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Abstract: This paper aims in detection of the improvement of classification accuracy with preprocessed 
techniques on Heart Disease Datasets.  Classification is an effective data mining technique to classify the 
data.  Data preprocessing is the initial and foremost step in knowledge discovery process that convert 
the dataset into more compact, accurate and appropriate one for classification task.  Data 
Transformation is another important preprocessing method which is the process of transforming facts 
into forms appropriate for mining. The scope of this work is to show the effect of these preprocessing 
methods with classification. In this work, handling missing values are carried out by “remove with 
values” and “class mean imputation” methods.  Min-Max and Z-Score Normalization are applied as Data 
Transformation methods. Classification methods such as Naïve Bayes and KNN are applied to original 
data sets as well as on datasets with preprocessing methods.  All these processes are applied on three 
different Heart Disease Datasets to analyses the performance of effect of preprocessing in terms of 
accuracy rate.  
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Introduction: Data mining is a collection of techniques for efficient automated discovery of previously 
unknown, valid, novel, useful and understandable patterns in large databases[1].  The patterns must be 
actionable so that they may be used in an enterprise’s decision making process.  Data mining is often a 
complex process and may require a variety of steps before some useful results are obtained.  Often data 
pre-processing including data cleaning may be needed. In some cases, transformation is required before 
data mining can start.  Many researches are being carried out in applying data mining to a variety of 
applications in healthcare [1]. One of most important application of clinical decision support systems is 
diagnoses of Heart Diseases. Classifying the records into proper groups in a medical dataset is 
challenging task.  Human classification is accurate but time consuming for large dataset.  Today data is 
collected in tremendous amount where the human is in need to dependent on machine.  Classification is 
an effective data mining technique to classify the data the process of knowledge data discovery, 
especially in medical field.  Most of the dataset often suffers from outliers which reduces the accuracy in 
classification.  The outliers are defined in terms of missing values, incorrect or irrelevant data, and 
inappropriate value of dataset. 
 
In this paper three different heart disease data sets are collected from UCI machine learning repository 
and two different algorithms is tested for classification and prediction. The results are experimented and 
analyzed. The scope of this work is to show the effect of these preprocessing methods with classification. 
 
Preprocessing Approaches: Preprocessing can be done by cleaning, discretization, normalization, 
resembling, attribute selection, attribute combination etc. In a heart disease data set some of the 
important features may have missing values.  These missing values will affect the accuracy in 
classification and the features importance[1]. 
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Data Cleaning: Real world data tend to be incomplete, noisy and inconsistent.  Data cleaning routines 
attempt to fill in missing values, smooth out noise by outliers and correct inconsistencies in the data. 
This method consists of determining the extent of missing data on each instance and attribute, and 
deletes the instances and / or attributes with high levels of missing data. The two attributes namely fbs, 
ca is removed from Switzerland data set since it has more than 60% of missing value and the two 
attributes namely ca, thal is removed from Hungarian data set since it has more than 90% of missing 
value[1]. 
 
Mean Imputation Methods: It is one of the most frequently used methods.  It consists of replacing 
the missing data for a given attribute by the attribute mean for the samples belonging to the same class. 
The steps for imputing missing data are: 
1. P = n number of records. 
2. Check the missing value in each column. 
3. If exists, check the label for particular missing attribute. 
4. Compute the mean for that class and replace missing attribute with group mean. 
5. Repeat the step 3 for all records. 
6. Repeat the step 2 to 5 for each column 
 
Data Transformation: Data transformation, a key concept of data preparation, ensures the data are 
transformed are consolidated (prepared) into a form in which learning can be applied. Typically, real-
world data are recorded at different scales, and through normalization,  those data are converted to a 
universal form for comparison [1].  
 
A common data transformation involves changing numeric values so they fall within a specified range. 
Classifiers such as neural networks do better with numerical data scaled to a range between 0 and 1. 
Normalization is particularly appealing with distance-based classifiers, because by normalizing attribute 
values, attribute with a wide range of values are less likely to outweigh attributes with similar initial 
ranges. Normalization methods applied in this research work are min-max normalization and z-score 
normalization [1]. 
Min-Max normalization: It Performs a linear transformation on the original data.[*]. Suppose that 
minA and maxA are the minimum and maximum values of an attribute, A.  Min-max normalization maps 
a value, v, of A to v’ in the range [new_minA,new_maxA] by computing 
v’ =(v – MinA)/ (MaxA – MinA) 
Min-Max normalization preserves the relationships among the original data values. 
Z – Score Normalization 
The values for an attribute, A, are normalized based on the mean and standard deviation of A.  A value, 
v, of A is normalized to v’ by computing 
v’ = (v-Mean(A))/σA) 
This method of normalization is useful when the actual minimum and maximum of attribute A are 
unknown or when there are outliers that dominate the min-max normalization. 
 
