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ABSTRACT 
Data mining is the useful tool for the practice of examining large pre-existing databases in order to generate useful information 

which was previously unknown, in this paper, the input for the weather data set denotes specific days as a row, attributes denotes 

weather conditions on the given day and the class denotes whether the conditions are conducive to playing golf and each row 

denotes an instance, described by values for attributes such as Outlook, Temperature, Humidity, Windy and Boolean PlayGolf class 

variable. All the data are considered for training purpose and it is used in the seven classification algorithm, this paper presents 

the analysis and accuracy of data mining algorithms for various decision tree approaches using WEKA tool to stumble on 

important parameters of the tree structure. Seven classification algorithms such as J48, Random Tree (RT), Decision Stump (DS), 

Logistic Model Tree (LMT), Hoeffding Tree (HT), Reduce Error Pruning (REP) and Random Forest (RF) are used to measure the 

accuracy. Data mining tool WEKA (Waikato Environment for Knowledge Analysis) has been used for finding experimental results 

of weather data set. Out of seven classification algorithms, Random tree algorithm outperforms other algorithms by yielding an 

accuracy of 85.714%. 
 

KEYWORDS: Decision tree, J48, Random Tree, Decision Stump, WEKA  

 
INTRODUCTION 

 
Data mining is the process of analyzing data from unusual aspects and abbreviation it into useful 

information. Information that can be used to increase revenue, cut costs, or both. Data mining software consists 
of a number of analytical tools for analyzing data. It allows users to analyze data from many different angles and 
summarize the relationships identified. Technically, data mining is the process of finding correlations or patterns 
among a lot of fields in large relational databases. WEKA is best to open source tool to predict and analysis 
when used with training mode with followed by test options for 10 folds cross-validation and 66 percentage split 
mode for training the classifier. In data mining, a classification is a form of data analytical process that can be 
used to extract the models describing on important data classes. There are many classification techniques but 
decision tree is the most commonly used classification algorithm because of its ease of implementation and 
easier to understand compared to other classification algorithms.   
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The structure of the paper is as follows: section 2 discusses some related research work regarding the 
analysis of accuracy of various data mining algorithms. Section 3 describes how accuracy was calculated and 
compared for the all seven data mining algorithms considered for experiment. The results and discussions are 
given in section 4. Finally some conclusion and feature scope are given in section 5.  
 
2. Related Works: 

Classification techniques can be compared on the basis of analytical correctness, rapidity, strength, 
scalability and interpretability criteria. Data mining is the useful tool to discovering the knowledge from large 
data. Different methods and algorithms are available in data mining. Classification is the most common method 
used for finding the mining rule from the large database. Decision tree method generally used for classification, 
because it is the simple hierarchical structure. Various data mining algorithms available for classification based 
on Artificial Neural Network, Nearest Neighbour Rule & Baysen classifiers but the decision tree mining is a 
simple one [1]. The tree induction begins with a root node that represents the entire dataset, given dataset and 
recursively split the data into a few subsets by testing for a given attribute at each level of the node. Author [2] 
proposed an agricultural organization work with a large amount of data. Processing and retrieval of significant 
data in this abundance of agricultural information is necessary. Utilization of information and communication 
technology enables automation of extracting significant data in an effort to obtain knowledge and trends.  

Data mining is the process that results in the discovery of new patterns in large data sets. The goal of the 
data mining process is to extract knowledge from an existing data set and transform it into a human 
understandable format for advance use [3]. The authors [4] introduced a Mean Absolute Errors and Root Mean 
Squared Errors of data mining techniques in the considered scenarios. A correlation review of classification 
algorithm using some free available data mining and knowledge discovery tools such as WEKA, Rapid Miner, 
Tanagra, Orange, and Knime. The accuracy of classification algorithms like a Decision Tree, Decision Stump, 
K-Nearest Neighbor and Naïve Bayes algorithm have been compared using all five tools [5]. The system that 
helps farmers in all manners, that is, in education, weather forecasting, crop analysis and understanding it more 
clearly [6].  

