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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.
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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: Sort the numerical data in an ascending sequence using quick sort [8].
Step 2: Calculate the value of average_dist of the sorted data sequence;

/* For example, assume that the sorted numerical data sequence is

‘‘xi ¼ xj < xk < xs ¼ xm < xp’’. Because there are only four different
numerical data (i.e., xj, xk, xs, and xp) in the sorted data sequence,
where the same numerical data (e.g., xi and xj are the same numerical
data; xs and xm are the same numerical data) are only counted once, the
value of average_dist is calculated as follows:
average dist ¼ ðxk � xjÞ þ ðxs � xkÞ þ ðxp � xmÞ
3

: � =
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_preceding¼ preceding;
If current-preceding 6 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 preceding¼ 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 preceding¼ current;
let current be the numerical datum next to preceding in the sorted
numerical data sequence

}.

Step 3: If preceding is the first element in a cluster then
if current-preceding 6 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_preceding¼ preceding;
let preceding¼ 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_preceding¼ preceding;
let preceding¼ current;
let current be the numerical datum next to preceding in the sorted
numerical data sequence

}

else if current-preceding 6 average_dist
and current-preceding 6 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_preceding¼ preceding;
let preceding¼ 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_preceding¼ preceding;
let preceding¼ current;
let currentbe the numerical datum next to preceding in the sorted
numerical data sequence

}.

Step 4: 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 v1; v2; . . ., and vn. Fig. 1 shows a fuzzy relation,
where uij denotes the closeness degree between vi and vj, uij 2 ½0; 1	, 16 i6 n,
and 16 j6 n. The fuzzy relation shown in Fig. 1 is a symmetrical matrix, i.e.,
uii ¼ 1, uij ¼ uji, 16 i6 n, and 16 j6 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 CDvðvi; vjÞ denote the closeness degree between vi and vj of the linguistic

variable V . From Fig. 1, we can see that CDvðvi; vjÞ ¼ uij, where each value of
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’’.

v1 v2 vn

v1 1 u12 u1n

v2 u21 1 u2n

vn un1 un2 1

Fig. 1. A fuzzy relation for the linguistic variable V .
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uij in the fuzzy relation matrix is defined by an experienced database admin-
istrator. From Fig. 1, we can also see that CDvðvi; viÞ ¼ 1, where 16 i6 n, due
to the fact that the degree of closeness between each vi 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 vi and vj, and fuzzy term vi is prior to fuzzy term vj, then
the ranking order between vi and vj is defined as follows:
Table

A set o

Rule

THEN

Rule

THEN
..
.

Rule

THEN
RankðviÞ > RankðvjÞ:
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 A1;A2; . . . ; and An determine the attribute B,
wij denotes the weight of attribute Aj appearing in the antecedent portion of

rule Ri, wij 2 ½0; 1	,
Pn

j¼1 wij ¼ 1, 16 i6m, and 16 j6 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 A1;A2; . . . ;An and B, where attributes A1;A2; . . . ; and An

determine attribute B. Let ‘‘rj:Ak’’ denote the value of attribute Ak appearing in

the antecedent portion of rule rj and let ‘‘Ti:Ak’’ denote the value of attribute Ak

of tuple Ti. If there is a null value in attribute B, then it can be estimated by the
following method [5].

Case 1. First, each tuple Ti in relation R is scanned. Assume that attribute B
in relation R is in a numerical domain and there exits a rule rj in the rule base
shown as follows:
IFA1 ¼ Aj1ðW ¼ wj1Þ AND A2 ¼ Aj2ðW ¼ wj2Þ AND . . . AND

An ¼ AjnðW ¼ wjnÞ THEN B ¼ tj;
1

f fuzzy rules for determining attribute B [5]

1: IFA1 ¼ a11 ðW ¼ w11Þ AND A2 ¼ a12 ðW ¼ w12Þ AND 
 
 
 AND An ¼ a1n ðW ¼ w1nÞ
B1 ¼ t1
2: IFA1 ¼ a21 ðW ¼ w21Þ AND A2 ¼ a22 ðW ¼ w22Þ AND 
 
 
 AND An ¼ a2n ðW ¼ w2nÞ
B2 ¼ t2

..

