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Abstract 

Data is often associated with uncertainty because of measurement inaccuracy, sampling discrepancy, outdated data sources, or 
other errors. Mining of knowledge from these kind of data sources are really tedious and the better analysis of data and extracting 
information relies on data mining tasks such as clustering, classification, association rule mining, regression, summarization, etc. 
This paper presents five data mining algorithms SVM, kNN, Naive Bayes, CN2 and Random Forest. These five algorithms are 
among the most influential data mining algorithms in the research community. This paper presents the description of all five 
algorithms and the performance of all these algorithms are compared with experimental results. 
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1. Introduction 

 
Data mining refers to extracting or “mining” knowledge from large amounts of data. It can also be named by 
“knowledge mining form data”. Data Mining is the process of extracting information from large data sets through 
the use of algorithms and techniques drawn from the field of Statistics, Machine Learning and Data Base 
Management Systems [1]. It consists of more than collection and managing data, it also includes analysis and 
prediction. It consists of a set of techniques that can be used to extract relevant and interesting knowledge from data. 
Data mining is a young and promising field of information and knowledge discovery and it is started to be an 
interest target for information industry, because of the existence of huge data containing large amounts of hidden 
knowledge. With data mining techniques, such knowledge can be extracted and accessed transforming the databases 
tasks from storing and retrieval to learning and extracting knowledge. 
 
Data mining is also known as [4] KDD i.e. Knowledge Discovery in databases. KDD is the automated extraction of 
novel, understandable and potentially useful patterns implicitly stored in large databases, data warehouses and other 
massive information repositories comprising textual, numerical, graphical, spatial data. Data Mining or Knowledge 
Discovery is needed to make sense and use of data. Knowledge Discovery in Data is the non-trivial process of 
identifying valid, novel, potentially useful and ultimately understandable patterns in data. 

 
The task of data mining is to automatically classify documents into predefined classes based on their content. Many 
algorithms have been developed to deal with automatic text classification [2]. With the existing algorithms, a 
number of newly established processes are involving in the automation of text classification [3]. One of the most 
useful DM tasks in e-learning is classification. There are different educational objectives for using classification, 
such as: to discover potential student groups with similar characteristics and reactions to a particular pedagogical 
strategy [5], to detect students’ misuse or game-playing [6], to group students who are hint-driven or failure-driven 
and find common misconceptions that students possess [7], to identify learners with low motivation and find 
remedial actions to lower drop-out rates [8], to predict/classify students when using intelligent tutoring systems [9], 
etc.  
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This paper is organized as follows. Section 1 gives the overview and introduction to Data mining and Section 2 
gives the five different classification algorithms and the review of literatures. The experimental results are shown 
and discussed in section 3 and finally the paper is concluded in section 4. 
 

2. Classification 

Classification is one of the most frequently studied problems by DM and machine learning (ML) researchers. It 
consists of predicting the value of a (categorical) attribute (the class) based on the values of other attributes (the 
predicting attributes) Classification of data mining systems is performed according to types of databases are mined 
i.e. relational, transaction, spatial databases etc., Classification consists of predicting a certain outcome based on a 
given input. In order to predict the outcome, the algorithm processes a training set containing a set of attributes and 
the respective outcome, usually called goal or prediction attribute. It is the most frequently used data mining task 
with a majority of the implementation of Bayesian classifiers, neural networks, and SVMs (Support Vector 
Machines).Statistical classification is a procedure in which individual items are placed into groups based on the 
quantitative information of characteristics inherent in the items (referred to as variables, characters, etc.) and based 
on a training set of previously labeled items [10]. A decision tree is a set of conditions organized in a hierarchical 
structure [11]. It is a predictive model in which an instance is classified by following the path of satisfied conditions 
from the root of the tree until reaching a leaf, which will correspond to a class label. A decision tree can easily be 
converted to a set of classification rules. Some of the most well-known decision tree algorithms are C4.5 [11] and 
CART [12].Classification maps the data in to predefined targets. It is a supervised learning as targets are predefined. 
The aim of the classification is to build a classifier based on some cases with some attributes to describe the objects 
or one attribute to describe the group of the objects. 
 