The generic description about the C4.5 algorithm, all tree induction methods begin with a root node that 
represents the entire, given dataset and recursively split the data into smaller subsets by testing for a given 
attribute at each node [7]. Quinlan [8] summarizes an approach to synthesizing decision trees that have been 
used in a variety of systems, and it describes one such system, ID3 in detail. Results from various studies show 
the ways in which the methodology can be modified to deal with information that is noisy and/or incomplete. 
Decision trees are few of the most extensively researched domains in Knowledge Discovery. Irrespective of 
such advantages as the ability to explain the choice procedure and low computational costs, decision trees also 
usually produce relatively great outcomes in assessment with other machine finding out formulas. Although the 
best decision tree induction algorithms, such as J48, had been developed some time ago, they continue to be 
regularly used for solving everyday classification tasks [9]. The author [8, 10] proposed ID3 and C4.5 
algorithms, for example, use information gain and gain ratio measures respectively but differ in regard to the 
tests performed on their attributes. The decision tree induction is one of the most employed methods to extract 
knowledge from data since the representation of knowledge is very intuitive and easily understandable by 
humans.  

Data stream classification performance can be measured by various factors such as accuracy, computational 
speed, memory and time taken for processing. These classification algorithms get less time span to examine data 
and construct a model, may be only once with less amount of resource, time and prediction [11]. Increasing 
usage of data mining techniques on medical data for discovering useful trends or patterns that are used in 
diagnosis and decision making. Data mining techniques include clustering, classification, regression, association 
rule mining, CART (Classification and Regression Tree) are widely used in healthcare and other applicable 
domain [12]. To analyze the raw data manually and find the correct information from it is a tough process. But 
Data mining technique automatically detect the relevant patterns or information from the raw data, using the 
data mining algorithms. In Data mining algorithms, Decision trees are the best and commonly used approach for 
representing the data [18]. 

The author presented a comparison of existing algorithms for prediction is done and a generic framework 
for the hybrid prediction model is proposed. This model would find the new interesting pattern. Also given an 
overview of prediction methods which are used in different application and listed prediction algorithms. 
Although prediction using unstructured data is an emerging research topic and its results have relatively low 
accuracy, it has created a new way for us to collect, extract and utilizes the wisdom of crowds in an objective 
manner with low cost and high efficiency [19]. The author [20] proposed the main objective is to provide the 
performance appraisal report of an employee using a Decision Tree algorithm. The data mining classification 
methods like decision tree, rule mining, clustering etc. can be applied for evaluating the employee data for 
giving stress, remedy to solve the stress and career advancement. In order to provide solution to reduce the 
stress for an employee, the historical data stored in the table are subjected to learning by using the decision tree 
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algorithm and the performance are found by testing the attributes of an employee against the rules generated by 
the decision tree classifier. In this work presents the data mining techniques like Classification, Clustering and 
Associations Analysis which include algorithms of Decision Tree. focus on this specific work. We present the 
correlation attribute evaluation feature selection for dimensionality reduction and t-test for comparing the 
performance of different classifiers before and after dimensionality reduction. Different classifiers used in this 
work are Naïve Bayes (NB), k- Nearest Neighbour (kNN), Classification tree (CT) and Clark and Nilbert2 
(CN2). Empirical results shown that CN2 classifier is best for the multi-dimensional thyroid dataset by 
comparing classification accuracy of the different classifiers. There is no significant difference between before 
and after the dimensionality reduction in the four classifiers in the performance measure [24]. The process of 
predicting customer behaviour and selecting actions to influence that behaviour to benefit the banking industry. 
Data mining provides the technology for the banking industry to analyze mass volume of data and/or detect 
hidden patterns in bank data to convert raw data into valuable information. This paper discusses the potential 
value and applications of data mining tools for effective customer relationship marketing in the banking industry 
[25]. 
 
