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Abstract—Having missing values in a data set is very 

common due to various reasons including human error, 

misunderstanding and equipment malfunctioning. 

Therefore, imputation of missing values is important to 

improve the quality of a data set. In our previous study we 

presented an imputation technique called DMI, which we 

then found better than an existing technique called EMI in 

terms of a few commonly used imputation evaluation 

techniques namely co-efficient of determination (  ), index 

of agreement (  ), root mean squared error (    ) and 

mean absolute error (   ). These evaluation methods 

compare an imputed value with the actual value that is 

assumed to be missing for the sake of the assessment of 

imputation techniques. However, it is also important to 

directly evaluate the effectiveness of an imputation technique 

in producing a data set that is useful for various data mining 

tasks including classification and clustering. In this study we 

compare the effectiveness of three imputation techniques 

called DMI, EMI and SRD in producing data sets that are 

useful for data mining tasks such as classification. We use 

two natural data sets called Pima and Credit Approval, 

introduce artificial missing values (using 32 missing 

combinations to simulate a range of possible scenarios), 

impute them separately by the three techniques resulting in 

three imputed data sets, build decision trees from the 

imputed data sets, and finally apply the trees on a previously 

unseen testing data set. Our initial experiments indicate that 

trees obtained from DMI imputed data sets generally have 

higher prediction accuracies than the trees obtained from 

data sets imputed by SRD and EMI. Therefore, the results 

suggest the effectiveness of DMI for supporting data mining 

tasks such as classification by decision trees. 

Keywords—Data pre-processing, data cleansing, data 

quality, missing value imputation. 

I. INTRODUCTION 

It is very common to have missing values in a data set 
due to various reasons including human errors and 
misunderstanding, equipment malfunctioning, data 
transmission and propagation, and incorrect measurements 
during data collection [1, 2]. The performance of various 
data mining techniques, such as classification and 
clustering, can significantly be disturbed due to the 
presence of missing values in data sets [3]. 

Therefore, it is necessary to have an effective data pre-
processing framework in order to deal with missing values. 
A number of Missing Value Imputation (MVI) methods 
have been proposed [1, 4-8]. A common approach of 

handling missing values is to delete the records having 
missing value/s [9]. In this study we call this approach 
Simple Record Deletion (SRD). However, typically 
deletion of records from a small sized data set can reduce 
the usability of data sets for statistical analysis [10]. 
Moreover, the results of the analysis from the insufficient 
number of records can be misleading [11]. 

Another simple approach is to use the mean of all 
available values of an attribute for imputation [4, 9]. 
However, it is shown that the mean imputation can be 
more incorrect than the SRD approach [11]. 

For imputing numerical missing values of a record a 
more advanced approach called Expectation-
Maximization based Imputation (EMI) [4, 5, 6] relies on 
correlations between attributes having missing values and 
attributes having available values of the record. Using the 
correlation between the attributes and mean values of the 
attributes it imputes the missing values of a record. 

EMI imputes all other records with numerical missing 
values of the data set. EMI re-calculates the mean and 
covariance matrix of all values after the imputation of 
missing values. It then imputes the missing values (that 
exist in the input data set) again using the new mean and 
covariance matrix.  EMI repeats the process of imputing 
missing values, and re-calculating mean, covariance and 
correlation matrix until the mean and covariance matrix of 
two consecutive iterations are very similar. However, if all 
records have the same value then EMI is not useful for a 
numerical attribute. EMI also does not work if all 
numerical attribute values in a record are missing [1]. 

Since EMI imputes missing values by considering 
correlations between attributes having missing values and 
attributes having available values, we argue that there can 
be higher imputation accuracy of EMI on a data set having 
high correlations of the attributes. Due to natural 
properties, correlations of the attributes of a data set cannot 
be altered. However, it is shown that correlations of 
attributes within a horizontal segment of a data set 
typically higher than the correlations of attributes over the 
whole data set [1]. 

We therefore proposed an imputation technique called 
―DMI‖ [1] which uses a decision tree algorithm and the 
existing EMI algorithm for imputing both numerical and 
categorical missing values. A brief overview on DMI is 
presented in Section II. 
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Once the data sets having missing values are imputed, 
it is extremely important to evaluate the effectiveness of 
the imputation techniques. DMI was evaluated [1] by 
using four commonly used evaluation methods namely 
coefficient of determination (  ), index of agreement (  ), 
root mean squared error (    ), and mean absolute error 
(   ) on publicly available real life data sets. It was 
shown [1] that DMI performs significantly better than EMI 
in terms of   ,    and      on the data sets [1]. 
However, the study did not provide a comprehensive 
analysis on the effectiveness of DMI in achieving an 
imputed data set that can generate a decision tree with 
higher prediction accuracy, on a testing data set, than the 
prediction accuracy of a tree built from a data set having 
missing values. 

