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МОНИТОРИНГ КАЧЕСТВА ОБРАЗОВАНИЯ И ВНЕДРЕНИЕ 

ИНДИВИДУАЛЬНОГО ОБУЧЕНИЯ: ДЕМОНСТРАЦИЯ ПОДХОДОВ  

И АЛГОРИТМОВ ИНТЕЛЛЕКТУАЛЬНОГО АНАЛИЗА 

ОБРАЗОВАТЕЛЬНЫХ ДАННЫХ 

Как показывает анализ данных международных тестирований знаний учащихся, 

среднее и высшее образование многих странах переживает кризис, который в том числе 

вызван не адекватностью системы  мониторинга качества традиционного и дистанцион-

ного образования. В свою очередь, развитие такой системы мониторинга требует разра-

ботки методов классификации и квантификации, необходимых для прогноза индивидуаль-

ных и коллективных успехов учащихся. В этой статье теоретически и экспериментально 

показано, что наиболее перспективным подходом, решающим одновременно обе задачи 

прогноза, является создание гетерогенных ансамблей, состоящих из нечетного числа раз-

личных базовых классификаторов, таких как деревья решений, простейшие нейронные се-

ти, наивный байесовский классификатор и другие. Проведя обучение и тестирование  

11 различных бинарных классификаторов на шести различных выборках образовательных 

данных, нами показано, что индивидуальный детерминированный прогноз таких ансамблей 

превосходит по точности прогнозы как отдельных базовых классификаторов, так и одно-

родных ансамблей созданных по технологиям бэггинга и бустинга. Преимущество гетеро-

генных ансамблей созданных из трех, пяти и семи классификаторов становится опреде-

ляющим, если учесть, что при естественном  дисбалансе выборки образовательных дан-

ных, полезным прогнозом классификатора может считаться только такой прогноз, точ-

ность которого превосходит относительную частоту класса объектов имеющих наи-

большую повторяемость в выборке данных. Главным преимуществом гетерогенного ан-

самбля является возможность трансформации детерминированного прогноза  в вероятно-

стный прогноз, когда вместо отнесения объекта к тому или иному классу, даются вероят-

ности его принадлежности к отдельным классам.  На основе этого нами предложен новый 

метод бинарной квантификации, когда индивидуальные вероятности  принадлежности к 

каждому из классов объектов суммируются по отдельности, а полученные в итоге суммар-

ные вероятности интерпретируются как относительные частоты объектов в выборке.  

В результате экспериментов показано, что такая бинарная ансамблевая квантификация по 

точности заметно превосходит традиционный метод «классифицируй и считай». 

Прогноз индивидуальных и коллективных успехов учащихся; анализ образовательных 

данных; классификация и квантификация; несбалансированные выборки; гетерогенные 

ансамбли; детерминированный и вероятностный прогноз. 
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MONITORING OF THE EDUCATION QUALITY AND IMPLEMENTING  

OF INDIVIDUAL LEARNING: DEMONSTRATION OF APPROACHES  

AND EDUCATIONAL DATA MINING ALGORITHMS 

The quality monitoring system for traditional and distance education requires the develop-

ment of machine learning classification and quantification techniques necessary to predict indi-

vidual and collective student performance. This article theoretically and experimentally shows that 

the most promising approach that simultaneously solves both forecast tasks is to create heteroge-

neous ensembles consisting of an odd number of different base classifiers, such as decision trees, 

simple neural networks, naive Bayesian classifier and others. By training and testing 11 different 

binary classifiers on six different samples of educational data, we show that the individual deter-

mined forecast of such ensembles exceeds the accuracy of forecasts of both individual base classi-

fiers and homogeneous ensembles created by bagging and busting technologies. The advantage of 

heterogeneous ensembles is decisive when we deal with the imbalance of sample characteristic of 
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educational data. In these cases, only the forecasts with accuracies exceeding the relative frequen-

cy of the class of objects dominating in the sample of data can be considered as useful forecasts. 

