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The rapid development of technical devices and technology allows monitoring the properties of different physical 

nature objects with very small discreteness of the data. As a result, one can accumulate large amounts of data that can 
be used with advantage to manage an object, a multiply connected system, and a technological enterprise. However, 
regardless of the field of activity, the tasks associated with small amounts of data remains. In this case the dynamics of 
data accumulation depends on the objective limitations of the external world and the environment. The conducted re-
search concerns high-dimensional data with small sample sizes. In this connection, the task of selecting informative 
features arises, which will allow both to improve the quality of problem solving by eliminating “junk” features, and to 
increase the speed of decision making, since algorithms are usually dependent on the dimension of the feature space, 
and simplify the data collection procedure (do not collect uninformative data). As the number of features can be large, 
it is impossible to use a complete search of all features spaces. Instead  of it, for the selection of informative features, 
we propose a two-step random search algorithm based on the genetic algorithm uses: at the first stage, the search with 
limiting the number of features in the subset to reduce the feature space by eliminating  “junk”  features, at the second 
stage - without limitation, but on a reduced set features. The original problem formulation is the task of supervised 
classification when the object class is determined by an expert. The object attributes values vary depending on its state, 
which makes it belong to one or another class, that is, statistics has an offset in class. Without breaking the generality, 
for carrying out simulation modeling, a two-alternative formulation of the supervised classification task was used. Data 
from the field of medical diagnostics of the disease severity were used to generate training samples. 

 
Keywords: small samples, supervised classification, ridge-regression, quantile transformation, meta-classifier,  

significance of features, genetic algorithm. 
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Бурное развитие технологий и техники обеспечивают возможность мониторинга свойств объектов раз-
личной физической природы с очень малой дискретностью. В результате накапливаются большие объемы 
данных, которые можно использовать с пользой для управления объектом, многосвязной системой, техноло-
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гическим предприятием. Однако, вне зависимости от сферы деятельности, остаются задачи, связанные  
с небольшими объемами данных, динамика их накопления зависит от объективных ограничений внешнего мира 
и окружающей среды. 

Проводимые исследования касаются данных небольших объемов выборок и  размерности признаков объек-
тов, которая может считаться высокой относительно количества изучаемых объектов. В связи с этим воз-
никает задача отбора информативных признаков, что позволит как улучшить качество решения задачи за 
счет исключения «мусорных» признаков, так и повысить скорость принятие решения, поскольку алгоритмы 
обычно зависимы от размерности признакового пространства, и упростить процедуру сбора данных (не соби-
рать неинформативные данные). Поскольку количество признаков может быть велико, полный перебор всех 
пространств признаков оказывается невозможным. Вместо этого для отбора информативных признаков 
предложен двуступенчатый алгоритм случайного поиска, основанный на применении генетического алгорит-
ма: на первом этапе с ограничением количества признаков в подмножестве для сокращения признакового  
пространства за счет исключения «мусорных» признаков, на втором этапе – без ограничения, но по сокра-
щенному набору признаков. 

Исходная формулировка проблемы представляет собой задачу классификации объектов с учителем, когда класс 
объекта определен экспертом. Значения признаков объектов меняются в зависимости от его состояния, что обу-
словливает принадлежность тому или иному классу, то есть статистики обладают смещенностью в классе. 

Без нарушения общности для проведения имитационного моделирования использовалась двухальтернатив-
ная постановка задачи классификации с учителем, для генерации обучающих выборок были использованы дан-
ные из области медицинской диагностики степени тяжести заболевания. 

Ключевые слова: малые выборки, классификация с учителем, ридж-регрессия, квантильное преобразование, 
мета-классификатор, значимость признаков, генетический алгоритм. 

 
Introduction. By solving the problem of classifica-

tion the essential components are objects selection, fea-
ture reduction and distance criteria (norming). 

