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OueHKa BIMAHUA 3/IEKTPOHHOrO 0byuyeHun
U COLMaNbHbIX NAaPaMeTPOB Ha YCNeBaemMOoCTb CTYAEHTOB

N. A. Tlerpyceuu (Mockga, Poccus)

Ilpoébnema u yenv. B cmamve uccnedyemces npodoiema oyenKu ycnegaemocmu cmyoeHmos 6 co-
epemennol cumyayuu. Llens cmamovu — oyenums 61UsHUE BHEOPEHUS INEMEHMOB DTIEKMPOHHO20 00yye-
HUSL U HEKOMOPBIX COYUATLHBIX NAPAMEMPOE HA YCHeBAeMOCHb CIYOeHMO8.

Memooonozusn. Hccrnedoganue 0CHOBAHO HA MEMOOAX MAWUHHO20 00yUenUs, npu NOMOWU KO-
MOPbIX CMAHOBUMCSL BO3MOICHBIM OYEHUBAMb NPOOIEMbl 00PAZ06AMENbHOU CUCEMbL, NOBEOEHUS.
CMyOeHmos u Oelicmauil AOMUHUCTIPayuUu 00PA308amMeIbHbIX yupedcoenull vicueco 0bpazosanus. B
pabome UCHONBL3YIOMCSE MeMOObl MAMEMAMUYECKO20 AHATU3A OAHHBIX U MAMEMAMUYECKOl Cmamu-
cmukuy. ABmMop UCnoib3yem aneopummol U Memoobl AHAIU3A OAHHBIX, OCHOBAHHbLE HA KIACCUGUKAYUU:
pewaiowee 0epego, rocucmuyeckas peepeccus u m.0. B yensx nogviuienus mouHocmu Kiaccupuxayuu
NPUMEHAIOMCS AHCAMONIU KIACCUDUKAMOPO8 (2padueHmHblili OyCmuHe U CIyYaiHblil j1ec).

Pezynvmamol. B yenmpe snumanus ucciedosanus asmopa aHaiu3 HeCKOIbKUX Habopoe OAHHbIX
(Students’ Performance in Portugal, E-learning Student Reactions « Students’ Academic Performance),
ROCBAWEHHBIX YUEMY YCNe8aeMOCu CIYOEeHMO8 HECKOIbKUX 8bLCULUX U CPEOHUX YUEOHbIX 3a8e0eHUll 6
PA3HBIX CPAHAX.

B pezynomame npogedennoeo uccnedosanus Obliu 8biA6aeHbL U 0000UIeHbl CIMAMUCIUYECKUE
83AUMOCBS3U, CYUWECBYIOUUE MeNCOY COYUATLHBIMU NAPAMEMPAMU CTHYOEHO08 U UX YCHe8aAeMOCmbio;
a makoice BvlA6LEHbl CIENEHU GIUAHUSL NPUMEHEHUsL OHNAUH UTU CMEWANH020 hopmama oOyueHus: Ha
noKazamenu yCnesaeMoCmu CnmyoeHmos.

B pamkax npedcmagnennoeo ucciedosanus yoaioch NOKA3amsp, 4mo mMemoobl MamemMamuieckou
CMAMUCMUKU U AHAIU3A OAHHBIX NO360NAION BLIAGUND G3AUMOCEA3U 8 OAHHBIX, NOCEIUEHHBIX YCNe6a-
eMoCcmu CmyO0eHmos, 6bla6UNb Hesi8Hble 3A8UCUMOCIU, NOTYYUMb HOBble AKMYATIbHbIe Pe3VIbmambl,
KOmMopble Mo2ym Obimb 8aCHbL OJisk AOMUHUCPAYUL 8)308.

3akntouenue. B 3axnoueHuu agmopom 0600uaromcs pe3yibmamsi NPo8eOeHHOU OYEHKU 61U~
HUSL BHEOPEHUs IIEMEHMO8 INEKMPOHHO20 0OYUEHUsL U HEKOMOPBIX COYUATLHBIX NAPAMEMPO8 HA YChHe-
8aeMocmsb CMyOeHmos.

