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Abstract 

 
One major problem in the data cleaning & data reduction step of KDD process is 
the presence of missing values in attributes. Many of analysis task have to deal 
with missing values and have developed several treatments to guess them. One 
of the most common method to replace the missing values is the mean method 
of imputation. In this paper we suggested a new imputation method by combining 
factor type and compromised imputation method, using two-phase sampling 
scheme and by using this method we impute the missing values of a target 
attribute in a data warehouse. Our simulation study shows that the estimator of 
mean from this method is found more efficient than compare to other.     
 
Keywords: KDD (Knowledge Discovery in Databases), Data mining, Attribute, Missing values, Imputation 
methods, Sampling. 

 

1. INTRODUCTION 
“Data mining”, often also referred to as “Knowledge Discovery in Databases” (KDD), is a young 
sub-discipline of computer science aiming at the automatic interpretation of large datasets. The 
classic definition of knowledge discovery by Fayyad et al.(1996) describes KDD as “the non-trivial 
process of identifying valid, novel, potentially useful, and ultimately understandable patterns in 
data” (Fayyad et al. 1996). Additionally, they define data mining as “a step in the KDD process 
consisting of applying data analysis and discovery algorithms. In order to be able to “identify valid, 
novel patterns in data”, a step of pre-processing of the data is almost always required. This 
preprocessing has a significant impact on the runtime and on the results of the subsequent data 
mining algorithm.  
The knowledge discovery in database is more than pure pattern recognition, Data miners do not 
simply analyze data, and they have to bring the data in a format and state that allows for this 
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analysis. It has been estimated that the actual mining of data only makes up 10% of the time 
required for the complete knowledge discovery process (Pyle 1999). In our opinion, the precedent 
time-consuming step of preprocessing is of essential importance for data mining (Han and 
Kamber 2001). It is more than a tedious necessity: The techniques used in the preprocessing 
step can deeply influence the results of the following step, the actual application of a data mining 
algorithm (Hans et al.(2007). We therefore feel that the role of the impact on and the link of data 
preprocessing to data mining will gain steadily more interest over the coming years. 
Thus Data pre-processing is one of the essential issue of KDD process in Data mining. Since 
data warehouse is a large database that contains data that is collected and integrated from 
multiple heterogeneous data sources. This may lead to irrelevant, noisy inconsistent, missing and 
vague data. So it is required to apply different data pre-processing techniques to improve the 
quality of patterns mined by data mining techniques. The data mining pre-processing methods 
are organised into four categories: Data cleaning, data integration and transportation, data 
reduction, descritization and concept hierarchy generation. 
Since the goal of knowledge discovery can be vaguely characterized as locating interesting 
regularities from large databases (Fayyad et al. &. Krishnamurthy R. et al.) For large collections 
of data, sampling is a promising method for knowledge discovery: instead of doing complicated 
discovery processes on all the data, one first takes a small sample, finds the regularities in it, and 
then possibly validates these on the whole data 
Sampling is a powerful data reduction technique that has been applied to a variety of problems in 
database systems. Kivinen and Mannila (1994) discuss the general applicability of sampling to 
data mining, and Zaki, et al.(1996)  employ a simple random sample to identify association rules. 
Toivonen (1996) uses sampling to generate candidate itemsets but still requires a full database 
scan. John and Langley (1996) give a dynamic sampling method that selects the sample size 
based on the observed behavior of the data-mining algorithm. Traditionally, random sampling is 
the most widely utilized sampling strategy for data mining applications. According to the Chernoff 
bounds, the consistency between the population proportion and the sample proportion of a 
measured pattern can be probabilistically guaranteed when the sample size is large (Domingo et 
al.(2002) and Zaki et al.(1997)). Kun-Ta Chuang et al.(2007) proposed a novel sampling 
