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Decision trees (DT) belong to the most effective classification methods. The main advantage of decision trees is a 

simple and user-friendly interpretation of the results obtained. But despite its well-known advantages the method has 
some disadvantages as well. One of them is that DT training on high-dimensional data is very time-consuming.  
The paper considers the way to reduce the DT learning process duration without losses of classification accuracy. 
There are different algorithms of DT training; the main of them being ID3 and CART algorithms. The paper proposes 
a modification of DT learning algorithms by means of the information criterion optimization for some selected attribute. 
The use of this modification allows avoiding optimization by means of enumeration search over the entire data set. The 
Separation Measure method is used to select the attribute. The method selects the attribute whose class-based averages 
are most distant from each other. Optimization of the selected attribute is carried out using the method of differential 
evolution, which is one of the evolutionary modeling methods designed to solve problems of multidimensional optimiza-
tion.  Self-configuring at the population level based on the probabilities of using mutation operator’s variants was ap-
plied for differential evolution. 

The classification problems were solved to compare standard DT learning algorithms with the modified ones. Algo-
rithm efficiency refers to the percentage of correctly classified test sample objects. Statistical analysis based on Stu-
dent's t-test was carried out to compare the efficiency of the algorithms.  

The analysis showed that the use of the proposed modification of the DT learning algorithm makes it possible  
to significantly speed up the training process without losses in the classification effectiveness. 

 
Keywords: decision tree, classification, optimization, Separation Measure, differential evolution, Population-Level 

Dynamic Probabilities, Success History Adaptation. 
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Деревья принятия решений (ДПР) являются одним из наиболее эффективных методов классификации.  

Основным преимуществом деревьев принятия решений является простая и понятная пользователю интер-
претация полученных результатов. Но, несмотря на известные преимущества подхода, он имеет и недостат-
ки. Одним из главных недостатков является то, что обучение ДПР на данных большой размерности требует 
значительных затрат времени. В данной статье рассматривается способ уменьшения времени обучения ДПР 
без потери точности классификации. Существуют различные алгоритмы обучения ДПР, основными из кото-
рых являются алгоритмы ID3 и CART. В статье предложена модификация алгоритмов обучения ДПР с помо-
щью оптимизации критерия информативности по некоторому выбранному атрибуту. Применение данной 
модификации позволяет избежать оптимизации полным перебором по всему набору данных. Для выбора  
атрибута используется метод Separation Measure. В данном методе выбирается тот атрибут, у которого 
выборочные средние по классам наиболее отдалены друг от друга. Оптимизация по выбранному атрибуту 
осуществляется с помощью метода дифференциальной эволюции, одного из методов эволюционного модели-
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рования, предназначенного для решения задачи многомерной оптимизации. Для дифференциальной эволюции 
применена самонастройка на уровне популяции на основе вероятностей применения видов мутации. 

Для сравнения стандартных алгоритмов обучения ДПР с модифицированными алгоритмами  были решены 
задачи классификации. Под эффективностью алгоритмов понимается процент правильно классифицирован-
ных объектов тестовой выборки. Для сравнения эффективности алгоритмов проведен статистический 
анализ с применением t-критерия Стьюдента. 

Анализ показал, что при использовании предложенной модификации алгоритма обучения деревьев  приня-
тия  решений можно значительно ускорить процесс обучения, не потеряв при этом в эффективности класси-
фикации. 

 
Ключевые слова: деревья принятия решений, классификация, оптимизация, Separation Measure, дифферен-

циальная эволюция, Population-Level Dynamic Probabilities, Success History Adaptation. 
 
Introduction. The solution of classification problems 

is one of the most important areas of intelligent data 
analysis technologies. There are many different decision 
making support methods to solve these problems. Deci-
sion trees have shown good performance in this area. De-
cision trees is a method based on the application of vari-
ous functions for dividing the initial data set, in particular, 
simple threshold rules [1]. The main advantage of the 
method is relatively easy interpretability of the results. 
DT disadvantages include the fact that trees are extremely 
difficult to optimize because of their discrete structure. 
Another main disadvantage is the length of DT training 
process. This article considers a way to reduce training 
time without losing classification accuracy. 

