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Abstract. One of the most important methods in the study of various 
subjects is the understanding at an early stage of the learning process on the part 
of both the teacher and the student that the student is in a risk group that will not 
complete the course successfully. Identifying this group of students at an early 

stage of learning increases the level of motivation of students to start studying 
well in time and can help the teacher individually determine which student needs 
help. Before identifying a group of students at risk of not completing the course 
successfully, an important part is to collect and prepare the necessary data 
(predictors) for teaching machine learning algorithms. Currently, this is 
necessary for both online and offline education. In the presented method of 

determining a group of students, various types of algorithms were used, where 
one of the best results of determining a group of students with risk and without 
risk was shown by Logistic Regression with a high AUC =0.8003. The SMOTE 
method was used in the work, which coped well with the problem of data 
imbalance of the "Pass" and "Not Pass" classes, while increasing the accuracy of 
the forecast for the minority class "Not Pass" by 11%. Using certain predictors 
of student performance, it is possible to derive additional information such as the 

level of interest in the lesson. the determination of the final score for the lesson, 
a certain category (A, B, C, D) of students with different characteristics and other 

indicators that contribute to the involvement of students in the lesson at the 
earliest stage of learning. 

Keywords: Machine learning. student’s “at risk” prediction. significant 
predictors, Academic Performance Categories, SDV. 

EEEY 

Annarna. OpTypii NSHIEpIl OKYIAFsl eH MaHBI3IBI diCTepliH Oipi- 

OKBITYIIBI TapalbIHAH Ja, CTYAEHT TapamblHaH Ja OKY IPOIECIHIH 0acTamKsl 

Ke3eHiTe CTYIeHTTIH KypCTBI C3TTI afKTail aTMay MYMKIHIIHTIHIH 6ap eKeHiH 
TyciHy. OKyIIEITapIsiH Oy TOOBIH ayIbIH-ala aHEIKTay OKBITPY IIpolecciHe 
JleTeH BIHTACBIH JKOFApIATyFa JKoHe OKYTHINIBIFA Kail OKYIIBIHBIH KeMeKKe 
MYKTaK eKeHiH KeKe aHBIKTayFa KeMekTeceli. KypcThl caTci3 agkTay Kaymi 6ap 
CTyIeHTTep TOOBIH aHBIKTaMac OYpBIH, MAHBI3IBI OeIiri MalInHaIbIK OKBITY 
ATTOPHTMIEPIH OKBITY VIIIH KaKeTTi JepekTepii (Go/mKXaylIbITapisl) KIHAY 
JKeHe JaiistHaay G6ombim Tabki1anst. Kazipri yakeITTa Oy1 OHJIAlH %oHe odIaiiH 
OimiM Gepy YIIH KakeT. YCBIHBUIFAH CTYJeHTTep TOOBIH aHBIKTAay dIici 
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ANTOPHTMIEPIIH SpTYPTi TYpIepiH KOMMAHIBI, MYHIa ToyeKelmi Oap KoHe 
ToyeKelCi3 CTYIeHTTep TOOBIH aHBIKTAyIbIH eH JKaKChl HATIDKelepiHiH Oipi 
sxorapsl AUC=0,8003 Jlornctukansik Perpeccis axmiciH kepcerTi. JKympicta 

SMOTE axici xomgausim "Pass” sxeHe "Not pass" TONTapsIHBIH JepeKTep 

TeHrepiMCI3/Iiri MaceTecin kakcel memrin, "Not pass” a3MBIIBIK TOOBI YIIiH 

Gomkam mammirie 11% apTTeipaer. OKYIIBLTapIBIH YITepiMiHiH Genrimi 6ip 
60DKayIIBITAPEH KOTAaHA OTEIPHI, CabaKKa JeTeH KbI3BIFYIIBLIEIK JeHreiii, 
CabaKTEIH KOPBITBIHIBI OaracklH AHEIKTAy, 9pTYPJTi CHIATTaMalapsl Oap 
OKYIIbITap/IBIH Genrimi 6ip canaTsl (A, B, C, D) joHe OKYIIBIIap/IBIH cabaKka 
KAaTBICYBIHA BIKIAJ eTeTiH 0acka KepCeTKIlITep CHAKTBI KOCHIMIIA aKIaparTap 
amyra Gomazsl. 

