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Abstract

In this paper, we present a new method for estimating null values in relational
database systems based on automatic clustering techniques. The proposed method
clusters data in advance, such that it only needs to process the most proper clusters
instead of all the data in the relational database system for estimating null values. The
average estimated accuracy rate of the proposed method is better than the existing
methods for estimating null values in relational database systems.
© 2004 Elsevier Inc. All rights reserved.
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1. Introduction

It is obvious that data processing is an important activity in business pro-
cessing. A database system keeps a lot of information for an enterprise when
business running. Relational database systems are most widely used in an
enterprise. A database system will not operate properly if there exist some null
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values of attributes in the system. In [4], Candan et al. provided a unified
treatment of null values using constraints. In recent years, many researchers
focused on the research topics of estimating null values in relational database
systems [5,6,10-12]. In [5], Chen et al. presented a method to estimate null
values in the distributed relational database environments. In [6], Chen and
Yeh presented a method to generate fuzzy rules from relational database sys-
tems for estimating null values. In [10], Hsiao et al. presented a method to
estimate null values in relational database systems. In [11], Huang and Chen
presented a method to estimate null values in relational database systems using
genetic algorithms. In [12], Huang and Chen presented a method to estimate
null values in relational database systems with a negative dependency rela-
tionship between attributes.

In this paper, we present a new method to estimate null values in relational
database systems based on automatic clustering techniques. The proposed
method clusters data in advance, such that it only needs to process the most
proper clusters instead of the whole data in the relational database system for
estimating null values. The average estimated accuracy rate of the proposed
method is better than the methods presented in [5,6]. It can estimate null values
in relational database systems more accurately.

The rest of this paper is organized as follows. In Section 2, we briefly review
an automatic clustering algorithm from [9]. In Section 3, we briefly review
Chen-and-Chen’s method for estimating null values in relational database
systems from [5]. In Section 4, we present a new method for estimating null
values in relational database systems. In Section 5, we use an example to
illustrate the proposed method. Furthermore, we also compare the average
estimated error rate of the proposed method with the existing methods. The
conclusions are discussed in Section 6.

2. An automatic clustering algorithm

In recent years, some methods have been proposed for information retrieval
[2] and fuzzy query processing [13,16,19] based on clustering techniques. In
[18], Selim presented a semi-fuzzy approach for clustering multi-dimensional
data. In [3], Can et al. presented an incremental clustering method for docu-
ment databases. In [7], Hirano et al. presented a comparison of clustering
methods for clinical databases. In [9], we have presented an automatic clus-
tering algorithm for fuzzy query processing for relational database systems.
The automatic clustering algorithm is reviewed from [9] as follows:

Automatic Clustering Algorithm

/* current: the numerical datum to be clustered;
preceding: the numerical datum preceding current in the sequence;
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pre_preceding: the numerical datum preceding preceding in the numerical data

sequence;

average_dist: the average distance between every pair of neighboring numeri-

cal data in the data sequence;

cluster_average_dist. the average distance in a cluster. */

Step 1:
Step 2:

Step 3:

Sort the numerical data in an ascending sequence using quick sort [8].
Calculate the value of average_dist of the sorted data sequence;

/* For example, assume that the sorted numerical data sequence is
“xi =x; < xx <Xy =x, <x,”. Because there are only four different
numerical data (i.e., x;, x, x,, and x,) in the sorted data sequence,
where the same numerical data (e.g., x; and x; are the same numerical
data; x; and x,, are the same numerical data) are only counted once, the
value of average_dist is calculated as follows:

average_dist — (xk B x/) + (xS _3-xk) + (xp — xm) . /

put the first numerical datum in the sorted numerical data sequence
into the first cluster;

let current be the second numerical datum in the sorted numerical data
sequence;

let preceding be the first numerical datum in the numerical data se-
quence;

let pre_preceding = preceding;

If current-preceding < average_dist then

{

put the numerical datum that current represents into the cluster;
calculate cluster_average_distof the cluster, where cluster_average_dist
denotes the average distance of distances between every pair of neigh-
boring elements in a cluster;

let preceding = current;

let current be the numerical datum next to preceding in the sorted
numerical data sequence

}

else
{
put the numerical datum that current represents into a new cluster;
let preceding = current,
let current be the numerical datum next to preceding in the sorted
numerical data sequence
}.
If preceding is the first element in a cluster then
if current-preceding < average_dist
and current-preceding < preceding-pre_preceding
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then

{

put the numerical datum that current represents into the cluster; calcu-
late the value of cluster_average_dist of the cluster, where cluster_aver-
age_dist denotes the average distance of distances between every pair
of neighboring elements in a cluster;

let pre_preceding = preceding;

let preceding = current;

let current be the numerical datum next to preceding in the sorted
numerical data sequence

}

else
{
put the numerical datum that current represents into a new cluster;
let pre_preceding = preceding;
let preceding = current;
let current be the numerical datum next to preceding in the sorted
numerical data sequence
H
else if current-preceding < average_dist
and current-preceding < cluster_average_dist

then
{
put the numerical datum that current represents into the cluster; calcu-
late the value of cluster_average_dist of the cluster, where cluster_aver-
age_dist denotes the average distance of distances between every pair
of neighboring elements in a cluster;
let pre_preceding = preceding;,
let preceding = current;
let current be the numerical datum next to preceding in the sorted
numerical data sequence

H

else

{

put the numerical datum that current represents into a new cluster;
let pre_preceding = preceding;

let preceding = current;

let currentbe the numerical datum next to preceding in the sorted
numerical data sequence

}.