Classification: 
K-Nearest-Neighbor Classifier: Nearest-neighbor classifiers are based on learning by analogy, that is, 
by comparing a given test tuple with training tuples that are similar to it. The training tuples are 
described by n attributes. Each tuple represents a point in an n-dimensional space. In this way, all the 
training tuples are stored in an n-dimensional pattern space. When given an unknown tuple, a k-
nearest-neighbor classifier searches the pattern space for the k training tuples that are closest to the 
unknown tuple. These k training tuples are the k “nearest neighbors” of the unknown tuple.  

“Closeness” is defined in terms of a distance metric, such as Euclidean distance. The Euclidean 
distance between two points or tuples, say, X1 = (x11, x12,..., x1n) and X2 = (x21, x22,..., x2n), is  

dist(X1,X2)=  

For k-nearest-neighbor classification, the unknown tuple is assigned the most common class among its 
k-nearest neighbors. When k = 1, the unknown tuple is assigned the class of the training tuple that is 
closest to it in pattern space. Nearest-neighbor classifiers can also be used for numeric prediction, that 
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is, to return a real-valued prediction for a given unknown tuple. In this case, the classifier returns the 
average value of the real-valued labels associated with the k-nearest neighbors of the unknown tuple.[1] 
 
Naïve Bayesian Classifier: The naïve Bayesian classifier, or simple Bayesian classifier, works as follows:  
1. Let D be a training set of tuples and their associated class labels. As usual, each tuple is represented 

by an n-dimensional attribute vector, X = (x1, x2,..., xn), depicting n measurements made on the tuple 
from n attributes, respectively, A1, A2,..., An.  

2. Suppose that there are m classes, C1, C2,..., Cm. Given a tuple, X, the classifier will predict that X 
belongs to the class having the highest posterior probability, conditioned on X. That is, the naïve 
Bayesian classifier predicts that tuple X belongs to the class Ci if and only if  

             P(Ci |X) > P(Cj |X) for 1 ≤ j ≤ m, j 6= i. 
Thus we maximize P(Ci |X). The class Ci for which P(Ci |X) is maximized is called the maximum 
posteriori hypothesis. By Bayes’ theorem,  
P(Ci |X) = P(X|Ci)P(Ci) / P(X) 
As P(X) is constant for all classes, only P(X|Ci)P(Ci) need be maximized. If the class prior probabilities 
are not known, then it is commonly assumed that the classes areequally likely, that is, P(C1) = P(C2) = ··· 
= P(Cm), and we would therefore maximize P(X|Ci). Otherwise, we maximize P(X|Ci)P(Ci). Note that 
the class prior probabilities may be estimated by P(Ci) = |Ci,D|/|D|, where |Ci,D| is the number of 
training tuples of class Ci in D. 
One can easily estimate the probabilities P(x1|Ci), P(x2|Ci),..., P(xn|Ci) from the training tuples. Recall 
that here xk refers to the value of attribute Ak for tuple X.   
The predicted class label is the class Ci for which P(X|Ci)P(Ci) is the maximum. Various empirical 
studies of this classifier in comparison to decision tree and neural network classifiers have found it to be 
comparable in some domains. In theory, Bayesian classifiers have the minimum error rate in comparison 
to all other classifiers[1]. 
 
Methodology: The objective of this work is to identify the significance of classification results before 
and after preprocessing techniques namely Naïve Bayes & K-Nearest Neighbor.  
The steps for this work are: 

· Imputing the missing values of all the data sets using Remove with values and mean computation 
methods. 

· Apply Min-Max and Z – Score normalization techniques. 

· Apply Naïve Bayes and KNN classification techniques to raw, preprocessed data with imputation and 
preprocessed data with normalization and calculate the performance metrics. 

· Analyze the results to identify the impact of preprocessing on classification for Heart Disease Data 
Sets. 