Tyiiin ce3xep: MammHATHIK OKBITY, "Toyeked" TOOBHIAFEI CTYISHTTEPIIH 

GomKaMBI, AKaIeMIATBIK YIrepiM caHaTTapkl, SDV. 

sk 

ABHOTalI](lfl. O}_'[HHM 13 Hanbolee BaKHBIX METOJIOB IpPH H3YYCHHI 

PA3MIYHBIX TPeIMeTOB ABIAeTCA TOHHMAHHNe HAa paHHell CTaImm mpollecca 

00yJeHNs KaK CO CTOPOHBI TIPeNo/IaBaTeId, Tak H CO CTOPOHBI CTYIeHTa TOro, 
YTO CTYJeHT HaXOJIMTCA B TPYIIIE PHCKA, KOTOpas He 3aBepIIIT KypC YCIIeIIHO. 
BeIsBIIeHIIe 3TOIT TPYIIIBI YUANIIXCSA HA PaHHell CTaIii oOydeHIsd IOBHIIIAeT 
YPOBEeHb MOTHBALMI YYAIINXCA K TOMY, 4YTOOBI BOBpeMs HayaThb XOPOIIO 
YUHTBCA, H MOXKET IIOMOYL YUHTEIH HHINBHIYAaIbHO OIIPEICIHTH, Kakoil 

YUeHNK HykIaeTcs B momMornu. IIpekiae ueM ONpexeqnTh IPYNIY CTYISHTOB, 
TIOIBEP/KEHHBIX pICKY HEYJayHOTO 3aBepIIeHIs Kypca, BaXHOI 4YacThio 

ABIAeTCA cOOp M TOATOTOBKA HEOOXOMIMBIX NAHHEIX (IIPEINKTOPOB) IUIL 
00yJeHIs aqrOPHTMOB MAIINHHOTO oOydeHns. B HacTosiee Bpems 3To 
HeoOXOMMO Kak [Ulf OHmailH, Tak H 1i odmaiiH obpasoBanus. B 

TNIpeACTaBICHHOM crocobe OIpeIeICHIA I'PYNMIBLI CTYACHTOB HCIIOIB30BATHCEH 

pa3mHUHble THIBI ATrOPHTMOB, TJe OJHH I3 HAIUIYYNINX pe3ylbTaToB 
OIpellelleHNs TPYMIBI CTYIEHTOB C PHCKOM H 0e3 pHCKa MOKa3al MeToX 
Jlornctiyeckoii Perpeccn ¢ Beicoknm AUC =0,8003. B paGote 65l 

ncrons3oBaH Merox SMOTE, KOTOpEIl XOpOIIO CIpaBIUICA ¢ Hpobaemoil 

mucbazanca JaHHBIX kiaccoB "Pass" m "Not Pass", yBemmdme mpim 3ToM 

TOYHOCTH TIPOTHO3a JUIA Kjl1acca MeHbIMHCTBAa Ha 11%. Icrmomesys 

ompejlelleHHBIe MPEINKTOPBI yCIeBAeMOCTH YUAIINXCA, MOKHO IIOMyYHTh 
JIOTIOTTHNTETBHYI0 HH(OPMAINI0, Takyld KaK ypoBeHb HHTepeca K YPOKY, 
onpesielleHIe HTOTOBOIT OIIEHKII 32 YPOK, oNpeieleHHas Kateropis (A, B, C, D) 

YUAlIXCA C pA3THUHBIMH  XapakTePHCTHKAMH M JIpyrie IOKa3aTelH, 
Cr1ocoGCTBYIONIE BOBIEUEHHIO YUAITNXCS Ha YPOKe Ha caMOM paHHeM JTame 
00yueHm. 
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KaoueBble ci1oBa: MamsHOe oOydeHNe, IPOTHO3 CTYIeHTOB B IPyMIe 
“pIICKa”, 3HAUNMBIe TPeINKTOPEI, KaTeropHI aKaJeMHYecKoil ycrieBaeMOCTH, 
SDV. 

I Introduction 

Currently, there is an assumption among students of current generations that 
at the beginning of their studies they may not put enough effort into a good and 
successful study of subjects and that in any case they will be able to study by the 
end of the semester, raise their grades by the end of studying the subject, while 
not allocating enough time to study the subject from the beginning of the learning 
process. Most of these students do not understand how they are at risk of not 

finishing their subject properly, after which the student either has to drop out due 
to lack of motivation in their achievements at the learning process, or start 
studying the subject anew while spending valuable resources like time and other 
equally important resources. 