.

m: IFA1 ¼ am1 ðW ¼ wm1Þ AND A2 ¼ am2 ðW ¼ wm2Þ AND
 
 
 AND An ¼ amn ðW ¼ wmnÞ
Bm ¼ tm
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where 16 j6m. Since attribute Ak 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 Ti and rule rj:
(1) Ak is in a numerical domain:
The closeness degree between rj:Ak and Ti:Ak can be calculated as follows:
CDvjiðrj:Ak; Ti:AkÞ ¼
Ti:Ak

rj:Ak
:

(2) Ak is in a non-numerical domain:

First, check the ranking order of Ti:Ak and rj:Ak, respectively. Then, the

closeness degree between rj:Ak and Ti:Ak can be calculated as follows:
CDvjiðrj:Ak;Ti:AkÞ ¼
1

Rdomain ½rj:Ak ;Ti :Ak 	 ; if RankðTi:AkÞ>Rankðrj:AkÞ
Rdomain½rj:Ak;Ti:Ak	; if RankðTi:AkÞ6Rankðrj:AkÞ;

�

where R is a fuzzy relation, the symbol ‘‘domain’’ denotes an attribute, and
rj:Ak and Ti:Ak are linguistic terms of the attribute ‘‘domain’’. The closeness

degree between tuple Ti and rule rj can be calculated as follows:
CDðrj; TiÞ ¼
Xn

k¼1
CDvjiðrj:Ai; Tk:AkÞ � wjk;
where wjk is the weight of attribute Ak of rule rj and 16 k6 n. After the
closeness degree between tuple Ti and each rule rj in the rule base has been
calculated, where 16 j6m, the rule whose closeness degree with respect to
tuple Ti is closest to 1 is chosen. If rule rj is the closest one to tuple Ti, then the
null value of attribute B can be estimated as follows:
Ti:B ¼ CDðrj; TiÞ � Nj:
Case 2. Assume that attribute B is in a non-numerical domain and there exits
a rule rj in the rule base shown as follows:
IF A1 ¼ Aj1 ðW ¼ wj1Þ AND A2 ¼ Aj2ðW ¼ wj2Þ AND 
 
 
 AND
An ¼ AjnðW ¼ wjnÞTHEN B ¼ Wj:
Because attribute Ak can be either a numerical or a non-numerical domain,

where 16 k6 n, there are two cases to be considered to calculate the closeness
degree between tuple Ti and rule rj:
(1) Ak is in a numerical domain:

The closeness degree between rj:Ak and Ti:Ak can be calculated as follows:
CDvjiðrj:Ak; Ti:AkÞ ¼
Ti:Ak

r :A
:

j k
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(2) Ak is in a non-numerical domain:

First, check the ranking order of Ti:Ak and rj:Ak, respectively. Then, the

closeness degree between rj:Ak and Ti:Ak can be calculated as follows:
Table

A relat

W

S1
S2
..
.

Sm
CDvjiðrj:Ak; Ti:AkÞ ¼
1

Rdomain ½rj:Ak ;Ti :Ak 	 if RankðTi:AkÞ > Rankðrj:AkÞ;
Rdomain½rj:Ak; Ti:Ak	 if RankðTi:AkÞ6Rankðrj:AkÞ:

�

The closeness degree between tuple Ti and rule rj can be calculated as fol-
lows:
CDðrj; TiÞ ¼
Xn

k¼1
CDvjiðrj:Ai; Tk:AkÞ � wjk;
where wjk is the weight of attribute Ak of rule rj and 16 k6 n. After the
closeness degree between tuple Ti and each rule rj in the rule base has been
computed, where 16 j6m, the rule whose closeness degree with respect to
tuple Ti closest to 1 is chosen. If rule rj is the closest one to tuple Ti, then the
value of attribute B can be estimated as follows:
Ti:B ¼ Wj:
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.
2

ion in a relational database system

X Y Z

D1 E1 N1
D2 E2 N2
..
. ..

. ..
.

Dm Em Nm
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Definition 1. Assume that X is an independent variable and Y is a dependent
variable, then the degree of correlation rðX ; Y Þ between the variables X and Y
is denoted by:
rðX ; Y Þ ¼
P

iðXi � X ÞðYi � Y ÞffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiP
iðXi � X Þ2

q ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiP
iðYi � Y Þ2

q ; ð1Þ
where Xi and X denote a possible value and the mean value of X , respectively,
Yi and Y denote a possible value and the mean value of Y , respectively, and
rðX ; Y Þ 2 ½�1; 1	.

