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Abstract 

The performance of a classifier can affect to a great extent by the presence of missing 

values in a dataset. In literature, several methods have been proposed to treat missing data 

and the one used more frequently is deleting instances containing at least one missing value 

of a feature. In this part of the study we compare the three methods for dealing with missing 

values to evaluate the effect of misclassification error rate on the non-parametric classifier, 

the case deletion method, the simple random imputation and the modified random 

imputation procedure. The classifiers considered were the conventional random forest and 

the In/Out procedure of the random forest.  

The missing data problem is common and often unavoidable especially when dealing with 

large data sets from several real-world sources. Many new computationally tools have been 

developed to tackle missing data problems. In some cases, the sought after missing data 

processes engage temporary removal or surrogate of missing data. Existing methods have 

been successfully applied to well-defined parametric models, however, the usefulness of 

these models has yet to establish for tree-based models. The problem of missing value, out-

of-bag error and misclassification rates in imbalanced data are difficult to deal in Random 

Forest technique. In this study, a new imputation method has been proposed for In/Out 

procedure of Random Forest. The proposed method does not depend on the missing data 

mechanisms which is the principal advantages of this method. This rectifies disadvantages 

of all other imputation methods its performance has been evaluated and compared with 

non-missing data sets. It is concluded that new proposed method reduced the Out-Of-Bag 

error in case of missing values using different Random Forest procedure. 
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Chapter – 1  

1. INTRODUCTION 

Statistical analysis procedures are very beneficial for extensive extraction of valuable 

information from real data sets. However, the real-world data sets such as industrial, 

research and survey are always plagued by missing data this is one major factor affecting 

the quality in a typical data set,  dropping some of the valuable  information. In economics 

survey usually a sizable fraction of people typically refuse to report their income. Out right 

refusals is only one cause of missing data. Even the survey conducted in person, can forget 

the answer of important questions. Some of the important questions are not taken into 

account by the qualified interviewers. Occasionally the response giving person just do not 

have the required information or response available to them, or the query is inappropriate, 

For example if someone ask an unmarried person about the rate of quality of married life. 

. In longitudinal studies, people who are being selected for studies in one wave may not be 

available for the next wave. The data collected from various organizational records, may 

not be adequate due to accidental loss. 

The phenomenon of missing observations is a broadly familiar problem which affects huge 

databases and produce issues in many applications (Witten & Frank, 2005). The missing 

data problem is common and often unavoidable especially when dealing with large data 

sets. Missing attribute values causes many problems in pattern recognition and 

classification. Researchers are working towards a suitable missing value imputation 

techniques which can show adequate improvement in the classification performance. To 

decide how to handle missing data, it is helpful to know why they are missing. Generally 
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there is no answer to the missing data in statistical literature. In the majority literature 

regarding intended missing data, the procedure responsible for missing data is unseen after 

being considered mistake in one sense or another.  

Normally the assumption about the process that ever causes missing data seems to be that 

each value in the data set is equally likely to be missing.(Afifi & Elashoff, 1966; Anderson, 

1957; Hartley & Hocking, 1971; Hocking & Smith, 1968; Wilks, 1932). In other articles’ 

such as those in the analysis of variance (Healy & Westmacott, 1956; Rubin, 1976), the 

assumption seems to be that the values of  dependent variables are missing without regard 

to the values that would have been observed. Rubin (1976) introduced a classification 

system for missing data problems that is widely used in the literature today. 

Missing completely at random (MCAR) were mathematically explain as   

P (R|Ycomp) = P(R) 

 Missing at random (MAR) 

P (R|Ycomp) = P (R| Yobs) 

Missing not at random (MNAR) 

P (R|Ycomp) = P (R|Yobs; Ymis) 

The position of missingness yes is equal to one and no is equal to zero is shown by a dual 

random variable R and its likelihood P(R). The symbol R, taken from the novel notation, 

may come out from the fact that initially was dealing with 'Response rates in surveys 

(Rubin, 1987).  

The complete variable space Ycomp is made up of observed Yobs and missing Ymis parts; 

Ycomp = {Yobs; Ymis}. 
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Thus, MCAR shows that the probability of looking for a missing value do not depend upon 

the observed and unobserved data. Alternatively for MAR this probability depends on the 

observed values (but not on the missing values them). Finally the probability is not 

independent on unobserved information or the missing values themselves, in MNAR. 

The detailed discretion of the above three massing mechanism is define in the following 

sections. 

1.1. Missing at Random Data 

The data set are said to be missing at random(MAR) as the probability of missing standards 

on an inconsistent is associated to a number of calculated variable or variables in the 

investigation form but not to the ideals of itself. This procedure can be explain as, there is 

no connection among the tendency for missing value on and the values of after fractional 

ling out additional variables(Heitjan & Basu, 1996). The word missing at random isa 

bitambiguoussince it implies that the observation are lost in a disorganized fashion that 

resembles a coin toss. Though, MAR in fact means that the organized association exists 

among one or more calculated variables and the probability of their corresponding missing 

values. For illustration, suppose that female respondents fail to answer a question about 

annual income and male respondents rate higher this question at a than female respondent. 

Hence extended as individuals guy and feminine respondents who provided information 

are diplomat of the yearly profits earned by males and females in the planned section, The 

missing values can be explained as missing at random. In the light of these situation the 

addition of sexual category in a copy provides exact estimates of male and female income 

. 
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Missing Completely At Random  

The missing completely at random (MCAR) system is what researchers consider of as 

merely disorganized missingness. The proper description of MCAR require that the 

probability of missing data unrelated to the values of Y itself on a variable Y is unrelated 

to other measured variables. You can explain differently, the data points observed are a 

plain random sample of the scores you would have analyzed had the data been full (Little, 

1988). For instance, a worker may acquire maternity go away earlier to her 6-month 

assessment; the manager liable for transfer the rating could be promoted toa new division 

inside the company, or an worker may quit because his wife established a job in a different 

state.   

1.2. Missing Not at Random Data 

Finally, data are missing not at random (MNAR) as the probability of missing value on an 

inconsistent Y is correlated to the values of Y itself, although after calculating for extra 

variables. Assume that a number of patients in the cancer experiment turn into so not well 

(e.g., their quality of life becomes so poor) that they were unable to no longer contribute in 

the study. In these examples, the data are MNAR because the probability of a missing value 

not independent on the variable that is lost (Rubin, 1976). Just Like the MAR method, there 

is no way to check that scores are MNAR without meaningful the values of the missing 

variable.  

Generally, Imputation means to substitute some reasonable guess for each missing value 

and then proceed to do the analysis (RJa & Rubin, 1987).  
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It is assumed that the definition of missing at random” (MAR) the missing data qualifies. 

Technically the MAR conditions, meet many datasets do not and no straightforward 

method is able to prove the hypothesis, in education most important studies to make the 

(often hidden) hypothesis that their data are missing at random.  As dealing through missing 

data is radically easy when data are MCAR (Graham, 2009), although the occurrence not 

often occurs with study investigate. In compare, analyses when missing data are MNAR 

are significantly more multifaceted and require even advanced statisticians to obtain 

tremendous care (Allison, 2001; Peugh & Enders, 2004) present introductions to analyses 

with MNAR missing data. Despite, missing data of one sort can have unfavorable special 

effects on two key mechanism of any statistical analysis (descriptive estimates and average 

errors) which can lead to errors of conclusion and explanation. 

Single imputation refers to filling in a missing value with a single replacement value. 

Imputations in this approach are done by different methods: 

1.3. Mean imputation 

In this method of imputation means from the responding units in the sample are used to fill 

in missing values (Acuna & Rodriguez, 2004).substitute a missing data with the signify 

(numeric trait) or mode (nominal trait) of all gear pragmatic. Median can also be used to 

diminish the weight of outstanding data. The above is one of the most ordinary used 

methods. But there are some problems. Using constants to replace missing data will change 

the characteristic of the original dataset; not considering the association in the middle of 

trait will bias the data mining algorithms. A dissimilarity of this method is to restore the 

missing values for a given characteristic by the arthimathice mean  or sort of all recognized 
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values of that quality in the class where the instance with missing data belong (Magnani, 

2004). 

1.4. Regression Method 

Regression imputation assumes that the value of one variable changes in some linear way 

with other variables. The missing data are replaced by a linear regression function instead 

of replacing all missing data with a statistic. The Regression imputation method not 

independent on the hypothesis of linear relationship among attributes. The relationship is 

not linear but in most case,Forecast the missing values in a linear way will bias the 

model(Qin, Rao, & Ren, 2008). 

1.4.1. Stochastic regression imputation 

Stochastic regression imputation goes one step further, replacing missing values by a value 

predicted by regression imputation plus a residual, which is drawn to reflect the uncertainty 

in the predicted value (Gold & Bentler, 2000).  

1.5. Hot deck imputation method 

Hot deck imputation involves substituting individual values imputed from “similar” 

responding units (Kalton & Kasprzyk, 1986). (i) Substitution, replaces non-responding 

units with alternative units not selected into the sample. (ii) The procedure of Cold deck 

imputation replaces a missing value of an item by a constant value from an outside basis, 

such as a value from an earlier comprehension (Shao, 2000). 
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1.6. All Possible Values Imputation (APV) 

It consists of replacing the missing data for a given attribute by all possible values of that 

attribute. In this method, an instance with a missing data will be replaced by a set of new 

instances. If there are more than one attribute with missing data, the substitution for one 

attribute will be done first, then the next attribute be done, etc., until all attributes with 

missing data are replaced. This method also has a variation. All possible values of the 

attribute in the class are used to replace the missing data of the given attribute. That is 

restricting the method to the class (Grzymala-Busse & Hu, 2000). 

1.7. K-Nearest Neighbor Imputation (KNN) 

This method uses k-nearest neighbor algorithms to approximate and substitute missing 

data. The method of k-nearest neighbor scheme has the compensation which are that: a) 

his method calculate approximately the qualitative traits (the mode among the k nearest 

neighbors) as well as quantitative cases (the average of the k nearest neighbors); b) for each 

attribute with missing data for It is not necessary to build a predictive model, yet does not 

constructible to be seen models (Peng & Lei, 2005). For k-nearest neighbor algorithms the 

competence is the major dilemma. Despite the fact that the k-nearest neighbor algorithms 

seem for the for the most part related instance, the entire data place should be searched. On 

the other hand, the dataset is usually very huge. For searching, SO how to select the value 

“k” and the calculate of alike will bang the product to a great extent.  

The significant restraint of the single imputation methods described as a result f that 

standard variance formulas functional to the filled-in data analytically estimate the variance 

of estimates, still if the form used to produce imputations is right. 
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As majority of the statistics or data mining methods, base form classification trees are 

calculated to presumptuous that data are absolute. In recent years, a lot of new 

methodologies have been established that can be applied to missing data problems: 

likelihood and estimating function methodology, cross-validation, the bootstrap and other 

simulation techniques, Bayes’ and multiple imputations, and the EM algorithm. 

1.8. Maximum Likelihood 

The Maximum likelihood procedure of estimation is to decide as estimates those standards 

that, if true, would make the most of the likelihood of observing what have, in detail, been 

observed. By using this method at first step there should a formula that expresses the 

probability of the data as a function of both the data and the unidentified population 

parameters., the overall likelihood (probability) for the sample is just the product of all the 

likelihoods for the individual observations when observations are not dependent on each 

other  (the common  assumption)(Johansen & Juselius, 1990). 

1.9. Expectation Maximization (EM) algorithm 

For getting thee ML estimates when some part of a data set are missing the EM algorithm 

is a very broad method (Demrsrsa, Lamb, & Rubin, 1977; Krishnan & McLachlan, 1997). 

It consists of two steps that’s why it is called EM because: an expectation step and the 

maximization step. That eventually converges to the ML estimates when these two steps 

are frequent manifold times in an iterative process. 
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1.10. Bayesian approach 

The  Bayesian procedure of estimation  consist of some most important steps: (1) Initially 

identify a prior distribution for the population Parameter of attention, (2) use a probability 

function to abridge the data’s evidence about dissimilar parameter values, and (3) In the 

third steps pool information from the prior distribution and the Likelihood to produce a 

posterior distribution that explain the  family member probability of different Parameter 

values(Gelman, Carlin, Stern, & Rubin, 2014; Lee & Wagenmakers, 2005). 

1.11. Cross validation  

Cross validation is a statistical procedure of estimation of assessing and associating 

learning procedures after splitting the data set into two segments: the first part is for   to 

study or train a model and the second part is used to legalize the model. In classic cross-

validation, the training and validation sets must cross-over in in a row rounds such that 

each data point has an ability of being validated against (Refaeilzadeh, Tang, & Liu, 2009). 

The essential structure of cross-validation is k-fold cross-validation. There are some other 

types of cross validation are different cases of k-fold cross-validation or contain recurrent 

sequences of k-fold cross-validation. 

1.12. Multiple imputations 

The multiple imputations is to create a small number, of replicas of the data, each having 

missing observations appropriately impute. By tradition= 3 or 6 copies of the data are 

produce and then each full dataset is analyzed by yourself. Estimates of parameters of 
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interest are averaged across the m copies to give a single estimate (Lakshminarayan, Harp, 

Goldman, & Samad, 1996). 

 Existing methods have been successfully applied with well-defined parametric models 

such as Gaussian regression and log linear models. But, their usefulness has yet to be 

demonstrated for tree based models, such as Classification and Regression Trees (CART) 

and random forest which are usually considered as non-parametric methods. 

Astatistical model that forecasts the continuous variables values by a definite set of 

continuous values is called the CART, while on the other hand if the model predicts the 

values from set of definite predictor variables is referred as model of regression nature. A 

Classification type CART model is used for forecast of the value of attribute type 

characteristic from a set of continuous and/or attribute type predictor characteristics. An 

important and clear improvement of decision tree based models, like CART model, is that 

the inferential tree based models are accessible to large difficulties and can holder minor 

data set (Markham, Mathieu, & Wray, 2000). 

CART functions in linear as well as non-linear situations while no assumption is made 

about the distribution of data.  CART has some drawbacks the most important being is its 

over fitting, high misclassification rate and data noise. To overcome these problems 

researchers have to introduce ensemble classifiers by learning more than one CART with 

some randomness steps. These ensemble Classifiers include:  Boosting, Bagging& 

Random Forest (RF).  

In 1996, Boosting was primarily used to improve the accuracy of Classification or 

Regression Trees developed (Freund & Schapire, 1996a).   Boosting as an effective 
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ensemble classifier uses a weighted average of results.  The samples used at each step are 

given increased weight depending on the misclassified or incorrectly predicted cases.   

Breiman(1999)proposed bagging (Bootstrap Aggregating), which is an ensemble 

technique. Its algorithm is based on drawing of many bootstrap samples from the available 

training data sets, a classification or regression tree is learned for each bootstrap sample, 

and finally the results are combined to obtain the overall prediction, by averaging for 

regression Tree and majority voting rule for classification tree. Liu et al. 

(2006)demonstrated that Bagging always minimizes the classification error rate as 

compared to conventional method. If little changes to the training set cause large changes 

in the learned classifier Bagging produce miscellaneous classifiers only if the base learning 

algorithm is unbalanced that is,. Breiman (1999) explain in detail the causes of unsteadiness 

in learning algorithms and discusses conduct of plummeting or eliminating it. 

Breiman(2001) also introduced random forests, which is the generalization of the   layer of 

randomness to bagging. Using a different bootstrap sample of the data in addition to 

constructing each tree, Random Forests modify that when   the classification or regression 

trees are to be established. In typical constructed trees, using the best split among all the 

variables for each node is split. The some answer spontaneous plan goes out to do very fine 

related to other classifiers, support vector machines, counting discriminant analysis, and 

neural networks, and is robust against over fitting (Breiman, 2001). Also, it is very addict 

welcoming in the wisdom that it has only two parameters (the number of variables in the 

random subset at each node and the number of trees in the forest). 

There are several advantages and disadvantages of Random Forest techniques. Some of the 

advantages are: (i) RF learns faster as compared to other ensemble Classifier; (ii) It can 
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handle large number of input variables; (iii) The importance of variables can be estimated 

through this technique; (iv) It can handle missing observations in a data; (v) Algorithms 

have been proposed to classify unbalanced data using Random Forest; (vi) It can be used 

for unsupervised learning of unlabeled data (i.e. the data set for which categories are not 

determined in advance). 

 The disadvantages may include: (i) for some data sets, Random Forest is likely to over-fit 

the model. This is even more evident in noisy data sets. (ii) Random Forest does not handle 

large number of irrelevant features/attributes.  