By using Neural Networks, scientist Cameron I. Cooper (January 2022), 
identified groups of students at risk of not completing the course [1]. Earlier, 

from 2007 to 2014, via meta-analysis [2], Watson, Li, Christopher and Frederick 
W. B. (2014) determined that Ist-year students entering the specialty 
Information Systems or Computer Science have very low academic performance 
in the subject “CSS101 - Introduction to Computer Programming”. Their studies 
show that only 67% of students complete this course successfully. 

Giving a student the opportunity to see information about whether they are at 
risk of students who do not complete the course successfully from the very 
beginning of the subject and tracking their progress throughout the course can 
be a good motivation to start studying in time and not by the end of the course, 
while students can try to improve their academic performance before the end of 
the course. This opportunity will also be a hint for the teacher which students 
most do not understand the subject or do not show sufficient activity. On the 
other hand, it will be economically advantageous [3] from the point of view, 
since the authors of Lovenoor Aulck, Nishant Velagapudi, Joshua Blumenstock 
and Jevin West (January 20, 2016) of one study note how important it is to 
understand whether a student belongs to a risk group, since a large number of 
students drop out in the first years of study, and this also effects on economic 
expenditures of the state budget. 

Nowadays, when the consequences of the pandemic have had a great impact 
on the change in the format of education (from offline education to the online), 
this problem in determining students at risk of not completing the course 
successfully concerns not only teaching subjects offline at a university or 
college, but also lessons translated into an online format, also for online courses 
it is much more difficult for a teacher to understand which students need help in 
the learning. 
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To identify students from the risk group, real data on the academic 
performance of North American University students collected by scientists A. 
Mubayed, M. Injadat, A. Shami and H. Lutfiya (March 2020) [4] were used as 
an initial data. The data contains various types of information about the academic 
performance of both online and offline formats of education. In addition to real 

data, thanks to the use of one of the well-known methods of data augmentation 
- SDV (Synthetic Data Vault) [5], it was possible to increase the sample (dataset) 
to train machine learning models from 486 rows of data on student performance 
to 5486 with a fairly high 93% score of augmented data. 

To determine the group of students with risk and without risk, such well- 
known algorithms as Logistic Regression, Neural Networks, Decision Tree, 

Bagging Classifier, k nearest neighbors Method (KNN), Support Vector Method, 
Naive Bayesian Classifier with cross-validation and hyperparameter tuning were 
used. 

In addition to all available predictors, the following characteristics were 
identified, such as the category of academic performance (A,B,C,D) and the 
level of student activity (low and high) in their studies, which have a positive 

impact on understanding the overall picture of student performance and in 
addition to the fact that it is possible to identify groups of students with risk and 
without risk, thanks to the derived additional parameters, it is possible to fully 
describe the involvement of students in various subjects. 

II Literature review 
Earlier, in a study of detecting students who may not complete the course 

successfully, scientist Cameron I. Cooper (January 2022), uses Neural 
Networks, discovered whether a student is included in a group of students at risk 
of failing or not failing the course [1]. However, the scientist took in their 
research only one subject - "Introduction to Computer Programming", since only 
67% of students successfully completed the course in this subject in the period 
from 2007 to 2014 at colleges and universities. This was revealed using meta- 
analysis by scientists Watson, Li, Christopher and Frederick W. B. (2014). The 
scientists in the study propose an alert system that can improve students’ 
academic progress [2]. Researchers collect the data across 7 years of study only 
the subject “Introduction to Computer Programming” and they collect about 592 
rows of data [2] to train and test data. 

In the study researcher try different 25 types of Neural Networks and choose 

the PNN (Probabilistic Neural Network) with the higher accuracy and after that 

he grow the accuracy by using backward elimination and choose most important 
inputs [1]. By using Sensitivity Analysis researcher found the most important 
periods [1] which is help to instructors in time correct the situation and help to 
improve academic achievements of students. 

Cameron I. Cooper show the results of their research where students have 
increased the success rate of the course by 23% using the use of alert systems 

[1]. 
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In his study, Erkan Er (August 2012) about identification at-risk students only 
for online courses used only time-varying data that were variable over time, that 
is, when train his model, he used only such data as class attendance, midterm 
grades, and so on, but the researcher does not use such data as age, gender, since 
these data do not determine which risk group the student belongs to [6]. 

