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DATA COLLECTION TO IDENTIFY STUDENTS AT RISK OF NOT
COMPLETING A COURSE USING MACHINE LEARNING

Abstract. One of the most important methods in the study of various
subjects 1s 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 i the lesson at the
earliest stage of learning.

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

B

AxaaTna. OpTypiIl MeHIAepAl OKYAAFbl €H MaHbBI3Ibl JICTepaiH Oipi-
OKBITYIIBI TapanblHAH [a, CTYIeHT TapalblHaH Ja OKY MPOLECIHIH 0acTamksl
Ke3eHLIe CTYAeHTTIH KyPCThl COTTI asKTail alMay MYMKIHIIHIIHIH Oap eKeHIH
Tyciny. OKyIBIIapaslH Oy TOOBH aniblH-ala aHBIKTay OKBITPY IIpOlleccCiHe
JeTeH BIHTACBIH JKOFapIaTyFa JKOHEe OKYTBIIIBIFAa Kail OKYIIBIHBIH KeMeKKe
MYKTa’K eKeHIH JKeKe aHbIKTayFa KeMekTece/l. KypcTsl catci3 askray Kaymi 6ap
CTY/IeHTTep TOOBIH aHBIKTaMac OYpPBIH, MaHBI3BI Oemiri ManrmHaiblK OKBITY
aIrOPHTMIEPIH OKBITY VIIIH KaKeTT1 JepekTepal (OospxayIIbLiapibl) sKHHAY
JKoHe HaiibrHaay 0omsin Tadbiaael. Kasipri yakeiTTa Oy1 oHIAlH KoHe odIaiiH
OuniM Oepy YIIIH KakeT. YCHIHBUIFAH CTYJISHTTep TOOBIH AaHBIKTAy oIICI
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ANTOPHTMIEPIIH PTYpAl TYpiAepiH KOJAJaHIbI, MYHIa ToyeKell Oap jkKoHe
ToyeKelCI3 CTYJeHTTep TOOBIH aHBIKTayABIH €H JKaKChl HaTIDKeNTIepIHIH Oipi
sxorapsl AUC=0,8003 Jloructukanbsik Perpeccus aziciH kepcerrti. JKymbicTa
SMOTE amici xonmausin "Pass" sxasme "Not pass" TONTaphIHBEIH J1epeKTep
TEHTepIMCI3IIrT MaceteciH Kakcel mrenmn, "Not pass" a3mibUIBIK TOOBI YIIH
oomkaMm gonamiH 11% apTTeipasl. OKYyIIBIIApABIH YATepIMIHIH Oenrumi O1p
0o DKayIIBITApEIH KOJJJaHa OTBIPHIN, cadaKKa JereH KbI3BIFYIIBUIBIK JeHTeiil,
cabaKTBIH KOPBITHIHIBI OaracklH AaHBIKTAy, SpTYpil CHIATTaManapel Oap
OKYIIBUTapAbIH Oenruti 61p canatel (A, B, C, D) xaHe OKylIBIIapasiH cabakka
KATBICYBIHA BIKIAJ eTeTiH Oacka KOpCeTKINITep CHAKTBI KOCBIMINIA aKImaparrap
anyra 0oJ1ajsl.

Tyiiia ce3xep: MammHaIBIK OKBITY, "'Tayeken" TOOBIHAAFEI CTYISHTTEPIH
OomkaMbl, AKaJeMHIAIBIK YArepiM caHaTTapsl, SDV.