Definition 2. Assume that X is an independent variable and Y is a dependent
variable, then the Coefficient of Determination CODðX ; Y Þ from X to Y is
CODðX ; Y Þ ¼ ðrðX ; Y ÞÞ2; ð2Þ

where rðX ; Y Þ denotes the degree of correlation between the variables X and Y ,
and CODðX ; Y Þ 2 ½0; 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 S2 in Table 2 can be represented by ðD2;E2;N2Þ.
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., cluster1; cluster2; . . . ;
and clusterk), where 16 k6m, then we can derive some important information
for estimating null values of the attribute ‘‘Z’’. This important information
includes Ci, CODi;d , CODi;e, DDSi, and DESi, where Ci denotes the cluster

center of clusteri, CODi;d denotes the ‘‘normalized coefficient of determina-

tion’’ from the attribute ‘‘X ’’ to the attribute ‘‘Z’’ of clusteri, CODi;e denotes

the ‘‘normalized coefficient of determination’’ from the attribute ‘‘Y ’’ to the
attribute ‘‘Z’’ of clusteri, DDSi denotes the variation of the value of the attri-
bute ‘‘Z’’ for per unit of the value of the attribute ‘‘X ’’ of clusteri, and DESi
denotes the variation of the value of the attribute ‘‘Z’’ for per unit of the value
of the attribute ‘‘Y ’’ of clusteri, and 16 i6 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., cluster1, cluster2,. . ., and clusterk) shown
as follows:
cluster1 ¼ fN1;1;N1;2; . . . ;N1;p1g;
cluster2 ¼ fN2;1;N2;2; . . . ;N2;p2g;

..

.

clusterk ¼ fNk;1;Nk;2; . . . ;Nk;pkg;

where 16 k6m, Ni;j denotes the jth element of clusteri, pi denotes the
number of elements in clusteri, and 16 i6 k.
Step 2: Calculate the cluster center Ci of clusteri, where 16 i6 k, shown as fol-
lows:
Ci ¼
Pp

j¼1 Di;j

p
;

Pp
j¼1 Ei;j

p
;

Pp
j¼1 Ni;j

p

� �
¼ Di center;Ei center;Ni centerð Þ; ð3Þ

where p denotes the number of elements in clusteri, Di;j denotes the

attribute value of the attribute ‘‘X ’’ of the jth element of clusteri, Ei;j

denotes the attribute value of the attribute ‘‘Y ’’ of the jth element of
clusteri, Ni;j denotes the attribute value of the attribute ‘‘Z’’ of the jth
element of clusteri, Di center denotes the average attribute value of the
attribute ‘‘X ’’ of clusteri, Ei center denotes the average attribute value of

the attribute ‘‘Y ’’ of clusteri, Ni center denotes the average attribute

value of the attribute ‘‘Z’’ of clusteri, 16 j6 p, and 16 p6m.

Step 3: Based on formula (1), calculate the degree of correlation riðX ; ZÞ be-

tween the attributes ‘‘X ’’ and ‘‘Z’’, and the degree of correlation
riðY ; ZÞ between the attributes ‘‘Y ’’ and ‘‘Z’’ of clusteri, respectively,
where 16 i6 k. If there is only one element in clusteri, then let
riðX ; ZÞ ¼ riðY ; ZÞ ¼ 0:5000.

Step 4: 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 clusteri, where
16 i6 k, and then normalize them. The normalized coefficient of
determination from the attribute ‘‘X ’’ to the attribute ‘‘Z’’ of clusteri
is denoted by CODi;d and the normalized coefficient of determination

from the attribute ‘‘Y ’’ to the attribute ‘‘Z’’ of clusteri is denoted by
CODi;e.

Step 5: Calculate the variation of the value of the attribute ‘‘Z’’ for per unit of
the value of the attribute ‘‘X ’’ of clusteri (i.e., DDSi) and the variation
of the value of the attribute ‘‘Z’’ for per unit of the value of the attri-

bute ‘‘Y’’ of clusteri ( i.e., DESi). Assume that there are p elements in
clusteri, 16 p6m, and assume that the jth element of clusteri is de-
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noted by ðDi;j;Ei;j;Ni;jÞ, where 16 j6 p, then DDSi and DESi are calcu-
lated as follows:
DDSi ¼
0; if p ¼ 1
CODi;d �

Pp

j¼1
Ni center�Ni;jj jPp

j¼1
Di center�Di;jj j ; if 26 p6m

8<
: ð4Þ

DESi ¼
0; if p ¼ 1
CODi;e �

Pp

j¼1 Ni center�Ni;jj jPp

j¼1
Ei center�Ei;jj j ; if 26 p6m

8<
: ð5Þ

The signs of DDSi and DESi are the same as the signs of correlation
riðX ; ZÞ and riðY ; ZÞ, respectively.
Step 6: Let ðd; e;NestimatedÞ 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 Disti between ðd; e;NestimatedÞ and ðDi center;
Ei center;Ni centerÞ shown as follows:
Disti ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
ðDi center � dÞ2 þ ðEi center � eÞ2

q
; ð6Þ

where 16 i6 k. If Distp ¼MinðDist1;Dist2; . . . ;DistkÞ, where

16 p6 k, then we let ðd; e;NestimatedÞ be an element of clusterp.

Step 7: Calculate the estimated value Nestimated of the attribute ‘‘Salary’’ as fol-

lows:
Nestimated ¼ Np center þ DDSp � ðd � Dp centerÞ þ DESp � ðe� Ep centerÞ; ð7Þ

where 16 p6 k, Dp center denotes the average value of the attribute ‘‘X ’’
of clusterp, Ep center denotes the average value of the attribute ‘‘Y ’’ of
clusterp, and Np center denotes the average value of the attribute ‘‘Z’’ of
clusterp.
After calculating the value of Nestimated, we can calculate the estimated error
shown as follows:
Estimated Error Rate ¼ Nestimated �Original Value
Original Value

� 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 S23 has a null value in the attribute ‘‘Salary’’, where the attribute



Table 3

A relation contains null values [6]

EMP-ID Degree Experience Salary

S1 Ph.D. 7.200 63000

S2 Master 2.000 37000

S3 Bachelor 7.000 40000

S4 Ph.D. 1.200 47000

S5 Master 7.500 53000

S6 Bachelor 1.500 26000

S7 Bachelor 2.300 29000

S8 Ph.D. 2.000 50000

S9 Ph.D. 3.800 54000

S10 Bachelor 3.500 35000

S11 Master 3.500 40000

S12 Master 3.600 41000

S13 Master 10.000 68000

S14 Ph.D. 5.000 57000

S15 Bachelor 5.000 36000

S16 Master 6.200 50000

S17 Bachelor 0.500 23000

S18 Master 7.200 55000

S19 Master 6.500 51000

S20 Ph.D. 7.800 65000

S21 Master 8.100 64000

S22 Ph.D. 8.500 70000

S23 Master 4.500 NULL
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‘‘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
RankðPh:D:Þ > RankðMasterÞ > RankðBachelorÞ;
‘‘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 423 according to the attribute values of ‘‘Salary’’ in Table 4.

The cluster results are shown as follows:



Table 4

A relation after assigning real values to the attribute values of the attribute ‘‘Degree’’

EMP-ID Degree Experience Salary

S1 3.000 7.200 63000

S2 2.000 2.000 37000

S3 1.000 7.000 40000

S4 3.000 1.200 47000

S5 2.000 7.500 53000

S6 1.000 1.500 26000

S7 1.000 2.300 29000

S8 3.000 2.000 50000

S9 3.000 3.800 54000

S10 1.000 3.500 35000

S11 2.000 3.500 40000

S12 2.000 3.600 41000

S13 2.000 10.000 68000

S14 3.000 5.000 57000

S15 1.000 5.000 36000

S16 2.000 6.200 50000

S17 1.000 0.500 23000

S18 2.000 7.200 55000

S19 2.000 6.500 51000

S20 3.000 7.800 65000

S21 2.000 8.100 64000

S22 3.000 8.500 70000

S23 2.000 4.500 NULL
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cluster1 ¼ fð1:000; 0:500; 23000Þg;
cluster2 ¼ fð1:000; 1:500; 26000Þg;
cluster3 ¼ fð1:000; 2:300; 29000Þg;
cluster4 ¼ fð2:000; 2:000; 37000Þ; ð1:000; 3:500; 35000Þ;

ð1:000; 5:000; 36000Þg;
cluster5 ¼ fð1:000; 7:000; 40000Þ; ð2:000; 3:500; 40000Þ;

ð2:000; 3:600; 41000Þg;
cluster6 ¼ fð3:000; 1:200; 47000Þg;
cluster7 ¼ fð2:000; 7:500; 53000Þ; ð3:000; 2:000; 50000Þ; ð3:000; 3:800;