The author [6] mentions in his research that he used 3 stages for training data 
as 3 different stages of semester training. In the first stage, the author takes 
attendance for 4 lessons and an assessment for the first task. The second stage 
includes attendance for 8 weeks and evaluation for the first and second tasks. In 
the last stage, the author uses the attendance of 10 weeks and three grades for 
assignments as well as the overall grade of the midterm exam [6]. The author 

does not take all the attendance grades for the initial data, because he is sure that 
the teacher may not conduct lessons after 10 weeks of the learning. 

After the author has divided his dataset into 3 stages [6], he then uses various 
types of algorithms and trains the model at all stages separately. In addition, to 
improve his results, the author uses a special technique proven earlier by 
scientists I. Lykourentzou, I. Giannoukos, V. Nikolopoulos, G. Mpardis and V. 

Lumos [7] which show that using the combined result of different algorithms 
gives better results. Thus, the author uses three schemes. In the first scheme, a 
student belongs to a risk group even if only one algorithm assigns him to a risk 
group. In the second scheme, a student is assigned to a risk group if at least two 
algorithms show that this student belongs to this group. And the last scheme 3 
says that if all three algorithms determine a student as from a risk group [7], only 
in this case he will belong to this risk group, otherwise this student belongs to 
the successful group. 

In his results, the author shows that the use of scheme 2 [6], that is, more than 
one algorithm leads to an improvement in the learning outcomes of the model. 

Researchers Yujing Chan, Aditya Johri, Huzefa Rangwala use data on student 
learning for the period from 2009 to 2013 for analysis [8], their results show that 
the average GPA score and when the student was enrolled in the learning is an 
important factor for learning the model, in addition, the age of students shows 
that the older generation is aimed at finishing their studies while younger people 
can easily drop out [8]. 

III. Method and Materials 
1.1 Data Collection 

Based on the collected data on the academic performance of North American 
University students of the course in natural sciences by researchers [4] compiled 
a list of predictors (18) containing 486 lines, which contains information in 

addition to the scores of quizzes, assignments and midterm results, but also data 
such as the number of visits to the education department of the system, 
assignments delay, deadlines for completing tasks and others (see Table 1). 
Table 1. Description of the collected data (predictors) 
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Ne Predictor Name Description 

1 Student ID Student identifier (will not be used for train models) 
2 Visits The number of student visits to the learning platform 

during the course 

3 Study of materials The number of times the course material has been 

studied on the platform 

4 Reading notifications on | How many times has a student read notifications on the 

the platform platform from a teacher 

5 Discussion  Participation | How many times has a student written comments to 

on the platform notifications from a teacher on the platform 

6 Revision of the quiz The number of times the quiz has been sent on the 
platform 

7 Quiz Evaluation of the quiz 
8 Assignment 1 delay Shows 0 if the student missed the deadline for 

completing task 1 and 1 if he was not late 
9 Assignment 1 completion | Hours of completion of the first task 

10 | Assignment | Evaluation of the assignment 1 

11 | Midterm Evaluation of the midterm exam 
12 Assignment 2 delay Shows 0 if the student missed the deadline for 

completing task 2 and 1 if he was not late 
13 Assignment 2 completion | Hours of completion of the second task 

14 | Assignment 2 Evaluation of the assignment 2 

15 Assignment 3 delay Shows 0 if the student missed the deadline for 

completing task 3 and 1 if he was not late 
Ne Predictor Name Description 

16 | Assignment 3 completion | Hours of completion of the third task 

17 | Assignment 3 Evaluation of the assignment 3 

18 Assignment assignments The average duration of execution in hours of all 

completion time completed assignments 

The above data in Table 1 were used in the study as predictors to identify 
groups of students at risk of completing and not completing a successfully taken 
course. As predicted data, in addition to the main purpose of determining the 
group of students with risk and without risk, the final assessment of the student, 

the student's level of interest in studying the subject, the student's academic 
performance category (A, B, C, D) shown in the (Figure 1), which determined 
from two additional derived features (see Table 2): 

Table 2. Description of the target data 
Ne | Target Value Name Description 

1 | Pass/Not Pass Predicting course completion or course failure 

2 | Final exam grade Based on all previous predictors of academic 

performance, the prediction of the final exam score 

Prediction which of the 4 categories does the student 

belong to: 