If no numerical data in the sorted numerical data sequence need to be
clustered
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then Stop
elsego to Step3.

For more details, please refer to [9].

3. A review of Chen-and-Chen’s method to estimate null values

In this section, we briefly review the method presented in [5] for estimating
null values in relational databases, where a fuzzy similarity matrix [14] is used
to represent fuzzy relations and the method is used to deal with one null value
in an attribute. The method presented in [5] can be used to estimate one null
value for an attribute at one time. Assume that there is a linguistic variable V'
which contains linguistic terms vy, v», ..., and v,. Fig. 1 shows a fuzzy relation,
where u;; denotes the closeness degree between v; and v;, u; € [0,1], 1<i<n,
and 1 <j< n. The fuzzy relation shown in Fig. 1 is a symmetrical matrix, i.e.,
uy =1, u; = uy, 1 <i<n,and 1 <j<n. For example, we can construct a fuzzy
relation for the linguistic variable “Degree” as shown in Fig. 2. From Fig. 2, we
can see that the linguistic terms of the linguistic variable “Degree” are Ph.D.,
Master and Bachelor.

Let CD,(v;, v;) denote the closeness degree between v; and v, of the linguistic
variable V. From Fig. 1, we can see that CD,(v;, v;) = u;;, where each value of

Vil vy | | v,
Vi1 |Upp| " |Ug
Vo {Uor | 1 |77 |Upy
Vo |Unt [Un2 |7 1

Fig. 1. A fuzzy relation for the linguistic variable V.

Ph.D. Master Bachelor
Ph.D. 1 0.6 0.4
Master 0.6 1 0.6
Bachelor 0.4 0.6 1

Fig. 2. A fuzzy relation for the linguistic variable “Degree”.
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u;; in the fuzzy relation matrix is defined by an experienced database admin-
istrator. From Fig. 1, we can also see that CD,(v;,v;) = 1, where 1 <i<n, due
to the fact that the degree of closeness between each v; and itself is equal to 1.

In [5], a fuzzy term ranking function can be defined to keep the rank of each
fuzzy term in the same linguistic domain. Assume that the linguistic variable V'
contains fuzzy terms v; and v;, and fuzzy term v; is prior to fuzzy term v;, then
the ranking order between v; and v; is defined as follows:

Rank(v;) > Rank(v;).

In [5], a rule base is used to indicate the relationships in which some attributes
determine other attributes, where all of the rules in a rule base, including the
weights of the attributes, are given by domain experts. Table 1 shows a set of
fuzzy rules, where the attributes 4, 4,, ..., and 4, determine the attribute B,
w;; denotes the weight of attribute 4; appearing in the antecedent portion of
rule R;, w; € [0, 1], Z;Zl wy=1,1<i<m,and 1 <j<n.

The basic idea of estimating null values in relational database systems
presented in [5] is that we compare the tuple which has a null value to each rule
in the rule base (i.e., Table 1) to see which one is the closest rule. Then, the null
value can be estimated by their closeness degrees. Assume that relation R
contains attributes 4;,4,,...,4, and B, where attributes 4,,4,,..., and 4,
determine attribute B. Let “r;.4;” denote the value of attribute 4, appearing in
the antecedent portion of rule »; and let “7;.4,” denote the value of attribute A,
of tuple 7. If there is a null value in attribute B, then it can be estimated by the
following method [3].

Case 1. First, each tuple 7; in relation R is scanned. Assume that attribute B
in relation R is in a numerical domain and there exits a rule 7; in the rule base
shown as follows:

IFA1 :Ajl(W:le) AND A2 :Ajz(W:sz) AND ... AND
A, = 4;,(W = w;,) THEN B = ¢,

Table 1
A set of fuzzy rules for determining attribute B [5]

Rule 1: IFA] =dan (W = Wll) AND Az =dp (W: le) AND .- AND A” = di, (W: W],,)
THEN B, =4

Rule 2: IFA] = day (W = W21) AND Az = dxn (W = sz) AND --- AND A,, = dyy, (W = Wz,,)
THEN B, =1,

Rule m: IF4; = a,y (W =wu) AND 4, = a,n (W =w,n) AND--- AND 4, = a,y (W = wyy)
THEN B,, = t,,
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where 1 < j<m. Since attribute 4; can be defined either in a numerical or a
non-numerical domain, there are two cases to be considered to calculate the
closeness degree between tuple 7; and rule r;:
(1) A is in a numerical domain:

The closeness degree between r;.4; and 7.4, can be calculated as follows:

T;. Ay

CDUji(l’j.Ak, T;Ak) = A .
Ak

(2) A; is in a non-numerical domain:
First, check the ranking order of T;.4; and r;.4;, respectively. Then, the
closeness degree between r;.4; and T;.4, can be calculated as follows:

Riomain [rj'Ava;'-Ak] ’