The main advantage of the heterogeneous ensemble is the ability to transform the deterministic 

forecast into a probabilistic forecast, when instead of referring the object to a particular class, the 

probability of its belonging to individual classes is given. On this basis, we have proposed a new 

method of binary quantification, where individual probabilities of belonging to each of the classes 

of objects are summed up separately, and the resulting total probabilities are interpreted as rela-

tive frequencies of objects in the sample. As a result of experiments, it is shown that such ensemble 

binary quantification is significantly superior to the traditional "classify and count" method. 

Individual and collective student performance forecasts; educational data mining; classifi-

cation and quantification; imbalanced datasets; heterogeneous ensembles; deterministic and 

probabilistic forecast. 

Introduction. The main problem of the higher and secondary education system in 

the fast-changing world needs is an inability to rapid self-improvement of the centuries-

old structures of the nature of the teacher-pupil relationship, including the knowledge 

transfer, individual and collective student performance evaluation. It is clear that the 

school management type must be reformed also.  

 

Fig. 1. Indicators of education systems in selected countries. (a) Assessment of reading 

quality (line) and percentage of 15 years old strains with low and high reading scores; 

b) Trends in mathematics, science and reading (2015-2018). Beijing, Shanghai, Jiangsu 

and Zhejiang cities of China) were abbreviated by B-S-J-Z  

Success in this race for the future of nations depends on many socio-economic, 

ethnic, religious, historic, ecologic and any more factors. There are no simple dependen-

cies here. This illustrates Figure 1a, which is based on recent worldwide testing of PISA 

[1]. The figure provides the score in reading of 15 years-old schoolchildren (line) in 

some selected countries and the corresponding percentage of students which demonstrate 

the ability to understand the text above level 5 (below) of complexity and student's light 

(dark) shaded bars. It is obvious that in the countries with the best grades (major cities of 

continental China, Estonia, Finland, Canada, and Korea) the number of students with a 

high (low) level of knowledge is above 20 % (below 10%). The largest economies of the 

U.S. and Japan have similar or slightly weaker results, but overall, they are better than 

the average value of the Organization for Economic Cooperation and Development 

(ОЕСD). Russia, which has slightly weaker rates than the OECD average, has an almost 

equal percentage of such students of about 11 %. We have shown in [2] that this situa-

tion with secondary education leads to the fact that even into the most prestigious facul-

ties of Russian higher schools come a very small number of applicants, demonstrating 

the real ability to the mathematics of bachelor level. For comparison, in the Middle East 

and Turkey, where overall educational achievements are lower than in Russia, there is a 

tendency to sharply increase the portion of weaker learners up to 20–30 %. Moreover, if 

in Israel schools it is adjacent to 15 % of strong learners, in Turkey, United Arab Emir-

ates (UAE) and Jordan it is contradicted by a very small part of students with significant 
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knowledge. It should be said that the other Arab countries listed in [1] have much worse 

indicators than Jordan. Iraq was not part of the PISA testing, but alternatively, we test 

that in the relatively favorable environment of education of Al-Diwaniyah city the pro-

portion of students with low knowledge of mathematics and computer science may be as 

high as 60 % [3]. We hypothesized that low knowledge is the result of the lack of a qual-

ity monitoring system. 

Note that the economic indicators of countries are not decisive for the success of 

the education system: gross per capita income of top-five Estonia ($33,000) only slightly 

more than Turkey and Russia ($28,000), and less than Israel ($38,000) or UAE 

($70,000). Moreover, the quality of national education (Fig. 1a) itself does not speak of 

its trends (Fig. 1b). As the figure from all selected countries, only Turkey, Jordan and the 

USA significantly improved their performance in reading, mathematics, and sciences 

during 2015-2018, and the rest of countries reduce their scores. The largest drop of 

∼10% of quality indicators is observed in Russia. We demonstrate that in such a situa-

tion, the degradation of traditional education can be partially slowed by a combination of 

individual and project-based learning [2], with the leading role of individual study.  