Moreover, some practical Classification problem has to deal with imbalanced data; i.e., the 

data set having at least one of the classes constitutes only a very small minority of the data, 

while the other classes is/are in majority. For such problems, the researcher is also 

interested in correct classification of the “rare” class (which is usually referred to as the 

“positive” class).  For example, data related to fraud in debt card, network interruption, 

rare disease diagnosis, etc. Although, Random Forest minimizes the overall error rate but 

tends to focus more on the prediction accuracy of the majority class, which often results in 

poor accuracy for the minority class. It may be possible that the rare cases (positive class 

cases) are not selected during Training phase, but selected during testing phase, which 

consequently will be misclassified. The random forest approach is shown in a figure1.1. 
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Figure  1 - 1 :   Flowchart of Random Forest   

 

  

 

  

 

 

 

 

 

 

It is clear that Random Forest algorithm not only involves the partition of data set into two 

parts (i.e. in Training and Testing data set), but also it needs further partitioning the 

Training data set into two mutually exclusive parts:  Livingston explained In Bag and Out-

Of Bag by a very understandable diagram (Figure1.1)(Livingston, 2005). 

1.13. In/Out Procedure of Random Forest 

  To impute missing data CART/RF has built-in algorithms, these algorithm ares 

surrogate variables or proximity. Although these imputation methods have no formal basis, 

and are unbalanced, especially for RF models (Breiman, 2001). 

In the section of the study it has been compare three methods of imputation to treat missing 

values in the random forest and IN/OUT Procedure of Random forest. The methods were 

choosing the case deletion technique (CD), random number imputation the proximity 

matrix based method and the proposed method. The criteria to compare them are the effect 
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on the misclassification rate of two classifiers: the conventional random forest approach 

and the IN/out procedure of random forest classifier. The first is a general classifier and 

the second one is a modified classifier of the first one. 

In this studya new iterative imputation method is proposed and implemented in the In/Out 

RF algorithm. Then a comparison is made among conventional RF, In/Out RF and 

proposed method using the different amount of percentages (%) of missing values and the 

non-missing values of several real data sets, as an example. 

1.14. Objectives 

The main objectives of this study are: 

 To develop a new method of imputation for the missing values in  In/Out procedure 

of the Random Forest (RF). 

 To propose an algorithm based on Random Forest (in case of missing values) for 

significant improvement in accuracy through reduction in misclassification rate. 

 To study the performance of new method, simulation study be performed. 

 The propose algorithm based on Random Forest (in case of missing values) was 

compared with the algorithm based on Random Forest (in case of non missing 

values). 

 To concentrate on the application of the proposed algorithms (in case of missing 

values) to different well-known real data sets. The data sets were downloaded from 

UCI Machine Learning Repository website (http://archive.ics.uci.edu/ml/datasets. 

html). 

 

http://archive.ics.uci.edu/ml/datasets
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Chapter - 2 

2. LITERATURE REVIEW 

In one way or the other the social, medical and behavioral sciences are dependent on 

missing data. For decades, researchers used a mixture of ad-hoc techniques that try to fix 

the data by removal incomplete cases or by filling in the missing values. Unfortunately, 

Majority of these procedures are dependent on a comparatively “strict assumption” about 

the source of missing data and are level to substantial bias.  

It is also essential for the researcher to search and account any patterns to the missing data 

(Schafer & Graham, 2002). Using this procedure not only makes the examiner to recognize 

the data set more precisely, but it will also validate the excellent choice of the data set 

imputation procedure functional by the investigator. 

“Missing completely at random” means that the probability of “missingness" of a variable 

is not associated to each and every study of variables (Schafer & Graham, 2002; Streiner, 

2002). The missing phenomenon is observed in the data due to rare events, e.g. The event 

of falling a picture in the office wall does not finish a depression inventory and worried 

her. This kind of event is found so rarely that it is usually best to classify the missing values 

as MCAR. If data are found to be of type MAR, absent data may be related to at least one 

other variable but not observed as an outcome (Schafer & Graham, 2002; Streiner, 2002). 

Consider an example of an old age person which may face much problem in obtaining a 

nomination to complete the survey form due to his / her age, but not due to his or her level 

of depression. 

Sometimes its very problematic for a researcher to be sure about the relationship among 

missing data and these variables. As a result, they may be unable to differentiate data type 
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that truly MAR from data MCAR. Moreover, data type are MNAR. This indicates that the 

cause for the omission is associated to one at more of the outcome characteristics or that 

the omissions has a systematic pattern (Pigott, 2001; Streiner, 2002). 

Another example, applicants may leave out of a survey on depression and not fill the final 

questionnaire due to most of them are not seeing improvement from the intercession, or on 

the contrary, they may feel so much better that they observe no more need for the 

intercession. Also, applicants with great feelings about an matter are less probable to reply 

to survey articles that ask about that subject (Raaijmakers, 1999). In both of these 

circumstances, there is a arrangement to the missing data, although if the researcher is not 

conscious of it. So, the best choice about these missing data is that they are MNAR. 

Analysts have been reviewing missing observations issues for nearly a century, but the 

foremost developments came in the 1970s with the introduction of maximum likelihood 

estimation procedures and multiple imputations (Beale & Little, 1975; Demrsrsa et al., 

1977; Rubin, 1987). Several researches have been planned in the literature on missing data 

and classification trees. 

W.Z et al.,(1997) gave a overall explanation of the issue, but did not discuss answers. Saar-

Tsechansky and Provost,(2007) argued many missing data approaches in classification 

trees and suggested a cost-sensitive method to the missing data difficult for the situation 

when missing data happen only at the testing stage, which is dissimilar from the problem 

considered here (where missing values arise in the training stage). 

Kim and Yates,(2003) did not find any dominant method after showed a computational 

study of 07general missing value approaches. Feelders(1999) matched the performance of 
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alternate splitting point and imputation and establish that the imputation methods better 

than the surrogate split.  

Feelders (1999) compared the performance of surrogate split and imputation and 

found that the later work better than the former one. Batista and Monard, (2003) compared 

four different missing data methods and found that 10 nearest neighbor imputation 

outperformed other methods in most cases. In the context of cost-sensitive classification 

trees; 

 Zhang, Qin, Ling, and Sheng,(2005) studied four different missing data methods 

based on their performances on five data sets with artificially generated random missing 

values. They concluded that the internal node method is better than the other three methods 

examined.   

 Fujikawa and HO, (2002) compared several imputation methods based on 

preliminary clustering algorithms to probabilistic split on simulations based on several real 

data sets and found comparable performance.  

In the above studies, the weakness is that they attentive only on the limiting MCAR 

position. Other research studies inspected the NMAR and MAR  for missingness. One other 

researcher, Kalousis and Hilario(2000) utilized simulations results upon real data to review 

the possessions of 07procedures: two law inducers, a nearest neighbor technique, 02 

decision tree inducers, a naive Bayes inducer, and linear discriminant analysis. They 

establish that the Naive Bayes method was majority of robust to missing data, in this 

situation that its stuffs altered the minimum when the missing rate was increased. They 

also discussed that the harmful special effects of missing observations are more severe if 
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some of the quantity of missing values are variated over several variables, rather than 

clustered in a few variables. 

Bhekisipho and Twala,(2009) used computer simulations based on real data sets to link the 

properties of unlike missing value approaches, with using whole observations, single 

imputation of missing observations, likelihood-based multiple imputation probabilistic 

split, and surrogate split. He considered MAR, MCAR and NMAR missingness generating 

procedures, while an study of missing data approaches for classification dependency of 

missingness on the response variable was not inspected. Multiple imputations were 

establish to be most real, with probabilistic split also performing sensibly well, while tiny 

change was found between approaches when the percentage of missing values was little. 

As would be estimated, MCAR missingness affected the minimum problems for methods, 

while NMAR missingness affected the maximum, and as was also establish by(Kalousis & 

Hilario, 2000), Missingness variated over several predictors is more severe than if it is 

focused in only one. Twala, Jones and Hand (2008),suggested a technique. Highly 

associated to making a distinct class for missing standards, and initiate that its presentation 

was competittional with that of likelihood-based multiple .imputation.  

These Monte Carlo simulations studies produced banquet the analyses to more composite 

states and data sets using based on and real data sets. The status of whether missing is not 

independent on the response variable, which were unnoticed in earlier studies on 

classification and regression trees yet tries out to be of critical status, is an essential part of 

these outcomes.  

There are some potential to grip missing values. Among these, one is to break the 

over place of an value at the node where the evidence for the split laws is missing (the 
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forecast is then depend upon the conditional distribution of the replies that are basics of 

this node). Alternative method creates the missing values just follow the majority of all 

remarks with observed values (Breiman, Friedman, Stone, & Olshen, 1984). Conversely, 

by far the most general way to grip missing observations is to utilize surrogate choices 

based on extra variables (Breiman et al., 1984; Hothorn, Hornik, & Zeileis, 2006). These 

splits try to mimic the initial split as they preserve the partitioning of the observations. 

When several surrogate splits are computed they can be ranked according to their ability 

to resemble the primary split. An observation that contains several missing values in 

surrogate variables is processed along this ranking until a decision for a missing value is 

found. The number of possible surrogate splits is usually determined by the user as;  

 

 

 

 

 

Figure 2-1Surrogate split 

Technically surrogate splits can be found by the exact above diagram used to obtain 

the primary split (Hothorn et al., 2006). Therefore, the original response vector is replaced 

by a binary variable which indicates the allocation of observations (the ones that are not 

missing (to the daughter nodes). A search for the optimal split of variables for this `new 
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outcome' provides surrogate splits which mimic the decisions of the primary split as 

precisely as possible. 

  Another substitute popular approach to handle missing values is the presentation of 

imputation methods (Groenwold, Donders, Roes, Harrell, & Moons, 2011; Schafer & 

Graham, 2002). There are a lot of ad-hoc results e.g. available case and broad case study 

as well as single imputation by mean, conditional mean, hot-deck, and analytical 

distribution replacement which can clue to a damage of power, biased inference, 

underestimation of predictability and distorted associations between variables. Groenwold 

et al.(2011)for discussion about the suitable analysis of missing outcome data in 

randomized judgments and observational readings. A more likely method of rising 

popularity is multiple imputation by bound equations (MICE) also known as imputation by 

full conditional specification (FCS) (Buuren & Groothuis-Oudshoorn, 2011; White, 

Royston, & Wood, 2011). Besides, its superiority to ad hoc and single imputation methods 

has been shown by many publications (Janssen et al., 2010). Substitutes to imputation are 

given by methods with built-in events to handle missing values. This contains iterative 

separating by classification and regression trees as well as Random Forest. 

2.1. Classification and Regression:  

In 1960, another Tree-based Classifier AID (Automatic Interaction Detection) was 

developed by (Morgan & Sonquist, 1963), which laid down the foundation of Regression 

Tree. Later on, in the 1970s, Morgan and Messenger (Morgan & Messenger, 1973) created 

THAID (Theta AID), which played a vital role in the development of Classification Trees.  

AID and THAID were developed at the Institute for Social Research at the University of 

Michigan. With the passage of time, more development was done in the algorithm of Tree 
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models, and in 1980’s, a famous statistician Leo Breiman developed Classification & 

Regression Tree (Breiman, 1996)   

(Daszykowski et al.(2004) used Classification and Regression Trees for the study of 

HIV Reverse Transcriptase Inhibitors and concluded that Classification and Regression 

Tree was a useful tool for data mining in drug discovery. 

Timofeev (2004) illustrated that Classification and Regression Tree was more 

robust to outliers. He explained that usually the splitting algorithm/criterion tried to isolate 

outliers in individual node or terminal nodes, which could be easily removed from the 

model, or even if they retained they will no longer affect the rest of Tree-based model 

construction.  

(Andriyashin (2010) used Classification and Regression Tree technique on financial 

stock-exchange data. He applied the Classification & Regression Tree algorithm in 

combination with Logit model and concluded that it was not a mere effective Non-

parametric Classification/Regression tool but also a powerful tool to explore the data due 

to its interpretation capabilities.  

             (Blöndal et al. 2012) used Regression Tree model for Acute Myocardial Infarction 

data and concluded that Regression Tree based on counts of predictor variables, shows 

slightly better performance than that predictor variables separately.   

(Phelps & Merkle (2008) commented on the graphical presentation of 

Classification and Regression Tree that it allowed the analyst to see the complex 

interactions among the independent variables, which was not so easily accomplished with 

traditional statistics. 
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Classification and Regression Tree with some randomness steps. These ensemble 

Classifiers include Boosting, (Adaptive Boosting), Bagging& Random Forest. (Freund & 

Schapire, 1996b) developed the AdaBoost algorithm, which quickly became very popular. 

In 1996, another approach called "Boosting" was developed by Freund and 

Schapire (Freund & Schapire, 1996a).  Boosting uses a weighted average of results. The 

samples used at each step were given increased weight depending on the misclassified or 

incorrectly predicted cases.  AdaBoost was another boosting algorithm also developed by 

Freund and Schapire (Freund & Schapire, 1996b) to be used with classifiers. 

 Breiman (1999) proposed Bagging, which was an ensemble technique (Breiman, 

1999). Its algorithm involved the drawing of many bootstrap samples from the available 

Training data, and a Classification or Regression Tree was learned for each bootstrap 

sample, and in the last, the results were combined to obtain the overall prediction, by 

averaging for Regression Tree and majority voting rule for Classification Tree.  (Y. Liu et 

al. (2006) showed that Bagging always reduced the classification error rate as compared to 

conventional method.  

2.2 Random Forest  

In Random Forests each split is examined for in a subsection of variables(Breiman, 2001; 

Hellman, 2012). A popular choice is to randomly select the square root of the number of 

available predictors, as candidates for the split (Díaz-Uriarte & De Andres, 2006). This 

enables a more diverse set of variables to contribute to the joint prediction of a Random 

Forest, which results in an improved prediction accuracy. Also, interaction effects between 

variables that otherwise would have been dominated by stronger predictors might be 

uncovered.   
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The prediction accuracy itself is usually assessed by observations that were not part 

of the sample used to construct the respective tree (the so-called out of bag" (OOB) 

observations (Breiman, 2001). Therefore, it provides a more realistic estimate of the 

performance that can be expected for new data (Strobl, Boulesteix, Kneib, Augustin, & 

Zeileis, 2008; Strobl, Malley, & Tutz, 2009). Each tree is grown until terminal nodes called 

leaves are pure or reach a specified minimum size, without any pruning. There is no general 

advice on how many trees should be used in a Random Forest. Breiman proved that with a 

rising number of trees, the Random Forest does not over fit but produces a limiting value 

of the generalization error (Breiman, 2001), while the results of Lin and Jeon(2006)  

indicate that they do overfit when trees are grown too large.   

Further research of Biau et al (2008) leads to theorems about the consistency of 

Random Forest approaches and other averaging rules. Likewise, Genuer et al(2010) were 

able to show the superiority in prediction accuracy for a variant of Random Forests, in 

comparison to single trees, and therefore proved the attendant question of variance 

reduction in this special case (Genuer, Poggi, & Tuleau-Malot, 2010). Like most statistics 

or machine learning methods, base form classification trees are designed assuming that 

data are complete. However, missing data is a very common problem. Although there are 

many different ways of dealing with missing data in classification trees, there are few 

studies in the literature about the appropriateness and performance of these missing data 

methods. 

Majority of the approaches were established for allocating with missing values in studies 

and have certain problems when they are functional to classification jobs (Kalton & 

Kasprzyk, 1986; Mundfrom & Whitcomb, 1998). Chan and Dunn (1972) considered the 
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treatment missing values in supervised classification using the LDA classifier but only for 

two classes problems considering a simulated dataset from a multivariate normal model. 

Dixon (1979) introduced the KNN imputation technique for dealing with missing values 

in supervised classification. Tresp et al (1995) also considered the missing value problem 

in a supervised learning context for neural networks. The interest in dealing with missing 

values has continued with the statistical applications to new areas such as Data Mining and 

Microarrays (Hastie et al., 1999; Troyanskaya et al., 2001), these applications include 

supervised classification as well as unsupervised classification (clustering).Bell (1995) 

compared several imputation techniques in regression analysis and many related areas to 

classification. CART has of built-in algorithms to impute missing data, such as surrogate 

variables or proximity. But these imputation methods have no formal rationale, and are 

unstable, especially for RF models. 

 

 

 

 

 

  



 

25  

  

Chapter 3 

COMPARATIVE STUDY OF THE THREE IMPUTATION METHOD 

IN THE RANDOM FOREST PROCEDURE 

Missing data is a mutual problem in statistical analysis. Rates of less than 1% missing data 

are generally considered unimportant, and 01-05% controllable. However, 05-

15%requiresrefinedapproaches to handle, and more than 15% may severely impacting nice 

of clarification. Several methods have been proposed in the literature totreat missing data.  

In this section of the study we compared three methods of imputation to treat missing 

values in the Random Forest and IN/OUT Procedure of Random Forest. The methods were 

choosing the case deletion technique (CD), random number imputation the proximity 

matrix based method and the proposed method. The criteria to compare them are the effect 

on the misclassification rate of two classifiers: the conventional random forest approach 

and the IN/out procedure of random forest classifier. The first is a general classifier and 

the second one is a modified classifier of the first one.  

3.1. Listwise Deletion (Full-Case Analysis) 

Full-case analysis (a.k.a., list wise deletion), by only those circumstances with whole data 

sets on the variables believed by the investigator to be serious for analysis, is maybe the 

most generally involved method to the missing data issue. This method is exciting for two 

causes. 