CDv;i(r;. Ay, T,-Ay) . T B if Rank(7;.4;) > Rank(r;.4;)
i\ Ap, 1;.A) = ]
Ji\lj-Lk k Rdomain [Vj-Ak7 Ti-Ak]7 if Rank(TlAk) < Rank(rj.Ak),

where R is a fuzzy relation, the symbol “domain” denotes an attribute, and
rj. A and T;.A4; are linguistic terms of the attribute “domain”. The closeness
degree between tuple 7; and rule r; can be calculated as follows:

CD(1 7) ~ 37 €Dyt o) < s
k=1

where wy, is the weight of attribute 4; of rule »; and 1<k <n. After the
closeness degree between tuple 7; and each rule r; in the rule base has been
calculated, where 1< j<m, the rule whose closeness degree with respect to
tuple T; is closest to 1 is chosen. If rule 7; is the closest one to tuple 7;, then the
null value of attribute B can be estimated as follows:

T;.B = CD(r;, T}) * N;.

Case 2. Assume that attribute B is in a non-numerical domain and there exits
a rule 7; in the rule base shown as follows:
IF A1 :Ajl (W = le) AND Az :Ajz(W = sz) AND --- AND
A, = A;,(W = w;,)THEN B = W,.
Because attribute 4, can be either a numerical or a non-numerical domain,
where 1 <k <n, there are two cases to be considered to calculate the closeness
degree between tuple 7; and rule 7;:

(1) 4; is in a numerical domain:
The closeness degree between r;.4; and 7.4, can be calculated as follows:

T; Ay
Vj.Ak '

CDUji(rj.Ak, T;Ak) =
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(2) A4y is in a non-numerical domain:
First, check the ranking order of 7;.4; and r;.4;, respectively. Then, the
closeness degree between r;.4; and 7;.4, can be calculated as follows:
: if Rank(7;.4;) > Rank(r;.4;),

CD i .'A ts T;.A e Rdomain [’7~Akvz-Ak] .
(- Aks Ti-Ai) {R®quAhﬂmj1f&mHEAQ<RMk@AQ.

The closeness degree between tuple 7; and rule r; can be calculated as fol-
lows:

CD(r, T;) = > _ CDu;i(ry.As, TeAr) * wy,
=1
where wy, is the weight of attribute 4; of rule »; and 1<k <n. After the
closeness degree between tuple 7; and each rule r; in the rule base has been
computed, where 1< j<m, the rule whose closeness degree with respect to
tuple 7; closest to 1 is chosen. If rule #; is the closest one to tuple 7;, then the
value of attribute B can be estimated as follows:

T.B =W,

For more details, please refer to [5].

4. A new method for estimating null values in relational database systems

In this section, we present a new method to estimate null values in relational
database systems based on automatic clustering techniques. Table 2 shows a
relation in a relational database system including four attributes: “W”, “X”,
“Y” and “Z”. In Table 2, the values of the attribute Z are dependent on the
values of the attributes “X”” and “Y” (i.e., the attribute “Z” is functional
dependent on the attributes “X”” and “Y”’). That is, the attributes “X”” and “Y”
are called independent variables and the attribute “Z” is called a dependent
variable. Thus, we can apply the concepts of “correlation” and ““coefficient of
determination” of the regression analysis of statistics [1,15,17] to represent the
weights of attributes. The definitions are shown as follows.

Table 2

A relation in a relational database system
w X Y VA
S] D] E] N; 1

Sg Dg E2 N2

S D, E, Ny




S.-M. Chen, H.-R. Hsiao | Information Sciences 169 (2005) 47-69 55

Definition 1. Assume that X is an independent variable and Y is a dependent
variable, then the degree of correlation (X, Y) between the variables X and ¥
is denoted by:

r(X,Y) = Zf(X':?(Y"_?) —, (1)
VI -/ -T)

where X; and X denote a possible value and the mean value of X, respectively,
Y; and Y denote a possible value and the mean value of Y, respectively, and
rX,Y) e [-1,1].

Definition 2. Assume that X is an independent variable and Y is a dependent
variable, then the Coefficient of Determination COD(X,Y) from X to Y is

COD(X,Y) = (r(X,Y))’, (2)

where r(X, Y) denotes the degree of correlation between the variables X and Y,
and COD(X,Y) € [0, 1].

If an attribute is in a non-numerical domain, we can assign a real value to
each value of the attribute. Therefore, we can represent a tuple in a relation of a
relational database system in terms of a vector. For example, the tuple whose
EMP-ID is S, in Table 2 can be represented by (D,, E», N,).

According to the values of the attribute “Z”’, we can partition m tuples in a
relation of a relational database system using the automatic clustering algo-
rithm we presented in [9]. Assume that after applying the automatic clustering
algorithm described previously, we obtain k clusters (i.e., clustery, cluster,, .. .,
and cluster;), where 1 <k < m, then we can derive some important information
for estimating null values of the attribute “Z”’. This important information
includes C;, COD;,, COD;,, ADS;, and AES;, where C; denotes the cluster
center of cluster;, COD;, denotes the “‘normalized coefficient of determina-
tion” from the attribute “X”’ to the attribute “Z” of cluster;, COD,, denotes
the “normalized coefficient of determination” from the attribute “Y”’ to the
attribute “Z” of cluster;, ADS; denotes the variation of the value of the attri-
bute “Z” for per unit of the value of the attribute “X” of cluster;, and AES;
denotes the variation of the value of the attribute “Z” for per unit of the value
of the attribute “Y” of cluster;, and 1 <i<k.