We have also made the case for more widespread application of computer systems for 

individual learning (CSIL) which can be seen as adaptive multi-agent systems with a 

detailed design of educator and student agents to develop an adequate pattern of their 

learning interactions, i.e. pedagogy. No one doubts the need for individual education and 

CSIL in our country [4, 5]. However, the procedure for introducing these forms of edu-

cation raises many questions. Firstly, individual education approaches in higher schools 

are contradicted by observed trends to increase in the number of students in groups and 

to the increasing number of such groups leading by the same educator. These processes 

lead to the homogenization of pedagogical efforts. Sometimes this homogeneity is ele-

vated to the rank of law and takes the form of electronic slavery when the professor fills 

in countless forms, surveys, and tables that have nothing to do with real work. In con-

trast, the CSIL requires a certain freedom of the teacher, and, in essence, changes the 

existing system of relationships at the university. On the other hand, the CSIL can take 

on a significant part of the load, freeing up the teacher’s time for more complex peda-

gogical procedures. Secondly, it is obvious that the existing e-learning systems are not 

yet set up for a detailed analysis of the individual characteristics of the student and his 

relationship with a professional mentor. In many such systems, attention is paid only to 

the formal ability of the student to receive the course material. In such electronic train-

ing, even if it is well structured and meets the requirements of the standards [5], the hu-

man factor is excluded. 

In this paper, we cover two related issues, while simultaneously predict the quality of 

education and implement of individual learning. To do this, we will first look at the system 

of monitoring the quality of education (section 1), determining that these tasks are solved 

in the subsystem of the prediction of individual and collective success of students Then in 

sections 2 and 3 we will show that the most appropriate methods for solving these prob-

lems are heterogeneous ensembles of supervised classifiers and quantifiers. 

1. Education quality monitoring. The Education Quality Monitoring (MQE) gen-

eral chart is shown in fig. 2. Based on this diagram, we discussed [3] the reasons for the 

low-quality of secondary education in the Republic of Iraq and we came to the conclu-

sion that a three level of MQE system are needed. Work [3] discussed the background of 

the MQE of the Republic of Iraq at the national, local and regional levels. The main 

cause of weak human development indicators has been shown to be low-quality educa-

tion due to the lack of national MQE in Iraq. We concluded that the national level of 

monitoring, the issue of forecasting is associated with a big data problem where the col-

lection of initial information is a costly and time-consuming procedure, in addition to 
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that decision-making with feedback is a long-term process that may take years to com-

plete. A regional monitoring system may be in a better situation. The need of this MQE 

at province level was demonstrated by the analysis of socio-demographic data and stu-

dent performance at three preparatory schools in Al-Diwanyah city, Iraq. Despite the 

appropriate educational environment in capital of province, at least 4⁄5 of the number of 

students lost more than one year of study and 2⁄3 of them showed a low level of 

knowledge of two subjects of 160 students. Significant differences in the level of 

knowledge brought by different schools have also been found [3].  

 
Fig. 2. Diagram of the educational quality monitoring and management with (а) direct 

and (b) feedback information flows 

These observations have led us to conclude that the ongoing national-wide reform 

which introducing school-based management cannot be successful without the local 

MQE and their interaction with regional MQE. Particularly, we have demonstrated that 

decentralized national education systems with school-based management do not auto-

matically lead to a rise of education quality.  We conclude that at the local and regional 

level MQE, a key part of system is the prediction of a new situation with the quality of 

learning, determined by the individual and collective achievements of students, which in 

turn are educational data mining problems resolving by the classification and quantifica-

tion methods [6–7]. Obviously, the mass-line courses implement [8] and recent ubiqui-

tous implementation of distance learning as consequence of COVID-19 pandemic, also 

requires the application of these methods.  

2. Supervised classification and sample imbalance. From the position of ma-

chine learning algorithms, the forecast of individual student performance can be pro-

duced by classification algorithms which trained on dataset containing previously col-

lected data and then applied to new dataset. The task of the algorithm with the specified 

accuracy is to determine the class of the object. In our case, these are the student's future 

grades on the certain discipline. Without loss of generality, we will consider the problem 

of supervised classification into two classes: c+ is the class of student’s which 

knowledge ratings are above certain threshold and c- is the class of students which edu-

cational performances are below this threshold.  