Therefore, the main objective of this paper is to 
investigate the effectiveness of DMI in producing a data 
set that can be more useful for data mining techniques. In 
order to evaluate DMI, we first build a decision tree 
classifier on an original data set (  ) that does not have 
any missing values in it. We then deliberately create a data 
set (  ) with missing values from   . We again build a 
decision tree from   . Finally, we create a clean data set 
(  ) by imputing the missing values of    using DMI. We 
then apply the decision trees on a testing data set (i.e. a 
data set that was not used to build the trees) to predict the 
class values. The classification accuracies of the trees are 
compared in order to measure the usefulness of the data 
sets, for a data mining task called classification. 

We evaluate the effectiveness of DMI in terms of 
classification accuracy on two publicly available data sets 
namely Pima and Credit Approval. We compare the 
classification accuracy of a tree obtained from a data set 
imputed by DMI with the classification accuracy of the 
trees obtained from the data sets imputed by EMI and 
SRD. We analyze whether the imputation techniques can 
improve data quality (in terms of the prediction accuracy 
of a decision tree) which is extremely essential for the 
usefulness of the imputed data set in data mining. Our 
initial experimental results show that DMI performs 
significantly better than EMI and SRD in terms of 
classification accuracy. 

The organization of the paper is as follows. Section II 
provides an overview of DMI technique. A brief 
discussion on the evaluation methods is presented in 
Section III. Section IV presents the results of initial 
experiments that are carried out in this study. Finally, a 
concluding remark is provided in section V. 

II. DECISION TREE BASED MISSING VALUE 

IMPUTATION TECHNIQUE (DMI) 

We presented a MVI technique called ―Decision tree 
based Missing Value Imputation Technique‖ (DMI) [1] 
which uses a decision tree algorithm and an Expectation-
Maximization algorithm (EMI) [4, 5, 6] for imputing 
missing values. The basic concept of DMI is to apply EMI 
algorithm in each leaf of a decision tree. EMI uses the 
correlations of attribute values of a data set for imputing 

missing values of the data set. Typically the correlations of 
attribute values within a leaf are higher than the 
correlations of attribute values within the whole data set 
[1]. Therefore, DMI expects better imputation accuracy by 
applying EMI for the records belonging to a leaf of a 
decision tree rather than for the records of a whole data set. 
We now discuss the imputation process of DMI as follows. 

DMI [1] first divides a data set   , with   records and 
  attributes, having missing values into two sub data sets 
namely    and   .    contains records without missing 
values whereas    contains records with missing values. 
For each attribute    having missing values, it then builds 

a decision tree    from    by using a decision tree 

algorithm, for example C4.5 algorithm [12], by 
considering    as the class attribute. If    is numerical then 

DMI first generalizes the values of the attribute into    
categories where    is the squared root of the domain size 
of   .  Note that the output of each tree is a set of logic 

rules where each logic rule represents a leaf. For each logic 
rule    , DMI generates a sub data set     by assigning 

the records of    that satisfy the logic rule    . It also 

assigns each record    of    into a sub data set     

corresponding to logic rule     belonging to the tree     

where the record    falls in. 

After assigning the records, DMI imputes the missing 
value in the sub data sets one by one. For imputing 
numerical missing values, it uses EMI algorithm [4, 5, 6] 
within the sub data sets whereas for imputing categorical 
missing values it considers the majority class value of a 
sub data set as the imputed value. 

III. EVALUATION METHODS 

This section explains the methods used to evaluate the 
imputation quality of DMI, EMI and SRD. A few 
commonly used evaluation methods are coefficient of 
determination (  ), index of agreement (  ), root mean 
squared error (    ), and mean absolute error (   ). 
We now discuss them briefly as follows. 