algorithm (PAS) to generate a high quality online sample with the desired sample rate. 
Presence of missing data is one of the critical problem in data cleaning and data reduction 
approach. While using sampling techniques to obtain reduced representation of large database, it 
often possible that the sample may contains some missing values.Missing data are a part of most 
of the research, and missing data can seriously affect research results (Robert 1996). So, it has 
to be decided how to deal with it. If one ignores missing data or assumes that excluding missing 
data is acceptable, there is a risk of reaching invalid and non-representative conclusions. There 
are a number of alternative ways of dealing with missing data (Joop 1999). There are many 
methods of imputation (Litte and Rubin 1987) like Mean Imputation,regression imputation, 
Expectation maximization etc. Imputation of missing data minimizes bias and allows for analysis 
using a reduced dataset. In general the imputation methods can be classified into single & 
multiple imputations. The single imputation method always imputes the same value, thereby 
ignoring the variance associated with the imputation process. The multiple imputations method 
imputes several imputed values and the effect of the chosen imputed values on the variance can 
be taken into account.  
Both the single-imputation and MI methods can be divided into three categories: 1) data driven; 2) 
model based; and 3) ML based (Laxminarayan et al.(1999), Little and Rubin(1987), Oh (1983)). 
Data-driven methods use only the complete data to compute imputed values. Model-based 
methods use some data models to compute imputed values. They assume that the data are 
generated by a model governed by unknown parameters. Finally, ML-based methods use the 
entire available data and consider some ML algorithm to perform imputation. The data-driven 
methods include simple imputation procedures such as mean, conditional mean, hot-deck, cold-
deck, and substitution imputation (Laxminarayan et al. (1999), Sarle(1998)). Several model-based 
imputation algorithms are described by Little and Rubin (1987). The leading methods include 
regression-based, likelihood-based, and linear discriminant analysis (LDA)-based imputation. In 
regression-based methods, missing values for a given record are imputed by a regression model 
based on complete values of attributes for that record. The likelihood-based methods can be 
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considered to impute values only for discrete attributes. They assume that the data are described 
by a parameterized model, where parameters are estimated by maximum likelihood or maximum 
a posteriori procedures, which use different variants of the EM algorithm (Cios(1998), Little and 
Rubin(1987)). A probabilistic imputation method that uses probability density estimates and 
Bayesian approach was applied as a preprocessing step for an independent module analysis 
system (Chan K et al.(2003)). Neural networks were used to implement missing data imputation 
methods (Freund and Schapire (1996), Tresp (1995)). An association rule algorithm, which 
belongs to the category of algorithms encountered in data mining, was used to perform MIs of 
discrete data (Zhang (2000)). Recently, algorithms of supervised ML were used to implement 
imputation. In this case, imputation is performed one attribute at a time, where the selected 
attribute is used as a class attribute. Several different families of supervised ML algorithms, such 
as decision trees, probabilistic, and decision rules (Cios et al.(1998)) can be used; however, the 
underlying methodology remains the same. For example, a decision tree C4.5 
(Quinlan(1992),(1986), and a probabilistic algorithm A decision rule algorithm CLIP4 (Cios(1998)) 
and a probabilistic algorithm Naïve Bayes were studied in (Farhangfar et al.(2004). A k-nearest 
neighbor algorithm was used by Batista and Monard(2003). Backpropagation Neural Network 
(BPNN) is one of the most popular neural network learning algorithms. Werbos (1974) proposed 
the learning algorithm of the hidden layers and applied to the prediction in the economy. 
Classification is another important technique in data mining. A decision tree approach to 
classification problems were described by Friedman 1997. Let  ....,, zyxA   is a finite attribute 
set of any database, where target attribute domain Y consist of  NiYi ,........2,1;  values of main 
interest and attribute domain X  consist of  NiX i ,........2,1;  auxiliary values, that is highly 
associated with attribute domain Y. Suppose target attribute Domain Y has some missing  values. 

