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MOHHUTOPHUHI KAYUECTBA OBPA3OBAHUSA U BHE/IPEHUE
NHIUBUAYAJIBHOT O OBYYEHUA: JEMOHCTPALIUA ITOJAXOJ0B
N AJITOPUTMOB UHTEJUVIEKTYAJIBHOI'O AHAJIN3A
OBPA3OBATEJIBHBIX JJAHHBIX

Kax nokasvieaem ananu3 Oamuwvix MeHCOYHAPOOHBIX MECMUPOBAHUN 3HAHUL YUAUUXCA,
cpednee u svicuiee 00PA306aHUe MHOSUX CIPAHAX NEPEHCUBAEN KDUSUC, KOMOPBIIL 8 MOM HUCIe
8bI36AH He A0EeKBAMHOCMbIO CUCHIEMbl MOHUMOPUH2A KAYeCmea mpaouyuOHHO20 U OUCAHYUOH-
HO20 obpazosanus. B ceoio ouepeos, paseumue makoui cucmembl MOHUMOPUH2A mMpedbyem paspa-
60mKU MEMOO08 KIACCUPUKAYUU U KEAHMUDUKAYUY, HeOOX0OUMbBIX OJisi NPOSHO3A UHOUBUOYATb-
HbIX U KOJIEKMUGHBIX YCNEeX08 yuawuxcs. B smoi cmamve meopemuyecku u 5KCnepuUMeHmanbHo
nOKA3aHo, 4mo Haubonee NepCHeKmMuUHbIM NOOX00OM, Deualowyum 0OHOBPeMeHHO 0be 3adauu
NPO2HO3a, AGIAEMCA CO30AHUE 2eMEPOLEHHbIX AHCAMOIEl, COCMOAWUX U3 HEYeMHO20 YUCIA pa3-
JUYHBIX OA308bIX KIACCUDUKAMOPO8, MAKUX KAK Oepedbs peuleHull, npocmetiwiue HelpoHHble Ce-
mu, HausHwlll Oailecogckull Kuaccugukamop u opyeue. Ilposeds obyuenue u mecmuposanue
11 pasnuunvlx OUHAPHBIX KIACCUDUKAMOPOS8 HA WeCmU PA3TUYHBIX 8bI00PKAX 00PA308aMeENbHbIX
OAaHHBIX, HAMU NOKA3AHO, YO UHOUBUOYATbHBIN OeMEPMUHUPOBAHHBIIL NPOSHO3 MAKUX aHcaMOell
npesocxooum no moYHOCMU NPOSHO3bL KAK OMOENbHbIX OA306bIX KIACCUDUKAMOPO8, MAK U 0OHO-
POOHBIX ancamo.aiell cO30aHHbIX NO mexHono2uam breeunea u 6ycmunea. IIpeumywecmeo cemepo-
2EHHBIX AHCAMONell CO30AHHbIX U3 MmpeX, NAMmU U CeMU KIACCUPUKAmOopos CIMaHo8Umcs onpeoe-
JAOWUM, €CTU YHecmb, YMo NpU eCmecmeeHHOM Oucoanance 8bl00pKu 06pa306amenbHbIX OdH-
HbIX, NOJIE3HBIM NPOSHO30M KIACCUDUKAMOPA MONCEM CHUMAMbCA MOIbKO MAKOU NPOSHO3, MOY-
HOCMb KOMOPO20 NPeBoCcXooum OMHOCUMENbHYIO HACHOmY Kidccd 00beKmos UMEeowux Hau-
60bUYI0 NOBMOPAEMOCTb 8 8bIOOPKE OAHHYBIX. [ IA6HBIM NPEUMYUECNBOM 2eMePOLEHHO20 AH-
Camons ABNAEMCA B03MONCHOCHIb MPAHCHOPMAYUU OeMEPMUHUPOBAHHOLO NPOSHO3A 8 BEPOSNIHO-
CMHbITL NPOZHO3, KO20A 6MECHO OMHECEeHUss 00bEKMA K MOMY WU UHOMY KIACCY, OAIOMCs 8eposim-
HOCMU €20 NPUHAONIENCHOCU K omOenbibiM Kiaccam. Ha ocnose smozo namu npeonosicen HoGbill
MemoO OUHAPHOU Keanmudurayuy, ko20a UHOUSUOYATbHbIE GEPOSMHOCIIU  NPUHAONEHCHOCMU K
KAXsCOOMY U3 KIACCO8 00BEKMO8 CyMMUPYIOMCS NO OMOETbHOCMY, d NOJYYeHHble 8 UMo2e CyMMap-
Hble 6EPOAMHOCIU UHMEPNPEMUPYIOMCA KAK OMHOCUMENbHbIE YACMOmbl 06beKmo8 6 bihopKe.
B pezynbmame sKchepuMermos nokasamo, 4mo maxdas OUHAPHAS AHCAMOResas KBAHMUGUKAYUsL No
TMOYHOCU 3AMEMHO NPeBOCX00Um MpaoUyUOHHBIL MEMOO «KAACCUDUYUPYIL U CHUATLY.