The coefficient of determination (  ) [4] describes the 
imputation accuracy. It calculates the correlation of the 
actual values with the imputed values. The output of    
can be between 0 and 1. 1 indicates a perfect imputation. 
The index of agreement (  ) [13] evaluates the degree of 
agreement between the actual and the imputed values. The 
output of    can be between 0 and 1, where a higher value 
indicates a better fit. The root mean squared error (    ) 
[4] measures the average difference between actual and 
imputed values. Its value varies from 0 to ∞, where a 
lower value means a better imputation. Finally, the mean 
absolute error (   ) [4] estimates the similarity between 
actual and imputed values. The output of     can be a 
value between 0 to ∞, where a lower value implies a better 
imputation. 

The evaluation methods describe how accurately the 
imputation of missing values is done by the imputation 
techniques. However, it does not guarantee that a good 
imputation always improves data quality for a data mining 
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task such as classification. Therefore, the main objective of 
this paper is to evaluate the effectiveness of the imputation 
techniques for data mining by applying a C4.5 classifier 
[12] on the original data set, imputed data set and the data 
sets having missing values. Generally, the prediction 
accuracy of a classifier can be used to evaluate the impact 
of imputation of missing values. So an evaluation model is 
built in order to find the prediction accuracy [2]. The 
overall block diagram of the evaluation model is shown in 
Fig. 1. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

We now describe the evaluation process as follows. 
We split a complete data set with size   into two sub data 
sets namely a testing data set and a training data set. The 

testing data set contains 
 

  
 records, of the complete data 

set, that are chosen randomly and the training data set 
contains the remaining records. We then introduce missing 
values with different missing combinations in the training 
data set. The process of the simulation of missing values is 
presented in Section IV. We next impute the missing 
values, of the training data set, by using three imputation 
techniques namely DMI, EMI, and SRD. Altogether we 
have four complete data sets; three of them are imputed 
data sets and other one is the actual training data set 
without missing values. We then apply a classifier, called 
C4.5 [12], on each complete data set and thereby build 
four decision trees. For each tree we calculate its 
prediction accuracy by applying it on the testing data set. 

The prediction accuracy is a number between the range 
   and     . An imputation technique having higher 
prediction accuracy, than the prediction accuracy of the 
SRD tectnique, indicates an improvement of data qaulity 
by the imputation of missing values. Several experiments 
are carried out for evaluating the imputation techniques 
and are presented in Section IV. 

IV. EXPERIMENTAL RESULT 

We implement three imputation techniques namely 
DMI [1], EMI [4,5,6] and SRD [9]. The SRD approach 
deletes the records having missing values. For 
classification purpose we use C4.5 classifier [12, 14]. We 
apply the techniques on two real life data sets namely Pima 
and Credit Approval that are publicly available in UCI 
machine learning repository [15]. 

The Pima data set has 768 records and 9 attributes 
including 8 numerical attributes and 1 class attribute. 
Credit Approval has 690 records and 9 attributes; 6 
numerical attributes, 9 categorical attributes and 1 class 
attribute.  The data set has 37 records with missing values. 
We first remove the 37 records, with natural missing 
values, that naturally exist in the data set and then prepare 
a data set having 653 records without missing values. 

We divide each complete data set (i.e. a data set 
without missing values) into testing and training data set as 
discussed in Section III. After that we artificially create 
missing values, in the training data set, that are imputed by 
the different imputation techniques. Note that we create 
missing values for only numerical attributes as EMI 
imputes numerical attributes only. We know the actual 
values of the artificially created missing values we can 
evaluate the performances of DMI, EMI and SRD. 

We use four missing patterns namely Simple, Medium, 
Complex and Blended in order to create missing values [4, 
16, 17]. If a record has missing value/s then in a simple 
pattern at most one attribute of the record can have a 
missing value, whereas in a medium pattern, 2 to 50% of 
the total number of numerical attributes, of the record, can 
have missing values. For a complex pattern 50% to 80% of 
the total number of numerical attributes of the record can 
have missing values. A blended pattern represents a 
scenario where a record with missing values can have all 
the three patterns. It contains 25% of simple, 50% of 
medium, and 25% of complex patterns.   

Moreover, we consider four missing ratios 1%, 3%, 
5%, and 10% for each missing pattern [1]. The missing 
ratios x% means x% of the total numerical attribute values 
are missing. For simple pattern and 10% missing ratios, 
the total number of missing values can be higher than the 
number of records of a data set. Therefore, for simple 
pattern we consider 6% missing in the experiments.   

