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Abstract — Data mining rely on large amount of data to make learning model and the quality of data is very important. One of 
the important problem under data quality is the presence of missing values both at the time of training and testing. There are 
many methods proposed to deal with missing values in training data. Many of them resort to imputation techniques. However, 
Very few methods are there to deal with the missing values at testing/prediction time. In this paper, we discuss and summarize 
various strategies to deal with this problem both at training and testing time. Also, we have proposed the analysis of 
compatibility between various methods at training and testing. Our analysis indicates that the known value strategy at testing 
outperformed with various missing value handling techniques for training data followed by C4.5.   
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I.  INTRODUCTION 

    In many problems data may have missing attribute 
values. Data could be missing due to error or limitation of 
measuring instrument, high cost for data acquisition, non-
disclosure of data, etc. The existing data mining methods 
which converts data into information primarily based on 
assumption that the data is complete. As ‘missingness’ of 
attributes increases, it affects the prediction accuracy. 
Decision Tree is one of the algorithm commonly used in 
Data Mining. This ‘missingness’ problem can be there in 
both training data sets and testing data sets. There has been 
lot of work on handling the ‘missingness’ in training data. 
It affects the accuracy of classification model itself. There 
is comparatively less work for handling missing values in 
Test data.  
    The commonly used approaches to address this problem 
at the time of training and testing are discussed in next 
sections. 
    In most of the research these methods have been studied 
independently. In this paper we have tried to establish the 
relationship between training and testing methods and their 
compatibility to achieve better prediction accuracy.  
 

II.  DEALING WITH MISSING VALUES AT TRAINING 

A. Ignoring Data with Missing Attribute Values 

    The simplest approach to deal with missing values is to 
ignore the data having missing values. One of the way is to 
ignore all the records having missing values. This method 
is called as complete case analysis. In second method, do 
not consider the instances and/or attributes with high level 
of missing data, called as discarding instances and/or 

attributes. Deletion of data can result in the loss of large 
amount of valuable information. These methods should be 
applied only if missing data that are Missing Completely 
At Random (MCAR), as missing data that are not MCAR 
can bias the result.  

B. Most Common Attribute Value 

    The most commonly occurred attribute value is imputed 
in place of missing values. The CN-2 algorithm [26] uses 
this concept. 

C. Most Common Attribute Value within the class 

    This method is similar to above method except it selects 
most common attribute value within the class.  

D. Assigning All possible Values 

    In this case, multiple training records are created each 
with possible attribute value in case of missing value. This 
introduces additional information in training data which is 
not true and hence induces bias and importance of actual 
known true value is reduced. 

E. Assigning All possible Values of Class 

    The method is same as above only difference is instead 
of crating training records for all possible attribute values, 
only the possible attribute values for the specific class are 
used. It limits the bias to the possible attribute values for 
the class. 

F. A Special LEM2 Algorithm 

    At the time of building block for a particular attribute, all 
the records having missing values are discarded. Then, a 
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set of rules is induced by using the original LEM2 
(Learnable Evolution Model) method [28]. 

G. Hot Deck and Cold Deck 

    In hot and desk method, an unknown value is substituted 
by a value from an estimated distribution from the current 
data. Initially data is segregated into clusters and then 
complete cases in the cluster are used to substitute the 
unknown values. In cold deck method, the data set must be 
different than the current data set. 

H. Null Value Strategy 

    In ‘Null value’ method missing values are treated as a 
regular value, ‘Null’ in tree construction and testing 
process. As values might be missing for certain reason, it 
might be good idea to assign a special value. There are two 
drawbacks of this method. Firstly, it does not try to identify 
the original known values as missing values are considered 
as equally as a original value. Another disadvantage is, in 
case of more than one actual missing values and replacing 
all of them by one value ‘null’ may not be correct. Also, 
subtrees can be built under the null branch, oddly 
suggesting that the missing value is more discriminating 
then the known value. The advantage of this method is that 
all the records can be used for tree building and it is very 
simple to implement. This approach handles the missing at 
both training and testing. 