Let's give 1) a training sample                        , where the vector    
   consists of m attributes of the feature space of the student      , (whereХ more 

general feature space) and yi denotes the corresponding class of this object, yi Y = {c+, 

c-} and  2) a classification algorithm that explores the training set and constructs a binary 

classifier model h, linking features and two classes of student performance (formula 1). 

            .                                   (1) 

It is assumed that this binary classifier applied to another independent and identically 

distributed sample of vectors        , will correctly indicate its individual classes 

               . As a result of this, we obtain a forecast sample 



Известия ЮФУ. Технические науки                         Izvestiya SFedU. Engineering Sciences 

 

 

116 

                        . A simple evaluation of the effectiveness of the classifier is ob-

tained by comparing the class     predicted by the classifier for the object    with a known 

value    from test sample                       and calculating the relative sum of 
correct forecasts CF. This rating is called the overall accuracy A of the classifier. (formula 2) 

  
                 

               
 

         
   

 
                                          .    (2) 

 The A is a fairly used as indicator of student performance forecasts, generally 
based on various algorithms of decision trees, Naive Bayes (NB), Multi-Layer Percep-
tron (MLP), k-Nearest Neighbors (kNN) and others algorithms [9]. Typically, the accu-
racies А about of 0.7-0.8 or more were reviewed in [9] for these classifiers. If one com-
pares these forecast accuracies with value of Ar ≈0.5 of the forecasts produced by the 
"random" classifier, which virtually tossing a coin to select the class of an individual 
student, then the accuracy in the range of 0.7-0.8 will seem to us quite acceptable. In 
addition, any forecast with an accuracy of more than accuracy of random forecast of 0.5 
is considered useful. This would be a true conclusion when training and test samples 
contain approximately equal two numbers N+ and N-, where N+ is number of students 
belonged to class с+ and N- is number of students belonged to class c-. It is usually said 
that these datasets are balanced. However, detailed study of the student performance 
forecasts [7] showed that reviewed above high values of A were most often caused by 
imbalance of educational data samples. Indeed, our entire education systems are set up in 
such a way that the number of students N+ is much higher than N- Then, if the binary 
classifier mistakenly categorizes all new unknown students as a class of c+, the number 
of correct predictions in (2) will be equal to the N+, and the accuracy of this weak classi-
fier Aw will be equal  to relative frequency p+:of dominant class c+:  

                     

               
 
    

 
  

     
                                       (3) 

where recurrence of minority class c- in sample is denoted by p-. Thus, if an imaginary 
“optimistic” forecaster says that all unknown students will belong to the dominant class, 
the justification for his predictions will be more than random Ar=0.5! On the other hand, 
the p+ vs. p- imbalance results that binary classifier will be trained on a larger amount 
N+ of data corresponding to features of dominant class, and, as consequence, on the 
strongly unbalanced samples p+>>p-, the minority class of academic performance is 
virtually ignored by forecasting procedure. These effects can be seen from Table 1 where 
are demonstrated the results of forecast of 10 different types of classifiers trained by us-
ing Weka 3.8 [10] on the samples of 100 students derived from 6 experimental unbal-
anced dataset which, as we are sure [7, 11–15], have reasonable pre-processing quality. 

Table 1 

Accuracies (in %) of forecast of base and ensemble classifiers* trained and tested  

in the same conditions 
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Comparing the frequency of the dominant p+ class in the test sample (column 1) 

with the accuracy of the NB, MLP, Support-Vector Machine (SVM), decision tree J48 

(columns 2-6), you can see for each unbalanced sample of data, there is a classifier 

showing accuracy (crossed out)  below Aw=p+ base line limit. Significantly, that in the 

last sample (row#6) with strong imbalance ratio of 9:1, all accuracies of classifiers were 

above 85%, but only one NB give useful forecast.  

Two main types of solutions have been proposed to resolve the problem of training 

set imbalance: i) by artificially balancing using the re-sampling procedures [16] or ii) by 

so-called boosting procedure: sequential training of ensemble of classifier., where each 

new supplemental classifier, usually decision tree, is trained on the  residual sample con-

tained only the instances (students) which  incorrectly classified by the prior ensemble 

member [17]. The classic type of such ensemble presented in the [13] is AdaBoostM1 

(AB1, column #7). As you can see, with more accuracy in forecasts, this method also 

does not always satisfy the condition of the A>Aw. Another type of ensemble applicable 

to overcome imbalance problem is random forest RF which create a number of decision 

tree classifiers on various sub-samples of the dataset and uses averaging to improve the 

accuracy (column #8). Remarkably, that both the usual J48 and ensembles AB1 and RF, 

simultaneously showed poor results on the same dataset (row#4). 