We also use two missing models namely Overall and 
Uniformly Distributed (UD) [1]. In the Overall model 
attributes may have unequal number of missing values. In 
the worst case scenario an attribute can have all the 
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Fig. 1. Model to evaluate the impact of imputation of missing values 
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missing values. Missing values are equally distributed to 
all attributes in the UD model. 

Using missing ratios, missing models and missing 
patterns we create 32 types of data sets where each data set 
belongs to one missing combination i.e. one combination 
of missing ratio, missing model and missing pattern. For 
each missing combination we create 10 data sets with 
missing values since the missing values are created 
randomly. So we have all together 320 (      ) data 
sets for each natural data set such as Pima and Credit 
Approval. 

We use four evaluation methods namely   ,   , 
    , and     in order to evaluate the performance of 
DMI and EMI. We also use an evaluation model to 

evaluate the impact of missing values through applying the 
C4.5 classifier [2, 12]. The evaluation methods are 
discussed in Section III. 

The performances of DMI and EMI in terms of   ,   , 
    , and     on Pima data set are presented in Table 
I. In the table we present the average values from 10 data 
sets having missing values for each missing combination. 
For example, there are 10 data sets having missing values 
with the combination of ―1%‖ missing ratio, ―Overall‖ 
missing model and ―Simple‖ missing pattern. The average 
of    for the data sets of the combination is 0.168 for DMI 
as reported in Table I. Bold values in the table indicate the 
best results between the techniques. DMI performs 
significantly better than EMI in terms of   ,   ,     , 
and    . 
 

 

 

Missing combination 
    

 
   

 
     

 
    