Knrwouesvie cnosa: xiacmepuzayus cmyoeHmos, cMeuantoe ooyuerue, OyeHKa ycneeaemocmu,
yugposuzayus oopazosanus, YuPposvie MexHoIo2UU 8 0OPA30EAHUL, KOPPEAYUs NPUHAKOE, NOBbI-
uieHue ycnesaemocmu.
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The impact of e-learning and social parameters
on students’ academic performance

Abstract

Introduction. The article examines the problem of assessing students' academic performance in
the current situation.

The purpose of the paper is to evaluate the influence of e-learning and some social and behavioral
parameters on students’ academic performance.

Materials and Methods. The author employed the machine learning procedures in order to identify
and assess the current problems of the educational system, students’ behavior, and universities’ policy.
Methods of mathematical analysis and statistics as well as ensemble methods (gradient boosting and the
random forest algorithms) were used in order to achieve high accuracy of the research.

Results. The author conducted the analysis of the following datasets devoted to academic
performance at higher and secondary educational institutions in a number of countries: Students’
Performance in Portugal, E-learning Student Reactions and Students’ Academic Performance.

The purposes of the current study were to identify statistical correlations between social
parameters of students and the level of their academic performance and to understand how academic
performance is determined by the implementation of online learning and blended learning.

The research findings suggest that mathematical statistics and data analysis methods allow to
identify correlations between students’ performance data and reveal hidden relationships which can be
important for university staff.

Conclusions. In conclusion, the author summarizes the results of evaluating the impact of the
introduction of e-learning elements and some social parameters on students’ academic performance.

Keywords

Clustering students; Blended learning; Academic performance evaluation; Digitalization of
education; Digital technologies in education; Correlation of features; performance improvement.

Introduction
Data science methods applied in a large

and problems of pedagogical
dependencies between social

science and
parameters of

variety of domains of knowledge allow to find
hidden dependencies, divide data into new set of
clusters that can better explain structure of
information, construct classifiers and so on. These
methods are used to solve a lot of different tasks

students and their development and performance
appear in the scope of this science. In this research
there are four datasets that have been under
The Students’

investigation. Performance
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dataset’23 has got two parts including grades at
math and Portuguese language exams. There are
values of social and behavioral features of each
student. Thus, it’s possible to construct and test
statistical hypotheses on dependencies between
quality of student’s life and his or her
performance. Though, it’s difficult to explain
these logical dependencies and it’s possible to
treat these results as mutual dependencies on a set
of unobservable values. At the same time, these
logical connections are the best result nowadays.
They allow constructing hypotheses on changes in
social structure that could lead to students’
performance improvement.

The university staff can analyze clusters
containing their students, handle each cluster
separately improving performance in each of
them with own methods. At the same time
dependencies  between  students’ social
parameters and performance can be treated by
government in order to improve development of
citizens.

The E-learning Student Reactions dataset*
contains information that potentially can reveal
dependencies between students’ performance in
traditional forms of study and their achievements
inside of the e-learning system that supports
collaborative learning. Dependencies between
traditional grades and emodji-based reactions on
messages in e-learning system can confirm that e-
learning process leads to gaining knowledge by
students in the way they like or it can show that

! Student Grade Prediction. URL: https://www.kaggle.com/
dipam?7/student-grade-prediction

2 Student Performance Data Set. URL: https://www.kaggle.
com/larsen0966/student-performance-data-set

3 Cortez P., Silva P. Using Data Mining to Predict Secondary
School Student Performance. Proceedings of the 5 Future
Business TEChnology Conference (FUBUTEC 2008) EU-
ROSIS. 2008. pp. 5-12.

4 E-learning Student Reactions. URL: https://www.kaggle.
com/marlonferrari/elearning-student-reactions

http://en.sciforedu.ru/

ISSN 2658-6762

reactions on their behaviour in this system don’t
correlate with traditional grades.

The Students’ Academic Performance
dataset [1]°® can be used to test dependencies
between grades gained by students in traditional
forms of learning process and their activity inside
of the e-learning system.