54000Þ; ð3:000; 5:000; 57000Þ; ð2:000; 6:200; 50000Þ; ð2:000;
7:200; 55000Þ; ð2:000; 6:500; 51000Þg;

cluster8 ¼ fð3:000; 7:200; 63000Þ; ð3:000; 7:800; 65000Þ; ð2:000; 8:100;
64000Þg;

cluster9 ¼ fð2:000; 10:000; 68000Þ; ð3:000; 8:500; 70000Þg:
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Then, based on Table 4, we can get the EMP-ID of the elements of each

cluster shown as follows:
cluster1 ¼ fS17g;
cluster2 ¼ fS6g;
cluster3 ¼ fS7g;
cluster4 ¼ fS2; S10; S15g;
cluster5 ¼ fS3; S11; S12g;
cluster6 ¼ fS4g;
cluster7 ¼ fS5; S8; S9; S14; S16; S18; S19g;
cluster8 ¼ fS1; S20; S21g;
cluster9 ¼ fS13; S22g:
[Step 2] Based on formula (2), we can calculate the cluster center Ci of each

clusteri, where 16 i6 9, shown as follows:
C1 ¼ ð1:000; 0:500; 23000Þ;
C2 ¼ ð1:000; 1:500; 26000Þ;
C3 ¼ ð1:000; 2:300; 29000Þ;
C4 ¼ ðð2:000þ 1:000þ 1:000Þ=3; ð2:000þ 3:500þ 5:000Þ=3;

ð37000þ 35000þ 36000Þ=3Þ
¼ ð1:333; 3:500; 36000Þ;

C5 ¼ ðð1:000þ 2:000þ 2:000Þ=3; ð7:000þ 3:500þ 3:600Þ=3;
ð40000þ 40000þ 41000Þ=3Þ

¼ ð1:667; 4:700; 40333:333Þ;
C6 ¼ ð3:000; 1:200; 47000Þ;
C7 ¼ ðð2:000þ 3:000þ 3:000þ 3:000þ 2:000þ 2:000þ 2:000Þ=7; ð7:500

þ 2:000þ 3:800þ 5:000þ 6:200þ 7:200þ 6:500Þ=7; ð53000þ
50000þ 54000þ 57000þ 50000þ 55000þ 51000Þ=7Þ

¼ ð2:429; 5:457; 52857:143Þ;
C8 ¼ ðð3:000þ 3:000þ 2:000Þ=3; ð7:200þ 7:800þ 8:100Þ=3;

ð63000þ 65000þ 64000Þ=3Þ
¼ ð2:667; 7:700; 64000Þ;

C9 ¼ ðð2:000þ 3:000Þ=2; ð10:000þ 8:500Þ=2; ð68000þ 70000Þ=2Þ
¼ ð2:500; 9:250; 69000Þ:

Table 5 summarizes the results of the calculations. Fig. 3 shows each

cluster center Ci, where 16 i6 9, where the symbol � denotes a tuple



Table 5

The clustering results and each cluster center

clusteri EMP-ID of each element Cluster center Ci

cluster1 S17 (1.000, 0.500, 23000)

cluster2 S6 (1.000, 1.500, 26000)

cluster3 S7 (1.000, 2.300, 29000)

cluster4 S2, S10, S15 (1.333, 3.500, 36000)

cluster5 S3, S11, S12 (1.667, 4.700, 40333.333)

cluster6 S4 (3.000, 1.200, 47000)

cluster7 S5, S8, S9, S14, S16, S18, S19 (2.429, 5.457, 52857.143)

cluster8 S1, S20, S21 (2.667, 7.700, 64000)

cluster9 S13, S22 (2.500, 9.250, 69000)
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of the relation shown in Table 6 and the symbol I denotes a cluster

center.
[Step 3] Based on formula (1), we can calculate the degree of correlation ri (De-
gree, Salary) between the attributes ‘‘Degree’’ and ‘‘Salary’’ and the

degree of correlation ri (Experience, Salary) between the attributes
‘‘Experience’’ and ‘‘Salary’’ of clusteri, respectively, where 16 i6 9.
For example, the degree of correlation r4 (Degree, Salary) between
the attributes ‘‘Degree’’ and ‘‘Salary’’ and the degree of correlation
and r4 (Experience, Salary) between the attributes ‘‘Experience’’ and
‘‘Salary’’ of cluster4 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

cluster4 are S2, S10 and S15, from Table 4, we can see that
(i) The values of the attributes ‘‘Degree’’ and ‘‘Salary’’ of the tuple whose