DMI EMI 
 

DMI EMI 
 

DMI EMI 
 

DMI EMI 

1% 

Overall 

Simple 0.168 0.102 
 

0.521 0.439 
 
0.304 0.316 

 
0.257 0.271 

Medium 0.158 0.097 
 

0.497 0.429 
 
0.307 0.318 

 
0.260 0.272 

Complex 0.122 0.087 
 

0.467 0.425 
 
0.312 0.319 

 
0.265 0.273 

Blended 0.156 0.094 
 

0.499 0.431 
 
0.307 0.318 

 
0.259 0.272 

UD 

Simple 0.166 0.105 
 

0.517 0.437 
 
0.307 0.319 

 
0.261 0.274 

Medium 0.150 0.102 
 

0.496 0.436 
 
0.309 0.319 

 
0.262 0.273 

Complex 0.136 0.103 
 

0.471 0.429 
 
0.314 0.320 

 
0.267 0.274 

Blended 0.137 0.086 
 

0.479 0.426 
 
0.310 0.318 

 
0.262 0.271 

3% 

Overall 

Simple 0.169 0.099 
 

0.522 0.437 
 
0.304 0.317 

 
0.257 0.272 

Medium 0.147 0.094 
 

0.491 0.430 
 
0.309 0.318 

 
0.262 0.273 

Complex 0.125 0.094 
 

0.464 0.427 
 
0.311 0.317 

 
0.265 0.271 

Blended 0.143 0.093 
 

0.488 0.430 
 
0.309 0.318 

 
0.262 0.272 

UD 

Simple 0.164 0.094 
 

0.514 0.431 
 
0.307 0.320 

 
0.260 0.274 

Medium 0.158 0.104 
 

0.503 0.437 
 
0.306 0.316 

 
0.259 0.270 

Complex 0.137 0.101 
 

0.472 0.430 
 
0.311 0.318 

 
0.265 0.272 

Blended 0.153 0.098 
 

0.498 0.432 
 
0.308 0.318 

 
0.261 0.273 

5% 

Overall 

Simple 0.169 0.101 
 

0.522 0.438 
 
0.305 0.317 

 
0.258 0.272 

Medium 0.151 0.094 
 

0.498 0.431 
 
0.308 0.319 

 
0.262 0.273 

Complex 0.131 0.096 
 

0.471 0.429 
 
0.311 0.318 

 
0.265 0.272 

Blended 0.153 0.097 
 

0.495 0.430 
 
0.309 0.319 

 
0.262 0.273 

UD 

Simple 0.171 0.100 
 

0.519 0.436 
 
0.305 0.317 

 
0.258 0.272 

Medium 0.152 0.093 
 

0.499 0.430 
 
0.308 0.318 

 
0.261 0.272 

Complex 0.130 0.094 
 

0.469 0.429 
 
0.311 0.317 

 
0.265 0.271 

Blended 0.149 0.095 
 

0.494 0.431 
 
0.309 0.318 

 
0.262 0.273 

10
% 

Overall 

Simple 0.162 0.097 
 

0.513 0.435 
 
0.306 0.317 

 
0.259 0.271 

Medium 0.154 0.097 
 

0.499 0.433 
 
0.307 0.317 

 
0.260 0.272 

Complex 0.131 0.094 
 

0.470 0.428 
 
0.312 0.318 

 
0.265 0.272 

Blended 0.150 0.097 
 

0.495 0.432 
 
0.308 0.318 

 
0.262 0.272 

UD 

Simple 0.164 0.098 
 

0.516 0.436 
 
0.306 0.318 

 
0.259 0.272 

Medium 0.155 0.099 
 

0.501 0.435 
 
0.307 0.317 

 
0.260 0.272 

Complex 0.131 0.095 
 

0.470 0.426 
 
0.312 0.318 

 
0.265 0.272 

Blended 0.153 0.098 
 

0.496 0.432 
 
0.308 0.318 

 
0.262 0.272 

  ,   : Higher value is better;     ,    : Lower value is better 

 

It is also shown in the literature that DMI performs 
better than EMI for most of the missing combinations in 

terms of    ,   , and      on Credit Approval data set 
[1]. Note that the imputation quality of DMI has not been 

TABLE I 

PERFORMANCE OF DMI AND EMI BASED ON 𝑅 , 𝑑 , 𝑅𝑀𝑆𝐸 AND 

𝑀𝐴𝐸 FOR 32 MISSING COMBINATIONS ON PIMA DATA SET 
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evaluated before using classifiers such as C4.5 or decision 
tree. In this study several experiments are carried out for 
evaluating the imputation quality for the purpose of data 
mining task such as classification through a decision tree.  

We now present the C4.5 classification accuracy for 
both Pima and Credit Approval data set in Table II.  The 

decision trees are built by using the original training data 
set (―Original‖), the SRD imputed data set, the EMI 
imputed data set, and the DMI imputed data set (see Fig. 
1).

 

 

 

 

Missing combination 

Pima data set 
 

Credit Approval data set 

Original 

(%) 

SRD 

(%) 

EMI 

(%) 

DMI 

(%)  

Original 

(%) 

SRD 

(%) 

EMI 

(%) 

DMI 

(%) 