In the first step, it is easy to device any type of statistical analysis. Second, in definite exact 

situations, full-case analyses produce approximations as precise as, and even more accurate 

than, complex and modern methods. 
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To report probable loss of statistical power and information, investigators have established 

another procedures of handling with missing data that apply information about the 

relationship between variables so as to reservation a greater percentage of circumstances.  

3.2. Pairwise Deletion 

To preserve statistical power and efforts to retain, some researchers pay a Procedure called 

pair wise deletion. In pair wise deletion technique, each specific analysis is based on the 

subclass of circumstances having values for all variables in that specific analysis. For 

explanation, a defendant who replied question H but not question F would be comprised 

when computing the mean for question H, but omitted from an identical calculation for 

question F. The difficulties linked by different subgroups to compute estimates for a unique 

population are expanded for statistics consequent from a variance-covariance matrix. When 

based on this technique, the covariance pairs settling such a matrix would be based on 

different subsets of cases and have unreliable values for m. Thus, the estimates would be 

biased in multiple direction instead of only biased. The deficiency of a consistent also 

confuses computations of suitable standard errors, demanding composite plans not usually 

existing in standard statistical software (Allison, 2002; Graham, Cumsille, & Elek‐ Fisk, 

2003). At the end, due to the variance-covariance matrix it may be less information than 

would be likely to be based on the no. of characteristics, a pair wise method rises the 

likelihood (comparative to other methods for usage missing data) of gaining a matrix that 

is not positive definite, a condition that stops most analyses(J.-O. Kim & Curry, 1977).  
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Disadvantages   

Rather than removing variables or observations with missing data, another approach is to 

fill in or “impute” missing values. A variety of imputation approaches can be used that 

range from extremely simple to rather complex.  

3.3. Single value imputation  

Sing value imputation comprises of substituting the missing data for a certain feature 

(characteristic) by the mean of all identified values of that characteristic in the case where 

the example with missing trait fits. Let us deliberate that the value xij of the kth class, Ck, 

is missing then it will be replaced by  

X=∑xij∕nk   

Where nk signifies the no. of non-missing values in the jth variable of the kth class. In 

some revisions the whole mean is used but we computed that it didn’t take into account the 

size of sample of the class where the example with the missing values fits to. Replacing all 

missing records with a single value will reduce the variance and artificially expand the 

significance of any statistical tests based on it. Astonishingly though, mean imputation has 

given good experimental results in data sets used for supervised classification purposes 

(Chan & Dunn, 1972; Mundfrom & Whitcomb, 1998). 

This process of imputation  retain the complete sample size, which can be beneficial for 

bias and accuracy; conversely, they can produce unlike types of bias, as exhaustive , At 

any time a single imputation approach is used, the standard errors of estimates have a 

tendency to to be too little. The opinion here is that the considerable uncertainty about the 
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missing values, but by selecting a single imputation principle imagines that we identify the 

true value with certainty. 

Mean imputation perhaps the coolest way to put is to replace each missing value, with the 

mean of the observed observations for those variables. Unfortunately, this Plan can strictly 

misrepresent the distribution for this variable, most important to difficulties with summary 

measures together with, particularly, underestimates of the standard deviation. 

Furthermore, mean imputation misrepresents dealings among characteristics by dragging 

estimates of the association near to zero. 

3.4. Simple random imputation  

Another method of the imputation is a simple random imputation in this procedure of 

replacing missing values by non-missing values by simple random selection the method 

can be detailed step by step as 

i) Count the number missing values ii) Sum the number of missing values iii) Draw a 

sample of size (mention in step 2) iv Replace missing values by non-missing values 

selected in simple random sampling(Gelman, A., & Hill, J. (2006)).  

Imputing into the missing values of the original variable.  This approach does not make 

much sense it ignores the useful information from all the other questions asked of these 

survey responses but these simple random imputations can be a convenient starting point. 

Another drawback is the repetition of the same values in the sample affects the 

measurement of the original variables. 
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3.5   Modified Simple Random Imputation  

In the light of above draw back the existing method of simple random imputation method 

is modified by us through introducing the bootstrap procedure for each and every single 

value which reduces the biasness in the estimates as in the existing method the repetition 

of the value may be replaced for a number of time.  The modified random imputation 

methods, apply in the two procedure conventional Random forest procedure and In/Out 

random forest procedure when there is a number of missing values in the data and the out 

of bag error were estimated.   

Following are the steps involved in the modified random imputation method:  

(i)  Count the number of missing values and its position in the first variable.  

(ii) Generate a Bootstrap sample and find out its estimated mean or mode (according 

to the nature of variable).  

(iii) Now replace the estimated values with the first missing value. 

(iv) Repeat the steps (ii) and (iii) until all the missing values are imputed in a single 

variable.  

(v) Repeat the steps (i) to (iv) for each variable separately until no missing value is 

present/remaining in the data set.  

(vi) Apply the conventional random forest algorithm and the IN\OUT procedure. 

In coded form Let X be an input random vector containing the j predictor variables for the 

response variables for the response variable vector Y to this aim the data set Dn is divided 

into two parts; Training data set Tm={(Xm+1,Ym+1)………….(Xn,Yn). 

Let there are k no. of missing values in the whole data set, where k=k1+k2+…….kj  
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Where k1 indicates missing values in first variable k2 indicates the missing values in the 

second variables, and so on .The modified algorithmic steps are below. 

Algorithm; Treating missing values in the IN\OUT  Random Forest algorithm.  

Input: training data set Tm having k no. of missing values. 

Output: Prediction of the IN/OUT Random Forest algorithm. 

1. Compute the average value (mean in case of continuous and mode in case of categorical 

variables) for the first variable. 

2. Impute/replace the first missing value by the first estimated value in the step 1. 

3 Repeat steps 1and 2 for the other missing values of the same variable until there is no 

missing values remained. 

4. Repeat steps 1,2,3 for the others variables similarly. 

5. Apply the IN/OUT Procedure of Random forest on this complete data set 

6. Compute the Out of Bag values and also construct the confusion matrix  

3.6 Simulation study   

There were several data sets generated for the purpose of comparing these methods in 

R (3.3.1) package. The data set were generated from the discrete distribution as well as 

continues distribution with the different set of variables. . The distributions which are used 

are Binomial, Hypergeometric, and Poisson while the continuous distributions are Normal, 

uniform and exponential. Initially, there was a data generated by the size of 500, 1000, and 

1500 with the different parameter of the each of the distribution and the number of iteration 

is constant. The misclassification error recorded at a different level of missing values 

produced in these generated data sets.  
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Table 3.1: The misclassification rates of the three imputation method based on In/Out 

procedure of random forest using Exponential distribution.  

 

 

  

Continuous 

Distribution 

Size of 

the data 

Misclassification Rate  

Percentage 

of missing 

List wise 

deletion 

Simple 

random 

imputation 

Modified 

random 

imputation 

Exponential 

with parameter 

(1)  

500  5%  29.81  28.34  24.45  

1000  5%  28.43  28.45  23.76  

1500  5%  28.43  28.91  24.01  

Exponential 

with parameter 

(1)  

500  10%  24.11  32.32  26.05  

1000  10%  25.34  32.67  26.12  

1500  10%  25.67  32.11  26.27  

Exponential 

with parameter 

(1) 

500  15%  17.53  33.45  27.03  

1000  15%  17.98  33.97  27.08  

1500  15%  17.76  34.00  27.12  

Exponential 

with parameter  

(1)  

500  20%  15.78  35.67  29.41  

1000  20%  15.45  35.28  29.15  

1500  20%  15.32  35.86  29.09  
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Table 3.2: The misclassification rates of the three imputation method based on In/Out 

procedure of random forest using Uniform distribution.  

Continuous 

Distribution 

Size of 

the data 

Misclassification Rate  

Percentage 

of missing 

List wise 

deletion 

Simple 

random 

imputation 

Modified 

random 

imputation 

Uniform with 

parameters  

(-1,+1)  

500  5%  .89  1.79  0.47  

1000  5%  .87  1.83  0.42  

1500  5%  .78  1.86  0.45  

Uniform with 

parameters  

(-1,+1)  

500  10%  .43  3.89  0.51  

1000  10%  .42  3.78  0.58  

1500  10%  .40  3.45  0.61  

Uniform with 

parameters  

(-1,+1)  

500  15%  .34  5.79  0.63  

1000  15%  .32  5.67  0.76  

1500  15%  .29  5.87  0.75  

Uniform with 

parameters  

(-1,+1)  

500  20%  .25  7.97  0.82  

1000  20%  .23  7.31  0.86  

1500  20%  .19  7.88  0.91  
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Table 3.3:  The misclassification rates of the three imputation method based on In/Out 

procedure of random forest using Hypergeometric distribution.   

Continuous 

Distribution 

Size of 

the data 

Misclassification Rate  

Percentage 

of missing 

List wise 

deletion 

Simple 

random 

imputation 

Modified 

random 

imputation 

Hypergeomatrice 

with parameters  

(1,10,4)  

500  5%  21.63  22.16  21.05  

1000  5%  21.45  22.43  21.37  

1500  5%  21.64  22.76  21.32  

Hypergeomatrice 

with parameters  

(1,10,4)  

500  10%  16.52  23.43  22.45  

1000  10%  16.64  23.75  22.31  

1500  10%  16.39  23.96  22.78  

Hypergeomatrice 

with parameters  

(1,10,4)  

500  15%  8.86  25.88   24.84  

1000  15%  8.34  25.51  24.09  

1500  15%  8.21  25.64  24.51  

Hypergeomatrice 

with parameters  

(1,10,4)  

500  20%  7.79  28.03  25.05  

1000  20%  7.92  28.31  25.07  

1500  20%  6.76  28.56  25.31  
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Table 3.4: The misclassification rates of the three imputation method based on In/Out 

procedure of random forest using Poisson distribution.   

Continuous 

Distribution  

Size of 

the data 

 Misclassification Rate  

Percentage 

of missing 

List wise 

deletion 

Simple 

random 

imputation 

Modified 

random 

imputation 

Poisson 

with parameter  

(8)  

500  5%  1.94  2.32  0.19  

1000  5%  1.23  2.45  0.21  

1500  5%  1.37  2.98  0.23  

Poisson 

with parameter  

(8)  

500  10%  0.87  4.68  0.199  

1000  10%  0.67  4.51  0.18  

1500  10%  0.55  4.57  0.19  

Poisson 

with parameter  

(8)  

500  15%  0.45  5.69  0.33  

1000  15%  .34  5.32  0.36  

1500  15%  .24  5.23  0.32  

Poisson 

with parameter  

(8)  

500  20%  0.19  7.43  0.38  

1000  20%  0.17  7.45  0.39  

1500  20%  0.12  7.78  0.51  
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Table 3.5: The misclassification rates of the three imputation method based on In/Out 

procedure of random forest using Binomial distribution.   

Continuous 

Distribution 

Size of 

the data 

 Misclassification Rate  

Percentage 

of missing 

List wise 

deletion 

Simple 

random 

imputation 

Modified 

random 

imputation 

Binomial with 

parameters  

(1,0.4)  

500  5%  0.45  1.39  0.199  

1000  5%  0.31  1.36  0.146  

1500  5%  0.37  1.93  0.175  

Binomial with 

parameters  

(1,0.4)  

500  10%  0.29  2.54  0.82  

1000  10%  0.31  2.61  0.79  

1500  10%  0.24  2.87  0.86  

Binomial with 

parameters  

(1,0.4)  

500  15%  0.19  3.43  1.61  

1000  15%  0.16  3.32  1.64  

1500  15%  0.17  3.48  1.70  

Binomial with 

parameters  

(1,0.4)  

500  20%  0  5.10  1.98  

1000   20%  0  5.64  2.12  

1500  20%  0  5.73  2.37  

  

  



 

36  

  

Table 3.6: The misclassification rates of the three imputation method based on In/Out 

procedure of random forest using Normal distribution.  

Continuous 

Distribution  

Size of 

the data  

 Misclassification Rate   

Percentage 

of missing  

List wise 

deletion  

Simple 

random 

imputation 

Modified 

random 

imputation  

Normal  

with parameters  

(0,1)  

500  5%  38.64  38.09  34.01  

1000  5%  38.23  38.30  34.23  

1500  5%  37.19  37.87  34.11  

Normal  

with parameters  

(0,1)  

500  10%  25.06  32.56  26.13  

1000  10%  25.18  32.43  26.61  

1500  10%  25.01  32.01  26.35  

Normal  

with parameters  

(0,1)  

500  15%  15.09  28.04  25.88  

1000  15%  15.32  28.34  25.04  

1500  15%  15.21  28.81  25.07  

Normal  

with parameters  

(0,1)  

500  20%  9.09  25.69  30.31  

1000  20%  9.02  25.06  30.71  

1500  20%  8.23  25.57  30.16  
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Figure 3.1: Single imputation normal distribution 

 

Figure 3.2: Listwise deletion method of normal distribution 

_ oversampling 

_down sampling  

_In/out algorithm 

----oversampling 

_down sampling  

_In/out algorithm 
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Figure 3.3: Modified random imputation 

3.7. Discussion on the simulation results  

The table3-1 shows the misclassification rates of the three imputation method based on 

In/Out procedure of random forest using Exponential distribution. The second column of 

the table shows the size of the population consisting of 500, 1000 and 1500 respectively.   

Initially a dataset of size 500 generated from the Exponential distribution with 5% of 

missing rate the OOB estimate for the misclassification error using the case-wise deletion 

method is 29.81% by using IN/out procedure of the random forest with two variables, on 

-------oversampling 

_down sampling  

_In/out algorithm 
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the other hand, using single value imputation for the misclassification error the OOB 

estimate is 28.34% on the same classifier. While using the modified random imputation 

method the OOB estimate become 24.45% from this the modified random imputation 

method performs better than other method. 

As the missing rate increase to 10% for the data sets of 500, 1000 and 1500 generated from 

the Exponential distribution with the same parameter the OOB estimate for the 

misclassification error using the case-wise deletion method is 24.11% by using IN/out 

procedure of the random forest with two variables on the other hand using single value 

imputation for the misclassification error the OOB estimate is 32.32% on the same 

classifier. While using the modified random imputation method the OOB estimate become 

26.05% from this the modified random imputation method performs better than other 

methods.  When the 15% of missing values were produced the OOB estimate for the 

misclassification error using the case-wise deletion method is 17.53% by using IN/out 

procedure of the random forest with two variables, on the other hand, using single value 

imputation for the misclassification error the OOB estimate is 33.45% on the same 

classifier. While using the modified random imputation method the OOB estimate become 

27.03% from this the modified random imputation method performs better than other 

methods. 

When the 20% of missing values were produced the OOB estimate for the misclassification 

error using the case-wise deletion method is 15.78% by using IN/out procedure of the 

random forest with two variables, on the other hand, using single value imputation for the 

misclassification error the OOB estimate is 35.67% on the same classifier. While using the 
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modified random imputation method the OOB estimate become 29.41% from this the 

modified random imputation method performs better than other methods. 

The tables3-2 shows the misclassification rates of the three imputation method based on 

In/Out procedure of random forest using Uniform distribution. The second column of the 

table shows the size of the population consisting of 500, 1000 and 1500 respectively.   

 Initially a dataset from the Uniform distribution of size 500 were generated with 5% of 

missing rate the OOB estimate for the misclassification error using the case-wise deletion 

method is 0.89% by using IN/out procedure of the random forest with two variables, on 

the other hand, using single value imputation for the misclassification error the OOB 

estimate is 1.79% on the same classifier. While using the modified random imputation 

method the OOB estimate become 0.47% from this the modified random imputation 

method performs better than other methods. 

As the missing rate increase to 10% the OOB estimate for the misclassification error using 

the case-wise deletion method is 0.43% by using IN/out procedure of the random forest 

with two variables, on the other hand, using single value imputation for the 

misclassification error the OOB estimate is 3.89% on the same classifier. While using the 

modified random imputation method the OOB estimate becomes 0.51% from this the 

modified random imputation method performs better than other methods. 

When the 15% of missing values were produced the OOB estimate for the misclassification 

error using the case-wise deletion method is 0.34% by using IN/out procedure of the 

random forest with two variables, on the other hand, using single value imputation for the 

misclassification error the OOB estimate is 5.79% on the same classifier. While using the 
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modified random imputation method the OOB estimate becomes 0.76% from this the 

modified random imputation method performs better than other methods. 

When the 20% of missing values were produced the OOB estimate for the misclassification 

error using the case-wise deletion method is 0.25% by using IN/out procedure of the 

random forest with two variables, on the other hand, using single value imputation for the 

misclassification error the OOB estimate is 7.97% on the same classifier. While using the 

modified random imputation method the OOB estimate becomes 0.82% from this the 

modified random imputation method performs better than other methods. 

The table3-3 shows the misclassification rates of the three imputation method based on 

In/Out procedure of random forest using hypergeometric distribution. 

The second column of the table shows the size of the population consisting of 500, 1000 

and 1500 respectively.   

