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1 Introduction 

Data mining is the process of discovery of hidden patterns and dependencies in data, [4–7, 15, 
17, 18]. Data mining techniques have been developed to turn data into useful task-oriented 
knowledge.  

The research expounded in this paper is a continuation of previous investigations into the 
modelling of data mining process using Generalized Nets (GNs, see [1, 2]).  

In [13] is constructed a GN-model of the Cross-Industry Standard Process Model of Data 
Mining, which provides a compact representation of the discovered patterns and allows the 
model application to new amounts of data. In [14] is constructed a GN-model of the process of 
the applying the data mining techniques for analysis of a student’s evaluations in the e-learning 
university. In [10] is represented a GN-model of the applying data mining tools. 

In the present paper is constructed a GN-model of the process of a decision tree construction 
using “top-down tree construction” algorithm [3]. The decision tree algorithm is widely used in 
practice for classification purposes and in some applications it is implemented to support 
regression as well. A classification technique employs a learning algorithm to identify the best 



2 

model. The generated model should both fit well the input data, and correctly predict pre-
viously unknown data.  

2 A GN-model 

The GN-model is shown in Figure 1. It models the process of the decision tree construction 
using Hunt’s Algorithm, which is the basis of the ID3, C4.5, and CART, [8, 9, 12, 16, 19]. In 
the beginning, all training records are at the root. Each record contains a set of attributes and 
one of the attributes is the class. The next step is to recursively partition the records by 
choosing one splitting attribute each time.  

Let Dt be the set of training records that reach a node t and let c1, c2,…, cn be the class 
labels. According to the Hunt’s Algorithm there are three cases, [8]: 

• Case 1: All records in Dt belong to the same class ct; then the node t is a leaf labeled as ct , 
• Case 2: Dt is an empty set; then node t is a leaf labeled by the default class, cd

 , and 
• Case 3: Dt contains records that belong to more than one class; then the set of training 

records splits into smaller subsets by splitting attribute.  

This procedure applies recursively to each subset. 
The GN-model (see Figure 1) contains 9 transitions and 28 places. The transitions represent: 
• Pre-processing and cleaning the data (transition Z1),  
• Partitioning the data into training, validation and test sets (transition Z2),  
• Choosing a method for splitting the training set (transition Z3),  
• Determining the “best attribute” for splitting the training set (transition Z4), 
• Splitting the data (transition Z5), 
• Activities with methods for pruning (transition Z6),  
• Construction of the decision tree (transition Z7),  
• Validation of the model (transition Z8), and  
• Testing of the model (transition Z9). 

Initially, there is one β1-token that is located in place L12 with initial characteristic 

“Current methods for splitting: Entropy (information gain), 
Information gain ratio, Gini index, ect.”. 

In the next time-moments this token is split into two. One of them, let it be the original 
β1-token, will continue to stay in place L12, while the other β-token will move to transition Z4 
passing via  transition Z3. 

Also initially, there is one β2-token that is located in place L21 with initial characteristic 

“Current methods for pruning: cost-complexity pruning, reduced error pruning, 
minimum error pruning, pessimistic pruning, optimal pruning, ect.”. 

In the next time-moments this token is split into two. One of them, let it be the original 
β2-token, will continue to stay in place L21, while the other β-token will move to transition Z7 
passing via  transition Z6. 

Tokens α1 and β2 enter the net via places L1 and L2 respectively. These tokens have initial 
characteristics “Raw data” in place L1, and “Criteria for pre-processing” in place L2. 
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Figure 1: GN model of the process of the decision tree construction 

The transition Z1 has the form: 

Z1 = 〈{L1, L2, L4}, {L3, L4}, 
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where the predicates in the index matrix are the following: 
• W4,3 = “The data are preprocessed”, 
• W4,4 = ¬ W4,3. 

At this step, data are being prepared for the partitioning using different methods and tools 
such as transformation, normalization, sampling, cleaning, feature extraction and selection, 
etc., [11].  

The α-tokens, entering place L3, obtain the characteristic: 

“Data for partitioning”. 