The algorithm for estimating null values in relational database systems
shown in Table 2 based on automatic clustering techniques is now presented as
follows:

Step 1: According to the values of the attribute “Z”, partition the m tuples of a
relation in a relational database system using the automatic clustering
algorithm we presented in [9], where the automatic clustering algorithm
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builds clusters by using tuples which contain non-null values. Assume
that we obtain k clusters (i.e., cluster;, cluster,,. .., and clustery) shown
as follows:

cluster; = {N1,17N1,27 cee ’NLPI}’
cluster, = {Nz,th,z, e aNZ,pz}a

cluster, = {Nk_l7Nk,27 s 7Nk,p/;}’

Step 2:

o

Step 3.

Step 4.

Step 5:

where 1 <k <m, N;; denotes the jth element of cluster;, p; denotes the
number of elements in cluster;, and 1 <i<k.

Calculate the cluster center C; of cluster;, where 1 <i <k, shown as fol-
lows:

1.)7 Dl F: El 1.): ]vl
= < j_l; ! ) j[; ! ’ j[i ! ) = (Di_cemer> Ei_centera ]Vi_cemer)a (3)

where p denotes the number of elements in cluster;, D;; denotes the
attribute value of the attribute “X” of the jth element of cluster;, E;;
denotes the attribute value of the attribute “Y” of the jth element of
cluster;, N;; denotes the attribute value of the attribute “Z” of the jth
element of cluster;, D, cener denotes the average attribute value of the
attribute “X” of cluster;, E;_cnter denotes the average attribute value of
the attribute “Y” of cluster;, N, cener denotes the average attribute
value of the attribute “Z” of cluster;, 1 <j<p, and 1 <p<m.

Based on formula (1), calculate the degree of correlation r;(X,Z) be-
tween the attributes “X” and “Z”, and the degree of correlation
ri(Y,Z) between the attributes “Y”” and “Z” of cluster;, respectively,
where 1 <i<k. If there is only one element in cluster;, then let
r(X,Z) =r(Y,Z) = 0.5000.

Based on formula (2), calculate the coefficient of determination from
the attribute “X”’ to the attribute “Z” and the coefficient of determina-
tion from the attribute “Y” to the attribute “Z” of cluster;, where
1 <i<k, and then normalize them. The normalized coefficient of
determination from the attribute “X” to the attribute “Z” of cluster;
is denoted by COD;, and the normalized coefficient of determination
from the attribute “Y” to the attribute “Z” of cluster; is denoted by
COD,..

Calculate the variation of the value of the attribute “Z” for per unit of
the value of the attribute “X” of cluster; (i.e., ADS;) and the variation
of the value of the attribute “Z” for per unit of the value of the attri-
bute “Y” of cluster; ( i.e., AES;). Assume that there are p elements in
cluster;, 1 <p<m, and assume that the jth element of cluster; is de-
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noted by (D;;, E; ;, N;;), where 1 < j < p, then ADS; and AES; are calcu-
lated as follows:

0, itp=1

ADS, el Zf: |Ni_cemer*NiJ . 4
+COD;, x —Z oo T 2SS (4)
0, if p=1

AES, — Z[j):l Ni_cemer*]vi,/'| . (5)
+COD;, x —Zle =y if 2<p<m

The signs of ADS; and AES; are the same as the signs of correlation
r(X,Z) and (Y, Z), respectively.

Step 6. Let (d, e, Nestimared) denote the tuple of an employee whose “X” is d,
“Y” is e, and “Z” is a null value. Calculate the Euclidean Degree—
Experience distance Dist; between (d,e, Nestimated) and (Di_centers
E; _centery Ni_center) Shown as follows:

DiSti = \/(Di_center - d)2 + (Ei_cenler - 9)27 (6)

where 1<i<k. If Dist,=Min(Dist,,Dist,,...,Dist;), where
1 <p<k, then we let (d, e, Nesimatea) be an element of cluster,,.

Step 7: Calculate the estimated value Negimateq Of the attribute “Salary” as fol-
lows:

Nestimaled = Np,center + ADSp X (d - Dp,cemer) + AESp X (e - Ep,center); (7)

where 1 < p <k, D,_center denotes the average value of the attribute “X™
of cluster,, E, center denotes the average value of the attribute “Y” of
cluster,, and N,_cneer denotes the average value of the attribute “Z” of
cluster,.