These analysis experiments are important in
new educational conditions. The Covid-19
pandemic makes universities all over the world
move to distant or blended forms of study.
Analysis of students’ behaviour inside of such
systems can reveal how such transformation
affects quality of learning process. It’s also
important to understand whether students
evaluating help from their mates in learning
process construct the grades of the same structure
as their teachers or their reactions correlate with
teachers’ grades.

Methods

The research is based on analysis and
generalization of papers and books concerning the
main theme. There are two forms of students’
grades. The first one is an integer value in some
diapason. In other experiments the grades are
transformed into a parameter that can take value
from a small set. Such problems are usually
considered as classification tasks and they are
solved by with the decision tree, logistic
regression classifiers are ensembles (the gradient
boosting and the random forest classifiers). These
methods are based on mathematical statistics. It

5 Amrieh E. A., Hamtini T., Aljarah I. Preprocessing and an-
alyzing educational data set using X-API for improving
student's performance. Applied Electrical Engineering and
Computing Technologies (AEECT), IEEE Jordan Confer-

ence 2015. pp. 1-5. DOl:
https://doi.org/10.1109/AFECT.2015.7360581
6 Students' Academic Performance Data set. URL:

https://www.kaggle.com/aljarah/xAPI-Edu-Data
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should be mentioned that statistical results have to
be explained by researchers accurately and
conclusions have to be made to allow
governments or university staffs to correct
learning process.

Results

The Portuguese language and math final
grades are main values that show level of quality
of educational process. Results of students of two
colleges have been explored: Gabriel Pereira and
Mousinho da Silveira school (parameter school).
Features in the dataset can be divided logically
into three groups: binary parameters, integer
values in small diapason and integer values in
large diapason. The first group contains activities
(extra-curricular activities), address (urban or
rural), famsup (is there educational support from
student’s family?), higher (does this student
intend to get higher education?), internet (is there
access to internet at home?), nursery (attended
nursery school), paid (does the student take part
in additional paid classes?), Pstatus (do parents
live together or apart?), romantic (has this student
got a relationship?), schoolsup (extra educational
support), sex.

The second type of features consists of
integers in small diapason: age is between 15 and
22 years; famrel (quality of relationships in the
family), Medu and Fedu (level of parent’s
education) Mjob and Fjob (type of parent’s job),
freetime and goout (how often does this student
has got free time and can go out?), Dalc and Walc
(daily and weekend level of alcohol
consumption), health status have got 5 possible
levels. Variables reason (reason to choose certain

" Unal F. Data Mining — Methods, Aplications and Systems.
Data Mining for Students Performance Prediction in Edu-
cation. IntechOpen, 2020. DOl:
https://doi.org/10.5772/intechopen.91449

8James G., Witten D., Hastie T., Tibshirani R. An introduc-
tion to statistical learning with applications in R. Springer-

http://en.sciforedu.ru/

ISSN 2658-6762

school), traveltime and studytime (how much time
does student spend to get to school, doing
homework?), failures (number of past class
failures) have got 4 levels. Student’s guardian
(mother, father, other) is explained with the
guardian parameter. Features absences and G1,
G2, G3 grades can also be treated as factor
variables but there’s a lot of levels. Grades belong
to diapason between 0 and 20. More thorough
explanation of the features is presented in the
paper of F. Unal’. Influence of social features on
students’ performance is also discussed in [3-5].

The grades can be transformed into
parameters showing whether they belong to some
diapason’. Thus this problem can be transformed
into a classification task. But another way is to
construct regression models explaining the grade
variables by means of all other parameters that are
contained in the dataset. In the present work the
second way is used and the G3 grade is used as an
explained value. The G1, G2 values are
intermediate grades that form the final grade. So,
there’s logical dependence between them and
only one of them should be used in linear models.

All parameters of the second group are
transformed with one-hot encoding technique (or
dummy variables are created)®®.

Number of absences is transformed
according to expression (1):
' X—=

X ==—£ (1)
o

’

In the expression (1) x is a source value, x
is a transformed version of this parameter, u is
mean value of x and ¢ is its standard deviation® °.