EMP-ID ¼ S2 are 2.000 and 37000, respectively. Thus, we let X1 ¼ 2:000
and Y1 ¼ 37000.
(ii) The values of the attributes ‘‘Degree’’ and ‘‘Salary’’ of the tuple whose

EMP-ID ¼ S10 are 1.000 and 35000, respectively. Thus, we let X2 ¼ 1:000
and Y2 ¼ 35000.
(iii) The values of the attributes ‘‘Degree’’ and ‘‘Salary’’ of the tuple whose

EMP-ID ¼ S15 are 1.000 and 36000, respectively. Thus, we let X3 ¼ 1:000
and Y3 ¼ 360004.
Therefore, we can get
X ¼ ð2:000þ 1:000þ 1:000Þ= ¼ 1:333;

Y ¼ ð37000þ 35000þ 36000Þ=3 ¼ 36000:
Based on formula (1), we can get the degree of correlation r4 (Degree, Salary)
between the attributes ‘‘Degree’’ and ‘‘Salary’’ of cluster4 shown as follows:
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Fig. 3. Diagram representation of each cluster center.

Table 6

The degree of correlation ri (Degree, Salary) and ri (Experience, Salary)

Clusteri ri (Degree, Salary) ri (Experience, Salary)

cluster1 0.500 0.500

cluster2 0.500 0.500

cluster3 0.500 0.500

cluster4 0.866 )0.500
cluster5 0.500 )0.478
cluster6 0.500 0.500

cluster7 0.283 0.189

cluster8 0.000 0.655

cluster9 1.000 )1.000
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r4ðDegree; SalaryÞ ¼
P3

i¼1ðXi � 1:333ÞðYi � 36000ÞffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiP3

i¼1ðXi � 1:333Þ2
q ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiP3

i¼1ðYi � 36000Þ
2

q ¼ 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 cluster4 are S2, S10 and S15, from Table 4, we can see that
(i) The values of the attributes ‘‘Experience’’ and ‘‘Salary’’ of the tuple

whose EMP-ID ¼ S2 are 2.000 and 37000, respectively. Thus, we let
X1 ¼ 2:000 and Y1 ¼ 37000.
(ii) The values of the attributes ‘‘Experience’’ and ‘‘Salary’’ of the tuple

whose EMP-ID ¼ S10 are 3.500 and 35000, respectively. Thus, we let
X2 ¼ 3:500 and Y2 ¼ 35000.
(iii) The values of the attributes ‘‘Experience’’ and ‘‘Salary’’ of the tuple
whose EMP-ID ¼ S15 are 5.000 and 36000, respectively. Thus, we let
X3 ¼ 5:000 and Y3 ¼ 36000.
Therefore, we can get:
X ¼ ð2:000þ 3:500þ 5:000Þ=3 ¼ 3:500;
Y ¼ ð37000þ 35000þ 36000Þ=3 ¼ 36000:
Based on formula (1), we can get the degree of correlation r4(Experience,
Salary) between the attributes ‘‘ Degree’’ and ‘‘Salary’’ of cluster4 shown as

follows:
r4ðExperience; SalaryÞ ¼
P3

i¼1ðXi � 3:500ÞðYi � 36000ÞffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiP3

i¼1ðXi � 3:500Þ2
q ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiP3

i¼1ðYi � 36000Þ
2

q

¼ �0:500:
In the same way, we can obtain the degree of correlation ri (Degree, Salary)
between the attributes ‘‘Degree’’ and ‘‘Salary’’ and the degree of correlation ri
(Experience, Salary) between the attributes ‘‘Experience’’ and ‘‘Salary’’ of each
clusteri, where 16 i6 9, as shown in Table 6.
[Step 4] Based on formula (2), we can calculate the values of CODi;d and

CODi;e of clusteri, respectively, where 16 i6 9. For example,

COD4;d and COD4;e are calculated as follows:

(a) Calculate the coefficient of determination from the attribute

‘‘Degree’’ to the attribute ‘‘Salary’’:
COD4ðDegree; SalaryÞ ¼ ðr4ðDegree; SalaryÞÞ2 ¼ ð0:866Þ2 ¼ 0:750:
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(b) Calculate the coefficient of determination from the attribute ‘‘Expe-

rience’’ to the attribute ‘‘Salary’’:
COD4ðExperience; SalaryÞ ¼ ðr4ðExperience; SalaryÞÞ2 ¼ ð�0:500Þ2