1% 

Overall 

Simple 71.050 69.311 69.600 70.446 
 

90.770 90.770 90.155 90.770 

Medium 71.050 70.606 70.815 71.315 
 

90.770 90.770 90.770 90.770 

Complex 71.050 71.446 71.367 71.710 
 

90.770 90.770 90.770 90.770 

Blended 71.050 70.527 70.826 71.710 
 

90.770 90.770 90.770 90.770 

UD 

Simple 71.050 70.922 72.053 72.106 
 

90.770 90.770 90.770 90.770 

Medium 71.050 71.580 71.974 72.106 
 

90.770 90.924 90.770 90.770 

Complex 71.050 70.978 70.658 71.578 
 

90.770 90.770 90.770 90.770 

Blended 71.050 71.447 71.922 71.974 
 

90.770 90.770 90.770 90.770 

3% 

Overall 

Simple 71.050 69.738 70.344 71.317 
 

90.770 90.770 90.770 90.770 

Medium 71.050 70.660 70.343 71.580 
 

90.770 90.770 90.770 90.770 

Complex 71.050 70.842 70.475 71.712 
 

90.770 90.770 90.155 90.770 

Blended 71.050 70.842 70.738 71.448 
 

90.770 90.770 90.770 90.770 

UD 

Simple 71.050 69.738 70.344 72.106 
 

90.770 90.308 90.770 90.770 

Medium 71.050 71.053 71.264 71.579 
 

90.770 90.308 90.770 90.770 

Complex 71.050 68.922 69.686 69.738 
 

90.770 90.308 90.770 90.770 

Blended 71.050 70.263 70.002 70.922 
 

90.770 90.770 90.770 90.770 

5% 

Overall 

Simple 71.050 68.029 67.843 71.580 
 

90.770 90.770 90.770 90.770 

Medium 71.050 70.659 68.766 71.186 
 

90.770 90.155 88.925 90.770 

Complex 71.050 70.175 69.290 70.527 
 

90.770 90.770 90.155 90.770 

Blended 71.050 70.133 69.554 72.107 
 

90.770 90.309 90.155 90.770 

UD 

Simple 71.050 71.182 70.868 72.107 
 

90.770 90.770 90.770 90.770 

Medium 71.050 69.738 70.079 71.580 
 

90.770 90.770 90.770 90.770 

Complex 71.050 70.054 69.553 70.396 
 

90.770 90.770 90.770 90.770 

Blended 71.050 71.447 69.554 71.712 
 

90.770 90.770 90.770 90.770 

10% 

Overall 

Simple 71.050 51.842 68.501 71.053 
 

90.770 89.693 90.770 90.770 

Medium 71.050 70.526 67.974 72.501 
 

90.770 90.924 90.770 90.770 

Complex 71.050 72.104 69.817 72.106 
 

90.770 90.616 90.155 90.770 

Blended 71.050 67.896 68.106 71.449 
 

90.770 90.770 90.770 90.770 

UD 

Simple 71.050 60.262 70.473 71.053 
 

90.770 89.693 90.155 90.770 

Medium 71.050 63.421 68.815 69.739 
 

90.770 90.770 90.155 90.770 

Complex 71.050 71.141 70.344 71.580 
 

90.770 90.770 90.308 90.770 

Blended 71.050 69.738 67.844 71.053 
 

90.770 89.693 90.770 90.770 

 

In Table II, the classification accuracy of the tree 
obtained from the Original Pima data set is 71.050% 
(Column 4). For the missing combination with ―1%‖ 
missing ratio, ―overall‖ missing model and ―Simple‖ 
pattern, the classification accuracy of the trees obtained 
from SRD, EMI and DMI imputed data sets are 69.311%, 
69.600%, and 70.446%, respectively. Note that we use the 
same testing data set for all trees. The results indicate that 
the classification accuracy can be decreased due to the 
deletion of the records having missing values. On the other 

hand, the classification accuracy can be increased by the 
imputation of missing values, and therefore we can argue 
that the data quality can be improved through imputation 
of missing values. Moreover, the classification accuracy 
indicates that the improvement of data quality by the DMI 
imputation is higher than the improvement of data quality 
by the EMI imputation. For Pima data set (see Table II), it 
is clearly indicated that DMI improves data quality which 
is higher than EMI in all missing combinations. 

TABLE II 
IMPACT OF IMPUTATION OF MISSING VALUES BY DMI AND EMI FOR 32 

MISSING COMBINATIONS ON PIMA AND CREDIT APPROVAL DATA SETS 
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Similarly for Credit Approval data set the classification 
accuracy of the Original model is 90.770% (See Column 8 
of Table II). For the missing combination with ―1%‖ 
missing ratio, ―overall‖ missing model and ―Simple‖ 
pattern, the classification accuracy of SRD, EMI and DMI 
models are 90.770%, 90.155%, and 90.770%, respectively. 
It is also clearly shown that DMI performs better (i.e. 
better classification accuracy) or as good as EMI in all 
missing combinations. 

We now present aggregated classification accuracies 
based on missing ratios, missing models, and missing 
patterns in Fig.2 for the Pima data set. The figure 
demonstrates that DMI performs better (i.e. higher average 
classification accuracy) than SRD and EMI for all missing 
ratios, for all missing models, and for all missing patterns. 

 

 

 

 

 

 

 

 

 

 

 

Similarly for Credit Approval data set we present the 
aggregated classification accuracies in Fig. 3. The figure 
demonstrates that DMI performs better (i.e. higher average 
classification accuracy) than SRD and EMI for most of the 
missing ratios (except 1%), for all missing models, and for 
all missing patterns. 

Note that for 1% missing ratio the number of  missing 
values is very small, and therefore the deletion of records 
having missing values (according to the SRD technique) 
may not cause accuracy drop as evident in Fig. 3. 
However, for a higher missing ratio SRD may cause 
accuracy drop as shown in Fig. 3 for 3%, 5% and 10% 
missing ratios. Especially for 10% missing ratio SRD 
causes a significant accuracy drop for both data sets (Fig. 2 
and Fig. 3). Also it is worthwhile to note that for the Pima 
data set SRD causes an accuracy drop even for 1% missing 
ratio. 