Verlag, New York, USA, 2015. 426 p. DOL:
https://doi.org/10.1007/978-1-4614-7138-7

9 Hastie T., Tibshirani R., Friedman J. The elements of sta-
tistical learning. Springer-Verlag, New York, USA, 2009.
533 p.
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Dependencies between social and economic
factors and digitalization and quality of education
are investigated in papers [3; 5-7] that analyze
situation in different countries and various
universities.

The investigated dataset containing the
Portuguese language grades have been clustered
into five groups. The clustering technique allows
dividing dataset into several clusters depending
on inner structure of the data. Number of clusters
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is obtained with the agglomerative clustering
techniques [8; 9]. The Euclidean metrics is used
to measure distance between objects and the
Ward’s method is implemented in order to
measure distance between clusters. The structure
of the dataset in these terms is presented at the
figure 1. The Y axis shows the distance between
clusters and the X axis shows the objects inside
the dataset united into clusters.

140

120

100

20

a2 'JE"#'-'T%

0

v ﬂr--.‘fu'%w

'.'1..'!"".-.

B P O B e O

Fig. 1. Result of the agglomerative clustering method implemented at the Students’
Performance dataset (the Portuguese language)

Number of clusters is obtained with setting
horizontal line at the figure at some level. Number
of intersections with hierarchical structure equals
to number of clusters.

Thus, there are five clusters. One of them is
quite small. To explain the hierarchical structure
of clusters mean values of final grades are counted
inside of each one. “Parent” clusters are divided
into a set of smaller ones that are considered as

“children”. This action can be repeated until
there’s only one object in each cluster. But such
approach can’t lead to generality. So, this division
must be stopped at some level that is obtained
analyzing the figure 1.

The structure of clusters is presented in the
table 1. Quantity of objects in clusters, mean value
of the final grade in each cluster and “parent”
clusters are shown in the columns.
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Table 1
Mean values of students’ grades in each cluster (the Portuguese language)

Name of the cluster Quantity of objects Mean value of the final grade Parent cluster
C1 368 9.30 dataset
Cc2 281 13.89 dataset
Cl1 16 0.06 C1
C12 265 9.86 Cl

C121 48 7.71 C12
C122 217 10.33 C12
C21 190 12.38 C2
C22 178 1551 C2

The first cluster C1 contains students with
lower G3 grade. There are 336 students of overall
649 ones. In the second one the grade is higher.
The majority of students in the first cluster belong
to the Mousinho da Silveira school. They’ve got
more absences. These students are worse students
by academic activities. Among them there are
more males. More often they live in rural areas
than in urban ones. Level of their parents’
education is lower. Mothers of the students in the
first cluster work at home more often. There are
more students in the second cluster whose parents
have got higher education.

The distance from school to home is
higher in the 1% cluster. But difference isn’t
large. In the first cluster there are more students
that have to pay 15-30 minutes. In the second
one more students pay 15 minutes or less to get
to school.

Students in the first cluster usually pay less
time to learning process. The majority of the
students in the 2" cluster C2 have got study time
between 5 and 10 hours.

The agglomerative clustering algorithm has
been implemented to the both clusters. The C1
cluster containing students with lower grades is
divided into three parts: C121, C122, C11.
There’s a small cluster C11 that contains only 16
records with extremely low grades. There are no

general conclusions on this cluster so considering
the other part C12 of the 1% cluster allows to
construct two clusters: C121, C122.

The C122 cluster with better academic
results is going to be discussed. The number of
absences is less, the grades are higher than in the
C121 cluster. In this cluster the majority of
students pass their exams and in the other cluster
usually there are 1 or 2 past class failures. The
family educational support is higher and students
tend to get higher education though in common
their parents’ level of education is lower. More
students answer that their health level is very
good.

In each cluster linear regression model has
been constructed. The G3 grade variable was
explained with all other parameters in the
dataset. Thus, full model contains all
parameters of the dataset (except grades) as
regressors. There’s a lot of insignificant
parameters. After that there has been an attempt
to construct reduced models containing only
significant  parameters.  All insignificant
regressors have been removed from a model.
After that regressors that have become
insignificant are also removed from the model.
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In the cluster C121 the determination
coefficient R? value°-1! of the full model is
89.7 % and the adjusted coefficient R%gj = 22.6 %.
It means that there’s a lot of other factors that
aren’t included into this dataset which could
explain behaviour of students. All terms in the
regression are insignificant though the
determination coefficient value is high and one
can conclude that parameters explain dynamics of
the G3 value well.