After calculating the value of Negimated, We can calculate the estimated error
shown as follows:

Nestimated — Original Value
Original Value

Estimated Error Rate = x 100%.
5. An example to estimate null values in relational database systems

Table 3 [6] shows a relation in a relational database in which the tuple whose
“EMP-ID” is S>3 has a null value in the attribute “Salary’, where the attribute
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Table 3
A relation contains null values [6]
EMP-ID Degree Experience Salary
S| Ph.D. 7.200 63000
S, Master 2.000 37000
S3 Bachelor 7.000 40000
Sy Ph.D. 1.200 47000
Ss Master 7.500 53000
Se Bachelor 1.500 26000
S7 Bachelor 2.300 29000
Sy Ph.D. 2.000 50000
Sy Ph.D. 3.800 54000
Sio Bachelor 3.500 35000
Si Master 3.500 40000
Sis Master 3.600 41000
NE Master 10.000 68000
Sa Ph.D. 5.000 57000
Sis Bachelor 5.000 36000
Sis Master 6.200 50000
Si7 Bachelor 0.500 23000
Sis Master 7.200 55000
S1o Master 6.500 51000
S Ph.D. 7.800 65000
SH1 Master 8.100 64000
Sy Ph.D. 8.500 70000
S Master 4.500 NULL

“Salary” is functional dependent on the attributes “Degree”” and “Experi-
ence”. We can estimate this null value based on the proposed algorithm.
Because the ranking order of the values of the attribute “Degree” is

Rank(Ph.D.) > Rank(Master) > Rank(Bachelor),

“Bachelor” is assigned to 1.000, “Master” is assigned to 2.000, and “Ph.D.” is
assigned to 3.000, where these assignments can get the best estimated accuracy
rate for estimating null values. Table 4 shows the results after assigning the real
values to the attribute values of the attribute “Degree’.

The process of estimating null values in the relational database system is
illustrated as follows:

[Step 1] Based on the automatic clustering algorithm we presented in [9], we
can cluster all of the tuples in Table 4 except the tuple whose EMP-
ID is 4y; according to the attribute values of ““Salary” in Table 4.
The cluster results are shown as follows:



S.-M. Chen, H.-R. Hsiao | Information Sciences 169 (2005) 47-69

Table 4
A relation after assigning real values to the attribute values of the attribute “Degree”

EMP-ID Degree Experience Salary
S 3.000 7.200 63000
S, 2.000 2.000 37000
S; 1.000 7.000 40000
Sy 3.000 1.200 47000
Ss 2.000 7.500 53000
Se 1.000 1.500 26000
S; 1.000 2.300 29000
Ss 3.000 2.000 50000
So 3.000 3.800 54000
Sio 1.000 3.500 35000
S 2.000 3.500 40000
Si> 2.000 3.600 41000
Si3 2.000 10.000 68000
Si4 3.000 5.000 57000
NE 1.000 5.000 36000
Si6 2.000 6.200 50000
Si7 1.000 0.500 23000
N 2.000 7.200 55000
Sio 2.000 6.500 51000
Sh 3.000 7.800 65000
AN 2.000 8.100 64000
S» 3.000 8.500 70000
Sn3 2.000 4.500 NULL

cluster; = {(1.000,0.500, 23000)},

cluster, = {(1.000, 1.500,26000)},

cluster; = {(1.000,2.300,29000)},

clustery = {(2.000,2.000,37000), (1.000, 3.500, 35000),

(1.000, 5.000, 36000)},

clusters = {(1.000,7.000,40000), (2.000, 3.500,40000),
(2.000, 3.600,41000)},

clusters = {(3.000, 1.200,47000)},

cluster; = {(2.000, 7.500, 53000), (3.000, 2.000, 50000), (3.000, 3.800,
54000), (3.000, 5.000, 57000), (2.000, 6.200, 50000), (2.000,
7.200, 55000), (2.000, 6.500, 51000)},

clusters = {(3.000, 7.200, 63000), (3.000, 7.800, 65000), (2.000, 8.100,
64000)},

clusters = {(2.000, 10.000, 68000), (3.000, 8.500, 70000)}.
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Then, based on Table 4, we can get the EMP-ID of the elements of each
cluster shown as follows:

cluster; = {Si7},

cluster, = {Ss},

cluster; = {S;},

clustery = {S,, S10,S15},

clusters = {83, 811,512},

clusters = {S,},

cluster; = {Ss, Ss, So, S14, S16, S18, S19},
clusters = {81, S, S},

clustery = {Sy3, 52}

[Step 2] Based on formula (2), we can calculate the cluster center C; of each
cluster;, where 1 <i<9, shown as follows:

(1.000, 0.500, 23000),
(1.000, 1.500, 26000),
(
(

1.000,2.300, 29000),
(2.000 + 1.000 + 1.000) /3, (2.000 + 3.500 + 5.000)/3,
(37000 + 35000 + 36000)/3)
(1.333,3.500, 36000),
Cs = ((1.000 + 2.000 + 2.000)/3, (7.000 + 3.500 + 3.600)/3,
(40000 + 40000 + 41000)/3)
(1.667,4.700,40333.333),
Cs = (3.000, 1.200, 47000),
C;7 = ((2.000 + 3.000 + 3.000 + 3.000 + 2.000 + 2.000 + 2.000) /7, (7.500
+2.000 + 3.800 + 5.000 + 6.200 + 7.200 + 6.500) /7, (53000+
50000 + 54000 + 57000 + 50000 + 55000 + 51000)/7)
= (2.429,5.457,52857.143),
Cs = ((3.000 + 3.000 + 2.000)/3, (7.200 + 7.800 + 8.100)/3,
(63000 + 65000 + 64000)/3)
= (2.667,7.700, 64000),
Co = ((2.000 + 3.000) /2, (10.000 + 8.500) /2, (68000 + 70000)/2)
= (2.500,9.250, 69000).