3. System Overview: 

Decision tree are great tools for classification and prediction in the area of data mining and it represents 
rules and it is a classifier in the form of a tree structure where each node is either a leaf node, indicating a class 
of instances. A decision node that specifies some analysis to be carried out on a single attribute value, with one 
branch and sub-tree for each feasible outcome of the test. A decision tree can be used to classify an instance by 
starting at the root of the tree and stirring it until the last level of a leaf node, which provides the classification of 
the instance. 
 
3.1 J48: 

C4.5 tree induction methods begin with a root node that represents the entire, given dataset and recursively 
split the data into smaller subsets by testing for a given attribute at each node. The subtrees denote the partitions 
of the original data set that satisfy specified attribute value tests. This process typically continues until the 
subsets are “pure” that is, all instances in the subset fall in the same class, at which time the tree growing is 
terminated. 

C4.5 designed by J. Ross Quinlan is so named because it is a descendant of the ID3 approach to inducing 
decision trees, a decision tree is a series of questions systematically arranged so that each question queries an 
attribute and branches based on the value of the attribute. At the leaves of the tree are placed predictions of the 
class variable.   
 
Algorithm: 

1: Tree = {}, Input: an attribute-valued dataset D 
2: if D is “pure” OR other stopping criteria met then 
3:  terminate 
4: end if 
5: for all attribute a∈D do 
6:  Compute information-theoretic criteria if we split on a 
7: end for 
8: abest = Best attribute according to above computed criteria 
9: Tree = Create a decision node that tests abest in the root 
10: Dv = Induced sub-datasets from D based on abest 
11: for all Dv do 
12:  Treev = C4.5(Dv) 
13:  Attach Treev to the corresponding branch of Tree 
14: end for 
15: return Tree 

 
3.2 Random Tree (RT): 

A random tree usually refers to randomly built trees which have nothing to do with machine learning. The 
popular machine learning framework WEKA tool uses the word to refer to a decision tree built on a random 
split of columns. Random Tree on its have possession of tends to be too weak and you want to have it included 
in an ensemble algorithm, in addition to Random Forest, you could have Bagging (bagged RT's) or AdaBoost 
(boosted RT's) to make it strong enough.  
 
3.3 Decision Stump (DS): 
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The Decision stump is used for generating a decision tree with only one single split. The resulting tree can 
be used for classifying unseen examples. Decision stump can be very efficient when boosted with operators like 
the AdaBoost operator. The examples of the given example set have several attributes and every example 
belongs to a class (like yes or no). The leaf nodes of a decision tree contain the class name whereas a non-leaf 
node is a decision node. The decision node is an attribute test with every branch of the node being a feasible 
value of the attribute. The decision stumps may appear very simple, when boosted, they yield good classifiers 
algorithm in practice. The algorithm we illustrate here can also be used as a basic building block for more 
difficult base learners, such as trees or products [13]. 
 
Algorithm: 

1. 
i

n

i
i yw∑

=

←
1

0γ    // Edge of constant classifier h0(x) ≡ 1 

2. 0
* γγ ←    // Best edges  

3. for   j ← 1 to d   // All numeric features  

4. 0γγ ←    // Edge of the constant classifier 

5. for  i ← 2 to n   // All points in order  )()(
1 ... j

n
j xx ≤≤  

6. 0γγ ←
   // Update edge of positive stump 

7. if )()(
1

j
i

j
i xx ≠−  then  // No threshold if identical coordinates  

8. if |||| *γγ >  then   // Found better stump  

9. γγ ←*

   // Update best edges  

10. jj ←*

   // Update index of best feature   
11. 2/)( )(

1
)(* j

i
j

i xx −+=θ   // Update best threshold 

12. if 
0

* γγ =     // Did not beat the constant classifier  

13. 00)(sign return  h×γ   //±  constant classifier 

14. return  sign zh
j +

× ** ,

* )( θγ  // Best stump  

 
3.4 Logistic Model Tree (LMT): 

Logistic Model Tree (LMT) algorithm makes a tree with binary and multiclass target variables, numeric and 
missing values. So this technique uses logistic regression tree. LMT produces on its own outcome in the form of 
tree containing binary splits on numeric attributes. A logistic model tree basically consists of a standard decision 
tree structure with logistic regression functions at the leaves, much like a model tree is a regression tree with 
regression functions at the leaves. The author [14] presented ideas lead to the following algorithm for 
constructing logistic model trees.   
 
