
mechanical rule, it is difficult to define whether two
records are duplicated or not. Secondly, the quantity
of rules in some data cleaning tools is too huge.
Among so many rules, even though there exists no
conflict, the choice of rules would be tedious. No
matter how careful experts and users are, the
generated rules can hardly handle well all the data
problems in data warehouse. Therefore, some data-
cleaning tools, given away to users to solve the data
quality problems, demand interaction with users in the
form of providing a LOG file to verify them (shown in
Fig.1). But the LOG file would be so bulky that users
may encounter data problems over time. So the data
quality problem is unavoidable with the traditional
equivalence theory.
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fname: |m Iaddresﬂ B
Richard (Chris) 8346 Tice

Richard (Chris) 846 Tice _j
37484268546 Raebel | Colleen 3895 Mt. Tamalpais Place
37484268546 Raebel | Colleen 3895 Mt. Tamalpais Place

5208 40758188962 | Wolski
5208 40758188362 Wolski
4777

-
»

Fig.1 LOG file in traditional data cleaning tools

In order to embody the continuous and the
transitional features of such problems, ZadeH
expanded the value range of the characteristic
function from {0, 1} to [0, 1], which is the fuzzy set.

Definition 1 Fuzzy set

Assume a given mapping in domain U:

A. U—[0, 1]

u > A(u)
Then A is the fuzzy set in U, A(u) is the membership
function of A.

We assign a value [0, 1] for each rule, which we
call equivalence degree. It means if two records
conform to the rule, then they will be similar to each
other with the probability of equivalence degree.

The user should define a threshold value through
which users can determine which are the duplicated
records among all records. And the union calculation
method in fuzzy theory'’’ is introduced to evaluate
the fuzzy equivalence degree.

Definition 2 Assume A, Be F(U), then AUB
is the equivalence degree of A and B’s, or the union of
A and B’s. Its membership function is

(AUB)(u) =A(u) VB(u) =

max(A(u), B(u))
After the new equivalence theory is adopted, many
rules can be applied to records in the same group. So
the rule conflicting problem is solved. Assuming there
are three rules, each of which presents the
corresponding duplicated records, and the possibility
of concluding that R, and R, are matching is (0.9, 0.8,
0.85), respectively, and the threshold is 0.85. We get
0.9 with the union calculation method:

(Rulel URule2 URule3) (u) =

max(0.9,0.85,0.8)=0.9

Therefore R, and R, are duplicated records. In
fact, the fuzzy equivalence degree is determined by the
maximum equivalence degree. If the equivalence value
were defined to be larger, the duplication possibility of
data conforming to the rule would be higher or vice
versa. The feature must be reflected in the calculation
method of equivalence degree.

2 Improvement on Fuzzy Equivalence Theory
2.1 Close degree and rule optimization

However, only when the union -calculating

method is insufficient, should an analysis deviation
algorithm be introduced to analyze the deviation of
fuzzy equivalence degree. Users may need some data
to describe the influence of different rules on the same
group. For example, if the equivalence degree of the
three rules above on the other two records R,, R, is
(0.9, 0.2, 0.15), their fuzzy equivalence degree is also
0.9. Thus it cannot tell the difference between the first
group data R, and R, and the second group data R,
and R, with the equivalence degree. In fact, users tend
to analyze the second group data, for their three data
are greatly different.

A close degree function'” is introduced to
analyze the difference between the two groups. The
equation is as follows (Hamming approximation
accuracy):

IfU = {u,, u,, -

Lul
N(A, B) =1 =% [4(u) - B(u)|

Because the threshold is 0.85, let B =(0.85, 0.85,
0.85), the close degree of the two groups of data is

N, =1 -%( 10. 85 -0.9] + |0.85-0.8]| +
|0. 85 -0.9]) =0. 95
N, =1 —%(\0.85 -0.9|+10.85-0.15| +

10.85-0.21)=0.53

From the above result, we can find that the
approximation accuracy of the first group of data is
larger, and of the second one is smaller. Thus the
duplication possibility of the first group of data is
higher, and the second group of data needs further
observation.

During a data cleaning process, there are many
rules to be used, among which there exist relations of
“included” or “being included in”. Assuming there
are two rules, A and B, where the attributes included in
rule B contain those included in rule A. It is obvious
that users will give a higher equivalence degree to
rule B than that to rule A. And we can draw a
conclusion that the fuzzy equivalence of two records
will be determined by rule B and the record-set from
rule B is a subset of that from rule A.

With the threshold, there are two ways to
optimize the data cleaning process.

1) Omit the rules of which the equivalence is
lower than the threshold if users only care about the
records with a higher probability being duplicated.

2) Check and group the rules, with “included”
and “ being included” relations. The program will
process those rules together.

Users can choose the second way or both of them



456 Li Huayang, Liu Yubao, and Li Youkui

to optimize the algorithm.

Another problem to be solved is the calculation
of close degree if there are rules with the including
relation. The close degree will be affected by two
rules with the including relation. Omit the lower
equivalence degree when calculating the close degree.
For example, rule A and rule B make records R, and
R, duplicated, where rule B includes rule A, we can
omit the equivalence degree of rule A when we
compute the close degree of the duplicated records
between R, and R,. The method will give us a close
degree with high quality.