This paper focuses the five different classification algorithms such as K- Nearest Neighbor, Naïve Bayes, Support 
Vector Machine, CN2 and Random Forest. The brief discussions on these algorithms are given below.  
 
2.1 The K-Nearest Neighbor Algorithm (KNN) 

 
Nearest neighbor classifiers are based on learning by analogy. The training samples are described by n dimensional 
numeric attributes. Each sample represents a point in an n-dimensional space. In this way, all of the training samples 
are stored in an n-dimensional pattern space. When given an unknown sample, a k-nearest neighbor classifier 
searches the pattern space for the k training samples that are closest to the unknown sample. In pseudo code, k-
nearest neighbor classification algorithm can be expressed fairly compactly [13]. 
  
The k-nearest neighbors’ algorithm is amongst the simplest of all machine learning algorithms. An object is 
classified by a majority vote of its neighbors, with the object being assigned to the class most common amongst its k 
nearest neighbors. k is a positive integer, typically small. If k= 1, then the object is simply assigned to the class of its 
nearest neighbor. In binary (two class) classification problems, it is helpful to choose k to be an odd number as this 
avoids tied votes. The same method can be used for regression, by simply assigning the property value for the object 
to be the average of the values of its k nearest neighbors. It can be useful to weight the contributions of the 
neighbors, so that the nearer neighbors contribute more to the average than the more distant ones. 
 
The neighbors are taken from a set of objects for which the correct classification is known. This can be thought of as 
the training set for the algorithm, though no explicit training step is required. In order to identify neighbors, the 
objects are represented by position vectors in a multidimensional feature space. It is usual to use the Euclidian 
distance, though other distance measures, such as the Manhattan distance could in principle be used instead. The k-
nearest neighbor algorithm is sensitive to the local structure of the data. 
 
2.2 Naive Bayes Algorithm 
 
Bayesian classification is based on Bayes theorem. A simple Bayesian classification namely the Naïve classifier is 
comparable in performance with decision tree and neural network classifiers. Bayesian classifiers have also 
exhibited high accuracy and speed when applied to large database. Naïve Bayes classifier assumes that the effect of 
an attribute value on a given class is independent of the values of the other attributes. This assumption is called class 
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conditional independence. It is made to simplify the computations involved and, in this sense, is considered “naïve” 
[14]. 
 Naïve Bayes classification can be given by: 

 
While applying Naïve Bayes classifier to classify text, each word position in a document is defined as an attribute 
and the value of that attribute to be the word found in that position. Naïve Bayes classification can be given by 
 

 
Here VNB is the classification that maximizes the probability of observing the words that were actually found in the 
example documents, subject to the usual Naïve Bayes independence assumption. The first term can be estimated 
based on the fraction of each class in the training data. The following equation is used for estimating the second term  

 
where n is the total number of word positions in all training examples whose target value is Vj, nk is the number of 
items that word is found among these n word positions, and | vocubulary | is the total number of distinct words found 
within the training data. 
 
2.3 Support Vector Machine Algorithm (SVM) 
 
SVM was first introduced by Vapnik [15] and has been very effective method for regression, classification and 
general pattern recognition [16]. Support vector machines (SVM) are based on statistical learning theory and belong 
to the class of kernel based methods. SVM is an algorithm that attempts to find a linear separator (hyper-plane) 
between the data points of two classes in multidimensional space. Such a hyper plane is called the optimal hyper 
plane. A set of instances that is closest to the optimal hyper plane is called a support vector. 
 