G, =10.20+0.72 paid + 0.65 failuresO — 0.47 Dalc3.

Here failures0 is equal to 1 for students that
have got zero failures and Dalc3 = 1 for students
with medium daily alcohol consumption. So,
alcohol consumption decreases the grade and
students without failed exams usually have got

higher rades.

R? value of the reduced model is about
11.5%. Thus, there are factors which aren’t
reflected in this model.

The cluster C2 with higher grades can also
be divided into two parts. There are fewer
absences in the part with higher grades C22. So,

G, =16.36 failuresO + 0.48Fedu2 — 0.44romantic.

Here failuresO = 1 for students that with
zero past class failures, Fedu2 = 1 for students
whose fathers have got 5" — 9" grade education,
romantic = 1 for students with relationships.
Thus, relationships decrease final grades but in
common this effect “costs” about 1 point. Also, if
there are no past class failures the grade should be
higher. In this model R? = 7.9 %.

10 James G., Witten D., Hastie T., Tibshirani R. An introduc-
tion to statistical learning with applications in R. Springer-
Verlag, New York, USA, 2015. 426 p. DOIL:
https://doi.org/10.1007/978-1-4614-7138-7
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In the cluster C122 the determination
coefficient R? value of the full model is 41.5 %
and the adjusted coefficient R%g = 17.5 %. It
means that there is a lot of other factors that aren’t
included into this dataset which could explain
behaviour of students. But still there are
significant terms that need to be considered
thoroughly.

The insignificant terms have been removed
from the model. The expression (2) shows the
result of this process:

)

this part can be explained as a part of students
having better academic results. At the same time
their parents have got higher education more
often. So, these students tend to be forced to get
higher education in a social way. The other part
gets extra educational support more often.

Let’s consider the part with higher grades,
i.e. the C22 cluster. The determination coefficient
R? value of the full model is 68.3% and the
adjusted coefficient R?%q; = 18.7 % and also there
are a few significant terms that need to be
considered thoroughly. The reduced model
structure is shown in the expression (3):

@)

In the cluster C21 the determination
coefficient R? value of the full model is 51.6 %
and the adjusted coefficient R%gj = 22.6 %. These
values can be considered as quite small but the
reduced model can be constructed. It’s shown in
the expression (4):

11 Hastie T., Tibshirani R., Friedman J. The elements of sta-
tistical learning. Springer-Verlag, New York, USA, 2009.
533 p.
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G, =13.31-0.42school sup+ 0.39age3 + 0.53 freetime2 + 0.36 freetime4

+0.72 freetime5 — 0.35health3.

Here schoolsup = 1 for students with extra
educational support, age3 is 1 for students of the
3 course, freetime2 = 1 for students with less
quantity of free time than average level, freetime4
= 1 or freetime5 = 1 means that there’s a lot of
free time after lessons. health3 = 1 if current
health status is normal. In this model R? = 15.5 %.

Full model that has been constructed for the
whole dataset has got R? = 43.3 %, R%qj = 35.9 %.

G, =10.39-1.79school —0.73sex —1.4school sup+ 3.01higher

4)
The reduced model has got values of
determination coefficients: R? = 25.3 %,

RZaj = 24.4 %. Thus, full models in clusters are
better by value of the coefficient of determination.
But the reduced models look worse: values of the
R? coefficient is better in the model constructed
for the whole dataset.

(5)

+0.53 freetime2 + 0.86studytime3 + 0.62goout2 — 2.69Dalc4 — 0.78healthb.

Here higher denotes whether a student
wants to take higher education, freetime2 = 1 for
students with less quantity of free time than
average level, studytime3=1 if this student pays
amount of time close to average level to do
homework, he or she goes out less (goout2 = 1),
Dalc4 = 1 means that the student consumes
alcohol more often than other students, health5 = 1
for students with excellent health. In the
expression (5) students of different schools are
differentiated, there are differences between
males and females, students with relatively low
grades are supported. Desire to take higher
education correlates with high level of grades.

