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Abstract

The motivation of students to perform academically is closely linked to their
academic performance. Teachers should identify students with low academic mo-
tivation as early as possible, just as they should identify those with an extremely
high level of motivation. The purpose of this article is to identify the influence of
academic motivation on behavior in learning management systems (LMS) courses
as a means of developing a classification model to predict students’ academic mo-
tivation. The research was conducted by students studying on the online platform
eduway.kz. The classifiers were created using machine learning methods (ANN,
decision trees and SVM). To determine if there was a significant difference between
the models. a t-test was conducted. While all classifier models were successful in
predicting motivation based on students’ behavior in a learning management sys-

tem course. the neural network model had the highest success rate.



Anpgarma

OKyIIBUIAPABIH OKYFa j€reH BIHTACHI OTAJIbIH OKY YITePIMIMEH Thifbi3 Gaitna-
AbteTs. MyratiMaepdis, MOTRBAINSA JeHrefil JKoraphl OKVINBLTAPILI AHBIKTATAHbI
CHSIKTBI, AKaIeMISIIBIK MOTHBAINSACH! TOMEH OKYIILLIAPAR! Jia MyMKIHAIriHIIe ep-
Te aHBIKTAYBl MaHBI3/bl. BYT KYMBICTBIH MaKCATDI CTYAEHTTEP/IiH, AKATeMUSITBIK
MoTHEAIACE GoMKAY YIIIH ITACCRONKAINA MOJIETIiH J3Ip.Iey KypaJibl peTinjie
oKpITYb Gackapy 2kyitestepi (LMS) kypeTapeiniia OKYIILUIAPIBIH AKAIEMISTHIK
MOTHBAIIISCH MEH OTAPABH OKY GapHCHHIAFS IC-OPEKETTEPIMEn all1anticTbl
AHBIKTay GOJIBIT TAOBIIAIbL. 3eprreyre eduway.kz onnaitn miaTdopMackHIa OKu-

THIH OKYyIIblJIAp KaTBICTHI. MainHaJBIK, OKBITY .KJT&CCHQ)HKa.TOpr peTiHIe Heit-
DOHIBIK JKediTepl, MelliM araliTaphii JXOHE TIPEK BEKTOPJIRIK MAIHHANADIBI
Nafi TanamE . BapTHK KiaccngmaTop MOAETLIED] OKKTY R 6acKapy Xyieci

opeKeTTepiHe HeTizJlereH CTYAEHTTIH aKaJIeMUsUIBIK MOTHBALIHSI-

KYPCBIHJAFHI 1C- : . |
ChIH AHBIKTAyAa CITTI OPBIHAAIEL, ocipece HefPOHIBIK >KeJli MOJeNi eH >KOraphi

KOpCeTKIIIKe He 60aIbl..



AHHOTAIIA

Axagesudeckasi MOTHBALHS! CTYACHTOB TECHO CBSI3aHA C HX ycneBaemMocTeio. Vg
TETA HOTKHB KAK MOXHO PaHblle BHABIATL YYAIINXCH ¢ HM3KOMN aKageMHye-
CKOM MOTUBalHel, TaK XKe KaK YUalHXCcs ¢ BBICOKMM YPOBHeM MoTuBanuu. [enpio
ZAAHHOIT CTATBU SIBJISIETCS BBISIBJICHHE CBA3EH MEXAY aKaleMHIIecKoil MOTHBalel}
CTYJIeHTOB W MX MOBeJeHHEM Ha KyPCaX CHCTEM YNPaBIeHHs obydeHmen (LMS) B
KavecTse ¢peacTsa paspabOTKN MOAeTH KAACCHQUKANHH s TIPOTHO3HPOBaHK S
aKaeMITIecKoll MOTHBAIR CTyZerToB. B mecnenosanme yaacrsosatn VY€HHKY,
obyqatomecs Ha OHJIAHH-TIIATGOpAE eduway.kz. Knaccugpukaropsr MallluHHOr
06y4YeHus: 6pIIM CO3AAHBI C HCIOIb30BAHAEM HEePOHHBIX ceTeii, AEPEBbEB perrre-
HIIit 1 MammA ONOPHBIX BEKTOPOB. B To BpeM: Kak Bce MOACTH-K1acCAGUKATOD]
Yenemso onpee s aKaIeTIecKyio MOTHBAITO Wamc; Ha OCHOBe HX nope-
A€HHs1 B Kypce CHCTEMBI YTIPABJICHH: 00y IeHueM, MOJIeNIb HEHPOHHOI ceTn HMea,

CaMbIii BBICOKHUIT ypOBEHD yCIIEXA.
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Chapter 1

Introduction

1.1 Motivation

‘ ty is a complex, multidimensional structure that
includes not only motives, but also goals, strategies for responding to fa,iluresl
ts and mechanisms. Motives are understood as

perseverance, cognitive componen
ns for the activity carried out by the subject

both conscious and uNcouscious reaso
behind which are his needs and values. The motives of activity differ not only by

the criterion of strength (intensit.y), but also by the criterion of content (quality)

and place in the hierarchy. The correlation between the content of motives and
the nature of the activity performed determines the features of their influence on
the eflectiveness of the activity and the psychologiml well-being of its subject.
The heterogeneity of educational motivation afld, accordingly, the need to assess
the quality of educational motivation was POl_llt’ed out by L.I. Bozhovich, who
‘ g activities - generated by the learning

identified two types of motives for learnin ;
activity itself. related to the content and process of learning (cognitive) and broad

social motives generated by the system f’f r.elations that exist between the stu-
dent and the surrounding society. Classification L.I. Bozhovich during the second