For a linearly separable dataset, a linear classification function corresponds to a separating hyper plane f(x) that 
passes through the middle of the two classes, separating the two. Once this function is determined, new data instance 
xn can be classified by simply testing the sign of the function f (xn);xn belongs to the positive class if f(xn)>0. Because 
there are many such linear hyper planes, SVM guarantee that the best such function is found by maximizing the 
margin between the two classes. Intuitively, the margin is defined as the amount of space, or separation between the 
two classes as defined by the hyper plane. Geometrically, the margin corresponds to the shortest distance between 
the closest data points to a point on the hyper plane. Having this geometric definition allows us to explore how to 
maximize the margin, so that even though there are an infinite number of hyper planes, only a few qualify as the 
solution to SVM. To ensure that the maximum margin hyper planes are actually found, an SVM classifier attempts 
to maximize the following function with respect to w and b 

     
 
Where t is the number of training examples, and 	 �i, i = 1, . . . , t, are non-negative numbers such that the derivatives 
of LP with respect to 	 �i are zero. 	 �i are the Lagrange multipliers and LP is called the Lagrangian. In this equation, 
the vectors and constant b define the hyper plane. A learning machine, such as the SVM, can be modeled as a 
function class based on some parameters	 �. Different function classes can have different capacity in learning, which 
is represented by a parameter h known as the VC dimension [16]. The VC dimension measures the maximum 
number of training examples where the function class can still be used to learn effectively, by obtaining zero error 
rates on the training data, for any assignment of class labels on these points. It can be proven that the actual error on 
the future data is bounded by a sum of two terms. The first term is the training error, and the second term if 
proportional to the square root of the VC dimension h. Thus, if we can minimize h, we can minimize the future 
error, as long as we also minimize the training error, SVM can be easily extended to perform numerical calculations. 
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2.4 CN2 Algorithm 
 
CN2 incorporates ideas from both Michalski's (1969) AQ and Quinlan's (1983) ID3 algorithms. CN2 is an algorithm 
for inducing propositional classification rules [17, 18]. CN2 consists of two main procedures: the search procedure 
that performs beam search in order to find a single rule and the control procedure that repeatedly executes the 
search. The search procedure performs beam search using classification accuracy of the rule as a heuristic function. 
The different probability estimates, like the Laplace [19] or the m-estimate [20, 21], can be used in CN2 for 
estimating the above probability and the probabilities in Equation. The standard CN2 algorithm used in this work 
uses the Laplace estimate. 
 
Control procedures used in CN2 is the one for inducing an ordered list of rules and the other for the unordered case. 
When inducing an ordered list of rules, the search procedure looks for the best rule, according to the heuristic 
measure, in the current set of training examples. The rule predicts the most frequent class in the set of examples, 
covered by the induced rule. Before starting search iteration, all examples covered by the induced rule are removed. 
The control procedure invokes a new search, until all the examples are covered. In the unordered case, the control 
procedure is iterated, inducing rules for each class in turn. For each induced rule, only covered examples belonging 
to that class are removed, instead of removing all covered examples, like in the ordered case. The negative training 
examples remain and positives are removed in order to prevent CN2 finding the same rule again. 
                           
2.5 Random Forest Algorithm    
 
Random Forests were introduced by Lepetit et. al. [22, 23]. His work in this field provided a foundation for papers 
such as class recognition [24, 25], bi-layer video segmentation [26], image classification [27] and person 
identification [28], which use Random Forests. A wide range of visual cues are also enabled naturally by the 
Random Forest including color, shape, texture and depth. Random Forests are considered general purpose vision 
tools and considered as efficient. In 2001, Breiman [29] presented the idea of Random Forests which perform well 
as compared with other classifiers including Support Vector Machines, Neural Networks and Discriminant Analysis, 
and overcomes the over fitting problem. Random Forest as defined in [29] is a generic principle of classifier 
combination that uses L tree-structured base classifiers {h(X, θn, N=1,2,3,…L}, where X denotes the input data and 
θn is a family of identical and dependent distributed random vectors. Every Decision Tree is made by randomly 
selecting the data from the available data. 
 