Initially a dataset from the hypergeometric distribution of size 500 were generated   with 

5% of missing rate the OOB estimate for the misclassification error using the case-wise 

deletion method is 21.63% by using IN/out procedure of the random forest with two 

variables, on the other hand, using single value imputation for the misclassification error 

the OOB estimate is 22.16% on the same classifier. While using the modified random 

imputation method the OOB estimate become 21.05% from this the modified random 

imputation method performs better than other methods. 

As the missing rate increase to 10% the OOB estimate for the misclassification error using 

the case-wise deletion method is 16.52% by using IN/out procedure of the random forest 

with two variables, on the other hand, using single value imputation for the 

misclassification error the OOB estimate is 23.43% on the same classifier. While using the 
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modified random imputation method the OOB estimate become 22.45% from this the 

modified random imputation method performs better than other methods. 

When the 15% of missing values were produced the OOB estimate for the misclassification 

error using the case-wise deletion method is 8.86% by using IN/out procedure of the 

random forest with two variables, on the other hand, using single value imputation for the 

misclassification error the OOB estimate is 25.88% on the same classifier. While using the 

modified random imputation method the OOB estimate become 24.84% from this the 

modified random imputation method performs better than other methods. 

When the 20% of missing values were produced the OOB estimate for the misclassification 

error using the case-wise deletion method is 7.79% by using IN/out procedure of the 

random forest with two variables, on the other hand, using single value imputation for the 

misclassification error the OOB estimate is 28.03% on the same classifier. While using the 

modified random imputation method the OOB estimate become 25.05% from this the 

modified random imputation method performs better than other methods. 

The table 3-4 shows the misclassification rates of the three imputation method based on 

In/Out procedure of random forest using Poisson distribution. The second column of the 

table shows the size of the population consisting of 500, 1000 and 1500 respectively.   

 Initially a dataset from the Poisson distribution of size 500 were generated   with 5% of 

missing rate the OOB estimate for the misclassification error using the case-wise deletion 

method is 1.94% by using IN/out procedure of the random forest with two variables, on 

the other hand, using single value imputation for the misclassification error the OOB 

estimate is 2.32% on the same classifier. While using the modified random imputation 
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method the OOB estimate become 0.19% from this the modified random imputation 

method performs better than other methods. 

As the missing rate increase to 10% the OOB estimate for the misclassification error using 

the case-wise deletion method is 0.55% by using IN/out procedure of the random forest 

with two variables, on the other hand, using single value imputation for the 

misclassification error the OOB estimate is 4.57% on the same classifier. While using the 

modified random imputation method the OOB estimate becomes 0.19% from this the 

modified random imputation method performs better than other methods. 

When the 15% of missing values were produced the OOB estimate for the misclassification 

error using the case-wise deletion method is 0.45% by using IN/out procedure of the 

random forest with two variables, on the other hand, using single value imputation for the 

misclassification error the OOB estimate is 5.69% on the same classifier. While using the 

modified random imputation method the OOB estimate becomes 0.33% from this the 

modified random imputation method performs better than other methods. 

When the 20% of missing values were produced the OOB estimate for the misclassification 

error using the case-wise deletion method is 0.19% by using IN/out procedure of the 

random forest with two variables, on the other hand, using single value imputation for the 

misclassification error the OOB estimate is 7.43% on the same classifier. While using the 

modified random imputation method the OOB estimate become 0.51% from this the 

modified random imputation method performs better than other methods. 

The tables3-5 shows the misclassification rates of the three imputation method based on 

In/Out procedure of random forest using Binomial distribution. The second column of the 

table shows the size of the population consisting of 500, 1000 and 1500 respectively.   
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 Initially a dataset from the Binomial distribution of size 500 were generated with 5% of 

missing rate the OOB estimate for the misclassification error using the case-wise deletion 

method is 0.45% by using IN/out procedure of the random forest with two variables, on 

the other hand, using single value imputation for the misclassification error the OOB 

estimate is 1.39% on the same classifier. While using the modified random imputation 

method the OOB estimate become 0.199% from this the modified random imputation 

method performs better than other methods. 

As the missing rate increase to 10% the OOB estimate for the misclassification error using 

the case-wise deletion method is 0.29% by using IN/out procedure of the random forest 

with two variables, on the other hand, using single value imputation for the 

misclassification error the OOB estimate is 2.54% on the same classifier. While using the 

modified random imputation method the OOB estimate become 0.82% from this the 

modified random imputation method performs better than other methods. 

When the 15% of missing values were produced the OOB estimate for the misclassification 

error using the case-wise deletion method is 0.19% by using IN/out procedure of the 

random forest with two variables, on the other hand, using single value imputation for the 

misclassification error the OOB estimate is 

3.43% on the same classifier. While using the modified random imputation method the 

OOB estimate become 1.61% from this the modified random imputation method performs 

better than other methods. 

When the 20% of missing values were produced the OOB estimate for the misclassification 

error using the case-wise deletion method is 0% by using IN/out procedure of the random 

forest with two variables, on the other hand, using single value imputation for the 
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misclassification error the OOB estimate is 5.10% on the same classifier. While using the 

modified random imputation method the OOB estimate becomes 1.98% from this the 

modified random imputation method performs better than other methods. 

The tables3-6 shows the misclassification rates of the three imputation method based on 

In/Out procedure of random forest using Normal distribution. The second column of the 

table shows the size of the population consisting of 500, 1000 and 1500 respectively.   

 Initially a dataset of size 500 generated from the normal distribution with 5% of missing 

rate the OOB estimate for the misclassification error using the case-wise deletion method 

is 38% by using IN/out procedure of the random forest with two variables on the other 

hand using single value imputation for the misclassification error the OOB estimate is 37% 

on the same classifier. While using the modified random imputation method the OOB 

estimate becomes 34% from this the modified random imputation method perform better 

than other methods. 

As the missing rate increase to 10% for the data sets of 500,1000and 1500 the  

OOB estimate for the misclassification error using the case-wise deletion method is 

25.06% by using IN/out the procedure of the random forest with two variables, on the other 

hand, using single value imputation for the misclassification error the OOB estimate is 

32.56% on the same classifier. While using the modified random imputation method the 

OOB estimate become 26.13% from this the modified random imputation method performs 

better than other methods. 

When the 15% of missing values were produced the OOB estimate for the misclassification 

error using the case-wise deletion method is 15.09% by using IN/out procedure of the 

random forest with two variables, on the other hand, using single value imputation for the 
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misclassification error the OOB estimate is 28.04% on the same classifier. While using the 

modified random imputation method the OOB estimate become 25.88% from this the 

modified random imputation method performs better than other methods. 

When the 20% of missing values were produced the OOB estimate for the misclassification 

error using the case-wise deletion method is 9.09% by using IN/out procedure of the 

random forest with two variables, on the other hand, using single value imputation for the 

misclassification error the OOB estimate is 25.69% on the same classifier. While using the 

modified random imputation method the OOB estimate become 30.31% from this the 

modified random imputation method performs better than other methods. 
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Chapter 4  

APPLICATION OF THREE IMPUTATION METHOD ON THE 

REAL DATA SET 

4.1. Haber man’s Survival Data Set  

4.1.1. Data Description  

This dataset relates to a study conducted between 1958 and 1970 at the University 

of Chicago's Billings Hospital on the survival of patients who had undergone surgery for 

breast cancer Haber man(Lichman, 2013). Total numbers of instances/cases were 306 

having 225 majority cases and 81 minority cases.   

There were total 4 variables, whose detail is as under:  

 S#  Variables        Description of categories  

1. Age of patient at the time of operation   numerical type  

2. Patient's year of operation                  year in two digits, numerical type  

3. Number of positive auxiliary nodes               numerical type  

4. Survival status                                           1 = the patient survived 5 years or longer               

                                                                              2 = the patient died within 5 year 
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4.2 Contraceptive Method Choice (CMC) Data Set  

4.2.1. Data Description  

This dataset is a subset of the 1987 National Indonesia Contraceptive Prevalence Survey 

(Lim, Loh& Shih 1999) (Lichman, 2013).  The respondent of the survey were married 

women, who were either not pregnant or do not know if they were pregnant at the time of 

interview. The objective was to predict the current contraceptive method choice (No use, 

Long-term methods, or Short-term methods) of a woman based on her demographic and 

socio-economic characteristics. The total numbers of instances were 1473 having 1140 

majority cases and 333 minority cases.  There were total 10 variables, whose detail is as 

under:  

 S#  Variables            Description of categories  

1. Wife's age           numerical type  

2. Wife's education                    1=low,    2,     3  and    4=high  

3. Husband's education                        1=low,    2,     3  and    4=high  

4. Number of children ever born                numerical type  

5. Wife's religion          0=Non-Islam and 1=Islam  

6. Wife's now working?         0=Yes   and 1=No  

7. Husband's occupation         1, 2, 3  and 4  

8. Standard-of-living index                   1=low,   2,   3   and    4=high  

9. Media exposure          0=Good and 1=Not good  

The contraceptive method used       1=No-use, 2=Long-term, 

3=Short-term   
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4.3.  Balance Data set  

4.3.1. Data Description  

This data set was first used to model psychological experimental results (Klahr & 

Seiglar 1978) (Lichman, 2013). Each example/unit was classified into one of the three 

classes according to balance scale tip: Tip to the Right (R), tip to the Left (L), or be 

Balanced (B). Total numbers of instances/cases were 625 having 576 majority cases (L & 

R) and 49 minority cases (B). There were five categorical type variables in this data set, 

whose detail is mentioned below.  

      S#        Variables                      No. of Categories Description of categories  

1. Class Name                  3             L, B, and R  

2. Left-Weight        5     1, 2, 3, 4 and 5  

3. Left-Distance        5     1, 2, 3, 4 and 5  

4. Right-Weight        5     1, 2, 3, 4 and 5  

5. Right-Distance                 5    1, 2, 3, 4 and 5  
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Table 4.1: Out of Bag errors of the three imputation method at several missing rates 

based on conventional random forest classifiers using Haber man’ data set.  

  

Percentage of 

missing values 

List wise 

deletion 

Simple random 

imputation 

The modified 

random 

imputation  

method 

  

5%  

  

33.73%  

  

27.12%  

  

16.01 %  

  

10%  

  

31.32%  

  

28.1%  

  

17.65%  

  

15%  

  

29.3%  

  

31.05%  

  

18.63%  

  

20%  

  

26.5%  

  

32%  

  

20.26%  
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Table 4.2: Out of Bag errors of the three imputation method at several missing rates 

based on In/Out procedure of random forest classifiers using Haber man data set.  

 

Percentage of 

missing values 

Listwise 

deletion 

Simple random 

imputation 

The modified 

random imputation  

method 

      5%  20.55%  22.138%  16 .13%  

     10%  16.71%  28.608%  16.40%  

     15%  11.80%  31.88%  17.25%  

     20%  10.01%  32.4%  19.83%  

  

Table 4.3: Out of Bag errors of the three imputation method data at several missing rates 

based on conventional random forest using Contraceptive Method Choice data set  

 

Percentage of 

missing 

values  

List wise deletion Simple random 

imputation 

Modified random 

imputation 

5%  48.4%  44.81%  32.18%  

10%  45.76%  45.21%  34.15%  

15%  45.62%  46.44%  34.56%  

20%  43.86%  47.05%  35.71%  
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Table 4.4: Out of Bag errors of the three imputation method at several missing rates based 

on In/out the procedure of random forest using Contraceptive Choice Method data set.  

 

 

Table 4.5: Out of Bag errors of the three imputation method at several missing rates 

based on conventional random forest using Balance data set.  

 

Percentage of 

missing 

values 

List wise deletion Simple random 

imputation 

Modified random 

imputation 

5%  23.21%  40.48%  20.78%  

10%  13.18%  42.45%  22.45%  

15%  8.51%  44.34%  23.31%  

20%  4.48%  45.47%  26.38%  

Percentage of 

missing 

values 

List wise deletion Simple random 

imputation 

Modified random 

imputation 

5%  18.01%  17.92%  11.45%  

10%  15.24%  22.72%  13.67%  

15%  14.69%  24.96%  14.32%  

20%  12.75%  29.76%  16.68%  
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4.4.   Discussion on results  

It is concluded that there is a much difference between case deletion and imputation 

methods for the random forest   classifier in datasets within a small amount of instances 

are missing. But for the datasets with a high degree of missing i.e. 15% 20%   rate then 

there is not too much difference between the case-wise deletion method and imputation 

method as the rate of missing increases from 5% to 20% then the out of bag estimates 

become closer to each other. 

The tables4-1 shows the misclassification rates of the three imputation method based on 

Conventional random forest using Haber man’ data set.  

Initially the dataset with 5% of missing rate the OOB estimate for the misclassification 

error using the List wise deletion method is 33% by using conventional random forest with 

two variables, on the other hand, using single value imputation for the misclassification 

error the OOB estimate is 27% on the same classifier. While using the Modified Random 

imputation method the OOB estimate become 16.01% from this the Modified Random 

imputation method performs better than other methods. 

As the missing rate increase to 10% the OOB estimate for the misclassification error using 

the List wise deletion method is 31% by using conventional random forest with two 

variables, on the other hand, using single value imputation for the misclassification error 

the OOB estimate is 28% on the same classifier. While using the Modified Random 

imputation method the OOB estimate become 17.65% from this the Modified Random 

imputation method perform better than other methods. 

When the 15% of missing values were produced the OOB estimate for the misclassification 

error using the List wise deletion method is 29% by using conventional random forest with 
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two variables, on the other hand, using single value imputation for the misclassification 

error the OOB estimate is 31.05% on the same classifier. While using the Modified 

Random imputation method the OOB estimate becomes 18% from this the Modified 

Random imputation method performs better than other methods. 

Similarly as the missing values rates increases the OOB estimate for the misclassification 

also increases as for 20% of missing in the data set for some of the method the OOB 

estimate for the misclassification error using the List wise deletion method is 26 % by 

using conventional random forest with two variables, on the other hand, using single value 

imputation for the misclassification error the OOB estimate is 32% on the same classifier. 

While using the Modified Random imputation method the OOB estimate becomes 20% 

from this the Modified Random imputation method performs better than other methods. 

The table 4-2 shows the misclassification rates of the three imputation method based on  

In/Out Procedure of the random forest using Haber man' data set. Initially, the dataset with 

5% of missing rate the OOB estimate for the misclassification error using the List wise 

deletion method is 20% by using IN/out procedure of the random forest with two variables, 

on the other hand, using single value imputation for the misclassification error the OOB 

estimate is 22.13% on the same classifier. While using the Modified Random imputation 

method the OOB estimate become 15.13% from this the Modified Random imputation 

method performs better than other methods. 

As the missing rate increase to 10% the OOB estimate for the misclassification error using 

the List wise deletion method is 16% by using IN/out procedure of the random forest with 

two variables, on the other hand, using single value imputation for the misclassification 

error the OOB estimate is 28.6% on the same classifier. While using the Modified Random 
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imputation method the OOB estimate become 15.5% from this the Modified Random 

imputation method performs better than other methods. 

When the 15% of missing values were produced the OOB estimate for the misclassification 

error using the List wise deletion method is 11.8% by using IN/out procedure of the random 

forest with two variables on the other hand using single value imputation for the 

misclassification error the OOB estimate is 31.8% on the same classifier. While using the 

Modified Random imputation method the OOB estimate become 16.25% from this the 

Modified Random imputation method performs better than other methods. 

Similarly as the missing values rates increases the OOB estimate for the misclassification 

also increases as for 20% of missing in the data set for some of the method the OOB 

estimate for the misclassification error using the List wise deletion method is 10 % by 

using IN/out procedure of the random forest with two variables, on the other hand, using 

single value imputation for the misclassification error the OOB estimate is 32.4% on the 

same classifier. While using the Modified Random imputation method the OOB estimate 

become 16.83% from this the Modified Random imputation method performs better than 

other methods. 

The tables4-3 shows the misclassification rates of the three imputation method based on 

Conventional random forest using Contraceptive Choice Method (CMC) data set.  

 Initially the dataset with 5% of missing rate the OOB estimate for the misclassification 

error using the List wise deletion method is 48.4% by using Conventional the random forest 

with two variables, on the other hand, using single value imputation for the 

misclassification error the OOB estimate is 44.81% on the same classifier. While using the 
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Modified Random imputation method the OOB estimate become 32.18% from this the 

Modified Random imputation method performs better than other methods.   

As the missing rate increase to 10% the OOB estimate for the misclassification error using 

the List wise deletion method is 45.47% by using Conventional the random forest with two 

variables, on the other hand, using single value imputation for the misclassification error 

the OOB estimate is 45.2% on the same classifier. While using the Modified Random 

imputation method the OOB estimate become 34.15% from this the Modified Random 

imputation method performs better than other methods. 

When the 15% of missing values were produced the OOB estimate for the misclassification 

error using the List wise deletion method is 45.62% by using Conventional the random 

forest with two variables, on the other hand, using single value imputation for the 

misclassification error the OOB estimate is 46.44% on the same classifier. While using the 

Modified Random imputation method the OOB estimate become 34.35% from this the 

Modified Random imputation method performs better than other methods. 