Algorithm:  

1. Tree growing starts by building a logistic model at the root using the LogitBoost algorithm. The 
number of iterations is determined using fivefold cross-validation. In this process, the data is split into training 
and test set five times, for every training set Logit Boost is run to a maximum number of iterations and the error 
rates on the test set are logged for every iteration and summed up over the different folds. The number of 
iterations that has the lowest sum of errors is used to train the Logit Boost algorithm on all the data. This gives 
the logistic regression model at the root of the tree. 

2. A split for the data at the root is constructed using the C4.5 splitting criterion. Mutually binary splits on 
numerical attributes and multiway splits on small attributes are considered. Tree growing continues by sorting 
the appropriate subsets of data to those nodes and building the logistic models of the child nodes in the 
following way: the LogitBoost algorithm is run on the subset associated with the child node, but starting with 
the committee, weights and probability estimates of the last iteration performed at the parent node. Again, the 
optimum number of iterations to perform is determined by fivefold cross-validation.  

3. Splitting continues in this fashion as long as more than 15 instances are at a node and a useful split can 
be found by the C4.5 splitting routine.  

4. The tree is pruned using the CART pruning algorithm as outlined. 
 
3.5 Hoeffding Tree (HT): 

A Hoeffding tree algorithm is an incremental, decision tree induction that is capable of learning from very 
big data streams, assuming that the distribution generating examples does not transform over time. Hoeffding 
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trees exploit the fact that a small sample can often be enough to choose an optimal splitting attribute. This idea 
is supported mathematically by the Hoeffding bound, which quantifies the number of observations needed to 
estimate some statistics within a prescribed precision. Hoeffding option tree induction algorithm, where nmin is 
the grace period, G is the split criterion function, R is the range of G, τ is the tiebreaking threshold, δ is the 
confidence for the initial splits, δ is the confidence for additional splits and max Options is the maximum 
number of options reachable by a single example [15].  
 
Algorithm: 

1: Let HOT be an option tree with a single leaf (the root)  
2: for all training examples do  
3: Sort example into option nodes L using HOT  
4: for all option nodes l of the set L do  
5: Update sufficient statistics in l  
6: Increment nl, the number of examples seen at l  
7: if nl mod nmin = 0 and examples seen at l not all of same class then  
8: if l has no children then  
9: Compute )( il XG for each attribute  

10: Let aX  be attribute with highest 
lG   

11: Let bX  be attribute with second-highest 
lG   

12: Compute Hoeffding bound 
ln2/)ln(1/R '2 δ  

13: if τ∈<∈>− orXGXG blal )()( then  

14: Add a node below l that splits on 
aX  

15: for all branches of the split do 
16: Add a new option leaf with initialized sufficient statistics 
17: end for 
18: end if 
19: else 
20: if l.optionCount < maxOptions then 
21: Compute )( il XG for existing splits and (non-used) attributes 

22: Let S be existing child split with highest 
lG  

23: Let X be (non-used) attribute with highest 
lG  

24: Compute Hoeffding bound 
ln2/)ln(1/R '2 δ  

25: if ∈>− )()( SGXG ll
then  

26: Add an additional child option to l that splits on X 
27: for all branches of the split do 
28: Add a new option leaf with initialized sufficient statistics 
29: end for 
30: end if 
31: else 
32: Remove attribute statistics stored at l 
33: end if 
34: end if 
35: end if 
36: end for 
37: end for 

 
3.6 Reduce Error Pruning (REP): 

The easy form of pruning is reduced error pruning. Initial at the leaves, each node is replaced with its most 
well-liked class. If the prediction accuracy is not affected then the change is kept. While somewhat naive, 
reduced error pruning has the advantage of simplicity and speed. Traversing above, the inside nodes from the 
foot to the top of a tree, the REP algorithm checks for every single internal node, whether substituting it 
alongside the most recapped class that does not cut the accuracy of trees. In this case, the node is pruned. The 
procedure endures till each more pruning would cut the accuracy.  