1) A - the student is strongly involved in the lesson 
and copes very well with the tasks 

2) B-the student is involved in the lesson, performs 

all tasks but makes mistakes 

3 | Academic  Performance 
Category 
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3) C - the student is not involved in the lesson, but 
performs tasks 

4) D - the student is not involved in the lesson, does 
not perform all tasks and makes mistakes 

4 | Activity level Level of interest in the course: 
1) Low level 

2) High level 

Participants 

> Perfomance 

Figure 1. Academic Performance Category Detection 
Each category of academic performance (Figure 1) was determined from two 

features as Performance (quiz scores and all assignments score) and Participants 
(determined from the predictors such as Visits, Study of materials, Reading 

notifications, Participation in the discussion). In addition to the category of 
academic performance, a feature was derived as "Activity level". This feature 
can also be predicted by having information on the number of visits to lessons, 
reading all posts, participating in discussions, studying materials (see Table 1). 
If this overall indicator is lower than the average according to these metrics, then 
the student's activity is defined as "Low" and if the score is higher than the 
weighted average, then the students are considered as active - "High". 

1.2 Data Augmentation 

After collecting all the necessary indicators for a complete presentation of 
information about the progress of students, the method of artificial data 
augmentation based on real data was applied. 

In this research, the method of generating synthetic data was used - SDV 
(Synthetic Data Vault). This technique is one of their most effective methods of 

generating real data that can be replaced with generated data [5]. As a result, 
from 486 rows of data on student performance, 5486 results were obtained with 
higher accuracy of the generated data - 93%, which is an excellent indicator for 
the using data in the study. The difference (Figure 2) between the actually 
compiled data and those generated data, where we see that the generated data 

almost completely describe the real data. 
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Figure 2. Original and Synthetic data compare of Assignment 1 lateness 
indicator 

1.3 Data Description and Analyzing 

Before conducting experiments with various algorithms and after collecting 
all the necessary data, as well as after adding the generated data, all the collected 
data were analyzed, where we can see the distributions of already existing data. 
From the (Figure 3) see the distributions of the “Pass and Not Pass” students. In 

general, in the collected list of data, almost 79% of students successfully 

completed the course, while the remaining 21% are those who could not 

successfully finished class. 

Not Pass 

Figure 3. Distributions of the “Pass/ Not Pass” students. 
This distribution of data (Figure 3) suggests that the algorithm models will 

work well with the dominant (majority) group, in this case it is a group of 

158



SDU Bulletin: Natural and Technical Sciences. 2023/2 (62) 

students who have completed the course well. For this reason, in this study, such 
methods as SMOTE and Near Miss [9] were used in the training of various 
algorithms (Logistic Regression, Neural Networks, KNN and others). These two 
methods work well with the problem of unbalance in the data. 

c 

Figure 4. Data distributions of the “Activity Performance Category”. 

The largest portion of students is occupied by students who do not participate 
in the lesson, but perform tasks - group C (49%), as well as those students who 

are involved in the lesson but make mistakes when performing tasks - this is 
group B with a portion (42%) and the smallest part are those students who do 
nothing at all and are not involved in the lesson - category D (1%). 

In the context of the activity level indicator, students who actively behave in 
relation to the study of the subject very well receive higher grades (>= 80) more 
than those who do not show interest in learning process (see Figure 5). Basically, 
those who show no interest in learning get the most score of 60 on the final exam 
(see Figure 5). 

Figure 5. Final score estimates by “Activity level” indicator 
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1.4 Data Preprocessing 

One of the most important points before starting the training of various 
algorithms is the method of preprocessing and data preparation. This allows you 
to improve the results of training models for the highest accuracy of the forecast. 
In this study. some of the main methods of data preprocessing were used. Firstly, 

all missing values were replaced with the averages of these predictors, in 
addition, some unnecessary columns, such as the Student ID, were removed, and 
after removing the unnecessary column, the Min-Max Scaler method was used, 
which was necessary for data normalization. 