 
Heart Disease Datasets: In this work, experiments are performed on heart disease datasets collected 
from the UCI Machine Learning Repository. It currently maintains 394 data sets as a service to the 
machine learning community. Heart Disease Data Set has 4 data bases namely Cleveland, Hungary, 
Switzerland and the VA Long Beach. All attributes are numeric-valued.  The data was collected from the 
following locations: 
1. Cleveland Clinic Foundation (cleveland.data) 
2. Hungarian Institute of Cardiology, Budapest (hungarian.data) 
3. University Hospital, Zurich, Switzerland (switzerland.data)[10] 
 

Table I: Description of Heart Disease Datasets 
Heart Disease 

Datasets 
No. of Attributes 

No. of 

Instances 
No. of Classes 

Cleveland 14 303 
Presence (values 1,2,3,4) and 

Absence (value 0). 

Hungarian 14 294 
Presence (value 1) and 

Absence (value 0) 

Switzerland 14 123 
Presence (values 1,2,3,4) and 

absence (value 0). 
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System Architecture: 

 
Fig 1: Proposed System 

 
Evaluation Metrics: The performance of classifier / prediction model is measured using evaluation 
metrics such as Precision, Recall and Accuracy[1]. 
Precision - This is the positive predictive value (PPV) 
Precision = TP / (TP+FP) 
Recall - This is the sensitivity.  In the expression of recall, P is the actual total POSITIVE data points. 
Recall = TP / P   (or)   TP / (TP +FN) 
Accuracy - This value presents the correctness of the classification model in predicting unknown data 
points.  In the expression of accuracy, N is the actual total NEGATIVE data points, and P is the actual 
total POSITIVE data points. 
Accuracy = (TP+TN) / (P+N) (or) (TP+TN) / (TP+TN+FP+FN) 
 
To use the above measures for obtaining a reliable estimate of classifier accuracy, holdout method is 
applied.  In this method, the given data are randomly partitioned into two independent set, a training 
set and a test set.  Typically, two-thirds of the data are allocated to the training set, and the remaining 
one-third is allocated to the test set.  The training set is used to derive the model, whose accuracy is 
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estimated with the test set.  The estimate is pessimistic because only a portion of the initial data is used 
to derive the model[1]. 
 
Result Analysis: The proposed methodology is implemented in R tool.  A number of experiments are 
carried out with two different preprocessing techniques such as data cleaning and data transformation 
and validated through comparative study. In this work, the three heart disease datasets are first 
subjected to data preprocessing for handling missing values.   
 
During preprocessing, the datasets that have missing values are identified and subjected to two ways of 
preprocessing.  Replacing the missing value is done by “Remove with Values” and “Mean of attribute of 
the corresponding class”.  Switzerland heart disease data set has 123 instances with 14 attributes. In this 
dataset, chol attribute has 99% of missing values, ca attribute has 95% of missing values and fbs 
attribute has 61% of missing values. In this research more than 60% of missing values are subjected to 
remove.  Thus the three attributes are removed from this dataset. Similarly Hungarian heart disease 
dataset has 294 instances with 14 attributes.  In this dataset, slope attribute has 64% of missing values, 
ca attribute has 99% of missing values and thal attribute has 90% of missing values.  Therefore, above 
three attributes are subjected to remove from the dataset. 
 
Some of the features have below 60% of missing values.  Such features are replaced with mean of 
corresponding class. The missing values in features such as trestbps, restech, thalach, exang, oldpeak, 
slope and thal in Switzerland heart disease dataset are replaced with mean of its corresponding class. 
Similarly, the missing values in features such as trestbps, chol, fbs, restecg, thalach, exang in Hungarian 
dataset are replaced with mean of its corresponding class.  
 
The resultant data then subjected to data transformation by two different transformation techniques 
namely Min-Max and Z-Score Normalization.  Finally these processes are evaluated on classification. 
The datasets with and without preprocessing are classified using Naïve Bayes and KNN.  Then the 
classification accuracy for each classification of three datasets are individually calculated and compared 
in order to check the accuracy variation due to preprocessing. This research work uses 70% of the data 
as training and 30% of data as testing data from the three different data sets collected from UCI Machine 
Learning Repository. 