Error Pruning Tree ("REPT") [16] is fast decision tree learning and it builds a decision tree based on the 
information gain or reducing the variance. The basic of pruning of this algorithm is it used REP with back 
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overfitting. It kindly sorts values for the numerical attribute once and it handling the missing values with the 
embedded method by C4.5 in fractional instances. In this algorithm, we can see it used the method from C4.5 
and the basic REP also count in its process. 
3.7 Random Forest (RF): 

The Random Forests classifier is one of the best among classification techniques that able to classify huge 
amounts of data with accuracy. Random Forests are an collection learning method for classification and 
regression that construct a number of decision trees at training time and outputting the class that is the mode of 
the classes output by individual trees. Random Forests are a combination of tree predictors where each tree 
depends on the values of a random vector sampled independently with the same distribution for all trees in the 
forest. The basic principle is that a group of “weak learners” can come together to form a “strong learner”. 
Random Forests are a wonderful tool for making predictions considering they do not overfit because of the law 
of large numbers. Introducing the right kind of randomness makes them accurate classifiers and repressors’. 
They are a simple tool to use without having a model or to produce a reasonable model fast and efficiently. 

Random Forests are easy to learn and use for both professionals and lay people - with little research and 
programming required and may be used by folks without a strong statistical background. Minimally put, you can 
securely make more precise predictions without most basic mistakes common to other methods. The Random 
Forests algorithm was developed by Leo Breiman and Adele Cutler. Random Forests grows many classification 
trees.  
 
Algorithm:  

1. Once a node is split on the best eligible splitter the process is repeated in its entirety on each child node 
2. A new list of eligible predictors is selected at random for each node 
3. With a large number of predictors the eligible predictor set will be quite different from node to node    
      TM Important variables will make it into the tree (eventually) 
4. Explains in part why the trees must be grown out to absolute maximum full size 
5. Aim for terminal nodes with one data record 
 

RESULTS AND DISCUSSIONS 
 
The effective usage of data mining tools enables us to find important parameters that reflect the effect of a 

particular game data set. C4.5 algorithms for categorization problems in machine learning and data mining. It is 
targeted at supervised learning: Given an attribute-valued dataset where instances are described by collections of 
attributes and belong to one of a set of mutually exclusive classes, C4.5 algorithm a mapping from attribute 
values to the particular classes that can be applied to categorize new, unseen instances.  
 
Table 1: Weather Data Set 

Day Outlook Temperature Humidity Windy Play Game Golf 
1 sunny 85 85 F No 
2 sunny 80 90 T No 
3 overcast 83 78 F Yes 
4 rainy 70 96 F Yes 
5 rainy 68 80 F Yes 
6 rainy 65 70 T No 
7 overcast 64 65 T Yes 
8 sunny 72 95 F No 
9 sunny 69 70 F Yes 
10 rainy 75 80 F Yes 
11 sunny 75 70 T Yes 
12 overcast 72 90 T Yes 
13 overcast 81 75 F Yes 
14 rain 71 80 T No 

 
For instance, in Table 1.1 rows denotes specific days, attributes denotes weather conditions on the given 

day and the class denotes whether the conditions are conducive to playing golf. Thus, each row denotes an 
instance, described by values for attributes such as Outlook (a ternary-valued random variable), Temperature 
(continuous-valued), Humidity (also continuous-valued), Windy (binary), and Boolean PlayGolf? class variable. 
All the data are considered for training purpose and it is used in the algorithms.  