Students with high grades go out less often than
other students. Alcohol consumption is lower.

Overall results of the linear regression
model for the whole dataset and models
constructed in each cluster are presented in the
table 2. The models constructed for special
clusters have got better R? values everywhere
except cluster C122. At the same time the best
reduced model has been constructed for the whole
dataset. In this task there are too few records to
construct good models. According to low values
of determination coefficients it’s possible to
conclude that there are unobservable parameters
or that students’ grades can’t be explained only by
their means.

Table 2
Comparison of linear regressions constructed for each cluster and for the whole dataset
Name of the cluster R2, R%; of the full model, % R? of the reduced model, %
The whole dataset 43.3,35.9 25.3
Ci121 89.7,22.6 -
C122 415,175 115
Cc21 51.6, 22.6 155
C22 68.4, 18.7 7.9
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The same technique has also been
implemented in order to analyze the second part
of this dataset which contains the same features
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and grades at the math exams. Scheme of
agglomerative clustering implemented to this
dataset is shown at the figure 2.
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Figure 2. Result of the agglomerative clustering method implemented
at the Students’ Performance dataset (math)

The dataset has also been clustered. There
are four major parts that can be treated with use of
mean values of final grades. Their structure is

determination coefficient of the full linear model
explaining behavior of the grade G3 variable is
shown in the last column.

presented in the table 3. Also value of
Table 3
Mean values of students’ grades in each cluster (maths)
Name of the | Quantity of objects | Mean value of the | Parent cluster R2 of the full
cluster final grade model, %
C1 195 7.03 dataset —
C2 200 13.72 dataset -
Cl1 38 0.00 Cl -
C12 157 8.72 C1 46.8
c21 118 12.18 c2 59.8
C22 82 15.94 c2 66.7

The linear regression model in the C11
cluster hasn’t been built because of low number
of instances in it. It’s also noticeable that mean
value of the grade is zero. The R? of the full linear

model constructed for the whole dataset is equal
to 18.2% and is less than the same values
calculated for each cluster individually (except
the C11 cluster). In all clusters determination
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coefficients of reduced models are very low and
they aren’t presented in the paper. To show
dependencies one can glance at the linear model

G, =6.41+0.93 famsize +1.30sex —1.10romantic + 0.54absences

+4.03 failures0 + 1.86studytime3.

Here failuresO shows if a student has got no
failed exams, studytime3=1 for students who pay
approximately average value of time to study.
Thus, family size correlates with grades
positively. Students with higher grades have got
relationships less often, there are less failures.
Positive correlation between grades and absences
can be explained with confidence of students that
they know enough to pass exams. But they don’t
want to move to clusters with higher grades (for
students with low grades).

One can explain differences between
clusters considered in the table 3.

The C2 cluster contains almost a half of the
whole dataset and records about students with
higher grades. School support is lower for these
students, there are less absences but less freetime.
More often parents of the students in the C1
cluster have got low level of education and in the
second cluster there are students with parents
having higher education more often. Students in
the second cluster haven’t got any failures at
exams much more often.

The cluster C2 with higher grades are
divided into two almost equal by size parts. Also
the cluster C22 with higher grades is considered.
There are less absences and romantic
relationships are less often. More students have
got access to internet. They live in urban areas.
Their parents have got higher education more
often and at the same time there are more teachers
among them. It’s noticeable that there are less
students with no failures but more students with 1
failed exam than in the C21 cluster. Low alcohol
consumption is noticed more often in the C22

http://en.sciforedu.ru/
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constructed for the whole dataset in the form of
the expression (6):

(6)

cluster but students in the C21 cluster evaluate
health status as normal more often.

It’s difficult to construct logically “strong”
conclusions on dependencies between social
parameters and grades. In all parts of society there
are students with high grades and with low ones.
One part pays a lot of time to study, the second
one does only part of their work to have some
medium level and has got a lot of free time. One
of the most interesting cluster is the C122. There
are students from the lower half by performance
but they’ve got a chance to get to the higher part
and usually they work to achieve it. Also, their
parents encourage and support them in this desire.
That’s man cluster that can be handled with
university staff to achieve higher overall
performance.