IIpoeHo3 uHOUBUOYATLHBIX U KOLIEKMUBHBIX YCHEX08 YUAUWUXCA, AHAIU3 00PA308AMETbHbIX
OaHHbIX, Kaaccuurkayus u KeaHmuurkayus, HecOANaHCuposantvle BblOOPKU, 2emepozeHHble
ancamonu; 0emepMUHUPOBAHHBLIL U BEPOAMHOCMHYII HPOZHO3.

Ya.K. Salal, S.M. Abdullaev

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

112



Paznen II. Anroput™el 06paboTku HHGOpPMAITHT

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.
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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
(OECD). 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. Iragq 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 Irag. 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, Irag. 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 23 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].

Contemporary state Education quality
assessment management

Educational data: i E
collecionand  f  FT77TTTTCC !
pre-processing R il o iy
]
Forecasting of new New possible state
””” learning situation assessment

Fig. 2. Diagram of the educational quality monitoring and management with () 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: ¢+ 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 D; = {(X4,¥1), - (Xn1, Yn1)}, Where the vector x; €
X; consists of m attributes of the feature space of the student X; < X, (whereX more
general feature space) and y; denotes the corresponding class of this object, y,eY = {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).

h: Xl - {C+J C—}' (1)
It is assumed that this binary classifier applied to another independent and identically

distributed sample of vectors x € X, < X, will correctly indicate its individual classes
Y =cyorypy=c_. As a result of this, we obtain a forecast sample
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D, = {(x1,91), ... (Xn, 9n)}. A simple evaluation of the effectiveness of the classifier is ob-
tained by comparing the class ¥, predicted by the classifier for the object x, with a known
value y, from test sample D, = {(x4,y4), ... (Xn,yn)} and calculating the relative sum of
correct forecasts CF. This rating is called the overall accuracy A of the classifier. (formula 2)

= Somecorecasts _ ZELCW \here CR(K) = 1,y = yyor CF(K) = 0,iff # e (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 A 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 A, =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 c+ 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 A, will be equal to relative frequency p.:of dominant class c+:
Ny _ _
weak ~ Noan_ =P+ =1-p- 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

__ Correct forecasts

A, =

Total forecasts

# Column 1 2 3 1 5 6 7 8 9 10 11
#row Source of P+ H; H; H-
data NB | MLP | SVM | KNN | 148 | AB1 | RF
! Diwaniyah, | ¢, 83 88 81 81 97 93 92 94 90 99
Iraq [7]
2 ssam,
= Assam 66 61 91 74 70 100 98 100 98 38 100
India [11]
3 Kashmir, 66 20 100 92 80 86 88 87 926 93 94
India [12]
4 Nasiriah, 72 75 73 80 77 71 67 71 76 76 78
Iraq [13]
5 Porto,
Portugal 77 86 79 82 75 87 86 85 86 87 87
[14]
6 Wasit, Iraq 90 97 89 91
[15] 95 88 89 85 88 93 91
Average 722 | 81.7 | 865 83.0 795 | 882 | 875 | 87.7 | 912 | 872 | 915
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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 “ct+” and “c-” of binary classification by integers +1 and -1, and will consider
the forecast of the binary classifier of model h, for vector x;. It is clear that which will
take two values hy(x;)=y:e {-1,1}. Let's try to create an ensemble Hy(x) contained the odd
number T of such binary classifiers h(x;). 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 h (x;):