Let y  be the mean of finite attribute set Y under consideration for estimation 
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X  be the mean of reference attribute set X. When X  is unknown, the two-phase sampling is 
used to estimate the main data set missing values (Shukla, 2002).  
 

2. PROPOSED IMPUTATION TECHNIQUES FOR MISSING ATTRIBUTE 
VALUES 

Consider preliminary large sample  '' ,.....,3,2,1; niXS i   of size n’ drawn from attribute data set 
A by SRSWOR and a secondary sample of size n  'nn   drawn in the following manner ( fig. 1).  
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FIGURE 1. 
 
The sample S of n units contains r available values (r < n) forming a subspace R and (n – r) 
missing values with subspace CR  in CRRS  . For every Ri , the iy ’s are available values of 
attribute Y  and for CRi , the iy  values are missing and imputed values are to be derived, to 
replace these missing values. 
 
 
2.1.0 F-T-C Imputation Strategies: 
  For  3,2,1jy ji  

 

   


















C

j

ji
ji

Riifkk

Riifkky
r

kn
y

       1

   )()1(

'

'




     …(2.1) 

where, 

















xCxfBA
xfBxCAyk r '

'
'

1
)(

)()( ; 












r

r
r xCxfBA

xfBxCAyk
)(

)()('
2 ;  

 

















r

r
r

xCxfBA
xfBxCAyk '

'
'
3

)(
)()( ;     ; 21  kkA   ; 41  kkB  

      k0   ; 432 kkkC  

2.1.1 Properties of    kj : 
 (i) At k = 1;  A = 0;  B = 0;  C = - 6 

   
x
xy r

'
'

1   1  ;  
r

r x
xy  1'

2  ;  
r

r x
xy

'
'
3   1   

 (ii)  At k = 2; A = 0; B = -2; C = 0 

    '
'
3   2

x
xy r ;  

x
xy r

r  2'
2  ;    '

'
3   2

x
xy r

r  

 (iii) At k = 3; A = 2; B = - 2; C = 0 

   
 

     
  











































 '

'
'
3

'
2'

'
'

1
1

3  ;
1

3 ;
1

3
xf
xfxy

xf
xfxy

xf
xfxy r

r
r

rr   

 (iv) At k = 4; A = 6; B = 0; C = 0 
        ry 444 '

3
'
2

'
1   

Theorem 2.1: The point estimate for S of Y  are: 

  3,2,1);()1()( ''
 jkkyky jrjFTC        …(2.2) 

Proof:      



Si

jijsjFTC y
n

yy )(1'
 

   







 

 cRi
ji

Ri
ji yy

n
)()(1

 

   























  

 

)()1()()1(1 '' kkkky
r

kn
n Ri Ri

jji
c

  



D. Shukla, Rahul Singhai, Narendra Singh Thakur & Naresh Dembla 

International Journal of Data Engineering (IJDE) Volume (1): Issue (2)     
 

5 

   3,2,1;)()1( ''
 jkkyky jrjFTC   

2.2.0 Some Special Cases: 
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3. BIAS AND MEAN SQUARED ERROR 
Let B(.) and M(.) denote the bias and mean squared error (M.S.E.) of an estimator under a given 
sampling design. The large sample approximations are  
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Proof : 
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3.1  Multiple Choices of k : 

The optimality condition VP   provides the equation 
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which fourth degree polynomial in terms of k. One can get at most four values of k like k1, k2, k3, 
k4 for which m. s. e. is optimal. The best choice criteria is 

Step I: Compute  
jkFTiTB  for i = 1, 2, 3; j = 1, 2, 3, 4. 

Step II: For given i, choose kj as   
jkFTiTB = 4,3,2,1

min
j   
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This ultimately gives bias control at the optimal level of m.s.e. 
Note 3.1: For given pair of values of (V, f),  10   ;0  fV , one can generate a trivariate 

table of 4321 ,,, kkkk  so as to achieve solution quickly. 

Remark 3.2: Reddy (1978) has shown that quantity 
X

Y

C
CV   is stable over moderate length 

time period and could be priorly known or guessed by past data. Therefore, pair (f, V) be treated 
as known   and equation (3.13) generates maximum of four roots (some may imaginary) on which 
optimum level of m.s.e. will be attained. 
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i.e. the size of sample domain is greater than the size of auxiliary data.  
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i.e. the size of total data set is greater than the size of sample data set.  

5. EMPIRICAL STUDY  

The attached appendix A has generated artificial population of size N = 200 containing values of 
main variable Y and auxiliary variable X. Parameter of this are given below: 
Y = 42.485; X = 18.515; 2

YS = 199.0598; 2
XS = 48.5375;  = 0.8652; XC = 0.3763; YC = 0.3321. 

Using random sample SRSWOR of size n = 50; r = 45; f = 0.25,  = 0.2365. Solving optimum 
condition V  [see (3.13)] the equation of power four in k provides only two real values 1k = 

0.8350; 2k =4.1043. Rest other two roots appear imaginary. 

6. SIMULATION  

The bias and optimum m.s.e. of proposed estimators under both designs are computed through 
50,000 repeated samples n, 'n  as per design. Computations are in table 6.1. 
The simulation procedure has following steps : 
Step 1:  Draw a random sample 'S  of size 110' n  from the population of N = 200 by SRSWOR. 
Step 2:  Draw a random sub-sample of size 50n  from 'S . 
Step 3:  Drop down 5 units randomly from each second sample corresponding to Y. 
Step 4:  Impute dropped units of Y by proposed methods and available methods and compute the 
 relevant statistic. 
Step 5: Repeat the above steps 50,000 times, which provides multiple sample based estimates 
 ,ˆ,ˆ 21 yy 500003 ˆ,....,ˆ yy . 