3. Classification and quantification by heterogeneous ensembles. The ensemble 

approaches of AdaBoost and Random Forest mentioned above are inherently homogene-

ous ensembles when new ensemble members are created by using the same technology. 

As it is illustrated by the above example of the homogeneous ensembles are not totally 

winning versions of the forecasting technology.  Here we show a few basic advantages 

of the forecast with the help of heterogeneous ensembles. 

3.1. Deterministic forecasts. First, the use of different basic algorithms brings us 

closer to the real-world situation, when the examination boards invite experts with expe-

rience in various fields.  And as in real-world case, the technology for obtaining ensem-

ble forecast results is quite simple and robust. Following the work [7], we will replace 

the labels “с+” and “с-” of binary classification by integers +1 and -1, and will consider 

the forecast of the binary classifier of model ht for vector xi. It is clear that which will 

take two values ht(xi)=yt∊ {-1,1}. Let's try to create an ensemble HT(x) contained the odd 

number T of such binary classifiers ht(xi). Let's assume, also, for simplicity that each of 

ensemble member gives equally important forecast for each of students in dataset. In this 

case, as is demonstrated by expression 3, the result of forecast S(x) will be equal to the 

sign of the algebraic sum of forecasts of ensemble members ht (xi): 

                                 
 
       where                              .   (4) 

As can be seen this simple voting ensemble gives an erroneous forecast only is 

case when n+1 independent ensemble member gives non-correct forecast.  Obviously, 

this deterministic forecast is no different in form from the predictions of the data of basic 

algorithms and homogeneous ensembles in Table 1. Therefore, it is easy for us to illus-

trate the advantage of a heterogeneous ensemble H3 which contain as members J48, 

MLP, and NB classifiers. This ensemble as seen from column #9 gave predictions with 

accuracy above Aw on all samples. If we unify by (4) the individual results of all five 

basic classifiers J48, MLP, NB, SVM, and kNN to the ensemble H5, we will see that the 

quality of forecasts of H5 will deteriorate slightly due to the weak forecasts of individual 

members on the sample #6.  Obviously, if you add the results of two homogeneous en-

sembles AB1 and RF to the previous set, the resulting meta-ensemble H7 will once again 

have a high performance. However, for the sample #6, the accuracy of 91 % was ob-

tained when H7 determined 99 students to the class of 1, and only one to the class -1. 

Note that exactly this situation was occurred earlier with RF forecasts.  



Известия ЮФУ. Технические науки                         Izvestiya SFedU. Engineering Sciences 

 

 

118 

Thus, the obvious advantage of the presented technology of heterogeneous ensem-

ble in that it gives higher and more stable results of the forecast, allows easily to incor-

porate new ensemble member: any classifiers or other ensembles. It is obvious that you 

can consciously select sets of ensemble members, for example, conducting a preliminary 

ranking of the classifiers on the stability of forecasts [7].  

3.2. Probabilistic forecasts. It is obvious that the student's future grades on a par-

ticular subject or overall results depend on a set of factors. Two main ones can be identi-

fied: the student's cognitive abilities and social motivation. Obviously, there are different 

combinations of these factors (see Table. 2), and if on the basis of some specially ques-

tionnaires to allocate their strength (e.g.  low, medium, and high) the task of binary clas-

sification would come down to the forecast of the future state of relatively small group 

of students marked by “?”. Cognitive abilities should be considered as combination of 

cognitive functions which are not homogeneous in relation to the subject being studied; 

the presence of most cognitive functions is highly dependent on the age of the individual 

[18]. Thus, the peak of the basic cognitive functions contributing to programming falls 

on 17-18 years with a possible range of 15 to 21 years [19]. 