S(x;) = sign [Hy(x;)] = sign (X, he(x;)), where T = 2n+ 1and [Hr(x;)] € {£1,--,£T}. (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 Hs 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 Hs, we will see that the
quality of forecasts of Hs 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 H; will once again
have a high performance. However, for the sample #6, the accuracy of 91 % was ob-
tained when H-; 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.
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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.;(x;) and P_;(x;). From
formula 3, you can see that the deterministic forecast of the ensemble member hy(x;) = +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.;(x;) and P_(x;), 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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P (%) — Py (%) = "1 X 100% = AP(x;) )

where designation AP(x;) is introduced. Given that the sum of individual probabilities
is 100%, probabilities are easy to calculate by formula 6:

Py = 50% + 2200 (6)
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Fig. 3. Probabilistic forecasts AP (x) produced by ensembles of three Hs, five Hs and
seven classifiers H; using data of a) sample#2; and of b) sample#4

The two examples of predicted probability differences AP(x;) for the two classes
of students and their real successes are presented on fig. 3. The positive and negative
values of the forecasting difference AP(x;) 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 AP(x;) of erroneous forecasts of class +1 are rare and relatively
small whereas AP(x;) 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 AP(x;) are typical for forecasts on
other samples #1. #3 and #5. The case of sample # 4 (fig.3, b) where values of AP(x;) 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 X,, 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 py, p-

a:Xz = {py, P} )

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

73 “%Cand p=“*C (formula 8):

ﬁ;c&c _ %; 5C&C _ 1 _ IﬁC&C- @)

Taking into account the previous discussion, formula 7 suggests that a more accu-
rate C&C classifier will give both best accuracy and the best prediction of +1 class fre-
quency f)?rC&C. All things being equal, this means that ensemble quantification is more
accurate (Table 1) than basic C&C 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 P, (formula 5) being in the state of +1, then a group of such objects will have a mean

cumulative probability P32 to be in this state (formula 9):
50 =<2V Py (). )

Forecast values p3 @ of” ensemble quantifiers of Q3, 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.

<dat <ah
— [
o o
1] 1]
b 2
w0 0
(o] (1]
Q (]
@ (1)
< o
(o] o
L [
=z
actual Qz/H3 Q5/HS a7 /M7 actual Q3/H3 Q5/HS Q7/H?
Quantifier/classifier (a) Quantifier/classifier (b)

Fig. 4. Quantification: class frequency forecasts of quantifiers Q3-Q7 and ensemble
classifiers H3-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
P+, 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.

120



Paznen II. Anroput™el 06paboTku HHGOpPMAITHT

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.

REFERENCES

1. OECD (2019), PISA 2018 Results (\Vol. I): What Students Know and Can Do, PISA, OECD
Publishing, Paris. Available at: https://doi.org/10.1787/5f07c754-en.

2. Abdullaev S.M., Lenskaya O.Yu., Salal Ya.K. Computer Systems of Individual Instruction:
Background and Perspectives, Bulletin of SUSU. Series "Education. Pedagogical science»,
2018, Vol. 10, No. 4, pp. 64-71. DOI: 10.14529/ped180408. (in Russ.).

3. Abdullaev S.M, Salal Y.K. State and Prospects of Secondary Education System in the Iraqi
Republic: to The Question of Monitoring the Quality of Education, Continuing education: Ma-
terials of the International forum: V International scientific and practical conference, ed. by
I.A. Voloshinoy, 1.0. Kotlyarovoy, 2019, Vol. 1, pp.14-26.