ek

Agnotamna. OxunMm 13 Hanbolee BakHBIX METOJOB INPH  H3VUEHHH
Pa3IHYHBIX NPEIMETOB fABJIAETCHA IOHIMaHIe Ha paHHell CTaJmi Ipolecca
o0OyueHHA KaK CO CTOPOHBI IIPernojaBaTeld, TaK H CO CTOPOHBI CTyAeHTa TOro,
YTO CTyAeHT HaXOJHTCA B TPYIIE PHCKa, KOTOpas He 3aBepIINT KypC yCIIeNIHO.
BelsiBiIeHIe 3TOIl IPYNNBI YYANIIXCSA Ha paHHeil cTaamu oOydeHIs MOBBIIIAET
YPOBeHL MOTHBAIMI YUalIHXCHs K TOMY, UTOOBI BOBpeMsl HauaTh XOPOILIO
VUHTBCS, H MOXKeT IOMOUYb VUHTeNII HHINBHIYaAbHO OIpelelIHTh, KaKoil
YYeHHK HykZaeTcsa B momomri. [Ipekae yeM oIlpelenHTh I'PYIITY CTYACHTOB,
MOJBEPKEHHBIX PICKY HEeyJauHOIo 3aBepllleHHs Kypca, BaXHOIl YacThIO
ABIseTcA cOOp H MOATOTOBKA HEOOXOMMMBIX MAaHHBIX (TPeIHKTOPOB) UIA
oOyueHHs alropuTMOB MaIIHHHOro oOyueHHs. B HacTosimee Bpems 3TO
HeoOXOMHMMO Kak JUld OHTaiilH, Tak ©u A1 odaaiin obpasoBanmi. B
IpeJICTaBIeHHOM Croco0e OIpeeseHNs IPYINLl CTYIeHTOB HCIIOIL30BATIICE
pa3aHuyHble THIBI QJITOPHTMOB, IJe OJHH H3 HAIIYYLIIHX pe3yabTaToB
olmpeleNleHHs TPYNIbI CTYAEHTOB C PHCKOM H 0e3 plCKa IOKa3adl MeTO.I
Jlornctnueckoit Perpeccunn ¢ Beicoknm AUC =0,8003. B pabGore ObLT
ncroas3oBad Meton SMOTE, KoTopelii Xopolmo crpaBmiIcS ¢ HpodreMoit
micbamanca maHHBIX Ki1accoB "Pass" m "Not Pass", yBemnums mpH 3ToM
TOYHOCTb [POTHO3a /U KiIacca MeHpmmHCTBa Ha 11%. lcnoas3ys
ONpeJleleHHble IIPeJIHKTOPbl YCIEBA@MOCTH YYallNXCA, MOXKHO IIOIy4YHTb
JIOTIOTHHTETbHYI HH(OPMAaLNIo, TaKyld KaK YpOBeHb HHTepeca K YPOKY,
oIpezesleHlle HTOTOBOII OLIEHKH 3a YPOK, ollpelelleHHas Kateropus (A, B, C, D)
yUallUXcsd C pPa3IMYHBIMH XapaKTepHCTHKaMH M Jpyrue IIOKa3aTell,
crocoOCTBYOIINE BOBIEUEHHIO YUAIIXCA Ha YPOKe Ha caMOM paHHeM 3Tame
oOyueHI.
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KaroueBble c1oBa: MamnHHOe oOyueHne, IPOTHO3 CTYAEHTOB B TpYIIIIe
“pHCKa”, 3HAUNMble MpPeIHKTOPHI, KATETrOPHI aKaJeMHYecKoil ycreBaeMOCTH,
SDV.

1L 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 1s 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.

1L Literature review

Earlier, n 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
scienfists 1n 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
mputs [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
1s, 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, 1. 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 1s, 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].

1II. 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 1 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 mn 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

156



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

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

Part.icipeuns
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X
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=
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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
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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 traming of various
algorithms (Logistic Regression, Neural Networks, KNN and others). These two
methods work well with the problem of unbalance in the data.

C

49.3%

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).
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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 tramning 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
addiftion, 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 1s enough to leave
one of the most significant predictors and 1t 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
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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 fl-score support

Not Pass 8.65 9.31 9.42 290
Pass e.84 8.96 e.89 1882
accuracy .82 1372
macro avg e.74 .63 .65 1372
weighted avg 0.80 0.82 8.79 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].

IV. 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:

1. Logistic Regression

2. MLPClassifier

3. DecisionTreeClassifier
4. BaggingClassifier

5. KNN

6. 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 1s 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

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 43% 53% 47% 87% 81% 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 of all 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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