I. Prediction Model 

    In this method, prediction model is created to predict 
values that will replace the unknown values. The attribute 
with unknown values is considered as a class, and 
remaining attributes are uses as training data (attributes) for 
the predictive model. Attributes might have relationships 
(correlations) among themselves. The main drawback of 
this approach is that the predicted values are likely to be 
more consistent with this set of attributes than the true 
(missing) values would be. Another drawback is that if 
there are no correlation among the attributes, then approach 
may not be precise for predicting missing attribute values. 

J. Imputation with k-Nearest Neighbour 

    k-nearest neighbor algorithm is used to estimate and 
impute missing data. k-nearest neighbor method can 
predict both qualitative attributes (the most frequent value 
among k-nearest neighbors) and quantitative attributes (the 
mean among k-nearest neighbors). The drawback of this 
method is that, whenever the k-nearest neighbor looks for 
the most similar instances, the algorithm searches through 
the complete data set. 

K. C4.5 Strategy 

    C4.5 [12] does not replace the missing values. At the 
time of selection an attribute at splitting node, all instances 
with known values of that attribute are used for information 
gain calculation. After selection of an attribute, instances 
with known attribute values are split as per actual values 

and instances with unknown attribute value are split in 
proportionate to the split of known values. At the time of 
testing, a test instance with missing value is split into 
branches according to the portions of training examples 
falling into those branches and goes down to leaves. This 
has an advantage over the methods of discarding all 
incomplete instances, in that fewer instances are being 
discarded when computing the best attribute. 

L. The EM Algorithm 

    Expectation-Maximization (EM) algorithm introduced 
by Dempster, Laird and Rubin [15]. Here, data source is 
assumed to be from a certain (mixture of) parametric 
models. EM iteratively performs the following two steps. 
Estimation (E) step – Estimate the parameters in the model 
for the data source by using the known attribute-values  
and estimate of the missing attributes values obtained in the 
previous iteration of the M-step. Maximization(M) step – 
Fill in the missing values so as to maximize the likelihood 
function that is refined in each iteration by the E-step. 
There are two drawbacks of this method. The first one is 
that it assumes that the data source came from some 
parametric model(s) with Gaussian (k-Gaussians) being the 
most commonly used. Hence, almost all EM applications 
are applicable only for numerical attributes. The second 
one is while EM can be proved to converge, with the 
parametric model and numerical attribute assumption, 
nevertheless the convergence process tends to be very 
slow.   

  

III.  DEALING WITH MISSING VALUES AT TESTING 

A. Discard Testing Instance 

    This is the simplest approach of discarding test cases 
with unknown attribute values. However, in practice, it 
may not be acceptable to reject few cases for prediction. 

B. Imputation 

    Imputation, a class of methods by which an estimation of 
missing value or its distribution is used to generate 
prediction. An unknown value is replaced by an estimation 
of the value.  

C. C4.5 Strategy 

    In this approach, the distribution of possible missing 
value is estimated and corresponding model predictions are 
combined probabilistically. At the time of testing, a test 
instance with missing value is split into branches according 
to the portions of training examples falling into those 
branches and goes down to leaves. 

D. Null Strategy 

    In Null Value strategy as discussed earlier, ‘Null’ is 
considered as a special value both at training and testing 
time. 
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E. Lazy Decision Tree (Reduced Feature 
Models/Known Value Strategy) 

    Friedman [8] suggested lazy decision tree approach 
where the prediction model is constructed at testing time 
based on the available test instance values. This is also 
known as ‘Known values strategy’. During tree 
construction it uses only attributes whose values are known 
at testing. Hence it naturally handles the missing values at 
testing. The main drawback of this approach is its high 
computational cost as different trees may be constructed 
for different test examples. We can also save few trees and 
make use of it at running time.  

IV.  COMPATIBILITY: TRAINING VS. TESTING METHOD  

    In existing literature missing value handling at Training 
and Testing have been considered separately. However, 
compatibility of methods at these two phases is very 
important for the prediction accuracy [27]. We have 
summarized the same in following table. 

TABLE  I. COMPATIBILITY OF TRAINING AND TESTING METHODS. 