Dependencies of social and economic
features are more thoroughly investigated in [2—7].

The dataset about students’ behavior in e-
learning system has been investigated afterwards.
The e-learning system has been very useful
addition to standard courses. But during the
Covid-19 pandemic universities had only two
possible ways: either to stop learning process, or
to use distant learning techniques with support of
e-learning systems. Thus, research of online,
distant and blended learning systems are
extremely actual and valuable [10-14]. During
the investigated experiment students could
discuss complex topics in forum of such system.
The main subject is discussion of algorithms.
Students” comments could be evaluated by them
with possible marks: “helpful”, “nice code”,

“creative”, collaborative” and also

29 13

amazing”,
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“confused”, “bad”. Each record contains
information on amount of such votes on student’s
posts and academic grades. So, it’s possible to
compare students’ activity in the system and their
final grades. In this approach students evaluate the
most interesting answers and it can be considered
as some kind of self-evaluation. This question has
been in scope of view of pedagogical research
worldwide!? [15-19].

The final grade were divided into five parts:
evaluation of critical thinking and problem
solving skills inside of the first mark sk1,
creativity and innovations in the second one sk2,
constant and self-learning skills in the third part
sk3, collaboration and self-direction skills sk4 in
the fourth grade and social and cultural
responsibility in the last part of the grade sk5. All

parameters have been handled according to
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expression (1). Among them there’s also time
spent by students in the system.

Amount of marks “helpful”, “nice code”,
“creative”, “amazing”, “collaborative” correlate
with each other and with academic grades. Thus,
these “positive” votes are usually set together at
some posts. Though amount of “confused” and
“bad” posts don’t correlate. Five considered
“positive” marks have got some level of
correlation with final grades. But correlation
among grades and also correlation among
“positive” votes are stronger. In the table 4 there
are correlation levels of pairs of features of the
considered dataset. To save space only a part of
them is presented: only one grade and five
“positive” marks. The grades correlate with each
other, “bad posts” and “confused posts” don’t
correlate with other marks. Collaborative learning
is investigated in a lot of papers [20-22].

Table 4
Pair correlations between features of the E-learning Students Reactions dataset

“helpful” | “nice_code’| “collaborative”| “creative”| “amazing” | timeonline skl
“helpful” 0.92 0.90 0.92 0.89 0.57 0.44
“nice_cod 0.92 0.87 0.89 0.86 0.61 0.44
e »
“collabora 0.90 0.87 0.94 0.94 0.69 0.60
tive”
“creative” 0.92 0.89 0.94 0.95 0.69 0.58
“amazing 0.89 0.86 0.94 0.95 0.69 0.58
timeonline 0.57 0.61 0.69 0.69 0.69 0.63
skl 0.44 0.44 0.60 0.58 0.58 0.63

In the table 4 it’s clear that “positive” posts
correlate with each other. Also, number of these
marks correlate with time spent in the system but
this logical connection is slightly weaker. And
finally one can say that these marks set by

2 Brown G. T., Harris L. R. Student self-assessment
in Sage. In: (ed.) J. H. McMillan Handbook of Re-
search on Classroom Assessment. Los Angeles, CA,

students have got some level of correlation with
final grades sk1,..., sk5.

Linear regression models
number of “positive” posts
“negative” posts, time spent in the system and
final grades have been tested. The final grade sk4

explaining
variable with

Sage, USA, 2013. pp. 367-393. DOl:

https://doi.org/10.4135/9781452218649.n21
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evaluates “collaborative” skills. That’s why only
“collaborative posts” variable remains in the
dataset and all other “positive” marks have been
removed from the data because of correlation.
Because of the same mathematical problems only
the sk4 remains in the dataset and all other grades
been “bad posts” and
“confused posts” variables don’t correlate with

have removed.

sk, = 0.27timeonline + 4.87cp — 22.45¢cp* + 43.17cp’® — 25.06¢p*.

The regression (7) has got level of R?
coefficients: R? = 61.3 %, R%qj = 58.4 %. Thus,
there’s correlation and dependence between
students’ evaluation of comments and academical
grades. But these grades aren’t expressed with
each other directly.