4. Noskov M.V., D'yachuk P.P., Dobronets B.S., Vaynshteyn Yu.V., Kytmanov A.A., i dr. The
evolution of education in the context of informatization. Krasnoyarsk, 2019, Sibirskiy
federal'nyy universitet, 212 p. (in Russ.).

5. Silkina N.S., Sokolinskiy L.B. Structural-Hierarchical Didactic Model of E-learning, Bulletin of
SUSU. Series: Computational mathematics and computer science, 2019, Vol. 8 (4), pp. 56-83.
DOI:10.14529/cmse190405. (in Russ.)

6. Abdullaev S.M., Salal Y.K. Ensemble Classification and Quntification: to Individual and Col-
lective Student Performance Forecast, Continuing education: international forum November
22, 2019: Materials of the fifth international scientific and practical conference " University of
the XXI century in the system of continuing educationy, ed.by I.A. Voloshinoy, 1.0. Kotlyaro-
voy, 2019, Vol.1, pp. 3-13. (in Russ.).

7. Abdullaev S.M, Salal Y.K. Economic deterministic ensemble classifiers with probabilistic out-
put using for robust quantification: study of unbalanced educational datasets, 1st International
Scientific and Practical Conference on Digital Economy (ISCDE 2019), Advances in Econom-
ics, Business and Management Research, 2019, Vol. 105, pp. 658-665. DOI:10.2991/iscde-
19.2019.128.

8. Nesterov S.A., Smolina E.M. The Assessment of the Results of a Massive Open Online Course
Using Data Mining Methods, Information and Telecommunication Technology in Education,
2020, Vol. 13, No, 1, pp. 65-78. DOI: 10.18721/JCSTCS.13106.

9. Mukesh Kumar, Salal Y.K. Systematic Review of Predicting Student’s Performance in Aca-
demics, International Journal of Engineering and Advanced Technology (IJEAT), 2019,
Vol. 8, No. 3, pp. 54-61.

10. WEKA The workbench for machine learning (available at https://www.cs.waikato.
ac.nz/ml/weka/).

11. Sadiq Hussain, Zahraa Fadhil Mushin, Yass Khudheir Salal, Paraskevi Theodorou, Fikriye
Kutoglu, Hazarika G.C. Prediction Model on Student Performance based on Internal Assess-
ment using Deep Learning, 2019, Vol. 14(8), pp. 4-22. DOI: 10.3991/ijet.v14i08.10001.

12. Mudasir Ashraf Bhat, Salal Y.K., Abdullaev S.M. Educational data mining using base (individ-
ual) and ensemble learning approaches to predict the performance of students. MIND 2019: 1st
International Conference on Machine Learning, Image Processing, Network Security and Data
Sciences. Submitted for publication.

121


https://doi.org/10.1787/5f07c754-en

N3Bectust FODY. TexHuueckue HayKu Izvestiya SFedU. Engineering Sciences

13. Salal Y.K., Abdullaev S.M. Optimization of Classifiers Ensemble Construction: Case Study of
Educational Data Mining, Bulletin of the South Ural State University. Ser. Computer Technol-
ogies, Automatic Control, Radio Electronics, 2019, Vol. 19, No. 4, pp. 139-143. DOI:
10.14529/ctcr190414

14. Salal Y.K., Abdullaev S.M., Mukesh Kumar. Educational Data Mining: Student Performance
Prediction in Academic, Inter. Journal of Engineering and Advanced Technology (IJEAT),
April 2019, Vol. 8 (4) ,pp. 54-59.

15. Salal Y.K., Abdullaev S.M. Educational data mining using base and ensemble Learning ap-
proaches to predict student’s performance. Informatizaciya-i-Svyaz, 2019, No. 5, pp.140-143.

16. Chawla N.V. Data mining for imbalanced datasets: An overview, Data Mining and Knowledge
Discovery Handbook, Springer. Boston, MA, 2010, pp. 875-886. DOI: 10.1007/978-0-387-
09823-4_455.