Token β3 enters the net via place L5 with initial characteristic 

“Method for partitioning”. 

Partitioning the data can be done in different ways, for example according to predetermined 
proportions, or by specifying which records go into which partitioning according to some 
relevant variable. In a standard partition, data are divided into training, validation and test sets. 
The training set is used to build the model; the validation set is used to find out the accuracy of 
the model and with the test set can be used for assessing the prediction error. 
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The transition Z2 has the form: 

Z2 = 〈{L3, L5, L9}, {L6, L7, L8, L9}, 
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where the predicates in the index matrix are the following: 
• W9,6 = W97 = W9,8 = “The data are partitioned”, 
• W4,9 = ¬ W9,6. 

The α-tokens, entering places L6, L7 and L8, obtain the respective characteristics: 

“Training set”, 
“Validation set”, 

“Test set”. 

New methods for splitting enter the net via place L10. Token β4 in place L10 obtains the 
characteristic 

“New method for splitting”. 

The transition Z3 has the form: 

Z3 = 〈{L10, L12}, {L11, L12}, 
trueWL
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LL
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where the predicate W12,11  = “A splitting method is chosen”. 
The β4-token that enter transition Z3 will units with the β1-token in place L12. 
The β-token, entering place L11 obtains the characteristic 

“Splitting method”. 

The transition Z4 has the form: 

Z4 = <{L6, L11, L14, L15}, {L13, L14}, 
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where the predicates in the index matrix are the following: 
• W14,13 = “The ‘best attribute’ for splitting the training set is determined”, 
• W14,14 = ¬ W14,13. 

The α-token, entering place L13, obtains the characteristic 
“Training set, “best attribute” for splitting”. 

The transition Z5 has the form: 

Z5 = 〈{L13, L18}, {L15, L16, L17, L18}, 
181817181618151818
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where the predicates in the index matrix are the following: 
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• W18,15 = “The next “best attribute” have to be chosen”, 
• W18,16 = “There is a terminal node (leaf node)”, 
• W18,17 = “ There is a decision node”. 

The α-tokens, entering places L18 (from place L13) and L15 (from place L18) do not obtain 
new characteristics.  

The α-tokens, entering places L16 and L17, obtain the respective characteristics: 

“Leaf node”, 
“Decision node”. 

The methods for pruning enter the net via place L19. Token β5 in place L19 has characteristic: 

“New method for pruning”. 

The transition Z6 has the form: 

Z6 = 〈{L19, L21}, {L20, L21}, 
trueWL
truefalseL
LL
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where the predicate W21,20  = “A pruning method is chosen”. 
The β6-token that enter transition Z6 will units with the β2-token in place L21. 
The β-token, entering place L20 obtains the characteristic: 

“Pruning method”. 

The transition Z7 has the form: 

Z7 = 〈{L16, L17, L23}, {L22, L23}, 
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where the predicates in the index matrix are the following: 
• W23,22 = “The next “best attribute” have to be chosen”, 
• W23,23 = ¬ W23,22. 

The α-token, entering place L22, obtains the characteristic: 
 “A decision tree model”. 

The transition Z8 has the form: 

Z8 = 〈{ L7, L20, L22, L26}, {L24, L25, L26},  
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where the predicates in the index matrix are the following: 
• W26,24 = W26,25 =“The model is validated”, 
• W26,26 = ¬ W26,24. 

The α-token, entering place L24, obtains the characteristic: 

 “A validated decision tree model”. 
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The transition Z9 has the form: 

Z9 = 〈{L8, L25, L28}, {L27, L28}, 
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where the predicates in the index matrix are the following: 
• W28,27 = “The model is tested”, 
• W28,28 = ¬ W28,27. 

The α-token, entering place L27, obtains the characteristic: 

 “A tested decision tree model”. 

3 Conclusions  

In the paper is constructed a GN-model of the process of a decision tree construction using 
“top-down tree construction” algorithm. It can be used for classification purposes and in some 
applications it is implemented to support regression as well. 
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