Similarly as the missing values rates increases the OOB estimate for the misclassification 

also increases as for 20% of missing in the data set for some of the method the OOB 

estimate for the misclassification error using the List wise deletion method is43.86% by 

using the Conventional random forest with two variables on the other hand using single 

value imputation for the misclassification error the OOB estimate is 47.05% on the same 

classifier. While using the Modified Random imputation method the OOB estimate 

become 35.71% from this the Modified Random imputation method performs better than 

other methods. 
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The tables 4-5 shows the misclassification rates of the three imputation method based on 

Conventional random forest using Balance data set.  

Initially the dataset with 5% of missing rate the OOB estimate for the misclassification 

error using the List wise deletion method is 18.01% by using conventional random forest 

with two variables, on the other hand, using single value imputation for the 

misclassification error the OOB estimate is17.92 % on the same classifier. While using the 

Modified Random imputation method the OOB estimate become 11.45% from this the 

Modified Random imputation method performs better than other methods. 

As the missing rate increase to 10% the OOB estimate for the misclassification error using 

the List wise deletion method is 15.24% by using conventional random forest with two 

variables, on the other hand, using single value imputation for the misclassification error 

the OOB estimate is 22.72% on the same classifier. While using the Modified Random 

imputation method the OOB estimate become 13.67% from this the Modified Random 

imputation method performs better than other methods. 

When the 15% of missing values were produced the OOB estimate for the misclassification 

error using the List wise deletion method is 14.69% by using conventional random forest 

with two variables, on the other hand, using single value imputation for the 

misclassification error the OOB estimate is 24.96% on the same classifier. While using the 

Modified Random imputation method the OOB estimate become 14.32% from this the 

Modified Random imputation method performs better than other methods. 

Similarly as the missing values rates increases the OOB estimate for the misclassification 

also increases as for 20% of missing in the data set for some of the method the OOB 

estimate for the misclassification error using the List wise deletion method is 12.75 % by 
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using conventional random forest with two variables, on the other hand, using single value 

imputation for the misclassification error the OOB estimate is 29.76% on the same 

classifier. While using the Modified Random imputation method the OOB estimate 

become 16.68% from this the Modified Random imputation method performs better than 

other methods. 

4.5. Conclusion  

It is concluded that there is a much difference between case deletion, single imputation and 

modified random imputation methods for conventional random forest and IN/out 

procedure of the random forest classifier in datasets with a few instances are missing. But 

for the datasets with a high degree of missing i.e. 15% 20%   rate then there is not too much 

difference between the case-wise deletion method and imputation method as the rate of 

missing increases from 5% to 20% then the out of bag estimates also increases. The listwise 

method based on the complete cases therefore at 5% at works and provide satisfactory 

results but as the missing values percentages increases i.e 10%,15% and 20%  it becomes 

useless as it ignores most of the valuable information from the data  and even though 

provide minimum misclassification rate  as compared to the other two methods single value 

imputation(mean imputation/ median imputation) and the modified random imputation. 

It is to note that the minority class and the majority class has the strong association between 

each other for the low number of the minority class the listwise deletion method gives very 

poor results as seen in the exponential distribution, hypergeometric distribution and 

Poisson distribution were the minority class are present in the data 20% of the total 

population. 
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 Chapter 5  

5.1 Missing values imputation in Random Forest:  

Random forests can deal missing values in two ways to impute the missing values.   In the 

library of Random Forest the choice of  "na.roughfix" is simply  apply i.e. the column 

median is used for missing values for the numerical type of  variable, on   the other hand, 

the most frequent levels is to be used for the missing values in case of factor type 

variable(Troyanskaya et al., 2001). 

The more advanced procedure for missing values is ("rfImpute()"  on the proximity matrix 

in the random Forest library. 

 Proximity matrix is the symmetric matrix of n×n order. Where n is the total number of 

cases in the dataset. Run all cases in the training set are dropped down the tree. If case i 

and case j both land in the same terminal node, increase the proximity between i and j by 

one. At the end of the run, the proximities are divided by the number of trees in the run 

(Hastie, Tibshirani, Narasimhan, & Chu, 2011)  

 The proximity matrix from the random forests is used to update the imputations of the 

NAs. For continuous predictors, the imputed value is the weighted average of the non-

missing observations, where the weights are the proximities. So, cases that are more like 

the cases with the missing data are given greater weight. For categorical predictors, the 

imputed value is the category with the largest average proximity. Again, cases more like 

the case with the missing data are given greater weight. This process is relatively slow and 

requires a large number of iterations of forest growth. And the use of imputed values "tends 

to make the OOB measures of fit too optimistic" (Breiman, 2001). The computational 

demands are also quite daunting and may be impractical for many data sets until more 
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efficient ways to handle the proximities are found. There is a number of ad-hoc solutions 

{e.g. available case and complete case analysis as well as single imputation by mean, hot-

deck, conditional mean and predictive distribution substitution which can lead to a loss of 

power, biased inference, under estimation of variability and distorted relationships 

between variables as all the missing values are replaced by the single value for each 

missing values which minimize the variation between the imputed value and the other 

missing values. Tang and Ishwaran (2017) studied the performance of different algorithms 

for dealing missing data in Random Forest. Their findings revealed that RF imputation 

performance is good under moderate to high missingness, especially in case of missing not 

at random. 

5.2. The proposed method for imputation of missing values in IN/OUT 

Procedure 

In this section a new algorithm is proposed to deal with missing values in random forest 

procedure. The proposed method does not depend on the missing data system which is the 

principal advantages of this method. This rectifies disadvantages of all other imputation 

methods. It also requires no knowledge of either the probability distribution or model 

structure and successfully incorporates the estimates of uncertainty associated with the 

imputed data. 

The proposed method is as follow 

 Dataset consists of a set variable having no missing observation in each every 

variable whether the variable is of attribute type or continues type,    

Produce the percentage of missing in the training dataset. 
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Draw the random sample of size n with replacement by not assuming any kind of 

missing mechanism from the data by ignoring the missing observation 

Compute the descriptive from the drown sample and consider the estimated value 

as  observation again draw the random sample from the training data by including the 

estimated value as observed value and repeat the process until the missing values are 

covered and this iterative procedure will reduce the biasness in the estimated variance of 

the estimate as in the single value imputation only one  value is replaced whether it is mean, 

median, arbitrary value(in case of numerical data)  or mode (in case of attribute data set) 

for all missing value which under estimate the variance of the data in this method for each 

value which is imputed by applying the proposed method . Now the In/out procedure apply 

to the new data set which consists of the missing value estimated values and the non 

missing values the above discussion can be written in the form algorithms as 

i. Take the complete set of data which consist of categorical variable as will as continous 

variables produce different percentage amount of missing values in the complete data 

set.  

ii. Now apply the proposed algorithm to the incomplete data 

iii. In steps three the data will be become complete consisting of the estimated value of 

missing values  

  iv.     Apply the IN/out procedure of the random forest   

 v.  Compute the OOB for each random forest of the in/out procedure  

vi.   Construct the confusion matrix.  

Mathematically the method can be explained as. Let a complete dataset consist of the 

different variable X1, X2, X3,X4….Xn having different number of observation in each 
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variable a small portion of observation are hypothesis missing now for IN/OUT procedure 

the data should be complete for this purpose initially a random sample of size of the total 

of non-missing values were drawn and computed the descriptive depend upon the nature 

of the variable  say ô1 for the first variable at same missing position and similarly for all 

other missing values in all other variable were computed next the same procedure were 

repeated by considering the  ô1 as non-missing observation for the first variable and similar 

to other variable by not disturbing the same  position at which it was missing.  

 

In coded form Let X be an input random vector containing the j predictor variables for the 

response variables for the response variable vector y. to this aim the data set Dn is divided 

into two parts; Training data set Tm={(Xm+1,Ym+1)………….(Xn,Yn). 

Let there are k no. of missing values in the whole data set, where k=k1+k2+…….kj  

Where k1 indicates missing values in first variable k2 indicates the missing values in the 

second variables, and so on .The proposed algorithm is detailed below. 

Algorithm; Treating missing values in the IN\OUT  Random Forest algorithm.  

Input: training data set Tm having k no. of missing values. 

Output: Prediction of the IN/OUT Random Forest algorithm. 

1. Compute the average value (mean in case of continuous and mode in case of categorical 

variables) for the first variable. 

2. Impute/replace the first missing value by the first estimated value in the step 1. 

And to estimate the second missing values the first estimated value should be consider the 

non-missing value. 
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3 Repeat steps 1and 2 for the other missing values of the same variable until there is no 

missing values remained. 

4. Repeat steps 1,2,3 for the others variables similarly. 

5. Apply the IN/OUT Procedure of Random forest on this complete data set 

6. Compute the Out of Bag values. 

The above algorithm is applied to different real data set and also it has been compared to 

conventional random forest in case of non-missing values and the comparison is made 

between the IN/OUT procedure of random forest for non-missing values and proposed 

method of imputation there is difference between the two method at some stages while at 

some the point both the method gives same results as the missing values imputation have 

no effect on the conventional random forest and also on IN/OUT procedure of random 

forest as the out of bag error was not to different but the class error was slightly different 

as the conventional random forest based  on the certain non-missing values and missing 

values.  
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The proposed algorithm can be shown on the flow chart as  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 5. 1: Flow chart of IN/OUT Procedure of random forest  
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5.3 Simulation Study of the Proposed Method   

In this part of the study, a simulation study is planned in statistical software R for 

comparing the new proposed method of imputation In the first phase, data has been 

generated from the following three (02)discrete distributions and three (03) continuous 

distributions, Normal distribution   Exponential distribution   and the discrete distribution 

consist of Binomial distribution, Poisson distribution, Hypergeometric distribution. 

Further, the model is initially fitted by using 5 variables (4 independent variables and 1 

dependent variable) and then it is extended to 6 variables (5 independent variables and 1 

dependent variable). The data sets generated from the above distributions with a different 

number of minority classes and majority classes. 

The simulation results are presented in the following   tables (i.e. from Table 5-1 to Table 

5-20  

Table 5.1: Misclassifications rates and OOB estimate for data set having 5% missing using 

Normal distribution.  

 

Method OOB Misclassification rate (5% 

missing) 

Minority Majority 

Conventional RF (w. o. missing)  53.51  0.61  0.45  

In/Out algorithm (w. o. missing)  47.32  0.47  0.98  

Conventional RF (with  missing)  35.47  0.51  0.21  

In/Out algorithm (with missing)  28.24  0.39  0.14  
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Table 5.2: Misclassifications rates and OOB estimate for dataset having 10% missing 

values using Normal distribution.  

 

Method  OOB  Misclassification rate (10% missing)  

Minority   Majority   

Conventional RF (w. o. missing)  53.51  0.61  0.45  

In/Out algorithm (w. o. missing)  47.32  0.47  0.98  

Conventional RF (with  missing)  38.28  0.40  0.36  

In/Out algorithm (with missing)  33.38  0.40  0.21  

 

Table 5.3: Misclassifications rates and OOB estimate for dataset having 15% missing 

values using Normal distribution.   

Method  OOB  Misclassification rate (15% missing)  

Minority   Majority   

Conventional RF (w. o. missing)  53.51  0.61  0.45  

In/Out algorithm (w. o. missing)  47.32  0.47  0.98  

Conventional RF (with  missing)  40.08  0.46  0.33  

In/Out algorithm (with missing)  30.27  0.35  0.10  
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Table 5.4: Misclassifications rates and OOB estimate for dataset having 20% missing 

values using Normal distribution.  

Method  OOB  Misclassification rate (20% missing)  

Minority   Majority   

Conventional RF (w. o. missing)  53.51  0.61  0.45  

In/Out algorithm (w. o. missing)  47.32  0.47  0.98  

Conventional RF (with  missing)  43.09  0.58  0.29  

In/Out algorithm (with missing)  43.56  0.43  0.44  

 

Table 5.5: Misclassifications rates and OOB estimate for data set having 5% missing 

values using Hypergeometric  

  

  

Method OOB Misclassification rate (5% missing) 

Minority majority 

Conventional RF (w. o. missing)  28.06  0.01  0.97  

In/Out algorithm (w. o. missing)  27.34  0.04  0.70  

Conventional RF (with  missing)  23.65  0.08  0.57  

In/Out algorithm (with missing)  21.17  0.09  0.50  
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Table 5.6: Misclassifications rates and OOB estimate for dataset having 10% missing 

values using Hypergeometric distribution.  

 

Method OOB Misclassification rate (10% missing) 

Minority Majority 

Conventional RF (w. o. missing)  28.06  0.01  0.97  

In/Out algorithm (w. o. missing)  27.34  0.04  0.70  

Conventional RF (with  missing)  24.65  0.02  0.90  

In/Out algorithm (with missing)  24.01  0.05  0.57  

  

Table 5.7: Misclassifications rates and OOB estimate for dataset having 15% missing 

values using Hypergeometric distribution.  

 

Method OOB Misclassification rate (15% missing) 

Minority Majority 

Conventional RF (w. o. missing)  28.06  0.01  0.97  

In/Out algorithm (w. o. missing)  27.34  0.04  0.70  

Conventional RF (with  missing)  25.65  0.09  0.61  

In/Out algorithm (with missing)  26.22  0.07  0.67  

 

 



 

 

69  

  

Table 5.8: Misclassifications rates and OOB estimate for data set having 20% missing 

values using Hypergeomatrice  

  

Method  OOB  Misclassification rate (20% missing)  

Minority   Majority   

Conventional RF (w. o. missing)  28.06  0.01  0.97  

In/Out algorithm (w. o. missing)  27.34  0.04  0.70  

Conventional RF (with  missing)  27.45  0.01  0.95  

In/Out algorithm (with missing)  27.13  0.04  0.82  

  

Table 5.9: Misclassifications rates and OOB estimate for dataset having 5% missing values 

using Exponential distribution.  

 

Method OOB Misclassification rate (5% missing) 

Minority majority 

Conventional RF (w. o. missing)  5.21  0.82  0.006  

In/Out algorithm (w. o. missing)  1.83  0.09  0.009  

Conventional RF (with  missing)  3.01  0.56  0.004  

In/Out algorithm (with missing)  0.64  0.02  0.004  
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Table 5.10: Misclassifications rates and OOB estimate for dataset having 10% missing 

values using Exponential distribution  

 

Method OOB Misclassification rate (10% missing) 

Minority Majority 

Conventional RF (w. o. missing)  5.21  0.82  0.006  

In/Out algorithm (w. o. missing)  1.83  0.09  0.009  

Conventional RF (with  missing)  3.41  0.53                   0.002  

In/Out algorithm (with missing)  0.75  0.01  0.004  

 

 

Table 5.11: Misclassifications rates and OOB estimate for data set having 15% missing 

values using Exponential  

  

Method OOB Misclassification rate (15% missing) 

Minority Majority 

Conventional RF (w. o. missing)  5.21  0.82  0.006  

In/Out algorithm (w. o. missing)  1.83  0.09  0.009  

Conventional RF (with  missing)  4.01  0.60  0.006  

In/Out algorithm (with missing)  1.45  0.06  0.008  
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Table 5.12: Misclassifications rates and OOB estimate for dataset having 20% missing 

values using Exponential distribution.   

 

Method OOB Misclassification rate (20% missing) 

Minority Majority 

Conventional RF (w. o. missing)  5.21  0.82  0.006  

In/Out algorithm (w. o. missing)  1.83  0.09  0.009  

Conventional RF (with  missing)  5.01  0.80  0.008  

In/Out algorithm (with missing)  1.52  0.07  0.005  

  

Table 5.13: Misclassifications rates and OOB estimate for dataset having 5% missing 

values Binomial distribution.  

 

 

 

 

  

Method OOB Misclassification rate (5% missing) 

Minority majority 

Conventional RF (w. o. missing)  14.56  0.96  0  

In/Out algorithm (w. o. missing)  26.98  0.99  0.001  

Conventional RF (with  missing)  12.38  0.80  0  

In/Out algorithm (with missing)  19.73  0.57  0.04  
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Table 5.14: Misclassifications rates and OOB estimate for dataset having 10% missing 

values using Binomial distribution.  

 

 

Method OOB Misclassification rate (10% 

missing) 

Minority Majority 

Conventional RF (w. o. missing)  14.56  0.96  0  

In/Out algorithm (w. o. missing)  26.98  0.99  0.001  

Conventional RF (with  missing)  12.7  0.71  0.006  

In/Out algorithm (with missing)  21.86  0.57  0.06  

 

 

Table 5.15: Misclassifications rates and OOB estimate for dataset having 15% missing 

values using Binomial distribution.   

Method OOB Misclassification rate (15% 

missing) 

Minority Majority 

Conventional RF (w. o. missing)  14.56  0.96  0  

In/Out algorithm (w. o. missing)  26.98  0.99  0.001  

Conventional RF (with  missing)  13.35  0.82  0.007  

In/Out algorithm (with missing)  25.53  0.82  0.03  
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Table 5.16: Misclassifications rates and OOB estimate for dataset having 20% missing 

values using Binomial distribution.  