C4.5 has additional features such as tree pruning, improved use of continuous attributes, missing values 
handling and inducing rule set. The above questions are faced by any classification approach modeled after trees 
and similar or other reasonable; decisions are made by most tree induction algorithms. The practical utility of 
C4.5, however, comes from the next set of features that build upon the basic tree induction algorithm.   

Figure 1 shows J48 pruned tree and figure 2 shows random tree. Both the trees are derived and formed from 
the given weather data set. Let us observe how the first attribute chosen for a decision tree is the Outlook 
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attribute. To find out, let us first estimate the entropy of the class random variable (PlayGolf?). This variable 
takes two values with probability 9/14 (for “Yes”) and 5/14 (for “No”). The entropy of a class random variable 
that takes on c values with probabilities p1, p2, . . . , pc is given by, 

i

c

i
i pp 2

1

log∑
=

−                                                     (1) 

The entropy of Play is thus 
= −(9/14) log2(9/14) − (5/14) log2(5/14) 
= 0.409776+0.53051 
= 0.940 
The average 0.940 bits should be transmitted to communicate in sequence about the PlayGolf? random 

variable. The goal of C4.5 tree induction is to ask the right questions so that this entropy is reduced. We 
consider each attribute in turn to assess the improvement in entropy that it affords. For a given random variable, 
say Outlook, the improvement in entropy, represented as Gain (Outlook), is calculated as, 

         

(2))Din  ayGolf?Entropy(Pl
|D|
|D|

- D)in  ayGolf?Entropy(Pl v
v

v∑

  
where v is the set of possible values (in this case, three values for Outlook), D denotes the entire dataset, Dv 

is the subset of the dataset for which attribute Outlook has that value, and the notation | · | denotes the size of a 
dataset (in the number of instances).  

Suppose D is a set of 14 datasets in which one of the attributes is Outlook. The value of outlook can be 
classified as Sunny, Overcast and Rainy.  

Gain (D, Outlook) = Entropy (D) - (5/14)*Entropy (Dsunny)  
                                                      - (4/14)*Entropy (Dovercast)        (3) 
                                                      - (5/14)*Entropy (DRainy)        
Suppose D is a set of 14 datasets in which one of the attributes is windy, humidity and temperature. Then 

the value of windy can be classified as weak and strong. The value of humidity can be classified as normal and 
high. The value of temperature can be classified as hot, mild and cold. Every attribute, the gain is calculated and 
considered   the maximum gain is used in the decision node, to find which attribute will be the root node in the 
decision tree, the gain is calculated based on equation 1, 2 and 3 for four attributes.  

Gain (D, Outlook) = 0.236 
Gain (D, Windy) = 0.048 
Gain (D, Humidity) = 0.015 
Gain (D, Temperature) = 0.028 
Here the Outlook attribute is the highest gain, therefore it is used as a decision attribute in the root node. 

Since outlook has three possible values, the root node has three branches sunny, overcast and rainy. In next 
which attribute should be tested at the sunny branch node.  

Gain (Dsunny, Temperature) = 0.571 
Gain (Dsunny, Windy) = 0.02 
Gain (Dsunny, Humidity) = 0.971 
Compare above three observations humidity has the highest one. It is used as the decision node. Then next 

level of a tree is formed based on the highest gain of the attributes. This process goes on until all the data is 
classified perfectly or run out of the attributes.  
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Fig. 1: J48 Pruned Tree 

 

 
 
Fig. 2: Random Tree 

 
Table 2: Correctly and Incorrectly Classified Instance 

Sl. No. 
Algorithms 
 

Correctly 
Classified 
 (%) 

Incorrectly 
Classified 
 (%) 

Correctly 
Classified 
(Nos.) 

Incorrectly 
Classified 
(Nos.) 