Figure 4 presents the comparison of score among SRD, 
EMI and DMI on the Pima and Credit Approval data set. 
The score of a technique is the number of missing 
combinations for which the technique performs the best 
among the three techniques in terms of classification 
accuracy. For Pima data set, out of 32 missing 
combinations the scores of SRD, EMI and DMI are 0, 0 
and 32, respectively whereas for Credit Approval data set 
the scores are 2, 0, and 4, respectively. Note that we do not 
consider the missing combinations where there is a tie 

among the three (or even two) techniques. The figure 
demonstrates that DMI performs the best in 95% of 
missing combinations (36 out of 38) for Pima and Credit 
Approval data set. 

 

 

 

 

 

 

 

 

 

 

 

The classification accuracy of a tree also depends on a 
data set. Some data sets have naturally good accuracy 
while some do not have that. For example, Credit 
Approval has a higher accuracy than Pima. Often the 
reduction of a small number of records does not lead to an 
accuracy drop in such data sets. For example, for the 
missing combination of 1%, Overall and Simple (see Table 
II) SRD achieves as high accuracy as the one achieved by 
the original Credit Approval data set. DMI also achieves 
the same accuracy. SRD generally suffers the most for the 
missing combination having the high noise ratio (such as 
10%) and the Simple missing pattern as this combination 
forces SRD to drop the maximum number of records. The 
advantage of DMI over SRD for such a combination is 
evident in Table II. 

 

 

 

 

 

 

 

 

We also present overall classification accuracy (i.e. 
average value of the accuracies for the 320 data sets) for 
the Pima and the Credit Approval data set in Table III. For 
the data sets the overall classification accuracy of DMI is 
higher than the overall classification accuracy of SRD and 
EMI. For Pima data set the overall improvement of DMI, 
in terms of classification accuracy, over the Original, SRD, 
and EMI models are 0.359%, 2.120%, and 1.415%, 
respectively. Similarly for Credit Approval data set the 
overall improvement of DMI, in terms of classification 
accuracy, over the SRD, and EMI models are 0.173%, and 
0.207%, respectively, and equally good with the Original 

 

Fig. 2. Impact of imputation (in summarize analysis) based on missing 

ratios, missing models and missing patterns on Pima data set 

 

Fig. 3. Impact of imputation (in summarize analysis) based on missing 

ratios, missing models and missing patterns on Credit Approval data set 

 
Fig. 4. Score comparison on Pima and Credit Approval data set 
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model. We argue that even a small improvement in 
classification accuracy can mean a lot in data mining, since 
improvement of classification accuracy is often a difficult 
job [14]. Even the use of a huge number of decision trees 
(of a decision forest) may only improve the prediction 
accuracy by a very small amount [14]. Therefore, any 
improvement of accuracy can be considered valuable. 
Based on the experimental results of this study it is clear 
that the data quality has improved significantly by the use 
of DMI for imputing missing values. 

 

 

 

Data set Original (%) SRD (%) EMI (%) DMI (%) 

Pima 71.050 69.288 69.994 71.409 

Credit Approval 90.770 90.597 90.563 90.770 

 

V. CONCLUSION 

We previously proposed a missing value imputation 
technique called DMI [1], which was tested on a couple of 
data sets and evaluated through coefficient of 
determination (  ), index of agreement (  ), root mean 
squared error (    ), and mean absolute error (   ). 
However, the effectiveness of DMI in terms of 
classification accuracy was not evaluated in our previous 
study [1]. Therefore, the main objective of this paper is to 
investigate the usefulness of DMI in producing a high 
quality data set that can be used to build a decision tree 
with higher accuracy. This investigation aims to explore 
whether DMI is useful for data mining tasks such as 
classification. 

We evaluate the effectiveness of DMI in terms of 
classification accuracy on two publicly available data sets 
namely the Pima and the Credit Approval data set by 
comparing the classification accuracies of trees obtained 
from data sets imputed by DMI, EMI and SRD. Our initial 
experimental results show that DMI performs significantly 
better than EMI and SRD in terms of classification 
accuracy. For Pima data set the overall improvement 
caused by DMI, in terms of classification accuracy, over 
the Original, SRD, and EMI techniques are 0.359%, 
2.120%, and 1.415%, respectively, and for Credit 
Approval data set the overall improvement caused by DMI 
over the SRD, and EMI techniques are 0.173%, and 
0.207%, respectively. The results indicate that the use of 
DMI for imputing missing values can improve data quality 
for the purpose of data mining. 

Our future plans include extensive experiments on 
many other natural data sets for a number of data mining 
tasks such classification and clustering, and comparing 
DMI with many other existing imputation techniques. 
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