2.2 Duplicated records clustering algorithm

Another important problem is how we select
correct data from duplicated records. For example, if
the program detects that R, and R, are duplicated, how
could it judge which one is accurate or both are
problem data? A research tendency is to expect to
realize automation to handle the problem. However,
automation is difficult to realize because of different
duplicated rewords. Instead, manual handling is still
needed because obtaining data credibility through
computer automation is an arduous process. It requires
that enormous information be digitalized along with
technical difficulties. And it demands a large quantity
of interaction and information sharing between
systems, which may cause conflict of interest
problems.

Therefore manual interference is unavoidable.
This paper addressed a clustering algorithm to handle
duplicated records so as to reduce the quantity of
manually handled information.

Our strategy is not to pick a record or insert it if
it is a non-duplicated record one at a time. Instead, let
users submit all non-similar records to the data
warehouse after they browse and verify the records
through duplicated records clustering. We assume R, ,
R,, R; are a group of duplicated records and R,, R,
are the other group among the five records R,, R,, R,,
R,, and R,. During the identification of duplicated
records, the duplicated records are clustered and
handled. Then R,, R, and R, are clustered as a group

and R, and R; are clustered as another group. When
users browse and prepare to handle the duplicated
record R,, R, or R,, the three records will appear
simultaneously. Then wusers can find out their
duplicated parts and causes of inconsistency. After
being hand revised, the content that users choose will
be inserted into the data warehouse and the other two
records will be deleted from the original data set
together with it. In this way it is unnecessary for users

to browse R, R,, R, in the sequence of LOG file and
to worry about whether R, and R, have ever been
handled. Therefore it is helpful for users to speed up
execution and ensure data quality.

Clustering algorithm

Build an undirected graph G,

1) Each duplicated record is a node in the graph
G.

2) If two records exist with similar relations, then
link them with a line. If they have a link, skip it.

3) Repeat step 2) till all records are done.

Thus, we get a no-oriented graph. Each sub-
graph is a cluster of duplicated records.

For example, if R, —R,, R,—R,, R,—R5, R;—
R,, R,—R;, according to the clustering algorithm, we
have an undirected graph G,, as shown in Fig.2.

(r—C) @)

Fig.2 Undirected graph G, on duplicated records

From Fig.2, we can get three clusters from the
duplicated records. The users may browse and deal
with the duplicated records easily by a clustering
algorithm. As shown in Fig.3, when we choose the
91st duplicated record, all the other duplicated records
with the 91st record are presented in the following
table. In Fig.3, duplicated records are presented. One’s
addressl value is “413 Miller Dr.” and “41 Miller
Dr.” Actually they are inconsistent.

custoner_id 5 an nase 2i address! address? nddxu:_]ﬂ
8047177 37484268546, 0 Rasbel olleen 395 Ht. Tanalpas Place
81 (a177 37484268546. 0 Raebel
88 |a117 37484268646. 0 Rasbel

395 Mt. Tanalpas Place
385 Mt. Tanalpas Place

8314177 37484288545, 1

90 4177

EI 5o

o e

37484268546,

as61 36822724000.0 Velz Marlene NULL 413 Willer Dr NULL  NULL  WULL  Largley BC
204561 35922724000.0 Velz Marlene 41 Mller Dr Langley BC

Fig.3 Result of clustering method

3 Experiment

In order to show the use of the equivalence
theory, we develop a program and adopt the database
named pubs attached in Microsoft SQL Server 2000.
We choose 200 records in table customer among those
records, some are the same in customer _name
(fname), address, or telephone. Here we add a column
called age and generate 50 duplicated records with a
little different.

As mentioned above, we have to determine the
equivalence degree according to the user’s experience.
Here we put forward four rules as follows:
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1) The equivalence degree is 0.5 if the customer _
name is the same.

2) The equivalence degree is 0.85 if the customer _
name and address are the same.

3) The equivalence degree is 0.96 if the customer _
name, the address and the telephone are the same.

4) The equivalence degree is 0.86 if the age and
address and customer _name are the same.

Then we get the result shown in Tab.1.

Tab.1 Number of duplicated records corresponding to rules
Total duplicated records Rulel Rule2 Rule3 Rule4
50 65 53 51 54

As shown in Tab.1, most duplicated records are
founded, where Rulel C Rule2 C Rule3. Thus, the
number of duplicated records founded by rule 1 will
be larger than that founded by rule 2. Analogically the
number of duplicated records founded with rule 2 is
larger than that with Rule 3, --, which is supported by
the experimental result. The computing time can be
reduced by merging rule 1, rule 2 and rule 3.
However, the number of founded duplicated records is
not equal to the corresponding equivalence degree.
How to determine the equivalence degree is for future
work.

4 Conclusion

The traditional equivalence theory is in the form
of “either this or that”, which cannot reflect the fuzzy
problems in reality and sets obstacles for users to
define and generate rules. This paper introduces and
improves the equivalence theory based on fuzzy
theory, which not only adapts to fuzzy phenomena in

reality, but also accords to semantic cleaning tendency
to a certain extent. This paper puts forward an
improved analysis deviation solution in fuzzy
equivalence theory and presents an experiment.
Moreover, this paper presents the clustering method of
handling duplicated records. It helps users to complete
the clustering of duplicated data on time.
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