¼ 0:250:

After normalizing the value of COD4 (Degree, Salary) and COD4

(Experience, Salary), we can get the normalized value of COD4;d and

COD4;e, respectively, shown as follows:

COD4;d ¼
COD4ðDegree; SalaryÞ

COD4ðDegree; SalaryÞ þ COD4ðExperience; SalaryÞ

¼ 0:750

0:750þ 0:250 ¼ 0:750;

COD4;e ¼
COD4ðExperience; SalaryÞ

COD4ðDegree; SalaryÞ þ COD4ðExperience; SalaryÞ

¼ 0:250

0:750þ 0:250 ¼ 0:250:

In the same way, we can obtain the value of CODi;d and CODi;e of each

clusteri, where 16 i6 9, as shown in Table 7.
[Step 5] Based on formula (4) and formula (5), we can calculate the value of

DDSi and DESi of each clusteri, where 16 i6 9. For example, the
value of DDS4 and DES4 are calculated as follows:

(i) From Table 5, we can see that the EMP-ID of the tuples in cluster4
are S2, S10 and S15, and the cluster center C4 of cluster4 is (1.333, 3.500,
36000). Thus, D4 center ¼ 1:333, E4 center ¼ 3:500 and N4 center ¼ 36000.
(ii) From Table 4, we can see that D4;1 ¼ 2:000, D4;2 ¼ 1:000,
D4;3 ¼ 1:000, E4;1 ¼ 2:000, E4;2 ¼ 3:500, E4;3 ¼ 5:000, N4;1 ¼ 37000,
N4;2 ¼ 35000 and N4;3 ¼ 36000.
(iii) From Table 7, we can see that COD4;d ¼ 0.750 and COD4;e ¼ 0.250.
Table 7

The value of CODi;d and CODi;e of each clusteri

Clusteri CODi;d CODi;e

cluster1 0.500 0.500

cluster2 0.500 0.500

cluster3 0.500 0.500

cluster4 0.750 0.250

cluster5 0.522 0.478

cluster6 0.500 0.500

cluster7 0.692 0.308

cluster8 0.000 1.000

cluster9 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 DDS4 shown as follows:
Table

DDSi a

Clus

clus

clus

clus

clus

clus

clus

clus

clus

clus
DDS4 ¼ COD4;d �
P3

j¼1 jN4 center � N4;jjP3

j¼1 jD4 center � D4;jj
¼ 0:750� 1000þ 1000þ 0

0:667þ 0:333þ 0:333

¼ 1127:820:
Based on formula (5), we can get the value of DES4 shown as follows:
DES4 ¼ �COD4;e �
P3

j¼1 jN4 center � N4;jjP3

j¼1 jE4 center � E4;jj

¼ �0:250� 1000þ 1000þ 0
1:500þ 0:00þ 1:500 ¼ �166:667:
In the same way, we can get the values of DDSi and DESi of each clusteri,
where 16 i6 9, as shown in Table 8.

[Step 6] Based on formula (6), we can calculate the Euclidean Degree-Experi-

ence distance Disti between S23(2.000, 4.500, Nestimated) and the clus-
ter center Ci of clusteri, where 16 i6 9. The results are shown as
follows:
Dist1 ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
ð1:000� 2:00Þ2 þ ð0:500� 4:500Þ2

q
¼ 4:123;

Dist2 ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
ð1:000� 2:000Þ2 þ ð1:500� 4:500Þ2

q
¼ 3:162;

Dist3 ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
ð1:000� 2:000Þ2 þ ð2:300� 4:500Þ2

q
¼ 2:417;
8

nd DESi of each clusteri

teri DDSi DESi

ter1 0.000 0.000

ter2 0.000 0.000

ter3 0.000 0.000

ter4 1127.820 )166.667
ter5 523.678 )138.443
ter6 0.000 0.000

ter7 3047.114 431.578

ter8 0.000 2000.000

ter9 1000.000 )666.667
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Dist4 ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
ð1:333� 2:000Þ2 þ ð3:500� 4:500Þ2

q
¼ 1:202;

Dist5 ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
ð1:667� 2:000Þ2 þ ð4:700� 4:500Þ2

q
¼ 0:388;