 

Method OOB Misclassification rate (20% missing) 

Minority Majority 

Conventional RF (w. o. missing)  14.56  0.96  0  

In/Out algorithm (w. o. missing)  26.98  0.99  0.001  

Conventional RF (with  missing)  14.06  0.79  0.003  

In/Out algorithm (with missing)  25.65  0.89  0.02  

  

 

Table 5.17: Misclassifications rates and OOB estimate for dataset having 5% missing 

values using Poisson distribution.  

 

  

Method OOB Misclassification rate (5% missing) 

Minority Majority 

Conventional RF (w. o. missing)  11.79  0.65  0.04  

In/Out algorithm (w. o. missing)  0.35  0.014  0.0007  

Conventional RF (with  missing)  7.68  0.36  0.034  

In/Out algorithm (with missing)  0.14  .01  .0002  
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Table 5.18: Misclassifications rates and OOB estimate for dataset having 10% missing 

values using Poisson distribution.  

 

Method OOB Misclassification rate (10% missing) 

Minority Majority 

Conventional RF (w. o. missing)  11.79  0.65  0.04  

In/Out algorithm (w. o. missing)  0.35  0.014  0.0007  

Conventional RF (with  missing)  9.34  0.47  0.03  

In/Out algorithm (with missing)  0.18  .02  .0005  

  

Table 5.19: Misclassifications rates and OOB estimate for dataset having 15% 

missing values using Poisson distribution.   

Method OOB Misclassification rate (15% missing) 

Minority Majority 

Conventional RF (w. o. missing)  11.79  0.65  0.04  

In/Out algorithm (w. o. missing)  0.35  0.014  0.0007  

Conventional RF (with  missing)  9.68  0.48  0.03  

In/Out algorithm (with missing)  0.02  .03  0.0004  
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Table 5.20: Misclassifications rates and OOB estimate for dataset having 20% missing 

values using Poisson distribution.   

Method OOB Misclassification rate (20% missing) 

Minority Majority 

Conventional RF (w. o. missing)  11.79  0.65  0.04  

In/Out algorithm (w. o. missing)  0.35  0.014  0.0007  

Conventional RF (with  missing)  10.01  0.43  0.042  

In/Out algorithm (with missing)  0.34  0.031  0.0006  
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Figure 5.2: Proposed method for imputation using %missing of hypergeometric dist 

 

 

 

 

 

 

 

 

 

Figure 5.3: Proposed method for imputation using %missing of uniform dist  
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5.4  Discussion on Simulation Results: 

The results of Misclassifications rates and OOB estimate for dataset having 5% 

missing values generated from the Normal distribution using the proposed method of 

imputation .are presented in table 5-1. The first two rows of the table indicate the results of 

data sets having no missing values, while the last two rows indicate the results obtained 

after producing and imputing 5% missing values. The OOB estimate for Conventional RF 

(having no missing value) is 53.51, which is dropped to 35.47 after applying the proposed 

imputation method on missing values data set. Similarly, the OOB estimate for In/Out 

algorithm for data set having no missing value is 47.32, while for data set having 5% 

missing value, the OOB estimate is 28.24 (i.e. less than conventional RF approach). 

On the other hand, the misclassification rate for minority class is also favorable for In/out 

algorithm i.e. the misclassification rates of minority class through conventional RF 

approach on original data set and on missing data set are 67% and 51% respectively, while 

the misclassification rates of minority class through In/Out algorithm on non-missing data 

set and missing data set are 47% and 39% respectively. 

           The results of Misclassifications rates and OOB estimate for data set having 10% 

missing values generated from Normal distribution using the proposed method of 

imputation .are presented in table 5-2 . The first two rows of the table indicates the results 

of data sets having no missing values, while the last two rows indicates the results obtained 

after producing and imputing 10% missing values. The OOB estimate for Conventional RF 

(having no missing value) is 53.51, which is dropped to 38.32 after applying the proposed 

imputation method on missing values data set. Similarly, the OOB estimate for In/Out 
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algorithm for data set having no missing value is 47.32, while for data set having 10% 

missing value, the OOB estimate is 33.38 (i.e. less than conventional RF approach).  

On the other hand, the misclassification rate for minority class is also favorable for In/out 

algorithm i.e. the misclassification rates of minority class through conventional RF 

approach on original data set and on missing data set are 61% and 40% respectively, while 

the misclassification rates of minority class through In/Out algorithm on non-missing data 

set and missing data set are 47% and 40% respectively. 

 The results of Misclassifications rates and OOB estimate for dataset having 15% 

missing values generated from the Normal distribution using the proposed method of 

imputation .are presented in table 5-3. The first two rows of the table indicate the results of 

data sets having no missing values, while the last two rows indicate the results obtained 

after producing and imputing 15% missing values. The OOB estimate for Conventional RF 

(having no missing value) is 53.51, which is dropped to 40.08 after applying the proposed 

imputation method on missing values dataset. Similarly, the OOB estimate for  In/Out 

algorithm for data set having no missing value is 47.32, while for dataset having 15% 

missing value, the OOB estimate is 30.27 (i.e. less than conventional RF approach). 

On the other hand, the misclassification rate for minority class is also favorable for 

In/out algorithm i.e. the misclassification rates of minority class through conventional RF 

approach on original data set and on missing data set are 61% and 46% respectively, while 

the misclassification rates of minority class through In/Out algorithm on non-missing 

dataset and missing data set are 47% and 35% respectively. 

 The results of Misclassifications rates and OOB estimate for dataset having 20% 

missing values generated from the Normal distribution using the proposed method of 
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imputation .are presented in table 5-4. The first two rows of the table indicate the results of 

data sets having no missing values, while the last two rows indicate the results obtained 

after producing and imputing 20% missing values. The OOB estimate for Conventional RF 

(having no missing value) is 53.51, which is dropped to 43.09 after applying the proposed 

imputation method on missing values dataset. Similarly, the OOB estimate for In/Out 

algorithm for data set having no missing value is 47.32, while for dataset having 20% 

missing value, the OOB estimate is 43.56 (i.e. less than conventional RF approach). 

On the other hand, the misclassification rate for minority class is also favorable for In/out 

algorithm i.e. the misclassification rates of minority class through conventional RF 

approach on original data set and on missing data set are 61% and 58% respectively, while 

the misclassification rates of minority class through In/Out algorithm on non-missing 

dataset and missing data set are 47% and 43% respectively. 

. The results of Misclassifications rates and OOB estimate for dataset having 5% 

missing values generated from the Hypergeometric distribution using the proposed method 

of imputation .are presented in table 5-5. The first two rows of the table indicate the results 

of data sets having no missing values, while the last two rows indicate the results obtained 

after producing and imputing 5% missing values. The OOB estimate for Conventional RF 

(having no missing value) is 28.06, which is dropped to 23.65 after applying the proposed 

imputation method on missing values dataset. Similarly, the OOB estimate for In/Out 

algorithm for data set having no missing value is 27.34, while for dataset having 5% 

missing value, the OOB estimate is 21.17 (i.e. less than conventional RF approach). 

On the other hand, the misclassification rate for minority class is not favorable for In/out 

algorithm i.e. the misclassification rates of minority class through conventional RF 
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approach on original data set and on missing data set are 1% and 8% respectively, while 

the misclassification rates of minority class through In/Out algorithm on non-missing 

dataset and missing data set are 4% and 9% respectively. 

The results of Misclassifications rates and OOB estimate for dataset having 10% 

missing values generated from the Hypergeometric distribution using the proposed method 

of imputation .are presented in table 5-6.The first two rows of the table indicate the results 

of data sets having no missing values, while the last two rows indicate the results obtained 

after producing and imputing 10% missing values. The OOB estimate for Conventional RF 

(having no missing value) is 28.06, which is dropped to 24.65 after applying the proposed 

imputation method on missing values dataset. Similarly, the OOB estimate for In/Out 

algorithm for data set having no missing value is 27.34, while for dataset having 10% 

missing value, the OOB estimate is 24.01 (i.e. less than conventional RF approach). 

On the other hand, the misclassification rate for minority class is not favorable for In/out 

algorithm i.e. the misclassification rates of minority class through conventional RF 

approach on original data set and on missing data set are 1% and 2% respectively, while 

the misclassification rates of minority class through In/Out algorithm on non-missing 

dataset and missing data set are 4% and 5% respectively. 

 The results of Misclassifications rates and OOB estimate for dataset having 15% 

missing values generated from the Hypergeometric distribution using the proposed method 

of imputation .are presented in table 5-7. The first two rows of the table indicate the results 

of data sets having no missing values, while the last two rows indicate the results obtained 

after producing and imputing 15% missing values. The OOB estimate for Conventional RF 

(having no missing value) is 28.06, which is dropped to 25.65 after applying the proposed 
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imputation method on missing values dataset. Similarly, the OOB estimate for In/Out 

algorithm for data set having no missing value is 27.34, while for dataset having 15% 

missing value, the OOB estimate is 26.22 (i.e. less than conventional RF approach). 

On the other hand, the misclassification rate for minority class is not favorable for In/out 

algorithm i.e. the misclassification rates of minority class through conventional RF 

approach on original data set and on missing data set are 1% and 9% respectively, while 

the misclassification rates of minority class through In/Out algorithm on non-missing 

dataset and missing data set are 4% and 7% respectively. 

The results of Misclassifications rates and OOB estimate for dataset having 20% 

missing values generated from the Hypergeometric distribution using the proposed method 

of imputation .are presented in table 5-8. The first two rows of the table indicate the results 

of data sets having no missing values, while the last two rows indicate the results obtained 

after producing and imputing 20% missing values. The OOB estimate for Conventional RF 

(having no missing value) is 28.06, which is dropped to 27.45 after applying the proposed 

imputation method on missing values dataset. Similarly, the OOB estimate for In/Out 

algorithm for data set having no missing value is 27.34, while for dataset having 20% 

missing value, the OOB estimate is 27.13 (i.e. less than conventional RF approach). 

On the other hand, the misclassification rate for minority class is also favorable for In/out 

algorithm i.e. the misclassification rates of minority class through conventional RF 

approach on original data set and on missing data set are 1% and 1% respectively, while 

the misclassification rates of minority class through In/Out algorithm on non-missing 

dataset and missing data set are 4% and 4% respectively. 
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The results of Misclassifications rates and OOB estimate for dataset having 5% 

missing values generated from the Exponential distribution using the proposed method of 

imputation .are presented in table 5-9. The first two rows of the table indicate the results of 

data sets having no missing values, while the last two rows indicate the results obtained 

after producing and imputing 5% missing values. The OOB estimate for Conventional RF 

(having no missing value) is 5.21, which is dropped to 3.01 after applying the proposed 

imputation method on missing values dataset. Similarly, the OOB estimate for In/Out 

algorithm for data set having no missing value is 1.83, while for dataset having 5% missing 

value, the OOB estimate is 0.64 (i.e. less than conventional RF approach). 

On the other hand, the misclassification rate for minority class is also favorable for 

In/out algorithm i.e. the misclassification rates of minority class through conventional RF 

approach on original data set and on missing data set are 82% and 56% respectively, while 

the misclassification rates of minority class through In/Out algorithm on non-missing 

dataset and missing data set are 9% and 2% respectively. 

 The results of Misclassifications rates and OOB estimate for dataset having 10% 

missing values generated from the Exponential distribution using the proposed method of 

imputation .are presented in table 5-10. The first two rows of the table indicate the results 

of data sets having no missing values, while the last two rows indicate the results obtained 

after producing and imputing 10% missing values. The OOB estimate for Conventional RF 

(having no missing value) is 5.21, which is dropped to 3.41 after applying the proposed 

imputation method on missing values dataset. Similarly, the OOB estimate for In/Out 

algorithm for data set having no missing value is 1.83, while for dataset having 10% 

missing value, the OOB estimate is 0.75 (i.e. less than conventional RF approach).   
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On the other hand, the misclassification rate for minority class is also favorable for In/out 

algorithm i.e. the misclassification rates of minority class through conventional RF 

approach on original data set and on missing data set are 82% and 53% respectively, while 

the misclassification rates of minority class through In/Out algorithm on non-missing 

dataset and missing data set are 9% and 1% respectively. 

 The results of Misclassifications rates and OOB estimate for dataset having 15% 

missing values generated from the Exponential distribution using the proposed method of 

imputation .are presented in table 5-11. The first two rows of the table indicate the results 

of data sets having no missing values, while the last two rows indicate the results obtained 

after producing and imputing 15% missing values. The OOB estimate for Conventional RF 

(having no missing value) is 5.21, which is dropped to 4.01 after applying the proposed 

imputation method on missing values dataset. Similarly, the OOB estimate for In/Out 

algorithm for data set having no missing value is 1.83, while for dataset having 15% 

missing value, the OOB estimate is 1.45 (i.e. less than conventional RF approach).   

On the other hand, the misclassification rate for minority class is also favorable for In/out 

algorithm i.e. the misclassification rates of minority class through conventional RF 

approach on original data set and on missing data set are 82% and 60% respectively, while 

the misclassification rates of minority class through In/Out algorithm on non-missing 

dataset and missing data set are 9% and 6% respectively. 

 The results of Misclassifications rates and OOB estimate for dataset having 20% 

missing values generated from the Exponential distribution using the proposed method of 

imputation .are presented in table 5-12. The first two rows of the table indicate the results 

of data sets having no missing values, while the last two rows indicate the results obtained 
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after producing and imputing 20% missing values. The OOB estimate for Conventional RF 

(having no missing value) is 5.21, which is dropped to 5.01 after applying the proposed 

imputation method on missing values dataset. Similarly, the OOB estimate for In/Out 

algorithm for data set having no missing value is 1.83, while for dataset having 20% 

missing value, the OOB estimate is 1.52 (i.e. less than conventional RF approach). 

On the other hand, the misclassification rate for minority class is also favorable for 

In/out algorithm i.e. the misclassification rates of minority class through conventional RF 

approach on original data set and on missing data set are 82% and 80% respectively, while 

the misclassification rates of minority class through In/Out algorithm on non-missing 

dataset and missing data set are 9% and 7% respectively. All these discussions are 

summarized and depicted in Figures 5.2 and 5.3. 
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 Chapter 6  

Application of the proposed method on a real dataset 

To concentrate on the application of the proposed algorithms (in case of missing values), 

the five  data set  Haber man's Survival Data Set, Contraceptive 

Method Choice (CMC)” Balance, Single Proton Emission Computed Tomography 

(SPECT) “SPECTF” Heart  Data  Set were  downloaded  from  UCI Machine 

Learning Repository website (http://archive.ics.uci.edu/ml/datasets.html). The four 

approaches are applied to the mentioned data set. These are:   

(a) Conventional Random Forest (without missing)  

In this approach, we have utilized the Random Forest technique on the original data 

set (i.e. having no missing value) and results are obtained.  

(b) In/Out algorithm (without missing)  

In this approach, In/out algorithm is utilized using the original data set.  

(c) Conventional Random Forest (with missing)  

In this approach, first a specific percentage of missing values are produced and 

imputation method is applied to impute the missing values.  

Then the conventional Random Forest is applied to get the results.  

  

http://archive.ics.uci.edu/ml/datasets.html
http://archive.ics.uci.edu/ml/datasets.html
http://archive.ics.uci.edu/ml/datasets.html
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(d) In/Out algorithm (with missing)  

Similar to approach mentioned in (c), first a specific percentage of missing values 

are produced and imputation method is applied to impute the missing values. Then 

the In/out algorithm is applied to get the results.  

6.1 Haber man’s Survival Data Set  

6.1.1. Data Description  

This dataset relates to a study conducted between 1958 and 1970 at the University 

of Chicago's Billings Hospital on the survival of patients who had undergone surgery for 

breast cancer Haber man (Lichman, 2013). Total numbers of instances/cases were 306 

having 225 majority cases and 81 minority cases.  There were total 4 variables, whose 

detail is as under:  

S#  Variables        Description of categories  

1. Age of patient at a time of operation numerical type  

2. Patient's year of operation      year in two digits, numerical type  

3. Number of positive auxiliary nodes   numerical type  

4. Survival status         1 = the patient survived 5 years or longer  

2 = the patient died within 5 year  

6.2 Contraceptive Method Choice (CMC) Data Set  

6.2.1. Data Description  

This dataset is a subset of the 1987 National Indonesia Contraceptive Prevalence 

Survey (Lim, Loh& Shih 1999) (Lichman, 2013).  The respondent of the survey were 
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married women, who were either not pregnant or do not know if they were pregnant at the 

time of interview. The objective was to predict the current contraceptive method choice 

(No use, Long-term methods, or Short-term methods) of a woman based on her 

demographic and socio-economic characteristics. 

The total numbers of instances were 1473 having 1140 majority cases and 333 

minority cases.  There were total 10 variables, whose detail is as under:  

S#  Variables        Description of categories  

1. Wife's age        numerical type  

2. Wife's education       1=low,    2,     3  and    4=high  

3. Husband's education           1=low,    2,     3  and    4=high  

4. Number of children ever born  numerical type  

5. Wife's religion      0=Non-Islam and 1=Islam  

6. Wife's now working?      0=Yes   and 1=No  

7. Husband's occupation     1, 2, 3  and 4  

8. Standard-of-living index     1=low,   2,   3   and    4=high  

9. Media exposure      0=Good and 1=Not good  

10. The contraceptive method used    1=No-use ,  2=Long-term, 3=Short-term  
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6.3. Balance Data Set  

6.3.1. Data Description  

This dataset was first used to model psychological experimental results (Klahr&Seiglar 

1978)(Lichman, 2013). Each example/unit was classified into one of the three classes 

according to balance scale tip: Tip to the Right (R), tip to the Left (L), or be Balanced (B). 