The method is used to scale the data, and using the min-max scaling method, 
the data has been normalized. Also, as far as preprocessing is concerned, the data 

can have highly correlated characteristics, which means that if one function 
(predictors) increases or decreases, the other function also increases or 

decreases. This can be illustrated using a correlation matrix (Figure 6), the 

characteristics of which can be correlated. 
The graph illustrates the correlation between all available predictors (Visits, 

Study of materials, Reading notifications on the platform. Discussion 

Participation on the platform, Revision of the quiz, Quiz, Assignment 1 delay, 
Assignment 1 completion, Assignment, Midterm, Assignment 2 delay, 
Assignment 2 completion, Assignment 2, Assignment 3 delay, Assignment 3 
completion, Assignment 3, Assignment assignments completion time). 

From the figure 6, predictors such as 'Assignment 1_completion hours', 
'Assignment_2_ completion hours', 'Assignment_3_completion_hours' correlate 
very  strongly  with each  other, with a  predictor like 
'Average_assignments_completion_time'. This suggests that it is enough to leave 
one of the most significant predictors and it describes all these previous listed 
predictors. 

After determining the most correlated data in the study, the correlation 
method in the library (matplotlib - .corr() function) was used. The method 

revealed the 3 most correlated predictors. This method made it possible to 
remove unnecessary predictors. As a result, after using correlation method 
(.corr), only one predictor out of three predictors about the performance of the 
assignment delay. 
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Correlation matrix of features 

Visits 
Study_of_materials 

Reading_notifications 
Participation_discussion 

Revision_quiz 
Quiz_(10) 

Assignment_1_delay 
Assignment_1_completion_hours 

Assignment_1_(8) -0 
Midterm_(20) 

Assignment_2_delay 
Assignment_2_completion hours [ | 

Assignment_2_(12) 
Assignment_3_delay 

Assignment_3_completion_hours [ | | | 
Assignment_3_(25) [ | 

Average_assignments_completion_time [ | | | | | » 
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Figure 6. Correlation Matrix of the all features 
1.5 Train data process 

After normalization of the available data by dividing the data into training 
and test data using the method train_test_split by X (predictors values from the 
first column "Visit" up to the last "Assignment 3") and Y (target value) - 
"Pass/Not Pass". 

In the study, various algorithms were used to determine the group of students 
with the risk of not completing the course successfully and without the risk of 
completing the course successfully (classification task), first of all, a Logistic 
model with classical settings was used, the accuracy of which was 82%. As a 
result, (see Figure 7), the Logistic model shows on the classification report that 
basically the model is well trained on the majority class - "Pass" with a forecast 

accuracy of 89%, while the forecast accuracy of the model on the "Not Pass" 
class is only 45%, which is a very low indicator. 
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precision recall fil-score support 

Not Pass 9.65 9.31 8.42 290 

Pass 8.84 0.96 8.89 1082 

accuracy 0.82 1372 
macro avg 8.74 8.63 8.65 1372 

weighted avg .80 .82 .79 1372 

Figure 7. Logistic Regression Classification Report results 
This indicates the imbalance of the available data and this attracted the fact 

that it was necessary to distribute the data in such a way that any model that is 

used in the future trained well not only for the dominant group (Pass) but also 
for a smaller group ("Not Pass"). 

For this situation, two methods of solving this problem have been tested - the 
SMOTE method. This method allows you to equate data in such a way that the 
class that is a minority will be synthesized from already existing data and thereby 
equated to the class with the majority [9]. The results of this method gave good 
results in relation to the minority class, the prediction accuracy increased by 11% 

in relation to the minority class, and the level of the Recall indicator for the 
minority class also increased from 31% to 73%. 

The next method to solve the problem of data imbalance is the NearMiss 
method, which is the opposite of the SMOTE method and works the other way 
around, instead of increasing the set of the missing class, the NearMiss method 
reduces the size of the minority class and thereby equating this class with the 
majority class. 

As a result, after using the NearMiss method, the accuracy of predicting the 
minority class "Not Pass" also increased by 11% and became equal to 53%, 
however, compared to the SMOTE method, the Recall indicator describing how 
well and accurately the algorithm works showed 71% accuracy. This NearMiss 

method is less by 2% of Recall indicator compared to the SMOTE method. As a 
result, it was the SMOTE method that was used in all subsequent machine 
learning algorithms to classify students with and without risk. 

An important part for the successful prediction of groups of students is the 
setting of hyperparameters and the use of cross validation for accurate 
prediction. The study used K-fold cross validation with 30 folds, which showed 
81% as the average accuracy of the forecast. To configure hyperparameters, one 

of the well-known and effective methods of configuring hyperparameters, 
known as - GridSearchCV, was used. This method allows automatically select 
the necessary settings for the best performance of the algorithm model [10]. 