For feature reduction it is necessary to pay attention to 
the following aspects: 

– the possible accuracy of classification algorithm 
which can be valued with cross-validation algorithms for 
any feature set. If the set is insufficient for model building 
the accuracy of an examined classification algorithm will 
be limited by the lack of information; 

– time to build a classifier: the size of feature space 
implicitly defines learning time. Amount of irrelevant 
features can unnecessary increase classifier building time; 

– the number of objects required for learning a suffi-
ciently accurate classifier:  other conditions being equal 
the greater number of features is used in the model the 
greater number of objects must be which are necessary to 
achieve the required classification accuracy. With a large 
number of features and a small number of objects the risk 
of retraining the model is high; 

– the cost of classifying a new object using the trained 
classifier: in many practical applications, for example, in 
medical diagnostics features are the observed symptoms 
as well as the results of diagnostic tests. Different diag-
nostic test may have various costs and associated risks. 
For example, an invasive exploratory operation can be 
much more expensive and riskier than a blood test. This 
presents us with the problem of choosing a subset of fea-
tures when training the classifier. 

The problem of choosing a feature space is related to 
the identification task and it is to choose  a subset of fea-
tures from the larger set of often mutually redundant, pos-
sibly irrelevant features with different measurement costs 
and / or risks. An example of such a task of considerable 
practical interest is the problem of forming the feature 
space for solving the problem of classifying the disease 
severity. 

The literature suggests various approaches to select a 
subset of features. Some of them include finding the op-
timal subset based on a specific quality criterion [1], uses 
an exhaustive wide search [2], to find the minimum com-

bination of features sufficient to build an accurate model 
from observations. Since the complete enumeration of all 
feature combinations is impossible because of the large 
number of features and combinations, most approaches to 
the choice of the feature subset imply the monotony of a 
certain measure – classification accuracy. If it is assumed 
that adding features does not impair accuracy, then  
the branch and bound method can be used for searching 
[3; 4]. However, in many practical applications the mo-
notony assumption is not satisfied. 

Some authors consider the use of heuristic search (of-
ten in combination with the branch and bound method) 
[5–11], as well as randomize algorithms [12; 13] and  
genetic algorithms [14–17], to select a subset of features 
and its further use with the decision tree or the method  
of nearest neighbours. 

General formulation of the problem. Suppose there 

are many objects { }, 1,iO i n= , where n is a sample size 

which is described by a known features set { }, 1,ip i m= , 

measured in absolute ( 1m ) and rank ( 2m ) scales: 

1 2m m m+ = . For each object there is an indication of the 

teacher to which class it belongs: i lO Z∈ , 1,l L= , L is a 

number of classes. Denote feature measurements for each 

object by a set of values ( ){ }, , 1, , 1,j
i iz x i s j m= = , where 

j
ix  is a value of jp  feature of iO  object, iz  is a number 

of the class, ln  is a number of class objects lZ , 

1

L

ll
n n

=
=∑ . 

It is necessary to build a classification algorithm, de-
velop procedures for setting the parameters of algorithms. 

The above task is complicated by the fact that the 
number of features is comparable to the sample size. In 
fact, this means data that are highly sparse in multidimen-
sional space and have no pronounced interclass bounda-
ries. That is, it is hardly possible to build a satisfactory 
quality classifier. 
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In this case the question arises: what is the ratio of the 
number of features to the sample size considered as a 
threshold of significant sparseness and what to do when 
the set of features is large and the data volume is limited? 
The first question is the subject of further research and is 
closely related to the stability characteristic of the classi-
fier. The second question is considered in the further sec-
tions of the article. 

Due to the small amount of input data leading to the 
high sparseness in the feature space it is necessary to or-
der the features according to the degree of their influence 
on the quality of classification, in other words, to reduce 
the number of features discarding the ones of little sig-
nificance. 

An insignificant feature is proposed to consider the 
one which, being excepted, does not worsen the classifi-
cation. 

Selection of significant features and classification. 
Feature reduction experiments were performed using a 
standard genetic algorithm [18; 19]. The results are based 
on a sliding exam for the problem of classifying an object 
with the following parameters of the genetic algorithm: 

1. Population size: 100; 
2. Number of generations: 200; 
3. Selection: ranking method; 
4. Crossover probability: 0.6; 
5. Mutation probability: 0.001; 
6. Probability of choosing an individual with the 

highest rank: 0.6. 
Each individual in the population is a variant of the 

feature subset to solve the problem of classification. 
Based on the total number of features m a classification 
can be made. 