G
G
(6
Cy

Table 5 summarizes the results of the calculations. Fig. 3 shows each
cluster center C;, where 1 <i<9, where the symbol e denotes a tuple
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Table 5
The clustering results and each cluster center
cluster; EMP-ID of each element Cluster center C;
cluster; S17 (1.000, 0.500, 23000)
cluster, Se (1.000, 1.500, 26000)
cluster; S7 (1.000, 2.300, 29000)
cluster, S, S0, Si5 (1.333, 3.500, 36000)
clusters S3, Si1, S (1.667, 4.700, 40333.333)
clusterg Sy (3.000, 1.200, 47000)
Cluster7 Ss, Sg, Sg, S14, Slf,, S]g, S]g (2429, 5457, 52857143)
clusterg Sl, Sz(), S21 (2667, 7700, 64000)
clustery Si3, S» (2.500, 9.250, 69000)

of the relation shown in Table 6 and the symbol v denotes a cluster
center.

[Step 3] Based on formula (1), we can calculate the degree of correlation »; (De-
gree, Salary) between the attributes “Degree’” and ‘““Salary’ and the
degree of correlation 7; (Experience, Salary) between the attributes
“Experience” and ““Salary” of cluster;, respectively, where 1 <i<09.
For example, the degree of correlation r, (Degree, Salary) between
the attributes “Degree’”” and ““Salary” and the degree of correlation
and r4 (Experience, Salary) between the attributes “Experience” and
“Salary” of clustery are calculated as follows:

(a) Calculate the degree of correlation between the attributes “Degree’” and
“Salary’’: Because the values of the attribute “EMP-ID” of the tuples in
clustery are S,, Sjo and S;5, from Table 4, we can see that

(1) The values of the attributes “Degree’” and “Salary” of the tuple whose
EMP-ID = S, are 2.000 and 37000, respectively. Thus, we let X; = 2.000
and Y; = 37000.

(i1) The values of the attributes “Degree’” and “‘Salary” of the tuple whose
EMP-ID = §j are 1.000 and 35000, respectively. Thus, we let X, = 1.000
and Y, = 35000.

(ii1) The values of the attributes ““Degree’” and “Salary” of the tuple whose
EMP-ID = S5 are 1.000 and 36000, respectively. Thus, we let X3 = 1.000
and Y3 = 360004.

Therefore, we can get
X = (2.000 + 1.000 + 1.000)/ = 1.333,
Y = (37000 + 35000 + 36000) /3 = 36000.

Based on formula (1), we can get the degree of correlation r, (Degree, Salary)
between the attributes “Degree” and ““Salary” of clustery shown as follows:
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Experience
A
10 + S;y .
clustery ———————————#= 5 Cy=(2:500, 9.250)
9 |
cluster g " Sy
Sy e
8 1 cluster 2 _
7 e
S F (2667, 71700)
Sig® ) S
7 1 S3 \
\ Si9
s
\ 16
6 1 \
cluster g \\
\
AN
N\
5 1 Sis = \ - Sy
N \\ C5=(1.67,4.70)
N N\
cluster, ——————» AN N
4 A ~ N
N N\ . Sy
\ s
Sio # £:C4=(1.333, 3.500) \3 qﬁ
3
cluster 5
S, & C3=(1.000, 2.300 ) . .
2 1 cluster , —; e s, Cusg
S MC,y=(1.000, 1.500 )
S 4@ C4=(3.000, 1.200)
1 1 cluster | ?
‘ cluster ¢
S 17 @ C; =(1.000, 0.500 )
0 D
1 2 3 egree
Fig. 3. Diagram representation of each cluster center.
Table 6

The degree of correlation r; (Degree, Salary) and r; (Experience, Salary)

Cluster; r; (Degree, Salary) r; (Experience, Salary)
cluster; 0.500 0.500
cluster, 0.500 0.500
cluster; 0.500 0.500
cluster, 0.866 -0.500
clusters 0.500 -0.478
clusters 0.500 0.500
cluster; 0.283 0.189
clusterg 0.000 0.655
clustery 1.000 —1.000
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>3 (X — 1.333)(¥; — 36000)
VI (X - 13337 /S0 (Y — 36000

r4(Degree, Salary) = = 0.866.

(b) Calculate the degree of correlation between the attributes “Experience”
and “Salary”: Because the values of the attribute “EMP-ID” of the tuples
in clustery are S,, Sjo and S}s, from Table 4, we can see that

(1) The values of the attributes “Experience’” and ““Salary” of the tuple
whose EMP-ID =S, are 2.000 and 37000, respectively. Thus, we let
X; =2.000 and Y; = 37000.
(i1) The values of the attributes “Experience” and ‘““Salary” of the tuple
whose EMP-ID = §j, are 3.500 and 35000, respectively. Thus, we let
X, = 3.500 and Y, = 35000.
(ii1) The values of the attributes “Experience” and “Salary” of the tuple
whose EMP-ID = §;5 are 5.000 and 36000, respectively. Thus, we let
X; = 5.000 and Y; = 36000.

Therefore, we can get:

X = (2.000 + 3.500 + 5.000)/3 = 3.500,
Y = (37000 + 35000 + 36000)/3 = 36000.