C 4.5 Null Imputation

C 4.5 Compatible Partially Compatible Compatible

Lazy Compatible Partially Compatible Compatible

Null Not Compatible Compatible Not Compatible

Imputation Compatible Partially Compatible Compatible

Training MethodTesting 
Method

 

A. Compatibility with Testing Method – C4.5 

1) Training Method - C4.5 – Compatible: C4.5 uses 
similar technique of splitting missing value instances 
across multiple branches as per probability. However, 
there is no relation between splitting of training instance 
and testing instance. Both methods are compatible to each 
other. Both methods help to improve the prediction 
accuracy individually. 
2) Training Method - Null - Partially Compatible: C4.5 
at training will split the missing value instance into 
multiple branches and all the branches with 'Null' values in 
classification model created at training will never be 
utilized.  
3) Training Method - Imputation – Compatible: 
Imputation at training time, helps to select single path 
without splitting the training instance. It works well with 
C4.5 technique of splitting instance across multiple 
branches at testing. The combination helps to improve the 
accuracy individually. 

B. Testing Method – Lazy Approach 

1) Training Method - C4.5 – Compatible: C4.5 Training 
logic utilizes missing value instances by splitting them 
into multiple branches and lazy works on only know 

attribute values at testing. The knowledge imparted by 
using missing value at training and Lazy technique both 
help to improve the accuracy.  
2) Training Method - Null - Partially Compatible: The 
knowledge imparted by instances with 'Null' values at 
training will never be utilized as Lazy testing method 
utilizes only  known values. Lazy approach will work 
independently at training and it helps to improve the 
accuracy.  
3) Training Method - Imputation- Compatible: 
Imputation at training time, helps to select single path 
without splitting the training instance. Lazy works for only 
know values. These two approaches work independently 
and both will contribute to improve overall accuracy. 

 

C. Testing Method – Null 

1) Training Method - C4.5 & Imputation – Not 
Compatible: In this combination, since C4.5 or Imputation 
method never creates any ‘Null’ branch, ‘Null’ approach 
is not compatible for testing.  
2) Training Method - Null – Compatible: Treating null 
as a special value at training and testing are compatible 
with each other. It is best suited when there is any specific 
reason behind null values. It acts as an attribute value. 

 

D. Testing Method – Imputation 

1) Training Method - C4.5 – Compatible: C4.5 training 
logic splits instances with missing value and utilizes 
during tree building. This additional knowledge is 
definitely useful when imputed value in testing instance 
takes particular path. Both methods helps to improve the 
prediction accuracy individually. 
2) Training Method - Null – Partially Compatible: The 
instances with 'Null' values at training will never be 
utilized. Imputation testing method will impute specific 
value and will select appropriate branch at testing. 
3) Training Method - Imputation – Compatible: Though 
similar technique, it works independently at training and 
testing and helps to improve prediction accuracy at both 
steps. 

 

V.  EXPERIMENTAL COMPARISIONS 

A. Data Set 

    We used WEKA J48 from the machine learning software 
WEKA [30]. We selected four data sets from   UCI 
Machine Learning Repository [29]. We have divided data 
set into training data and testing data. 10% missing data 
introduced in both testing and training data separately.  

TABLE II. DATA SETS USED IN THE EXPERIMENTS 
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Dataset No. of 
Attributes 

Training 
Set 

Testing 
Set 

Breast 10 236 50 
Credit 19 950 50 

Diabetes 8 718 50 
Iris 4 150 50 

 

B. Comparision of Handling Missing Values at 
Training 

    To start with the data without missing value is classified 
and results are considered as baseline. We introduced 10% 
‘missingness’ in data and kept testing data complete. 
Training data set is changed for different experiments by 
removing records with missing values, imputation by 
default value method (mean/mode) and data with missing 
values for testing accuracy of C4.5.   

 
Figure 1. Preparation of Data Sets for handling the missing values in 

training data 

TABLE III. PREDICTION ACCURACY OF 4 MISSING VALUE HANDING 
TECHNIQUES FROM TRAINING DATA. 

Dataset 
Complete 

Data 
Delete 

Records  Imputation C4.5  
Breast 78% 76% 76% 78% 
Credit 70% 64% 74% 74% 

Diabetes 80% 72% 74% 76% 
Iris 96% 90% 96% 96% 

 

 
Figure 2. Comparison of Prediction accuracy of 4 missing value handing 

techniques from training data. 