Random Forest developed by Leo Breiman [29] is a group of un-pruned classification or regression trees made from 
the random selection of samples of the training data. Random features are selected in the induction process. 
Prediction is made by aggregating (majority vote for classification or averaging for regression) the predictions of the 
ensemble. Each tree is grown as described in [30]: 
 

• By Sampling N randomly, If the number of cases in the training set is N but with replacement, from the 
original data. This sample will be used as the training set for growing the tree. 

• For M number of input variables, the variable m is selected such that m<<M is specified at each node, m 
variables are selected at random out of the M and the best split on these m is used for splitting the node. 
During the forest growing, the value of m is held constant. 

• Each tree is grown to the largest possible extent. No pruning is used. 
 

Random Forest generally exhibits a significant performance improvement as compared to single tree classifier such 
as C4.5.  
 
3. Results and Discussion 

 
The paper presents the comparison of 5 different classification algorithms which are elaborately mentioned in the 
previous section. The data set used in this paper comes from the UCI Machine Learning repository. Selection of the 
set further depended on their size, larger data sets generally means higher confidence.  The dataset is tested by Naïve 
bayes, K-Nearest Neighbor, Support Vector Machine, CN2, and Random Forest classification algorithms, because 
this work also wanted to test performance of all these five algorithms and try to found which algorithm gives better 
result. 
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3.1 Dataset 
 
This paper used lung cancer dataset that is downloaded from UCI repository which consists of 32 samples and each 
sample consists of 56 attributes.  The entire dataset has three different class labels. The statistics of the dataset is 
listed in Table 1. 
  
 
 

 
Table 1 Statistics of Lung Cancer Dataset 

 
Dataset 
Name 

Lung-caner 

Samples 32 
Attributes  56 

(a1, a2, a3, a4, a5, a6, a7, a8, a9, a10, a11, a12, a13, a14, a15, 
a16, a17, a18, a19, a20, a21, a22, a23, a24, a25, a26, a27, a28, 

a29, a30...) 
 

Target 
Classes 

3 

 
3.2 Parameters of Classification Algorithms 
 
The 3 learning parameters used in Naïve bayes classification algorithm are probability estimation, LOESS window 
size and number of points in LOESS. The values of the above parameters are relative frequency, 0.5 and 100 
respectively.  In SVM classification algorithm, this work uses RBF (exp) as kernel function and estimated class 
probability as Yes for its classification task.  
 
The KNN algorithm uses Euclidean as metric, number of neighbors is 5 and distance based weighting scheme are 
learning parameters for the classification task.  The learning parameters of CN2 algorithm are rule quality estimation 
technique, pruning alpha, stopping alpha and beam width with values Laplace, 0.05, 0.2 and 5 respectively. In 
Random forest, there are 2 main parameters are used such as number of trees and minimal number of instances in a 
leaf with values 10 and 5 respectively. 
 
3.3 Performance Analysis of Classification Algorithms 
 
The all five learning algorithms initialize own learning parameters as mentioned above and executed successfully. 
The lung cancer data set has been classified into 3 target classes and each classification results are verified by five 
different attributes such as classification accuracy, area under curve (AUC), Precision, Recall and F-measure.  The 
predicted classification result of target class 1, 2 and 3 from the data set by these algorithms shown in Table 2. 
 
Accuracy, sensitivity and specificity are three commonly used measurements for evaluating classifier performance 
by computing confusion matrix.  A confusion matrix is a matrix usually used to represent the relationships between 
real class attributes and that of predicted classes. In a two-class prediction problem, the upper left cell denotes the 
number of samples classified as true while they are true (TP), and lower right cell denotes the number of samples 
classified as false while they were false (TN). The other two cells represent the number of samples misclassified. 
Specifically, the lower left cell represents the number of samples classified as false while they were true (FN), and 
the upper right cell represents the number of samples classified as true while they actually were false (FP). This 
paper uses accuracy, specificity, sensitivity, Area under Curve, F-Measure, Recall and Precision.  The accuracy of 
classifiers is the percentage of correctness of prediction among the test sets using equation (1).  
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 The Precision, Recall and F-Measure is defined in equation (2), (3) and (4) respectively. 