17. Galar, M., Fernandez, A., Barrenechea, E., Bustince, H. and Herrera, F. X A review on en-
sembles for the class imbalance problem: bagging-, boosting-, and hybrid-based approaches,
IEEE Transactions on Systems, Man, and Cybernetics, Part C (Applications and Reviews),
2011, Vol. 42 (4), pp. 463-484. DOI: 10.1109/TSMCC.2011.2161285.

18. Hartshorne J.K. and Germine L.T. When does cognitive functioning peak? The asynchronous
rise and fall of different cognitive abilities across the life span, Psychological science, 2015,
Vol. 26 (4), pp. 433-443. DOI:10.1177/0956797614567339.

19. Abdullaev S.M., Lenskaya O.Yu., Salal Ya.K. Computer Systems of Individual Instruction:
Features of Student Model, Proceedings of the IV international scientific and practical confer-
ence, October 11-12, 2018, Chelyabinsk, pp. 7-14. (in Russ.).

20. Gonzdlez P., Castafio A., Chawla N.V., Coz J.J.D. A review on quantification learning, ACM
Computing Surveys (CSUR), 2017, Vol. 50, No. 5, pp. 1-40. DOI: 10.1145/311780.

21. Forman G. Quantifying counts and costs via classification, Data Mining and Knowledge
Discov, 2008, Vol. 17, No. 2, pp. 164-206. DOI: 10.1007/s10618-008-0097-y.

Cratpio pekoMeHaoBana K omyoimukoBanuio K.1.H. O.10. Jlenckas.

Canan Slee Kxyaeiip — IOxHO-Ypanbckuil rocyjapcTBeHHbIH yHUBEpCUTET (HALMOHAIBHBIN HC-
crenoBarenbekuil yauBepeurer); e-mail: Yasskhudheirsalal@gmail.com; r. YensOurck, mpocir.
JlenuHa, 76; kadenpa CHCTEMHOTO TIPOTPaMMHUPOBAHNS; aCITUPAHT.

AdaynnaeB Canxap MyrtamoBuu — e-mail: abdullaevsm@susu.ru; kadeapa cucreMHOToO mpo-
TPaMMHUPOBAHUS; 1. TEOTP. H.; mpodeccop.

Salal Yass Khudheir — South Ural State University; e-mail: Yasskhudheirsalal@gmail.com;
76, Lenin prospect, Chelyabinsk, 454080, Russia; the department of system programming; post-
graduate student.

Abdullaev Sanjar Mutalovich — e-mail: abdullaevsm@susu.ru; the department of system pro-
gramming; dr. of geogr. sc.; professor.

YJIK 004.056.5 DOI 10.18522/2311-3103-2020-3-122-132

II.A. Yy6, /I.H. liBeTkoBa, H.B. Boaabipuxun, /I.A. Kopoyenues

OIIEHKA 3AIUIIEHHOCTH MOMEIIEHUS OT YTEUEK PEYEBOI
UH®OPMAIIMU B YCJIOBHUAX BO3JIEMCTBHSA IITYMOB

Paccmampusaiomesa ocobennocmu npumeHeHuss Memooux ammecmayuu 3auuyeHHslx no-
mewgenuti. Taxkue memoouxu paspabamoigaiomcest u peziamenmupyiomess Qedepanvrot ciydicOoil
N0 MeXHUYecKOMy U IKCROpMHOMY Konmpoao. Heobxooumocms ammecmayuu céa3ana ¢ HAIUYu-
eM MEeXHUYeCKUx Kamaios Ymeuxu uH@opmayuu, no KOmopvim 310YMbIUAEHHUKOM MO2ym Oblmb
noayuensl c8e0eHuUsl, COCMABAAIOWUEe KOMMEPUeCcKyI0, 20CyOapcmeeHHylo unu unyio mauny. Hanu-
yle mexHu4eckux KaHanioe ymeuxu ungopmayuu 06ycioeieno Quuieckumu npoyeccamu, Cesa3aH-
HbIMU C 0COOEHHOCHAMU PACNPOCMPAHEHUS AKYCTNUYECKUX, DNIeKMPOMAZHUMHBIX U ONMUYECKUX
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