Decision trees. A decision tree is a binary tree in 
which a function is assigned to each inner node and a 
forecast is assigned to each leaf node [1]. In most cases 
one-dimensional predicates are used which compare the 
value of one of the attributes with a threshold, but there 
are also multidimensional predicates [2]. Multidimen-
sional predicates make it possible to construct even more 
complex dividing surfaces, but they are rarely used in 
practice, in particular because they increase the tendency 
of decision trees to retrain. 

DP learning algorithms, like any other machine learn-
ing algorithms, have their own settings and parameters, 
the variation of which provides a variety of these algo-
rithms. The specific method for constructing the DT is 
determined by: 

1. Types of predicates at the vertices. 
2. Quality functional Q (X, j, s). 
3. Stop criterion. 
4. Missing values processing method. 
5. “Pruning” method. 
The first three parameters are obligatory for DT learn-

ing methods, and the last two are present in some algo-
rithms only. We have already mentioned the types of 
predicates, so let us move on to consider the quality func-
tional Q (X, j, s). 

Quality functional. When constructing DT it is neces-
sary to set the quality functional on the basis of which the 
sampling is performed at each node. We denote the set of 
objects that have fallen into some node as Rm, and the 
objects that fall into the left and right subtrees, respec-
tively, for a given predicate as Rl and Rr. The following 
functional is used: 

( , , ) ( ) ( ) ( ).l r
m m l r

m m

R R
Q R j s H R H R H R

R R
    

Here H(R) is an information criterion that evaluates 
the quality of the target variable distribution among ob-
jects of the set R. The smaller the diversity of the target 
variable is, the less the value of the information criterion 
should be and, accordingly, its value is minimized. The 
quality functional Q (Rm, j, s) where j is the attribute 
number and s is the threshold value is maximized at the 
same time. Later on when considering specific algorithms 
[3] we will indicate what specific information criteria are 
used for classification. 

Stop criterion. One can come up with a lot of stop cri-
teria. We list some restrictions and criteria: 

1. Limiting the maximum depth of a decision tree. 
2. Limiting the minimum number of objects in a leaf. 
3. Limiting the maximum number of leaves in a deci-

sion tree. 
4. Stopping if all objects in the leaf belong to the same 

class. 
5. The requirement that the quality functional during 

splitting should be improved by at least s percent. 
Decision tree learning algorithms. Two main  

decision tree learning algorithms are ID3 and CART  
were implemented and compared with each other in this 
paper [4]. These algorithms complete their work if obser-
vations of one class are left in a leaf or if a restriction on 
the decision tree depth is imposed. In this paper a depth 
limit was not imposed. 

The main difference between these algorithms lies in 
information criteria. The ID3 algorithm uses the entropy 
criterion [3]: 

1

( ) log
K

k k
k

H R p p


 
 

where pk is the fraction of objects of class k that have 
fallen into the node R, K is the number of classes. 

The CART algorithm uses the Gini criterion [3]: 

1

( ) (1 )
K

k k
k

H R p p


  .
 

Optimization of the presented information criteria in 
standard decision tree learning algorithms is carried out 
by enumeration search over the initial data set. Since it is 
necessary to calculate the values of the information crite-
rion for all attribute values for all observations of the 
training sample, a significant amount of time is required 
for this process. The learning process of the decision tree 
can be represented as a diagram in fig. 1. 

Learning process optimization. The paper proposes 
the optimization of the information criterion for some 
selected attribute in order to reduce the algorithm operat-
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ing time. The use of this modification allows avoiding 
optimization by means of enumeration search over the 
entire data set. 