Based on formula (1), we can get the degree of correlation r4(Experience,
Salary) between the attributes “ Degree” and ““Salary” of cluster, shown as
follows:

S (X — 3.500)(Y; — 36000)

VI (X — 3.500)% /S0 (¥, — 36000
— ~0.500.

r4(Experience, Salary) =

In the same way, we can obtain the degree of correlation r; (Degree, Salary)
between the attributes “Degree’”” and ““Salary’ and the degree of correlation 7;
(Experience, Salary) between the attributes “Experience” and “Salary” of each
cluster;, where 1 <i<9, as shown in Table 6.

[Step 4] Based on formula (2), we can calculate the values of COD;, and
COD,, of cluster;, respectively, where 1<i<9. For example,
COD,, and CODy, are calculated as follows:
(a) Calculate the coefficient of determination from the attribute
“Degree” to the attribute “Salary’:

COD,(Degree, Salary) = (r4(Degree, Salary))® = (0.866)> = 0.750.
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(b) Calculate the coefficient of determination from the attribute “Expe-
rience” to the attribute “Salary’:

COD, (Experience, Salary) = (r4(Experience, Salary))* = (—0.500)*
= 0.250.

After normalizing the value of COD,4 (Degree, Salary) and COD,
(Experience, Salary), we can get the normalized value of CODy, and
COD,,, respectively, shown as follows:

CODy4(Degree, Salary)
COD,(Degree, Salary) + COD,(Experience, Salary)

B 0.750
~0.750 +0.250
COD,(Experience, Salary)
COD,(Degree, Salary) + COD,(Experience, Salary)

B 0.250
~0.750 + 0.250

In the same way, we can obtain the value of COD;, and COD;, of each
cluster;, where 1 <i<9, as shown in Table 7.

COD,, =

= 0.750,

CODy,, =

=0.250.

[Step 5] Based on formula (4) and formula (5), we can calculate the value of

ADS; and AES; of each cluster;, where 1<i<9. For example, the
value of ADS, and AES, are calculated as follows:

(1) From Table 5, we can see that the EMP-ID of the tuples in clustery
are S, Sjp and S;s, and the cluster center C, of clustery is (1.333, 3.500,
36000). Thus, Dy_center = 1.333, E4_center = 3-500 and Ny_cenier = 36000.
(i) From Table 4, we can see that D,; =2.000, D,, = 1.000,
D,3; =1.000, E;; =2.000, E4» =3.500, E43=5.000, N,y = 37000,
N472 = 35000 and N4<3 = 36000.

(iii) From Table 7, we can see that COD,, =0.750 and COD,4, = 0.250.

Table 7

The value of COD;, and COD;, of each cluster;
Cluster; COD;, COD;,
cluster; 0.500 0.500
cluster, 0.500 0.500
cluster; 0.500 0.500
cluster, 0.750 0.250
clusters 0.522 0.478
clusterg 0.500 0.500
cluster; 0.692 0.308
clusterg 0.000 1.000

clusterg 0.500 0.500




S.-M. Chen, H.-R. Hsiao | Information Sciences 169 (2005) 47-69 65

Based on formula (4), we can get the value of ADS, shown as follows:

St Wi center = Naj| 0,750 « 1000+ 1000 40
S0 Do — Daf| 0.667 + 0.333 + 0.333

ADS4 = COD4"d X
= 1127.820.

Based on formula (5), we can get the value of AES, shown as follows:

213':1 |N4,center - N4,j|
Zj‘:l |E4_center — Eajl
1000 + 1000 + 0
1.500 + 0.00 + 1.500

AES4 = —COD4_E X

= —0.250 x —166.667.

In the same way, we can get the values of ADS; and AES; of each cluster;,
where 1 <i<9, as shown in Table 8.

[Step 6] Based on formula (6), we can calculate the Euclidean Degree-Experi-
ence distance Dist; between S53(2.000, 4.500, Negimaea) and the clus-
ter center C; of cluster;, where 1<i<9. The results are shown as
follows:

Dist, = \/(1.000 —2.00)* + (0.500 — 4.500)> = 4.123,

Dist, = \/(1.000 —2.000)" + (1.500 — 4.500)> = 3.162,

Dist; = \/ (1.000 — 2.000) + (2.300 — 4.500)* = 2.417,

Table 8

ADS; and AES; of each cluster;
Cluster; ADS; AES;
cluster 0.000 0.000
cluster, 0.000 0.000
cluster; 0.000 0.000
cluster, 1127.820 —-166.667
clusters 523.678 —138.443
clusters 0.000 0.000
cluster; 3047.114 431.578
clusterg 0.000 2000.000

clusterg 1000.000 —666.667
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Dist = \/(1.333 —2.000)* + (3.500 — 4.500)> = 1.202,

Dists = \/ (1.667 — 2.000) + (4.700 — 4.500)* = 0.388,

Dists = \/ (3.000 — 2.000)> + (1.200 — 4.500)* = 3.448,

Dist; = \/ (2.429 — 2.000)* + (5.457 — 4.500)* = 1.049,

Distg = \/ (2.667 — 2.000)* + (7.700 — 4.500)" = 3.269,

Disty = \/ (2.500 — 2.000)* + (9.250 — 4.500)* = 4.776.

Because Dists has the smallest value among the values of Dist, Dis-
ts,..., and Disty, we let S>3 (2.000, 4.500, Nestimated) be an element of
clusters.