1 J48 64.2857 35.7143 9 5 
2 RT 85.7143 14.2857 12 2 
3 DS 35.7143 64.2857 5 9 
4 LMT 42.8571 57.1429 6 8 
5 HT 57.1429 42.8571 8 6 
6 REP 64.2857 35.7143 9 5 
7 RF 64.2857 35.7143 9 5 
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Fig. 3: Correctly and Incorrectly Classified Instance 

 
Table 3: Test accuracy based on Entropy Information Score 

Sl. No. Algorithms 
Relative 
Information 
Score (%) 

Information 
Score (bits) 

Information 
Score 
(bits/instance) 

1 J48 501.6781 4.8710 0.3479 
2 RT 980.0194 9.5155 0.6797 
3 DS 88.3530 0.8579 0.0613 
4 LMT -86.8869 -0.8436 -0.0603 
5 HT -74.2873 -0.7213 -0.0515 
6 REP 13.2017 0.1282 0.0092 
7 RF -8.9462 -0.0869 -0.0062 

 
Fig. 4: Test accuracy based on Entropy Information Score 

 
Table 4: Test accuracy based on mean absolute error, root mean squared error, relative absolute error and root relative squared error. 

Sl. 
No. 

Algorithms 
Mean absolute 

error 
Root mean squared 

error 
Relative absolute Error 

(%) 
Root relative squared error 

(%) 
1 J48 0.2857 0.4818 60.0000 97.6586 
2 RT 0.1429 0.3780 30.0000 76.6097 
3 DS 0.4256 0.5127 89.3750 103.9181 
4 LMT 0.4804 0.5917 100.8822 119.9233 
5 HT 0.4929 0.5096 103.5107 103.2992 
6 REP 0.4725 0.4958 99.2308 100.4896 
7 RF 0.4725 0.5210 99.9192 105.6016 
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Fig. 5: Test accuracy based on mean absolute error. 

 
The author [17] proposed a technical report, evaluating results of Machine Learning experiments using 

Recall, Precision, and F-Measure. In the Medical Sciences, Receiver Operating Characteristics (ROC) analysis 
has been borrowed from signal processing to become a standard for evaluation and standard setting, comparing 
True Positive Rate and False Positive Rate.  
 
Accuracy: 

It shows the quantity of the total number of instance predictions which are properly predicted. 

N

TNTP
A

+=)(Accuracy                    (4) 

Where N is a total number of classified instances, True Positive (TP) means correctly predicted of positive 
classes and True Negative (TN) describe correctly predicted of negative classes. 
Precision: 

It is used to determine exactness. It is the ratio of the predicted positive cases that were accurate to the total 
number of predicted positive cases.  

                                                             

)5()(Precision
FPTP

TP
P

+
=

 
Where True Positive (TP) means correctly predicted of positive classes and True Negative (FP) describe 

wrongly predicted as positive classes. 
 
Recall: 

The recall is determined the completeness and it is the part of positive cases that were properly known to 
the total number of positive cases. It is also known as sensitivity or true positive rate (TPR). 
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Where True Positive (TP) means correctly predicted of positive classes and True Negative (FN) describe 

total wrongly predicted as negative classes. 
 
F-Measure: 

The harmonic mean of precision and recall. It is an important measure as it gives equal importance to 
precision and recall. 
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ROC Area: 

ROC is a comparison of two operating characteristics True Positive Rate (TPR) and False Positive Rate 
(FPR). It is also known as a receiver operating characteristic curve. A receiver operating characteristic curve is a 
graphical representation which interprets the performance of a data mining classifier algorithms as its bias 
threshold is varied. It is an outcome of plotting the true positive rate vs. false positive rate at various threshold 
settings. It is a graphical approach for displaying the tradeoff between TPR and FPR of an algorithm. TPR is 
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plotted along the y-axis and FPR is plotted along the x-axis. The performance of each algorithm represented as a 
point on the ROC curve. ROC curve shows a relation between Recall and Not Precision. Either Recall or 
Sensitivity is calculated of the probability that your estimate is 1 given all the samples whose true class label is 
1. It is an evaluation of how many of the positive samples have been well-known as being positive. The 
calculation of the probability that your guess is 0 given all the samples whose true class label is 0. It is a work 
out of how many of the negative samples have been recognized as being negative. The formula is defined as: 
 
ROC Area: TP Rate= TP/TP+FN*100, FP Rate= FP/FP+TN*100                                                (8) 
 
PRC Area: 

The PRC is known as precision-recall characteristics curve. It is a comparison of two operating 
characteristics (PPV and sensitivity) as the criterion changes. A PRC curve represents a graphical area which 
illustrates the routine of binary classifiers as its discrimination threshold is varied. PPV (Positive Predictive 
Value) is a fraction of true positives out of test outcomes positive. While sensitivity is a fraction of true positive 
out of conditions positive. 
 