Table 2 

Possible student performance due to combinations of student cognitive abilities 

with contemporary motivation strength 

Abilities/Motivation low medium high 

low 2 2? 3 

medium 2? 3 4 

high 3 4 5 

The above reasoning explains to some extent the following assumptions about the 

probabilistic forecast. We hypothesized that the basic student dataset could contain implicit 

information about the Abilities/Motivation combinations presented in table 2. The simplest 

example of this combination is that: a 19-year-old student begins to study professional pro-

gramming, despite all the other positive props and strong motivation, his age signals that 

the cognitive functions required to the programmer are most likely to be in the stage of 

deactivating. Obviously, most of experts, and especially mathematical algorithms, will not 

notice the last fact and predict the cloudless future of this student. But it is possible that 

someone from the ensemble of experts (classifiers) will notice this and other alarming facts 

indicating below average abilities (see table 2) and will classify the student as a group re-

quiring special attention.  Unfortunately, in the process of voting by a simple majority 

(formula 4), this correct prediction of one of the ensemble members will be ignored. Obvi-

ously, the association between a mathematical classifier and an expert may seem tenden-

tious. However, classification algorithms extract useful information from the feature space 

in different ways, and then there is a chance that one of the ensemble members will pay 

attention to suspicious combinations of features. When adopting such a hypothesis, for a 

more detailed forecast it would be necessary to take into account the opinion of all mem-

bers of the ensemble and move on to the probabilistic forecast. 

Here's how to do it: suppose that each of the xi students has individual natural 

probabilities to be categorized as class +1 and -1, respectively, P+1(хi) and P-1(xi).  From 

formula 3, you can see that the deterministic forecast of the ensemble member ht(xi)   ±1 

can be converted into a probability forecast where each of the T individual classifiers 

gives its share of the deposit 1/T to one or the opposite probability. So, ensemble can 

generate two values of probability P+1(хi) and P-1(xi), for every student. Let's express 

them as a percentage, and note that the difference of these probabilities is equal to the 

algebraic sum of deterministic predictions divided by the T number of members of the 

ensemble (formula 5): 
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                                (5) 

                         is introduced. Given that the sum of individual probabilities 

is 100%, probabilities are easy to calculate by formula 6: 

        
      

 
                                                 (6) 

 

Fig. 3. Probabilistic forecasts ΔP (x) produced by ensembles of three H3, five H5 and 

seven classifiers H7 using data of a) sample#2; and of b) sample#4 

The two examples of predicted probability differences         for the two classes 

of students and their real successes are presented on fig. 3. The positive and negative 

values of the forecasting difference        and real difference ±100 % mean that the 

student is classified as a member of group with satisfactory and non-satisfactory 

achievements.  As we can see from the visualizations of probability forecasts, there are 

two different situations. In (fig. 3,a) is demonstrated   the ensemble forecasts for sample 

#2 when the differences         of erroneous forecasts of class +1 are rare and relatively 

small whereas        of failed forecast of class -1 is more frequent and their values are 

relatively large. Although in this sample, H3, H5 and H7 made fewer errors (see table 1) 

than in other cases, however, these two patterns with  low (high) frequency of errors of 

class +1 (-1) and small (large) values of differences         are typical for forecasts on 

other samples #1. #3 and #5. The case of sample # 4 (fig.3, b) where values of        of 

erroneous ensemble forecasts are significant in both classes is atypical and from 

(fig. 3,b) and Table 1, it is clear that student evolution in this case is the less predictable. 

3.3. Ensemble quantification. The supervised quantification is a relatively newer 

section of machine learning [20].  The goal of the trained quantifier is to predict the fre-

quency of objects belonged some classes in an unseen test sample X2, which is ideal for 

predicting the collective success of students. In the case of two classes, the binary quan-

tifier q gives a prediction of class probabilities         

               .                                    (7) 

The task of binary quantification (7) was first formulated by Forman [21], who 
proposed to solve it using base classification algorithms: Classify and Count (C&C). 
Some of the features of ensemble quantification we have outlined in the works [6, 7]. 
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Indeed, in the case of a deterministic of base or ensemble forecast, if one counting the 
sum N+ of forecasts of class +1 then it can obtain the estimation of class probability 