Step 6: Bias of  ŷ  is    



50000

1

ˆ
50000

1ˆ
i

i YyyB  

Step 7: M.S.E.  of ŷ  is    
250000

1

ˆ
50000

1ˆ 



i

i YyyM  

Table 6.1 : Comparisons of Estimators 
 

Estimator Bias (.) M(.) 
  

11 kFTCIy  0.3313 13.5300 

  
21 kFTCIy  0.0489 3.4729 

  
31 kFTCIy  --- --- 

  
12 kFTCIy  0.2686 4.6934 
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22 kFTCIy  0.0431 3.2194 

  
32 kFTCIy  --- --- 

  
13 kFTCIy  0.5705 14.6633 

  
23 kFTCIy  0.0639 3.5274 

  
33 kFTCIy  --- --- 

TABLE 1: Bias and Optimum m.s.e. at )2,1(  ikk i  

7. CONCLUDING REMARKS 

The content of this paper has a comparative approach for the three estimators examined under 

two-phase sampling. The estimator   
22 kFTCIy  is best in terms of mean squared error than other 

estimators. We can also choose an appropriate value of k for minimum bias from available values 
of k. Equation (4.1), (4.2) and (4.3) shows the general conditions for showing better performance 
of any estimator. All suggested methods of imputation are capable enough to obtain the values of 
missing observations in data warehouse. These methods are useful in the case where two 
attributes are in quantitative manner and linearly correlate with each other, like, Statistical 
Database, agricultural database (yield and area under cultivation), banking database (saving and 
interest),Spatial Databases etc. Therefore, suggested strategies are found very effective in order 
to replace missing values during the data preprocessing in KDD, so that the quality of the results 
or  patterns  mined by data mining methods can be improved. 
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Appendix A   (Artificial Dataset (N = 200) ) 
 

Yi 45 50 39 60 42 38 28 42 38 35 
Xi 15 20 23 35 18 12 8 15 17 13 
Yi 40 55 45 36 40 58 56 62 58 46 
Xi 29 35 20 14 18 25 28 21 19 18 
Yi 36 43 68 70 50 56 45 32 30 38 
Xi 15 20 38 42 23 25 18 11 09 17 
Yi 35 41 45 65 30 28 32 38 61 58 
Xi 13 15 18 25 09 08 11 13 23 21 
Yi 65 62 68 85 40 32 60 57 47 55 
Xi 27 25 30 45 15 12 22 19 17 21 
Yi 67 70 60 40 35 30 25 38 23 55 
Xi 25 30 27 21 15 17 09 15 11 21 
Yi 50 69 53 55 71 74 55 39 43 45 
Xi 15 23 29 30 33 31 17 14 17 19 
Yi 61 72 65 39 43 57 37 71 71 70 
Xi 25 31 30 19 21 23 15 30 32 29 
Yi 73 63 67 47 53 51 54 57 59 39 
Xi 28 23 23 17 19 17 18 21 23 20 
Yi 23 25 35 30 38 60 60 40 47 30 
Xi 07 09 15 11 13 25 27 15 17 11 
Yi 57 54 60 51 26 32 30 45 55 54 
Xi 31 23 25 17 09 11 13 19 25 27 
Yi 33 33 20 25 28 40 33 38 41 33 
Xi 13 11 07 09 13 15 13 17 15 13 
Yi 30 35 20 18 20 27 23 42 37 45 
Xi 11 15 08 07 09 13 12 25 21 22 
Yi 37 37 37 34 41 35 39 45 24 27 
Xi 15 16 17 13 20 15 21 25 11 13 
Yi 23 20 26 26 40 56 41 47 43 33 
Xi 09 08 11 12 15 25 15 25 21 15 
Yi 37 27 21 23 24 21 39 33 25 35 
Xi 17 13 11 11 09 08 15 17 11 19 
Yi 45 40 31 20 40 50 45 35 30 35 
Xi 21 23 15 11 20 25 23 17 16 18 
Yi 32 27 30 33 31 47 43 35 30 40 
Xi 15 13 14 17 15 25 23 17 16 19 
Yi 35 35 46 39 35 30 31 53 63 41 
Xi 19 19 23 15 17 13 19 25 35 21 
Yi 52 43 39 37 20 23 35 39 45 37 
Xi 25 19 18 17 11 09 15 17 19 19 

 