Table 5: Weighted average of Accuracy by Class based on TP, FP, Precision, Recall, F-Measure, ROC Area and PRC Area 

Sl. No. Algorithms TP Rate FP Rate Precision Recall F-Measure ROC Area PRC Area 
1 J48 0.643 0.465 0.629 0.643 0.632 0.789 0.808 
2 RT 0.857 0.168 0.857 0.857 0.857 0.844 0.808 
3 DS 0.357 0.713 0.381 0.357 0.367 0.456 0.642 
4 LMT 0.429 0.673 0.429 0.429 0.429 0.489 0.659 
5 HT 0.571 0.683 0.396 0.571 0.468 0.100 0.427 
6 REP 0.643 0.643 0.413 0.643 0.503 0.178 0.470 
7 RF 0.643 0.465 0.629 0.643 0.632 0.400 0.555 

 

 
 
Fig. 6: Weighted average of Accuracy 

 
Data mining technique automatically detect the relevant patterns or information from the raw data, using the 

data mining algorithms. In Data mining algorithms, Decision trees are the best and commonly used approach for 
representing the data. Using these Decision trees, data can be represented as a most visualizing form. Many 
different decision tree algorithms are used for the data mining technique. Each algorithm gives a unique decision 
tree from the input data. The Random Tree algorithm from a single input weather dataset. This algorithm is 
efficient for predicting the accurate results compare with other algorithms results. The Random Tree (RT) 
compares with many results and obtains the best one. The result obtained from Random Tree (RT) is more 
accurate than J48, Decision Stump (DS), Logistic Model Tree (LMT), Hoeffding Tree (HT), Reduce Error 
Pruning (REP) and Random Forest (RF).   

The value of correctly and incorrectly classified instance both in percentage and number is given in Table 2. 
Out of seven classification algorithms, Random tree algorithm outperforms other algorithms by yielding an 
accuracy of a correctly classified instance as 85.743% and incorrectly classified instance as 14.2857% for 14 
instances and it is depicted in figure 3. Table 3 shows the test accuracy based on entropy information score for 
all the seven algorithms. Four algorithms namely J48, RT, DS, and REF produce positive values and all the 
remaining algorithms yielding negative values. The random tree algorithm yields the best performance score of 
980, 9.5155 and 0.6797 and it is graphically represented in figure 4.  

Table 4 summarize the test accuracy based on mean absolute error, root mean squared error, relative 
absolute error and root relative squared error and it is graphically shown in figure 5. Random tree algorithm 
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gives better performance by producing less error. The weighted average of accuracy by class based on True 
Positive, False Positive, Precision, Recall, F-Measure, ROC, and PRC area are calculated by using the equations 
4, 5, 6, 7, and 8 respectively and the values are given in Table 5. Figure 6 shows the graph of weighted average 
accuracy for all the seven algorithms.  
 
Conclusion and Future Scope: 

In this paper, we have conducted an experiment to analyze the accuracy of seven data mining classification 
algorithms for various decision tree approaches by using the weather data set. Open source data mining tool 
WEKA is used for conducting an experiment. Precision, Recall, and F-Measure were calculated to find the 
accuracy of the data mining classification algorithms. In addition, ROC and PRC also calculated to improve the 
accuracy measurement. The experiment shows that Random Tree algorithm performs with an accuracy of 
85.714% for the weather data set. In future, the proposed method will be extended to other data sets from the 
areas like agriculture, medical, banking, stock market etc.,     
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