Total numbers of instances/cases were 625 having 576 majority cases (L & R) and 49 

minority cases (B). There were five categorical type variables in this data set, whose detail 

is mentioned below. 

S#  Variables    No. of Categories  Description of categories  

1. Class Name                  3     L, B, and R  

2. Left-Weight                  5     1, 2, 3, 4 and 5  

3. Left-Distance      5     1, 2, 3, 4 and 5  

4. Right-Weight      5     1, 2, 3, 4 and 5  

5. Right-Distance     5    1, 2, 3, 4 and 5    

6.4. “Single Proton Emission Computed Tomography (SPECT)”Data 

Set  

6.4.1. Data Description  

The dataset relates to diagnosing of cardiac Single Proton Emission Computed 

Tomography (SPECT) images (Kurgan &Cios 2001)(Lichman, 2013).  Each of the patients 
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was classified into two categories: Normal and Abnormal. The total numbers of instances 

were 267 having 212 majority cases and 55 minority cases.  There were total 23 binary 

attributes, whose detail is as under: 

S#  Variables    Description of categories  

1.   Overall diagnosis:   (class attribute, binary type)  0  and 1  

2-23.  F1, F2,…,F22:   (binary type, indicating a partial diagnosis)   0  and 1  

6.5. “SPECTF” Heart Data Set  

6.5.1. Data Description  

The dataset also relates to diagnosing of cardiac Single Proton Emission Computed 

Tomography (SPECT) images. “SPECTF” was a numeric version of “SPECT” diagnosis 

task(Lichman, 2013). Each of the patients was classified into two categories: Normal and 

Abnormal. The total numbers of instances were 267 having 212 majority cases and 55 

minority cases.  There were total 45 variables, whose detail is as under:  

Variable 1: Overall diagnosis: (class attribute, binary type)   0 and 1  

The other attributes were denoted by F1R,  F1S, F2R, F2S,…,F22R, F22S.,  where F1R 

represented count in ROI (Region Of Interest) 1 in rest, while F1S represent count in ROI 

1 in stress. All these 44 variables were of the continuous type. 
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Table 6.1: Misclassifications rates and OOB estimate for data set having 5% missing 

values using Haber man's data set. 

Method  OOB  Misclassification rate (05% missing)  

Died  Survived  

Conventional RF (w. o. missing)  32.03%  0.68  0.74  

In/Out algorithm (w. o. missing)  16.03%  0.25  0.03  

Conventional RF (with  missing)  17.65%  0.09  0.39  

In/Out algorithm (with missing)  15.1%  0.15  0.14  

  

Table 6.2: Misclassifications rates and OOB estimate for dataset having 10% missing 

values using Haber man's data set. 

Method  OOB  Misclassification rate (10% missing)  

Died  Survived  

Conventional RF (w. o. missing)  32.03  0.68  0.74  

In/Out algorithm (w. o. missing)  16.03  0.25  0.03  

Conventional RF (with  missing)  16.01  0.08  0.36  

In/Out algorithm (with missing)  15.907  0.18  0.12  
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Table 6.3: Misclassifications rates and OOB estimate for dataset having 15% missing 

values using Haber man's data set. 

  Method  OOB  Misclassification rate (15% missing)  

Died  Survived  

Conventional RF (w. o. missing)  32.03  0.68  0.74.  

In/Out algorithm (w. o. missing)  16.03  0.25  0.03  

Conventional RF (with  missing)  18.63  0.09  0.42  

In/Out algorithm (with missing)  16.25  0.15  0.17  

  

Table 6.4: Misclassifications rates and OOB estimate for dataset having 20% missing 

values using Haber man's data set. 

Method  OOB  Misclassification rate (20% missing)  

Died  Survived  

Conventional RF (w. o. missing)  32.03  0.68  0.74  

In/Out algorithm (w. o. missing)  16.03  0.25  0.03  

Conventional RF (with  missing)  20.26  0.102  0.48  

In/Out algorithm (with missing)  16.83  .18  0.14  
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Table 6.5: Misclassifications rates and OOB estimate for dataset having 5% missing values 

using Contraceptive Method Choice data set. 

Method  OOB  Misclassification rate (05% missing)  

Long term  No-use  Short term  

Conventional RF (w. o. missing)  44.81  0.61  0.36  0.44  

In/Out algorithm (w. o. missing)  36.22  0.10  0.44  0.60  

Conventional RF (with  missing)  32.18%  0.48  0.22  0.33  

In/Out algorithm (with missing)  26.78  0.16  0.28  0.38  

 

Table 6.6: Misclassifications rates and OOB estimate for dataset having 10% missing 

values using Contraceptive Method Choice data set. 

Method  OOB  Misclassification rate (10% missing)  

Long term  No-use  Short term  

Conventional RF (w. o. missing)  44.81  0.61  0.36  .44  

In/Out algorithm (w. o. missing)  36.21  0.09  0.44  .60  

Conventional RF (with  missing)  34.15  0.49  0.24  0.34  

In/Out algorithm (with missing)  28.37  0.15  0.30  0.43  
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Table 6.7: Misclassifications rates and OOB estimate for dataset having 15% missing 

values using Contraceptive Method Choice data set. 

Method  OOB  Misclassification rate (15% missing)  

Long term  No-use  Short term  

Conventional RF (w. o. missing)  44.81  0.61  0.36  .44  

In/Out algorithm (w. o. missing)  36.21  0.09  0.44  .60  

Conventional RF (with  missing)  34.56  0.47  0.25  0.36  

In/Out algorithm (with missing)  29.44  0.18  0.30  .43  

 

Table 6.8: Misclassifications rates and OOB estimate for dataset having 20% missing 

values using Contraceptive Method Choice data set. 

Method  OOB  Misclassification rate (20% missing)  

Long term  No-use  Short term  

Conventional RF (w. o. missing)  44.81  0.61  0.36  0.44  

In/Out algorithm (w. o. missing)  36.21  0.09  0.44  0.60  

Conventional RF (with  missing)  35.71  0.49  0.26  0.37  

In/Out algorithm (with missing)  29.35  0.19  0.28  0.42  
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Table 6.9: Misclassifications rates and OOB estimate for dataset having 5% missing values 

using Balance data set. 

Method  OOB  Misclassification rate (05% missing)  

B  L  R  

Conventional RF (w. o. missing)  15.84  100 7.6 9.7 

In/Out algorithm (w. o. missing)  11.25  3 12.5 12.7 

Conventional RF (with  missing)    9.6  58 5.2 4.8 

In/Out algorithm (with missing)  8.58  23.4 7.5 4 

  

Table 6.10: Misclassifications rates and OOB estimate for dataset having 10% missing 

values using Balance data set. 

Method  OOB  Misclassification rate (10% missing)  

B  L  R  

Conventional RF (w. o. missing)  15.84  100  7.6  9.7  

In/Out algorithm (w. o. missing)  11.25  3  12.5  12.7  

Conventional RF (with  missing)  10.08         74        2.7         6  

In/Out algorithm (with missing)  9.95        25.4        8.6      5.7  
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Table 6.11: Misclassifications rates and OOB estimate for dataset having 15% missing 

values using Balance data set. 

Method  OOB  Misclassification rate (15% missing)  

B  L  R  

Conventional RF (w. o. missing)  15.84  100  7.6  9.7  

In/Out algorithm (w. o. missing)  11.25  3  12.5  12.7  

Conventional RF (with  missing)  11.2       69.2         4       7.2  

In/Out algorithm (with missing)  10.06  25.4  6.6  7.6  

  

Table 6.12: Misclassifications rates and OOB estimate for dataset having 20% missing 

values using Balance data set. 

 

Method  OOB  Misclassification rate (20% missing)  

B  L  R  

Conventional RF (w. o. missing)  15.84  100  7.6  9.7  

In/Out algorithm (w. o. missing)  11.25  3  12.5  12.7  

Conventional RF (with  missing)  11.36  76.4  6.1  5.0  

In/Out algorithm (with missing)  10.71  30.6  7.6  6.4  
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Table 6.13: Misclassifications rates and OOB estimate for dataset having 5% missing 

values using SPECT data set. 

Method  OOB  Misclassification rate (05% missing)  

Normal  Abnormal  

Conventional RF (w. o. missing)  8.02  1  0  

In/Out algorithm (w. o. missing)  10.02  0.47  0.03  

Conventional RF (with  missing)  4.81  0.42  0.01  

In/Out algorithm (with missing)  6.73  0.32  0.02  

  

Table 6.14: Misclassifications rates and OOB estimate for dataset having 10% missing 

values using SPECT data set. 

 

Method OOB Misclassification rate (10% missing) 

Normal Abnormal 

Conventional RF (w. o. missing)  8.02  1  0  

In/Out algorithm (w. o. missing)  10.02  0.47  0.03  

Conventional RF (with  missing)  4.81  0.50  0.01  

In/Out algorithm (with missing)  6.86  0.40  .017  
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Table 6.15: Misclassifications rates and OOB estimate for dataset having 15% missing 

values using SPECT data set. 

 

Method  OOB  Misclassification rate (15% missing)  

Normal  Abnormal  

Conventional RF (w. o. missing)  8.02  1  0  

In/Out algorithm (w. o. missing)  10.02  0.47  0.03  

Conventional RF (with  missing)  4.28  1  0  

In/Out algorithm (with missing)  7.89  0.44  0.01  

 

Table 6.16: Misclassifications rates and OOB estimate for dataset having 20% missing 

values using SPECT data set. 

 

Method  OOB  Misclassification rate (20% missing)  

Normal  Abnormal  

Conventional RF (w. o. missing)  8.02  1  0  

In/Out algorithm (w. o. missing)  10.02  0.47  0.03  

Conventional RF (with  missing)  5.35  0.57  0.01  

In/Out algorithm (with missing)  8.44  0.44  .02  
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Table 6.17: Misclassifications rates and OOB estimate for dataset having 5% missing 

values using "SPECTF"  Heart data set. 

 

Method  OOB  Misclassification rate (5% missing)  

Normal  Abnormal  

Conventional RF (w. o. missing)  8.02  1  0  

In/Out algorithm (w. o. missing)  0.08  0.005  8.65  

Conventional RF (with  missing)  5.35  1  0  

In/Out algorithm (with missing)  0.13  0.008  .0001  

.  

Table 6.18: Misclassifications rates and OOB estimate for dataset having 10% missing 

values using "SPECTF" Heart data set. 

 

Method  OOB  Misclassification rate (10% missing)  

Normal  Abnormal  

Conventional RF (w. o. missing)  8.02  1  0  

In/Out algorithm (w. o. missing)  0.08  0.005  8.65  

Conventional RF (with  missing)  5.88  1  0  

In/Out algorithm (with missing)  0.209  .012  0.0004  
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Table 6.19: Misclassifications rates and OOB estimate for dataset having 15% missing 

values using "SPECTF" Heart data set. 

Method  OOB  Misclassification rate (15% missing)  

Normal  Abnormal  

Conventional RF (w. o. missing)  8.02  1  0  

In/Out algorithm (w. o. missing)  0.08  0.005  8.65  

Conventional RF (with  missing)  6.42  1  0  

In/Out algorithm (with missing)  0.38  0.026  2.87  

  

Table 6.20: Misclassifications rates and OOB estimate for dataset having 20% missing 

values using "SPECTF" Heart data set. 

Method  OOB  Misclassification rate (20% missing)  

Normal  Abnormal  

Conventional RF (w. o. missing)  8.02  1  0  

In/Out algorithm (w. o. missing)  0.08  0.005  8.65  

Conventional RF (with  missing)  6.95  1  0  

In/Out algorithm (with missing)  1.02  0.07  0.0004  
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Figure 6.1: Proposed method for imputation using 5% missing of CMC data set. 

  

Figure 6.2: Proposed method for imputation using 10% missing of CMC data set. 
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Figure 6.3: Proposed method for imputation using 15% of CMC data set. 

 

 

 

 

 

 

 

 

Figure 6.4: Proposed method for imputation using 20% missing of CMC data. 
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6.6. DISCUSSIONS ON RESULTS   

The results of Misclassifications rates and OOB estimate for data set having 5% 

missing values using Haber man's data set are presented in table 6.1. The first two rows 

of the table indicate the results of data sets having no missing values, while the last two 

rows indicate the results obtained after producing and imputing 5% missing values. The 

OOB estimate for Conventional RF (having no missing value) is 32.03, which is dropped 

to 17.65 after applying the proposed imputation method on missing values data set. 

Similarly, the OOB estimate for In/Out algorithm for data set having no missing value is 

16.03, while for data set having 5% missing value, the OOB estimate is 15.13 (i.e. less 

than conventional RF approach). 

On the other hand, the misclassification rate for minority class (i.e. Died) are also 

favorable for In/out algorithm i.e. the misclassification rates of minority class through 

conventional RF approach on original data set and on missing data set are 68% and 9% 

respectively, while the misclassification rates of minority class through In/Out algorithm 

on non-missing dataset and missing data set are 25% and 15% respectively. 

The results of Misclassifications rates and OOB estimate for dataset having 10% 

missing values using Haber man's data set are presented in table 6.2.The first two rows of 

the table indicate the results of data sets having no missing values, while the last two rows 

indicate the results obtained after producing and imputing 10% missing values. The OOB 

estimate for 

Conventional RF (having no missing value) is 32.03, which is dropped to 16.01 

after applying the proposed imputation method on missing values dataset. Similarly, the 

OOB estimate for In/Out algorithm for data set having no missing value is 16.03 , while 
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for dataset having 10% missing value, the OOB estimate is 15.907 (i.e. less than 

conventional RF approach). 

On the other hand, the misclassification rate for minority class (i.e. Died) are also 

favorable for In/out algorithm i.e. the misclassification rates of minority class through 

conventional RF approach on original data set and on missing data set are 68% and 8% 

respectively, while the misclassification rates of minority class through In/Out algorithm 

on non-missing dataset and missing data set are 25% and 18% respectively. 

 The results of Misclassifications rates and OOB estimate for dataset having 15% 

missing values using Haber man's data set are presented in table 6.3. The first two rows 

of the table indicate the results of data sets having no missing values, while the last two 

rows indicate the results obtained after producing and imputing 15% missing values. The 

OOB estimate for Conventional RF (having no missing value) is 32.03, which is dropped 

to 18.63 after applying the proposed imputation method on missing values dataset. 

Similarly, the OOB estimate for In/Out algorithm for data set having no missing value is 

16.03, while for dataset having 15% missing value, the OOB estimate is 16.251 (i.e. less 

than conventional RF approach).  

On the other hand, the misclassification rate for minority class (i.e. Died) are also 

favorable for In/out algorithm i.e. the misclassification rates of minority class through 

conventional RF approach on original data set and on missing data set are 68% and 9% 

respectively, while the misclassification rates of minority class through In/Out algorithm 

on non-missing dataset and missing data set are 25% and 15% respectively. 

The results of Misclassifications rates and OOB estimate for dataset having 20% 

missing values using Haber man's data set are presented in table 6.4. The first two rows 
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of the table indicate the results of data sets having no missing values, while the last two 

rows indicate the results obtained after producing and imputing 20% missing values. The 

OOB estimate for Conventional RF (having no missing value) is 32.03, which is dropped 

to 20.26 after applying the proposed imputation method on missing values dataset. 

Similarly, the  OOB estimate for In/Out algorithm for data set having no missing value is 

16.03, while for dataset having 20% missing value, the OOB estimate is 16.83 (i.e. less 

than conventional RF approach). 

On the other hand, the misclassification rate for minority class (i.e. Died) are also 

favorable for In/out algorithm i.e. the misclassification rates of minority class through 

conventional RF approach on original data set and on missing data set are 68% and 10% 

respectively, while the misclassification rates of minority class through In/Out algorithm 

on non-missing dataset and missing data set are 25% and 18% respectively.  

The results of Misclassifications rates and OOB estimate for data having 5% 

missing values using Contraceptive Method Choice (CMC) data set are presented in table 

6.5. The first two rows of the table indicate the results of data sets having no missing 

values, while the last two rows indicate the results obtained after producing and imputing 

5% missing values. The OOB estimate for Conventional RF (having no missing value) is 

44.81, which is dropped to 32.18 after applying the proposed imputation method on 

missing values dataset. Similarly, the OOB estimate for In/Out algorithm for data set 

having no missing value is 36.22, while for dataset having 5% missing value, the OOB 

estimate is 26.78 (i.e. less than conventional RF approach).  
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On the other hand, the misclassification rate for minority class (i.e. Long-term) are 

also favorable for In/out algorithm i.e. the misclassification rates of minority class through 

conventional RF approach on original data set and on missing data set are 61% and 48% 

respectively, while the misclassification rates of minority class through In/Out algorithm 

on non-missing dataset and missing data set are 10% and 16% respectively. 