To solve the classification problem it is proposed to 
use its regression formulation. This is possible when ob-
jects form different classes according to their states. This 
means that the class is a group of similar objects in a cer-
tain state. The state of the object is classified according to 
the values of a specific set of features which are the 
measurements of technological parameters and the results 
of diagnostic tests. Due to the fact that the transition of an 
object from one state to another under the influence of 
various loads, disruptions in work and environmental in-
fluences can be interpreted as a sequential transition from 
one class to another. The classification task is presented as 
a regression task where the classes are ordered according 
to the state of the object.  Thus, objects with a light form 
of deviation of technological parameters and a slight wear 
of resource form class 1; class 2 is made up of objects 
with a higher (medium) level of inconsistency; objects 
with significant deviations (severe stage) form class 3. 

As a result of building the regression dependence each 
new object will be assigned a value from 1 to 3 instead  
of a class number (1 – light, 2 – medium, 3 – severe).  
For example if forecasts 1.1 and 1.4 are obtained for two 
objects, the probability that the first object has a slight 
degree of deviation is higher than for the second one al-
though both of them will be attributed to the state of slight 
deviation. 

If there are m features there are 2
m
 possible subsets of 

features. For large values of m the complete search of 
features takes considerable time which may not be con-
sisted with the restriction of waiting for the result of the 
algorithm. 

Each individual is a binary vector of dimension m. If 
the bit is 1, it means that the corresponding attribute is 
selected to build the classifier. The value 0 indicates that 
the corresponding attribute is excluded from the classifier. 

The average square of residual is chosen as a fitness 
function. Since the classification problem is solved as a 
regression problem, MSE additionally penalizes (for ex-
ample, in comparison with MAE) large errors of classifi-
cation when the forecast deviation from the real value of 
the class is more than 1.5, i. e. the error is more than one 
class (instead of the light stage the classifier predicts the 
severe condition and vice versa). 

For numerical modeling and building the regression 
dependence a ridge regression was used (linear regression 
with a regularization parameter) [20]. The ridge regres-
sion is used if it occurs: 

– data redundancy; 
– correlated independent variables (multicollinearity); 
– strong differences in the eigenvalues of the charac-

teristic equation or the proximity to zero of several of 
them. 

All of the above properties of features quite often take 
place in practice when the removal of technological pa-
rameters is of a distributed nature. 

We use a linear model: y = f(x, β), where f is a linear 
operator (linear functional dependence), β is model pa-
rameters. 

We assume that the vector of coefficients of the linear 
regression model β is found by the least squares method: 

( )( )
2

1

, min
i

n

i i

i

f x y
β

=

β − →∑ .                   (1) 

Analytical solution of this problem: β = (X
T
X)

–1
X

T
Y, 

however, when the matrix X
T
X is degenerate, the solution 

is not unique, but if it is poorly conditioned it is not sta-
ble. Therefore, regularization of the parameter β is intro-
duced, for example according to the following rule: 

( ) 2 2
minQ Y X
β

β = − β +λβ → ,                (2) 

where λ > 0 regularization parameter. 
The regularized least squares solution is as follows: 

( )
1

T T
X X I X Y

−
β = + λ .                      (3) 

The increase in the parameter λ leads to the decrease 
in the norm of the parameter vector and the increase in the 
efficiency of the feature space dimension. 

The error is estimated using a sliding exam since the 
size of the training sample is small and the construction  
of the classifier takes little machine time. This paper pro-
poses the use of two-step feature selection algorithm: 

1. At the first step the primary selection of features is 
carried out. It means the exclusion of the most “junk” 
ones. We restrict the individuals so that the number of 
features in subsets is less than 0.2*n, where n is the num-
ber of observations in the training set, further additions of 
features in theory will lead to the increase in the risk of 
retraining. For example in the task of predicting the sever-
ity of the disease 25 features (of 94 in the original sample) 
are revealed, i.e. no evaluable feature subset can contain 
more than 25 features. If, as a result of crossing or muta-
tion we get an individual who is not suitable for this con-
dition then such an individual is thrown out and replaced 
by the following one suitable for this rule. 
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Fig.1. The distribution of the accuracy of classifiers trained on various attribute subspaces  
that were individuals in the course of optimization by the genetic algorithm for any generation 

 
Рис. 1. Распределение точности классификаторов, обученных по различным признаковым  