 
Table II: Evaluation Measures of KNN Classifiers for Raw Data 

Datasets 
No of 

Instances 

No. of 

Attributes 

Accuracy 

% 
Precision Recall 

Cleveland 296 14 68% 0.2833 0.2071 

Switzerland 123 14 50% 0.2889 0.3153 

Hungarian 294 14 68% 0.6470 0.3235 

 

 
Fig 1: Graph for Performance Measures of  

Raw Data using KNN classifiers 
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Table III: Evaluation Measures of KNN Classifiers with Min-Max Normalization 

Datasets 
No of 

Instances 

No. of 

Attributes 
Accuracy Precision Recall 

Cleveland 296 14 94% 0.9583 0.3214 

Switzerland 123 11 95% 0.6458 0.6667 

Hungarian 294 11 67% 1.000 0.6415 

 

 
Fig 2: Graph for Performance Measures of KNN Classifiers  

with Min-Max Normalization 
 

Table IV: Evaluation Measures of KNN Classifiers with Z-Score Normalization 

Datasets No of 

Instances 

No. of 

Attributes 

Accuracy Precision Recall 

Cleveland 296 14 94% 0.9583 0.3214 

Switzerland 123 11 66% 0.4219 0.4037 

Hungarian 294 11 95% 1.000 0.9717 

 

 
Fig 3: Graph for Performance Measures of KNN Classifiers 

with Z-Score Normalization 
 

Table V: Evaluation Measures of Naïve Bayes Classifiers for Raw Data 

Datasets No of 

Instances 

No. of 

Attributes 

Accuracy Precision Recall 

Cleveland 296 14 77%  0.702 0.586 

Switzerland 123 14 50% 0.2889 0.3153 

Hungarian 294 14 68% 0.6470 0.3235 
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Fig 4: Graph for Performance measures of Naïve Bayes for Raw Data 

 
Table VI: Evaluation Measures of Naïve Bayes Classifiers with Min-Max Normalization 

Datasets No of 

Instances 

No. of 

Attributes 

Accurac

y 

Precision Recall 

Cleveland 296 14 100% 1.000 1.000 

Switzerland 123 11 90% 0.7778 0.9556 

Hungarian 294 11 97% 1.000 0.9717 

 

 
Fig 5: Graph for Performance Measures of Naïve Bayes Classifiers 

with Min-Max Normalization 
 

Table VII: Evaluation Measures of Naïve Bayes Classifiers with Z-Score Normalization 
Datasets No of 

Instances 

No. of 

Attributes 

Accuracy Precision Recall 

Cleveland 296 14 100% 1.000 1.000 

Switzerland 123 11 80% 0.7333 0.8852 

Hungarian 294 11 96% 1.000 0.9717 

 

 
Fig 6: Graph for Performance Measures of Naïve Bayes Classifiers 

with Z-Score Normalization 
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Table VIII: Comparison of Naïve Bayes Classifiers with KNN Classifier 

Datasets 

Classifiers Accuracy 

KNN Naïve Bayes 

Z-

Score 

Min-

Max 

Z-

Score 

Min -

Max 

Cleveland 94% 94% 100% 100% 

Switzerland 66% 95% 80% 90% 

Hungarian 95% 67% 96% 97% 

 
The following observations are carried out between the measures of raw data and measures after 
preprocessing: 
- For raw data, Naïve Base classifier gives more accurate results when compared with KNN.  
- When comparing normalization techniques with KNN classification, Z-Score normalization gives best 
result for all the three datasets. 
- When comparing normalization techniques with Naïve Bayes classification, Min-Max normalization 
gives accurate result for all the two datasets. From the above observations, one can conclude that the 
Naïve Bayes classifier with Min-Max normalization techniques is suitable for classifying Cleveland and 
Hungarian heart disease datasets and KNN with Min-Max normalization technique is suitable for 
classifying Switzerland heart disease datasets. 
 
Conclusion and Future Work: After analyzing the dataset, missing values are identified and replaced 
with class mean. The next process is data transformation using Min-Max and Z-Score normalization 
techniques.  Accuracy is the most important in the field of medical diagnosis of patient’s disease.  
Experimental results show that handling missing values and transformation methods greatly enhances 
the accuracy of classification.  The performance of all the two normalization methods with KNN 
classifier and Naïve Bayes classifier are evaluated.  Naïve Bayes with Min-Max data transformation 
methods yields better result for the three Heart Disease Dataset in terms of accuracy. 
 
In future work, feature selection methods can be applied to find the subset of most relevant features. 
Different hybrid optimization algorithm can also be used for comparative analysis of various 
classification methods. 
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