Thus, one can see that the grades set by
teachers have got correlation with emodji-based
reactions of students that were supposed to
evaluate the same value. The final grades
correlate with appropriate students’ marks and
there’s positive correlation with time spent in the
system. This result has been expected and it
confirms the model.

Thorough research devoted to
implementation of gamefication in educational
process can be found in [21; 23-25].

The Students’ Academic Performance
dataset contains information about activities of
students of the Jordan university. There are
several subjects: math, IT, foreign languages.
There are students from several countries from the
Middle East, Europe and America. The
information gathered in the dataset is obtained
from the learning management system:
VisitedResources (how many times does the
student visit online resources recommended in
materials of some discipline?),
AnnouncementsView (how many times does the
student read announcements in online content of

http://en.sciforedu.ru/
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the grade and they have been removed from the
model. After that integer degrees of the
“collaborative_posts” cp variable have been
consequently added to the model. Thus, a part of
the Taylor series is used to explain the grade
variable. One can see this result in the formula (7).
All degrees have been handled according to
expression (1).

(7)

the discipline) and Discussion (how many times
does the student participate in discussion
groups?). There’s also information on student’s
activity during traditional practice and lectures:
RaisedHands (how many times does the student
take part in discussion during traditional
lessons?), StudentAbsenceDays (how many days
was this student absent?). Authors of the dataset
placed there information about nationality and
relationships with family but they are out of
special consideration in the paper.

This dataset can be investigated in order to
describe  connections  between  students’
achievements in traditional form and their
behaviour and grades in learning management
system. Some parts of such analysis have been
made handling another arrays of data in [9-10].

Grades of students have been transformed
into three possible values: high (90-100 points),
medium (70 — 90) and low (less than 70) ones.
Thus, it’s possible construct classifiers into these
groups. Structure of such classifiers can be treated
as a set of main features that correlate with
medium and high grades and can be influenced in
order to improve students’ achievements. The
decision tree algorithm implementation leads to
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construction of classification trees * . Their
structure is itself an explanation of the
classification process and also feature importance
values can be built.

The classification trees that have got an
accuracy of 70 % (weighted F; value!*%®) have
been built. The boosting and bagging techniques
allow constructing more accurate classifiers but
their behavior can’t be explain in a simple way.

The most important features for
classification by grade are: StudentAbsenceDays
(27 %), VisitedResources (20 %), RaisedHands
(10 %), AnnouncementsView (6.5%) and
Discussion (5.4 %). Thus, grade diapasons
correlate with students’ behaviour during classic
lessons and lectures and with their activity in an
electronic learning system.

There are papers devoted to students’
performance analysis [26—29] investigating other
datasets and posing other questions for analysis.

Discussion, Conclusions

The E-learning Student Reactions and
Students’ Academic Performance datasets have
been considered in this research. The students’
performance inside of the e-learning systems and
in traditional form has been investigated. There’s
correlation between behaviour during traditional
lessons and study in such systems. Students’ self-
evaluation grades and teachers’ grades also

http://en.sciforedu.ru/
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correlate. Thus, blended learning systems and
online systems are one of appropriate ways of
education development that shouldn’t make it
WOrse.

Also, dependencies between social and
behavioral parameters and students’ grades have
been considered in the Students’ Performance in
Portugal dataset analysis. Records of students
have been clustered into a few groups. It’s
possible to say that students of various have got
some common social features though such
conclusions must be made very carefully. The
cluster C122 contains students from upper part of
the lower half of students by grades. Expression
(2) shows that students that would like to get
better results have got extra paid lessons and
they’ve got no failed exams. These students are
the best potential goal for university staff to
achieve higher average performance. At the same
time students with lower grades have got school
support in the cluster C21 containing lower part
of the higher half of students by grade. Students
with higher grades have got less free time.
They’re usually encouraged by their parents to
study well and to take higher education.

Digitalization of education is especially
actual nowadays when a lot of courses worldwide
are supported and held in online mode due to
struggle against Covid-19 pandemic [14; 30; 31].
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