подпространствам, которые являются индивидами в ходе оптимизации генетическим  
алгоритмом на любом поколении 

 
 

 
 

Fig. 2. Distribution of features by the number of hits in the subsets  
from the pool of the best subsets 

 
Рис. 2. Распределение признаков по количеству попаданий в подмножества  

из пула лучших подмножеств 
 

 

Using the genetic algorithm we form sets of the best 
solutions that could be obtained at any iteration. Fig. 1 
shows the accuracy distribution of forecasts for MSE. It is 
to be noted that the accuracy of 0.699 is provided by a 
simple average for this problem. If a subset of features 
gives the accuracy worse than 0.699, it means that there is 
a retraining effect and the subset contains no important 
features. 

From the entire set of features a pool of the best solu-
tions (subsets) is selected from the first (left) peak of the 
distribution density of the accuracy of classifiers trained 
in various attribute subspaces. Further, according to this 
pool, we calculate the number of inclusions of the feature 
in the feature spaces. The feature distribution by the num-
ber of hits is shown in fig. 2  

There is a sharp drop in the number of feature hits in 
the best feature subspaces. All features that fall into a sub-
stantially small number of subsets are excluded, provided 

that the excluded feature does not fall into the top 20 fea-
ture spaces.  

Thus, 67 features are cut off at this stage. It is also to 
be noted that one feature gets into the best subsets a lot more 
times and can be initially included in the best subset. 

2. At the second step we launch a new optimization 
process with no limitation on the number of features. Fig. 3 
shows distribution of the feature number in the best in 
reproducible classification accuracy of feature subspaces. 

Fig. 4 shows the accuracy distribution of forecasts for 
MSE. It should be noted that the proportion of individuals 
close to the best selected increased, as did the average 
accuracy of the classifiers and the best accuracy compared 
to the solutions found at the first step.  

Fig. 5 shows the distribution of features by the number 
of individuals in the top 100 and table contains the num-
ber of specific features in the most suitable individuals 
top 5, top 50 and top 100.  
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Fig. 3. Distribution of the features number in the best in reproducible classification  
accuracy of feature subspaces 

 
Рис. 3. Распределение количества признаков в лучших по воспроизводимой точности  

классификации признаковых подпространствах 

 
 

 
 

Fig. 4. Accuracy distribution of MSE classifiers after optimization without  
limitation on the number of features 

 
Рис. 4. Распределение точности классификаторов по MSE после процесса  

оптимизации без ограничения на количество признаков 
 
 

 
 

Fig. 5. Distribution of features by the number of hits in the top 100 feature spaces 
 

Рис. 5. Распределение признаков по количеству попаданий 
в топ-100 признаковых пространств 
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The number of hits in the top best individuals 
 

Sequence number  

of the feature 

Number of hits in the  

top 5 best individuals 

Number of hits in the  

top 50 best individuals 

Number of hits in the  

top 100 best individuals 

1 5 44 78 

2 2 16 35 

3 0 7 28 

4 0 21 48 

5 0 11 30 

6 0 12 27 

7 5 49 90 

8 5 50 100 

9 0 18 43 

10 1 19 43 

11 5 45 91 

12 0 13 37 

13 5 35 64 

14 0 20 47 

15 0 5 16 

16 5 50 90 

17 0 18 41 

18 2 30 61 

19 2 37 82 

20 0 9 18 

21 5 45 93 

22 1 15 25 

23 5 50 100 

24 5 45 86 

25 3 27 54 

26 1 12 26 

27 5 30 57 

 

 

Conclusion. The paper considers the procedure  

of feature selection for small volumes of the original 

training set and a significant number of features describ-

ing the state of objects. To solve the problem the genetic 

algorithm for the feature subspaces formation was used. 

The approach to the classifier construction differs from 

the classical one and is a construction of the regression 

dependence of the class value output on the input feature 

values. Such implementation allows estimating the prob-

ability of belonging to a particular class through the re-

gression value. Application of this approach to the classi-

fication problem is possible in cases when the class of an 

object depends on its state and the classes can be ordered 

(ranked). Data on the state of human health were taken as 

a basis of simulation samples generation for numerical 

experiments but without violation of generality the ap-

proach can be extended to other industries and fields of 

activity including the diagnosis of changes in the state of 

equipment during its operation.  
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