The results of Misclassifications rates and OOB estimate for dataset having 10% 

missing values using Contraceptive Method Choice (CMC) data set are presented in table 

6.6. The first two rows of the table indicate the results of data sets having no missing 

values, while the last two rows indicate the results obtained after producing and imputing 

10% missing values. The OOB estimate for Conventional RF (having no missing value) 

is 44.81, which is dropped to 34.15 after applying the proposed imputation method on 

missing values dataset. Similarly, the OOB estimate for In/Out algorithm for data set 

having no missing value is 36.219, while for dataset having 10% missing value, the OOB 

estimate is 28.37 (i.e. less than conventional RF approach). 

On the other hand, the misclassification rate for minority class (i.e. Longterm) are 

also favorable for In/out algorithm i.e. the misclassification rates of minority class through 

conventional RF approach on original data set and on missing data set are 67% and 49% 

respectively, while the misclassification rates of minority class through In/Out algorithm 

on non-missing dataset and missing data set are 9% and 15% respectively. 

The results of Misclassifications rates and OOB estimate for dataset having 15% 

missing values using Contraceptive Method Choice (CMC) data set are presented in table 

6.7. The first two rows of the table indicate the results of data sets having no missing 

values, while the last two rows indicate the results obtained after producing and imputing 
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15% missing values. The OOB estimate for Conventional RF (having no missing value) 

is 44.81, which is dropped to 34.56 after applying the proposed imputation method on 

missing values dataset. Similarly, the OOB estimate for In/Out algorithm for data set 

having no missing value is 36.21, while for dataset having 15% missing value, the OOB 

estimate is 34.56 (i.e. less than conventional RF approach). 

On the other hand, the misclassification rate for minority class (i.e. longterm) is 

also favorable for In/out algorithm i.e. the misclassification rates of minority class through 

conventional RF approach on original data set and on missing data set are 61% and 47% 

respectively, while the misclassification rates of minority class through In/Out algorithm 

on non-missing dataset and missing data set are 9% and 18% respectively. 

The results of Misclassifications rates and OOB estimate for dataset having 20% 

missing values using Contraceptive Method Choice (CMC) data set are presented in table 

6.8. The first two rows of the table indicate the results of data sets having no missing 

values, while the last two rows indicate the results obtained after producing and imputing 

20% missing values. The OOB estimate for Conventional RF (having no missing value) 

is 44.81, which is dropped to 35.71 after applying the proposed imputation method on 

missing values dataset. 

Similarly, the OOB estimate for In/Out algorithm for data set having no missing 

value is 36.21919, while for dataset having 20% missing value, the OOB estimate is 29.35 

(i.e. less than conventional RF approach). 

On the other hand, the misclassification rate for minority class (i.e. longterm) is 

also favorable for In/out algorithm i.e. the misclassification rates of minority class through 

conventional RF approach on original data set and on missing data set are 61% and 49% 
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respectively, while the misclassification rates of minority class through In/Out algorithm 

on non-missing dataset and missing data set are 9% and 19% respectively.   

The results of Misclassifications rates and OOB estimate for dataset having 5% 

missing values using Balance data set are presented in table 6.9. The first two rows of the 

table indicate the results of data sets having no missing values, while the last two rows 

indicate the results obtained after producing and imputing 5% missing values. The OOB 

estimate for Conventional RF (having no missing value) is 15.84, which is dropped to 9.6 

after applying the proposed imputation method on missing values dataset. Similarly, the 

OOB estimate for In/Out algorithm for data set having no missing value is 11.25, while 

for data). 

 On the other hand, the misclassification rate for minority class (i.e. B) is also 

favorable for In/out algorithm i.e. the misclassification rates of minority class through 

conventional RF approach on original data set and on missing data set are 100% and 58% 

respectively, while the misclassification rates of minority class through In/Out algorithm 

on non-missing dataset and missing data set are 3% and 23% respectively. 

The results of Misclassifications rates and OOB estimate for dataset having 10% 

missing values using Balance data set are presented in table 6.10. The first two rows of 

the table indicate the results of data sets having no missing values, while the last two rows 

indicate the results obtained after producing and imputing 10% missing values. The OOB 

estimate for Conventional RF (having no missing value) is 15.84, which is dropped to 

10.08 after applying the proposed imputation method on missing values dataset. Similarly, 

the OOB estimate for In/Out algorithm for data set having no missing value is 11.25, while 
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for dataset having 10% missing value, the OOB estimate is 9.95 (i.e. less than 

conventional RF approach). 

On the other hand, the misclassification rate for minority class (i.e. B) is also 

favorable for In/out algorithm i.e. the misclassification rates of minority class through 

conventional RF approach on original data set and on missing data set are 100% and 74% 

respectively, while the misclassification rates of minority class through In/Out algorithm 

on non-missing dataset and missing data set are 3% and 25% respectively. 

The results of Misclassifications rates and OOB estimate for dataset having 15% 

missing values using Balance data set are presented in table 6.11. The first two rows of 

the table indicate the results of data sets having no missing values, while the last two rows 

indicate the results obtained after producing and imputing 15% missing values. The OOB 

estimate for Conventional RF (having no missing value) is 15.84, which is dropped to 

11.2 after applying the proposed imputation method on missing values dataset. Similarly, 

the OOB estimate for In/Out algorithm for data set having no missing value is 11.25, while 

for dataset having 15% missing value, the OOB estimate is 10.06 (i.e. less than 

conventional RF approach). 

On the other hand, the misclassification rate for minority class (i.e. B) is also 

favorable for In/out algorithm i.e. the misclassification rates of minority class through 

conventional RF approach on original data set and on missing data set are 100% and 69% 

respectively, while the misclassification rates of minority class through In/Out algorithm 

on non-missing dataset and missing data set are 3% and 25% respectively. 

The results of Misclassifications rates and OOB estimate for dataset having 20% 

missing values using Balance data set are presented in table 6.12. The first two rows of 
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the table indicate the results of data sets having no missing values, while the last two rows 

indicate the results obtained after producing and imputing 20% missing values. The OOB 

estimate for Conventional RF (having no missing value) is 15.84, which is dropped to 

11.36 after applying the proposed imputation method on missing values dataset. Similarly, 

the OOB estimate for In/Out algorithm for data set having no missing value is 11.25, while 

for dataset having 20% missing value, the OOB estimate is 10.71 (i.e. less than 

conventional RF approach). 

On the other hand, the misclassification rate for minority class (i.e. B) is also 

favorable for In/out algorithm i.e. the misclassification rates of minority class through 

conventional RF approach on original data set and on missing data set are 100% and 76% 

respectively, while the misclassification rates of minority class through In/Out algorithm 

on non-missing dataset and missing data set are 3% and 30% respectively. 

The results of Misclassifications rates and OOB estimate for dataset having 5% 

missing values using Single Proton Emission Computed Tomography (SPECT) data set 

are presented in table 6.13. The first two rows of the table indicate the results of data sets 

having no missing values, while the last two rows indicate the results obtained after 

producing and imputing 5% missing values. The OOB estimate for Conventional RF 

(having no missing value) is 8.02, which is dropped to 4.81 after applying the proposed 

imputation method on missing values dataset. Similarly, the OOB estimate for In/Out 

algorithm for data set having no missing value is 10.02, while for dataset having 5% 

missing value, the OOB estimate is 6.73 (i.e. less than conventional RF approach).  
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On the other hand, the misclassification rate for minority class (i.e. Normal) are 

also favorable for In/out algorithm i.e. the misclassification rates of minority class through 

conventional RF approach on original data set and on missing data set are 100% and 42% 

respectively, while the misclassification rates of minority class through In/Out algorithm 

on non-missing dataset and missing data set are 47% and 32% respectively. 

The results of Misclassifications rates and OOB estimate for dataset having 10% 

missing values using Single Proton Emission Computed Tomography (SPECT) data set 

are presented in table 6.14. The first two rows of the table indicate the results of data sets 

having no missing values, while the last two rows indicate the results obtained after 

producing and imputing 10% missing values. The OOB estimate for Conventional RF 

(having no missing value) is 8.02, which is dropped to 4.81 after applying the proposed 

imputation method on missing values dataset. Similarly, the OOB estimate for In/Out 

algorithm for data set having no missing value is 10.02, while for dataset having 10% 

missing value, the OOB estimate is 6.86 (i.e. less than conventional RF approach). 

On the other hand, the misclassification rate for minority class (i.e. Normal) are 

also favorable for In/out algorithm i.e. the misclassification rates of minority class through 

conventional RF approach on original data set and on missing data set are 100% and 50% 

respectively, while the misclassification rates of minority class through In/Out algorithm 

on non-missing dataset and missing data set are 47% and 40% respectively. 

The results of Misclassifications rates and OOB estimate for dataset having 15% 

missing values using Single Proton Emission Computed Tomography (SPECT) data set are 

presented in table 6.15. The first two rows of the table indicate the results of data sets 

having no missing values, while the last two rows indicate the results obtained after 
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producing and imputing 15% missing values. The OOB estimate for Conventional RF 

(having no missing value) is 8.02, which is dropped to 4.28 after applying the proposed 

imputation method on missing values dataset. Similarly, the OOB estimate for In/Out 

algorithm for data set having no missing value is 10.02, while for dataset having 15% 

missing value, the OOB estimate is 7.89 (i.e. less than conventional RF approach).  

On the other hand, the misclassification rate for minority class (i.e. Normal) are 

also favorable for In/out algorithm i.e. the misclassification rates of minority class through 

conventional RF approach on original data set and on missing data set are 100% and 100% 

respectively, while the misclassification rates of minority class through In/Out algorithm 

on non-missing dataset and missing data set are 47% and 44% respectively.  

 The results of Misclassifications rates and OOB estimate for dataset having 20% 

missing values using Single Proton Emission Computed Tomography (SPECT) data set 

are presented in table 6.16. The first two rows of the table indicate the results of data sets 

having no missing values, while the last two rows indicate the results obtained after 

producing and imputing 20% missing values. The OOB estimate for Conventional RF 

(having no missing value) is 8.02, which is dropped to 5.35 after applying the proposed 

imputation method on missing values dataset. Similarly, the OOB estimate for In/Out 

algorithm for data set having no missing value is 10.02, while for dataset having 20% 

missing value, the OOB estimate is 8.44 (i.e. less than conventional RF approach). 

On the other hand, the misclassification rate for minority class (i.e. Normal) are 

also favorable for In/out algorithm i.e. the misclassification rates of minority class through 

conventional RF approach on original data set and on missing data set are 100% and 57% 
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respectively, while the misclassification rates of minority class through In/Out algorithm 

on non-missing dataset and missing data set are 100% and 44% respectively.  

The results of Misclassifications rates and OOB estimate for dataset having 5% 

missing values using "SPECTF" Heart data set are presented in table 6.17. The first two 

rows of the table indicate the results of data sets having no missing values, while the last 

two rows indicate the results obtained after producing and imputing 5% missing values. 

The OOB estimate for Conventional RF (having no missing value) is 8.02, which is 

dropped to 5.35 after applying the proposed imputation method on missing values dataset. 

Similarly, the OOB estimate for In/Out algorithm for data set having no missing value is 

0.08 , while for dataset having 5% missing value, the OOB estimate is 0.13 (i.e. less than 

conventional RF approach).  

On the other hand, the misclassification rate for minority class (i.e. Normal) is also 

favorable for In/out algorithm i.e. the misclassification rates of minority class through 

conventional RF approach on original data set and on missing data set is 100% and 100% 

respectively, while the Misclassification rates of minority class through In/Out algorithm 

on the nonmissing dataset and missing datasets are .5% and .8% respectively. 

The results of Misclassifications rates and OOB estimate for dataset having 10% 

missing values using "SPECTF" Heart data set are presented in table 6.18. The first two 

rows of the table indicate the results of data sets having no missing values, while the last 

two rows indicate the results obtained after producing and imputing 10% missing values. 

The OOB estimate for Conventional RF (having no missing value) is 8.02, which is 

dropped to 5.88 after applying the proposed imputation method on missing values dataset. 

Similarly, the OOB estimate for In/Out algorithm for data set having no missing value is 
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0.08, while for dataset having 10% missing value, the OOB estimate is 209 (i.e. less than 

conventional RF approach).  

On the other hand, the misclassification rate for minority class (i.e. Normal)) are 

also favorable for In/out algorithm i.e. the misclassification rates of minority class through 

conventional RF approach on original data set and on missing data set are 100% and 100% 

respectively, while the misclassification rates of minority class through In/Out algorithm 

on non-missing dataset and missing dataset are .5% and 1.2% respectively. 

  The results of Misclassifications rates and OOB estimate for dataset having 15% 

missing values using "SPECTF" Heart data set are presented in table 6.19. The first two 

rows of the table indicate the results of data sets having no missing values, while the last 

two rows indicate the results obtained after producing and imputing 15% missing values. 

The OOB estimate for Conventional RF (having no missing value) is 8.02, which is 

dropped to 6.42 after applying the proposed imputation method on missing values dataset. 

Similarly, the OOB estimate for In/Out algorithm for data set having no missing value is 

0.08, while for dataset having 15% missing value, the OOB estimate is 0.38 (i.e. less than 

conventional RF approach).  

On the other hand, the misclassification rate for minority class (i.e. Normal)) are 

also favorable for In/out algorithm i.e. the misclassification rates of minority class through 

conventional RF approach on original data set and on missing data set are 100% and 100% 

respectively, while the misclassification rates of minority class through In/Out algorithm 

on non-missing dataset and missing dataset are .5% and 2.6% respectively. 
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The results of Misclassifications rates and OOB estimate for dataset having 20% 

missing values using "SPECTF" Heart data set are presented in table 6.20. The first two 

rows of the table indicate the results of data sets having no missing values, while the last 

two rows indicate the results obtained after producing and imputing 20% missing values. 

The OOB estimate for Conventional RF (having no missing value) is 8.02, which is 

dropped to 6.95 after applying the proposed imputation method on missing values dataset. 

Similarly, the OOB estimate for In/Out algorithm for data set having no missing value is 

0.08, while for dataset having 20% missing value, the OOB estimate is 1.02 (i.e. less than 

conventional RF approach).  

On the other hand, the misclassification rate for minority class (i.e. Normal)) are 

also favorable for In/out algorithm i.e. the misclassification rates of minority class through 

conventional RF approach on original data set and on missing data set are 100% and 100% 

respectively, while the misclassification rates of minority class through In/Out algorithm 

on non-missing dataset and missing dataset are .5% and 7% respectively. 
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Conclusion  

It has been concluded that there is a much difference between case deletion, single 

imputation and modified random imputation methods for conventional random forest and 

IN/out procedure of the random forest classifier in datasets with a few instances are 

missing. But for the datasets with a high degree of missing i.e 15% 20%   rate then there 

is not too much difference between the case-wise deletion method and imputation method 

as the rate of missing increases from 5% to 20% then the out of bag estimates also 

increases. 

The list wise method based on the complete cases therefore at 5% at works and provide 

satisfactory results but as the missing values percentages increases i.e 10%,15% and 20%  

it becomes useless as it ignores most of the valuable information from the data  and even 

though provide minimum misclassification rate  as compared to the other two methods 

single value imputation(mean imputation/ median imputation) and the modified random 

imputation. 

It is to be noted that the minority class and the majority class has the strong association 

between each other. For the low number of the minority class, the list wise deletion 

method gives very poor results as seen in the exponential distribution, hyper geometric 

distribution and Poisson distribution were the minority class are present in the data 20% 

of the total population. 

Moreover, in this study, a new method was developed for the imputation of the missing 

values and the performance of the method was compared with non-missing values by 

using the conventional Random Forest as well as In/out procedure of the random forest. 

After comparisons based on the simulation study, the misclassification rate and the Out 
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of bag error were minimum when the proposed method was applied when percentage % 

of missing values were produced. The similar results were found of the proposed method 

based on the Conventional Random Forest and In/Out procedure of Random Forest,when 

some real dataset i,e Balance data set, Contraceptive method Choice  data set were used 

after producing the 5%,10%,15% and 20% of the data were missing .It is concluded that 

the proposed method does not depend on the missing data system which is the main 

advantages of this method on the other commonly methods of imputation. It also requires 

no knowledge of either the probability distribution or model structure and successfully 

incorporates the estimates of uncertainty associated with the imputed data. 
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Future Research Work   

i) The idea of the comparison of the three methods can be extended to the several methods 

and the classifier neural network, data mining can be used.   

ii) The parametric method of estimation and non-parametric method of imputation can 

apply to random forest approaches when the dataset contains missing values. 

iii) The proposed method of imputation can be compared with the other method of 

imputation assuming the missing mechanism of i.e MAR, MCAR, and MNAR. 

iv)The proposed procedure performance may be checked and compared with other 

imputation methods in case of small samples i.e., sample of size less than 50. 

v) The two proposed algorithms can be compared simultaneously by using some other data 

mining techniques like support vector machine and boosting. 
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