Dist6 ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
ð3:000� 2:000Þ2 þ ð1:200� 4:500Þ2

q
¼ 3:448;

Dist7 ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
ð2:429� 2:000Þ2 þ ð5:457� 4:500Þ2

q
¼ 1:049;

Dist8 ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
ð2:667� 2:000Þ2 þ ð7:700� 4:500Þ2

q
¼ 3:269;

Dist9 ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
ð2:500� 2:000Þ2 þ ð9:250� 4:500Þ2

q
¼ 4:776:

Because Dist5 has the smallest value among the values of Dist1, Dis-

t2,. . ., and Dist9, we let S23 (2.000, 4.500, Nestimated) be an element of
cluster5.

[Step 7] Based on formula (7), the estimated value Nestimated of the attribute
‘‘Salary’’ of the tuple whose EMP-ID ¼ S23 can be calculated as fol-
lows:
Table 9

A relation in a relational database system [5,6]

EMP-ID Degree Experience Salary

S1 Ph.D. 7.200 63000

S2 Master 2.000 37000

S3 Bachelor 7.000 40000

S4 Ph.D. 1.200 47000

S5 Master 7.500 53000

S6 Bachelor 1.500 26000

S7 Bachelor 2.300 29000

S8 Ph.D. 2.000 50000

S9 Ph.D. 3.800 54000

S10 Bachelor 3.500 35000

S11 Master 3.500 40000

S12 Master 3.600 41000

S13 Master 10.000 68000

S14 Ph.D. 5.000 57000

S15 Bachelor 5.000 36000

S16 Master 6.200 50000

S17 Bachelor 0.500 23000

S18 Master 7.200 55000

S19 Master 6.500 51000

S20 Ph.D. 7.800 65000

S21 Master 8.100 64000

S22 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

method [5]

Chen-and-Yeh’s

method [6]

The proposed method

Salary

(estimated)

Estimated

error

Salary

(esti-

mated)

Estimated

error

Salary (esti-

mated)

Estimated

error

S1 Ph.D. 7.200 63000 63000 +0.000 65000 +3.175 63000.000 +0.000

S2 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
S4 Ph.D. 1.200 47000 36216 )22.945 46000 )2.128 47000.000 +0.000

S5 Master 7.500 53000 56200 +6.038 54500 +2.830 52431.645 )1.072
S6 Bachelor 1.500 26000 27179 +4.535 26346 +1.331 26000.000 +0.000

S7 Bachelor 2.300 29000 29195 + 0.672 28500 )1.724 29000.000 +0.000

S8 Ph.D. 2.000 50000 39861 )20.278 50000 +0.000 53105.080 +6.210

S9 Ph.D. 3.800 54000 48061 )10.998 55000 +1.852 53881.920 )0.219
S10 Bachelor 3.500 35000 32219 )7.946 31538 )9.891 35624.436 +1.784

S11 Master 3.500 40000 40544 +1.360 41590 +3.975 40673.849 +1.685

S12 Master 3.600 41000 41000 0.000 45159 +10.144 40660.005 )0.829
S13 Master 10.000 68000 64533 )5.099 65000 )4.412 68000.000 +0.000

S14 Ph.D. 5.000 57000 55666 )2.34 55000 )3.509 54399.814 )4.562
S15 Bachelor 5.000 36000 35999 )0.003 35000 )2.778 35374.435 )1.738
S16 Master 6.200 50000 51866 +3.732 48600 )2.800 51870.594 +3.741

S17 Bachelor 0.500 23000 24659 +7.213 25000 +8.696 23000.000 +0.000

S18 Master 7.200 55000 55200 +0.364 52400 )4.727 52302.172 )4.905
S19 Master 6.500 51000 52866 +3.659 49500 )2.941 52000.067 +1.961

S20 Ph.D. 7.800 65000 65000 +0.000 65000 +0.000 64200.000 )1.231
S21 Master 8.100 64000 58200 )9.063 58700 )8.281 64800.000 +1.250

S22 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
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Nestimated ¼ N5center þ DDS5 � ð2:000� D5centerÞ þ DES5 � ð4:500� E5centerÞ
¼ 40333:333þ 523:678� ð2:000� 1:667Þ
þ ð�138:443Þ � ð4:500� 4:700Þ

¼ 40186:637:

Therefore, the estimated value of the attribute ‘‘Salary’’ of the tuple whose
EMP-ID ¼ S23 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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