 

 
 

 
 

Table 2 Classification Results for Target class 1, 2 and 3 
 

 Classi. 
Algms. 

Target Class 1 Target Class 2 Target Class 3 

CA AUC F1 Prec. Rec. CA AUC F1 Prec. Rec. CA AUC F1 Prec. Rec. 
Naive 
Bayes 0.44 0.65 0.41 0.43 0.4 0.44 0.65 0.38 0.36 0.4 0.44 0.65 0.56 0.59 0.533 

kNN 0.49 0.7 0.47 0.44 0.5 0.49 0.7 0.42 0.41 0.425 0.49 0.7 0.62 0.68 0.567 

SVM 0.15 0.33 0.1 0.1 0.1 0.15 0.33 0.25 0.41 0.175 0.15 0.33 0.12 0.09 0.167 

CN2 rules 0.43 0.59 0.49 0.52 0.467 0.43 0.59 0.42 0.37 0.475 0.43 0.59 0.38 0.45 0.333 
Random 
Forest 0.39 0.72 0.27 0.43 0.2 0.39 0.72 0.49 0.37 0.7 0.39 0.72 0.24 0.45 0.167 

 
The classification accuracy for the three target classes are shown in Figure 1. The research work found that the KNN 
algorithm out performed well when the rest of the algorithms concern.  The Naïve bayes and CN2 performs almost 
equal and Naïve bayes comparatively good and obtained the next better results after KNN. The CN2 provides the 
third better performance for the lung cancer data set. The Random forest gets the next higher performance and last 
performance was obtained by SVM algorithm. 
 

 
Fig. 1 Comparison of Algorithms based on Classification Accuracy 

 
The classifications results are verified by area under curve using 5 fold cross validation method and the 
corresponding results are shown in Figure 2. The results shows that the Random forest algorithm out performs 
almost all the rest of the algorithms.  The next better performance obtained by KNN and the Naïve bayes got next 
better performance. The CN2 provides the fourth better performance for the lung cancer data set and last 
performance was obtained by SVM algorithm. 
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Fig. 2 Comparison of Algorithms based on Area Under Curve 

The classification results are verified and validated by F-measure by combining precision and recall measure and the 
same is depicted in Figure 3. The results shows that the KNN algorithm out performs almost all the rest of the 
algorithms.  The next better performance obtained by Naïve bayes and CN2 got next better performance. The 
Random Forest provides the fourth better performance for the lung cancer data set and last performance was 
obtained by SVM algorithm. 
 

 
Fig. 3 Comparison of Algorithms based on F-Measure 

 
The evaluation results of three target classes 1, 2, and 3 obtained by these classification algorithms are shown in 
Figure 4, 5 and 6 respectively based on specificity and sensitivity evaluation metrics. 
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Fig. 4 Evaluation Result for target class 1 

  
Fig. 5 Evaluation Result for target class 2 
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Fig. 6 Evaluation Result for target class 3 

 
 

4. Conclusion 
 

Summing up all it can be concluded that data mining is a very demanding and most sought after area now-a-days. 
Data mining enhances understanding by showing which factors most affect specific outcome. For any development 
purpose/analysis purpose effective study of data provides an effective outcome which is possible through perfect 
data mining. Classification algorithms can be implemented on different types of data sets like data of patients, 
financial data according to performances. This paper implemented the five classification algorithms names Naïve 
Bayes, KNN, CN2, SVM and Random Forest and found the KNN outperforms almost all five algorithms. For target 
class 2, Random forest algorithm outperforms well than the remaining algorithms during the validation carried by 
AUC. In the outset, the three algorithms KNN, CN2, Naïve Bayes and Random forest gives better performance and 
the SVM classification algorithm obtained poor result for this data set. 
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