Separation Measure. Let us consider some attribute xj 
in the case of two classes. Let x+ be the average value  
of the attribute for the objects of the first class, x– be the 
average value of the objects of the second class, and x*  

be the average value between x+ and x–. We suppose  
that x+ > x–, then n+ is the number of observations for 
which xj ≥ x*, and n– is the number of observations for 
which xj < x*. We calculate the value d = n+n–, which 
determines the separation ability. On the basis of the ob-
tained values it is necessary to maximize the separation 
ability by choosing the attribute with the largest value  
of d. In other words, we will choose the attribute for 
which the class-based averages are the most distant from 
each other [5]. 

Differential evolution. In this paper the differential 
evolution method is used to optimize the information cri-
terion for the selected attribute. The differential evolution 
method is one of the methods of evolutionary modeling 
designed to solve the multidimensional optimization 
problem [6]. The method uses the ideas of genetic algo-
rithms, but unlike them it does not require working with 
variables in binary code [7]. 

Let us consider the algorithm. A set of random vectors 
which are possible solutions to the optimization problem 
is initialized. The set is called a population. The number 
of vectors in the population on each generation is the 
same and is one of the methods setting parameters. 

At each iteration of the evolutionary process the algo-
rithm generates a new generation of a population of vec-
tors, randomly combining vectors of the previous genera-
tion among themselves according to certain rules. Unlike 
genetic algorithms, in differential evolution there is a dif-
ferent sequence of the evolutionary process stages – first a 
mutation is made, then a crossover and, last but not least, 
a selection. 

Selection and crossover cannot be of different types in 
differential evolution, but there are many different types 
of mutations. In particular, 7 different types of mutations 
were used [8] in the implemented method of differential 
evolution. The choice of the mutation type is carried out 
by the Population-Level Dynamic Probabilities method of 
self-configuring [9; 10]. Self-configuring is carried out at 
the population level on the basis of the probabilities of 
using mutation types. A selection is made in accordance 
with a specific probability distribution. The probability of 
using some type of mutation varies for the whole popula-
tion.  

 
 

 
 

Fig. 1. Decision tree learning algorithm 
 

Рис. 1. Схема алгоритма обучения дерева принятия решений 
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Fig. 2. Modified decision tree learning algorithm 
 

Рис. 2. Модифицированный алгоритм обучения дерева решений 
 
 
Probabilities are adapted on the basis of information 

about the successful or unsuccessful use of a mutation 
according to the formulas: 
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where n is the number of mutation types, usedi is the 
number of applications of the i-type of mutation, successi 
is the number of successful applications of the i-type of 
mutation, i. e. when the fitness of the offspring exceeded 
the average fitness of the parent population. 

In the differential evolution method, in addition to the 
mutation strategy there are two more important factors 
that need to be adjusted: F is a parameter that determines 
the strength of the mutation, i.e. the amplitude of distur-
bances introduced into the vector by external noise; Cr is 
a parameter indicating the probability of crossing. Adap-
tation of parameters is carried out according to the Suc-
cess History Adaptation algorithm [11]: 

1
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where newF is the new value of the parameter F, and oldF 
is the old one, respectively. 
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where n is the number of the parameter F successful ap-
plications, i. e. when the fitness of the offspring exceeds 
the average fitness of the parental individuals; success_F 
is the value of the successfully applied parameter F;  
FitDif is a change in the fitness value for each successful 
parameter.  

The procedure is similar for the parameter Cr. Pa-
rameters are adapted on the basis of information on the 
success of their application. 

Fig. 2 presents a modified diagram of the decision tree 
learning algorithm. 
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The solution of classification problems. 4 tasks usu-
ally applied to analyze the effectiveness of classification 
algorithms [12] were used to compare the well-known DT 
learning algorithms with the modified algorithm: 

1) Determining the type of soil from a satellite image. 
2) Determining the type of a car. 
3) Recognition of the type of an object by its segment. 
4) Recognition of the urban landscape. 
Comparison of algorithms is presented in the form of 

diagrams in fig. 3–6. It should be noted that the results 
averaged over 100 starts are presented for a modified 
learning algorithm with the differential evolution method, 
which is predetermined by the stochastic nature of the 
algorithm. Since the training time for standard and modi-

fied algorithms is significantly different, it is not possible 
to display them on diagrams. Therefore, for clarity in the 
diagrams the training time of standard algorithms is taken 
as a unit, and the training time of a modified algorithm is 
represented as a fraction of the training time of a standard 
algorithm. The horizontal axis in the diagrams shows the 
numbers of tasks. 