1V. Results 
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In total, 7 machine learning algorithms (see Table 3) were used in the study, 
which showed different results in predicting the accuracy of students at risk of 
not completing the course and completing the course: 

Logistic Regression 
MLPClassifier 

DecisionTreeClassifier 
BaggingClassifier 
KNN 

SVM Classifier 
7. Naive Bayes 

As a result, the most effective of the 7 taken algorithms for predicting a group 

with a risk of not completing the course successfully and completing 
successfully is the Logistic Regression algorithm, which, compared to other 
algorithms, works well on a smaller "Not Pass" class with 30 - fold cross 

validation and configured hypeparameters with a 53% accuracy of correct 
prediction, also for the majority class "Pass" with a prediction accuracy of 81% 
(see Table 3). Despite the fact that the Bagging classification method showed 

good results for the majority class with an accuracy of up to 84%, however, for 
the minority class, model predicts only 47% correctly, which is 6% less than the 
Logistic Regression model. 
Table 3. Classification Algorithms Results 

S
N
 

B 
W
=
 

Class Not Pass Pass 

Name Precision | Recall | Fl- Precision | Recall | Fl- 
score score 

Logistic Regression 42% 72% 53% 91% 73% 81% 

MLPClassifier 37% 78% 51% 92% 65% 76% 

DecisionTreeClassifier | 34% 52% 41% 85% 73% 78% 

BaggingClassifier 3% 53% | 47% | 87% $1% | 84% 

KNN 37% 74% 50% 85% 71% 75% 

SVM Classifier 43% 53% 47% 90% 71% 79% 

Naive Bayes 42% 72% 50% 86% 71% 79% 

The results of the Logistic Regression model showed the results of predicting 
students at risk to finish successfully and not successfully finish the course with 
an AUC score of 0.8003, which is a high prediction result (see Figure 8). 
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Figure 8. ROC AUC Curve for Logistic Regression model 
V. Conclusion 

This study is to determine at an earlier stage which group of students each of 
the students of a course participants belongs to - those who pass the course and 
those who do not finish the course successfully (Not Pass). In addition to the 

main task in determining the risk group to finish and not to finish successfully 
the course is to predict the final grade as well as the category - (A, B, C, D) 
derived from existing predictors, as well as determining the group with high and 

low activity for the lesson, but these tasks will be considered later. 
The main objective of this study was to collect and prepare data for analysis 

and for further predictions of a group of students at risk of not completing the 
course and completing the course successfully. The data base was compiled 
earlier by scientists A. Mubayed, M. Injadat, A. Shami and H. Lutfiya (March 
2020) from a North American university, where real data with online and offline 

lesson formats were located. In total, they collected 486 rows of data [4] were 

compiled about each student with various characteristics such as attendance at 
lessons, assessment of various tasks and quizzes, the number of readings of 
posts, participation in discussions, and so on. Further, an additional data 
augmentation method was used in the study — SDV (Synthetic Data Vault), 
which allowed generating an already existing list of data from 486 rows to 5486 

rows of student data. The generated data list showed a good result of 93% 
accuracy of the generated data. 
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Figure 9. Confusion Matrix of Logistic Regression model 
After full work on data collection and preparation, various types of algorithms 

for the prediction of the main task - determining the group of students with risk 
and without risk. In addition to working with algorithms and setting up 
hyperparameters using the GridSearchCV method, work was carried out on 
unbalanced data, since the majority class was students with the "Pass" group of 
79%., the algorithms did not work well on the minority "Not Pass" group. To do 
this, the SMOTE and Near Miss methods [9] were used, which showed SMOTE 
works best, namely, it increased the prediction level of the minority group by 
11%. 

As aresult ofall the work done, the best and most efficient Logistic Regression 
algorithm (see Figure 9) was determined with a prediction accuracy of 73% and 
an AUC of 0.8003, which predicts the "Not Pass" group by 11% more accurately 

compared to other algorithms. In the future, the continuation of this study will 
be working with the accuracy of the algorithm, as well as with the prediction of 
additional signs such as student activity level of the lesson, the category of 
student performance and the prediction of the final grade for the course. 
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