    We can draw following conclusions from the results. 
First of all, C4.5 managed to predict with high accuracy 
followed by Imputation method. Secondly, for dataset 
Diabetes prediction accuracy came down for both the 
methods and for credit dataset overall accuracy is 
increases. It indicates that the performance of a particular 
method is also depends on the dataset. Thirdly, delete 
records strategy clearly not useful for handling missing 
values in training data. 

 

C. Comparision of Handling Missing Values at 
Testing 

    In case of testing the accuracy for missing values at the 
time of testing we established the baseline with complete 
data. We introduced 20% ‘missingness’ in data and kept 
training data complete. Testing data set is changed for 
different experiments by imputation and using C4.5 
method.   

 

 
Figure 3. Preparation of Data Sets for handling the missing values in 

testing data 
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TABLE   IV. PREDICTION ACCURACY OF 3 MISSING VALUE HANDING 
TECHNIQUES FROM TESTING DATA. 

Dataset 
Complete 

Data Imputation C4.5 
Breast 78% 80% 76% 
Credit 70% 66% 74% 

Diabetes 80% 72% 78% 

Iris 96% 96% 92% 

 

 
Figure 4. Comparison of Prediction accuracy of 3 missing value handing 

techniques from testing data. 

 
    Reduction in accuracy is more in case of Imputation 
method -0.13% compared to C 4.5 where it is -0.03%. 
Clearly C4.5 outperforms Imputation method to handle 
missing values in testing example.  
 

D. Compatibility of Missing Value Handling 
Techniques at Training and Testing 

 
We conducted experiments using combinations of 
Training Methods (C4.5, Null Value and Imputation) and 
Testing Methods (Null, C4.5, Imputation and Known 
Value) on the same data sets with 10% missing values. 
 
Lazy strategy proposed by Friedman [8], uses both ‘list of 
attributes whose values are known at the testing’ and 
‘actual values of those attributes’ and constructs tree for 
respective attributes and attribute values. In the 
experiments we used only prior portion i.e. we used only 
‘list of attributes whose values are known at testing’ for 
tree construction. We did not use the exact attribute values 
as comparison would be unfair otherwise. 
 
 

 

 

 

 
Figure 5. Comparison of Prediction accuracy for combination of Training 

and Testing Missing Value handing techniques for 4 datasets. 
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TABLE   V. PREDICTION ACCURACY WITH COMBINATION OF TRAINING 
AND TESTING MISSING VALUE TECHNIQUES 

 
Firstly, Known value strategy (considered only those 

attributes whose test values are known at testing) has shown 
the maximum accuracy for all methods for handling missing 
values in training data set.  C4.5 and Known Value 
combination shown the highest accuracy except Iris dataset. 
Similar results for Imputation and Known Value pair. 

Secondly, Results shows that C4.5 strategy at testing 
works well with C4.5 and Imputation at Training. 

Thirdly, the experiments, in which missing values in test 
are replaced by imputation, have shown mixed results. With 
both C4.5 and Imputation, it has shown better accuracy for 
dataset Diabetes and Iris and average for Breast and Credit. 

Finally, Null as a training method shown mixed results 
for various techniques. It worked well with C4.5 for Breast, 
with Null for Credit, Imputation for Diabetes and with 
Known Value for Iris. In all pairs except Null-Null, Null 
branches created by classification tree have never been 
utilized at testing. 

 

VI.  CONCLUSION AND FUTURE WORK 

     

Missing value problem has been studied in details mainly 
for training data and comparatively little work is done for 
testing data. This paper presented a comprehensive review 
of various methods for handling the issue at both training 
and testing time. C4.5 provides better prediction accuracy 
compared to other methods. We have analyzed the 
compatibility between training and testing methods. Our 
analysis indicates that the known value strategy at testing 
outperformed with various missing value handling 

techniques for training data followed by C4.5.  In future 
work, we plan to develop a decision tree using C4.5 or 
Imputation as missing value handling technique at training 
and Known Value missing value handling technique for 
testing. 
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