Fig. 3, 4 illustrate a significant reduction in the time 
spent on the learning process. The following are diagrams 
comparing the efficiency of the algorithms classification. 
Efficiency refers to the percentage of correctly classified 
test sample objects. 

Fig. 5, 6 show that the results of the classification 
efficiency do not differ significantly.  

 
 

 
 

Fig. 3. Comparison of ID3 algorithms training time 
 

Рис. 3. Сравнение времени обучения алгоритмов ID3 
 

 
 

Fig. 4. Comparison of CART algorithms training time 
 

Рис. 4. Сравнение времени обучения алгоритмов CART 
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Fig. 5. Comparison of ID3 algorithms classification efficiency 
 

Рис. 5. Сравнение эффективности классификации алгоритмов ID3 
 
 
 

 
 

Fig. 6. Comparison of CART algorithms classification efficiency 
 

Рис. 6. Сравнение эффективности классификации алгоритмов CART 
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Table 1 
Experimental values of Student’s t-test (average values) 

 

 ID3 CART 

Task 1 0.263 0.77 

Task 2 0.378 0.121 

Task 3 1.017 0.963 

Task 4 0.27 0.381 
 
 

Table 2 
Experimental values of Student’s t-test (best values) 

 

 ID3 CART 

Task 1 0.633 1.648 

Task 2 2.635 1.506 

Task 3 1.953 1.991 

Task 4 2.389 3.097 
 

 
Statistical analysis. Statistical analysis for a 

statistically reliable comparison of the efficiency of the 
standard and modified algorithms [13] was carried out in 
the present paper. 

The hypothesis of the equality of mathematical 
expectations was put forward, an alternative hypothesis 
assumes inequality of mathematical expectations, the 
critical area is two-way. Cross-validation of each data set 
was performed, the algorithms were trained and tested 
several times on different parts of the samples in order  
to test the hypothesis. Student's t-test was used for 
comparison. According to Student’s distribution table,  
tcr = 2.101 was determined with a significance level of  
α = 0.05 [14; 15]. Tab. 1 shows the observed values of 
Student’s t-test for the considered taks. Each cell 
corresponds to tobs when comparing standard and 
modified algorithms. 

All observed values of Student’s t-test from tab. 1  
did not fall into the critical region, i. e. tobs < tcr, therefore 
the hypothesis of mathematical expectations equality is 
accepted. Tab. 2 shows the observed values of Student’s 
t-test when comparing trees obtained by the standard  
algorithm with the best trees obtained by the modified 
algorithm. 

In tab. 2 not all observed values of Student’s test ex-
ceed the critical indicator, therefore, not all the best trees 
found by the modified algorithm have statistically signifi-
cant differences from the trees obtained by the standard 
algorithm. However, in tab. 2 bold indicates values that 
exceed the critical indicator; for tasks 2 and 4 the modi-
fied ID3 algorithm can find decision trees that cope with 
classification much better. Similarly, for task 4 the modi-
fied CART algorithm allows finding the best decision 
trees. 

Conclusion. In accordance with the statistical analysis 
the following conclusion can be drawn: when using the 
proposed modification of the decision tree learning algo-
rithm, the training process can be significantly accelerated 
without losing classification efficiency. In addition, it is 
worth noting that although on average the algorithms 
work the same way, modified algorithms sometimes allow 
finding decision trees that better cope with the task. In the 

future it is supposed to automate the process of forming 
decision trees by evolutionary algorithms in order to in-
crease the efficiency of this method. 
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