[Step 7] Based on formula (7), the estimated value Negimaeq Of the attribute
“Salary” of the tuple whose EMP-ID = S,; can be calculated as fol-
lows:

Table 9
A relation in a relational database system [5,6]
EMP-ID Degree Experience Salary
S\ Ph.D. 7.200 63000
S Master 2.000 37000
S3 Bachelor 7.000 40000
Sy Ph.D. 1.200 47000
Ss Master 7.500 53000
Ss Bachelor 1.500 26000
S7 Bachelor 2.300 29000
Sy Ph.D. 2.000 50000
Sy Ph.D. 3.800 54000
Sio Bachelor 3.500 35000
Si Master 3.500 40000
Sia Master 3.600 41000
NE Master 10.000 68000
Sla Ph.D. 5.000 57000
Sis Bachelor 5.000 36000
Sie Master 6.200 50000
Si7 Bachelor 0.500 23000
Sis Master 7.200 55000
N Master 6.500 51000
S Ph.D. 7.800 65000
So1 Master 8.100 64000

S» Ph.D. 8.500 70000




Table 10

A comparison of the estimated results of the proposed method with the existing methods

EMP-ID Degree Experience Salary Chen-and-Chen’s Chen-and-Yeh’s The proposed method

method [5] method [6]

Salary Estimated Salary Estimated Salary (esti- Estimated

(estimated) error (esti- error mated) error

mated)

S Ph.D. 7.200 63000 63000 +0.000 65000 +3.175 63000.000 +0.000
M Master 2.000 37000 33711 —8.889 30704 -17.016 37002.256 +0.006
S3 Bachelor 7.000 40000 46648 +16.620 35000 —-12.500 39665.621 —-0.836
Sy Ph.D. 1.200 47000 36216 —22.945 46000 -2.128 47000.000 +0.000
Ss Master 7.500 53000 56200 +6.038 54500 +2.830 52431.645 -1.072
N Bachelor 1.500 26000 27179 +4.535 26346 +1.331 26000.000 +0.000
S; Bachelor 2.300 29000 29195 +0.672 28500 -1.724 29000.000 +0.000
Ss Ph.D. 2.000 50000 39861 -20.278 50000 +0.000 53105.080 +6.210
Sy Ph.D. 3.800 54000 48061 —-10.998 55000 +1.852 53881.920 -0.219
Sho Bachelor 3.500 35000 32219 —7.946 31538 -9.891 35624.436 +1.784
Sh Master 3.500 40000 40544 +1.360 41590 +3.975 40673.849 +1.685
Sy Master 3.600 41000 41000 0.000 45159 +10.144 40660.005 —-0.829
NE Master 10.000 68000 64533 -5.099 65000 -4.412 68000.000 +0.000
Sia Ph.D. 5.000 57000 55666 -2.34 55000 -3.509 54399.814 —4.562
Sis Bachelor 5.000 36000 35999 —-0.003 35000 -2.778 35374.435 -1.738
N Master 6.200 50000 51866 +3.732 48600 —-2.800 51870.594 +3.741
Si7 Bachelor 0.500 23000 24659 +7.213 25000 +8.696 23000.000 +0.000
Sis Master 7.200 55000 55200 +0.364 52400 —4.727 52302.172 —4.905
Sho Master 6.500 51000 52866 +3.659 49500 -2.941 52000.067 +1.961
S Ph.D. 7.800 65000 65000 +0.000 65000 +0.000 64200.000 -1.231
S Master 8.100 64000 58200 -9.063 58700 —-8.281 64800.000 +1.250
S» Ph.D. 8.500 70000 67333 —-3.810 65000 —-7.143 70000.000 +0.000
Average estimated error rate (%) 6.162 5.084 1.456

691t (S00T) 691 $2oud10§ uouDULIOfU] | ODISH Y-"H UYD W-'S

L9
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Nestimated = Ns..,.,, + ADSs x (2.000 — Ds__) + AESs x (4.500 — Es_ )
— 40333.333 + 523.678 x (2.000 — 1.667)
+ (—138.443) x (4.500 — 4.700)
— 40186.637.

Therefore, the estimated value of the attribute “Salary” of the tuple whose
EMP-ID = Sy; is 40186.637.

Table 9 [5,6] shows a relation of a relational database system. We apply the
proposed method to estimate the attribute value of the attribute “Salary” of
each tuple shown in Table 9 and compare the estimated error of each tuple with
the ones in [5,6], as shown in Table 10, where we made 22 experiments and each
experiment consider 1 null value and 21 non-null values of the attribute
“Salary” of Table 9. From Table 10, we can see that the average estimated
error rate of the proposed method is smaller than the ones presented in [5,6].
That is, the average estimated accuracy rate of the proposed method is better
than the ones presented in [5,6].

6. Conclusions

In this paper, we have presented a new method to estimate null values in
relational database systems based on automatic clustering techniques. The
proposed method clusters data in advance, such that it only needs to process
the most proper clusters instead of all the data in the relational database
systems. From Table 10, we can see that the average estimated error rate of the
proposed method is smaller than the ones presented in [5,6]. That is, the
average estimated accuracy rate of the proposed method is better than the ones
presented in [5,6]. The proposed method provides a useful way to estimate null
values in relational database systems.
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