   
             

.(formula 8): 

       
  

 
     

         
   

.                                   (8) 

Taking into account the previous discussion, formula 7 suggests that a more accu-
rate С&C classifier will give both best accuracy and the best prediction of +1 class fre-

quency       
. All things being equal, this means that ensemble quantification is more 

accurate (Table 1) than basic С&С quantification. However, the opposite sense is wrong: 
the best quantifier does not necessarily become the best classifier.  Among other things, 
we've shown that ensemble quantifiers based on probability forecast (formulas 5 and 6) 
give more accurate distribution assessment than a deterministic forecast. The following 
assumption may be put in the foundation of binary quantifiers which use probabilistic 
output of heterogeneous ensemble. If each of the objects in the group has the probability 
of Р+1 (formula 5) being in the state of +1, then a group of such objects will have a mean 

cumulative probability      
  to be in this state (formula 9): 

      
 

 
    

 
    ).                                                  (9) 

Forecast values     
 of   ensemble  uantifiers of  3, Q5, Q7 calculated according 

to (formula 9) compared to the C&C forecasts of ensemble classifiers H3, H5, H7 for 
two cases of highly unbalanced samples are shown in fig. 4. As seen in 5 cases, the 
quantifiers gave better predictions of true repeatability than C&C classifiers, and only in 
one case the accuracy was equal. 

 
Fig. 4. Quantification: сlass frequency forecasts of quantifiers Q3-Q7 and ensemble 

classifiers Н3-H7 comparing with actual frequency in test sample#5 (a) and test 
sample#6 

(Fig. 4,a) also illustrates the assertion that "the best C&C quantifier does not neces-
sarily have the best classification accuracy". So, the H3 classifier gave better predictions 

    , than H5 and H7 on the sample#5, but these classifiers had better accuracy of indi-
vidual predictions (see table 1). On the contrary, in the case of (fig. 4,b) (sample#6), the 
best H3 classifier was the best C&C quantifier achieving quantification accuracy of Q3. 

Conclusions. In introduction of this work, we have made an attempt to show that 

the decline in the quality of education in a number of countries is due to the lack of a 

really working hierarchical system monitoring the quality of education (MQE). The sub-

system of the forecast of individual and collective performance of students is one of 

background elements of MQE.  The major of goal of the presented study is the develop-

ment of the methods of these forecasts using basic and ensemble classification algo-

rithms.  Based on the synthesis of previous works and analysis of experimental data from 

six samples, we show the following.  
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Individual forecast is advisable to carry out with the help of heterogeneous ensem-

ble of supervised classifiers. It should be taken into account that these classifiers are 

trained and tested on unbalanced samples of educational data. In case of imbalanced da-

taset, only forecasts with accuracies above the base-line Aw= p+ the repetitiveness of the 

objects of the most represented class can be considered as useful predictions.  Given this 

observation, the quality of the projections of heterogeneous ensembles is unsurpassed.  

But, the main unsurpassed property of heterogeneous ensembles is the ability to 

obtain probabilistic individual forecasts, and using them as a basis, to create a new type 

of ensemble quantifier, which adequately solves the problem of prediction of collective 

performance of students. 

More new research needs to be done to show the benefits of using heterogeneous 

ensembles in educational data mining.  
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ОЦЕНКА ЗАЩИЩЕННОСТИ ПОМЕЩЕНИЯ ОТ УТЕЧЕК РЕЧЕВОЙ 

ИНФОРМАЦИИ В УСЛОВИЯХ ВОЗДЕЙСТВИЯ ШУМОВ 

Рассматриваются особенности применения методик аттестации защищенных по-

мещений. Такие методики разрабатываются и регламентируются Федеральной службой 

по техническому и экспортному контролю. Необходимость аттестации связана с наличи-

ем технических каналов утечки информации, по которым злоумышленником могут быть 

получены сведения, составляющие коммерческую, государственную или иную тайну. Нали-

чие технических каналов утечки информации обусловлено физическими процессами, связан-

ными с особенностями распространения акустических, электромагнитных и оптических 
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