‘ antly refined in the works of A.K. M:
half of t 1 century was constantly refine K. Markova,
of the 20th ¢ DM, Yakobson. AL Savenkov. To date, there is no gener-

M.V. Matyukhina; *-* o ! :
ally ac )tt)ed idea of speciﬁc subtypes of cqgmtxve .and social learning motivation,
e ' nds for their selection and the possibility of their

t jguous grot P :
Iﬁﬁ;‘{)ﬁf f,f;;};”;ﬁﬂ?f he value of the clglsslflicatlozl aﬁf ngftflves proposed by L.I.
reliable measttORC inguishing (%0 (0L SN i erent fypes of educar
tional m@tt;ivm _ cognitve: or mtemﬁ{l, ?nher.(m ” 112” e a u'vntf\. itself, m.ld social, or
external t' t The latter were suhd-n'lded into d O‘tyr.)e.s - )rogd soc:lal' and nar-
l‘oﬁr]pf:ﬁo‘zal] .motives, which have dlfler?i eaie ynamics and different influences
AR -ation: €SS.

on the effectiveness O € ?Cgllfmtivatil;n has been intensively studied within the

an independent entity (A. Got-

. . v tertd .
In foreign psychOIOg'S, m] . ] paradigms 85
as well as 111 opposition to external motivation

framework of variows » )
tfried, M. Cisikszentmibyl €7

Motivation for learning activi



ginlljjfl Zer). I(l; the l?,tter case, internal and external educational motives were
e pp(‘)se': ) conmde.re:d as two poles of a dichotomy: on one lay the individ-
s interest in the activity itself, and on the other, the interest fn the -

was caused by external reasons. while the motives of the first type were co a'(_:gl\nty
as COI.lducive to the implementation of the activity, and the second - as i ;JS ;f e?ed
with it. With internal motivation, the activity performed in itself is g; ?nti?ensgé

and value to the individual, it gives pleasure. In the case of external motivatio
’ ation,

the activity performed is a means of achieving other results, external in relation
1 the individual aspires. Studies show that intrinsic activ-

Fo its content, to whie.

1ty. motivation is positively associated with creative problem solving, concept
thinking, and cognitive flexibility, and is a predictor of more effect,ive 1ea;11r3n}lal
strategies, persistence, productive coping strategies, as well as academic “hietlegj
ment and psy chological well-being. With internal motivation, the performance of
an activity is accompanied by feelings of flow, joyful enthusiasm for the process

of activity itself, enthusiasm, pleasure.
Overcoming the initial opposition of intrinsic and extrinsic motivation and iden-

tifying qualitatively different types of extrinsic motivation is proposed within the
framework of the theory of self-determination. This theory argues that the e.x-’
ternal motivation of activity is a heterogeneous formation in which four types of
hed - external, i

regulation can be distinguis \trojected, identified and integrated
characterized by varying degrees of frustration of the need for autonomy (its max.
imum frastration occurs With resulation). At the same time, the authors
of the theory understand the need for autonomy as the desire to be an active
subject, a s Surce of ne’s oW activity, t0 control one’s behavior. As shown by

studies conducted within the framework of the theory of self-determination on
the material of different types of activity, in contrast to external identified, in-

tegrated and internal motivation (the so—c_alled autonomous forms of regulation),
external introject ed and external motivation (c.ontrol.led forms of regulation) are
associ a,'( ed EVigh less P i reactions to dlfﬁcult'les, less achievement in ac-
tivities, relatively 10¥ psycholo ical well-being, and & tendency to drop out of

s, Te 4\ Jeas about the content and structure of achievement moti-

SC : ; I~ :
V&l;;)ooi pai:l:,c;ﬁuﬁiped fically learning activities, we;‘e c<lieve1<')ped in t.hg works of
T.O éordee;ra, [nternal 2 notlvat:fln o l:ilatlopél activity consist
o - Gordee . ~elovant £ * uf:at-lon actlYlty or external to
motives that afe A <atisfying o gvercoming the frustration of other needs
av* formed. Internal educational

it, respectively, aum lated tO the activity being per
€ formation and is set by motives, which

that are not directy ™= ogen
I-elatlvely . aman needs in knowledge, achievement and

motivation is 3 T sati

are based on the desuiﬂ_ﬂ .mot.ives . get, by various kinds of external needs of

self-development- Externe e edll(:ati0ﬂ&1 process, the most characteristic of
» and acceptance.

the individual 10 rel%tlm.l sect qutonomy
which are the needs for rest te’ in the field of motivation of educational activity,
. 0 of tYPES of external motivation according to the

From the data obtaine ' on
it is clear that the a0
7



ful for understanding the mechanisms and

gar?neter of autonomy is certainly use

redicting the well-bein '

: , ing and success of the activit '

e e  activity of the subject

educatprogless. Ho“ve\rer, the selected types do not exhaust ttha wh:))lf the ?.duca,-

jonal motives. Thus, one of the most characteristic types of eXte;:,:ir I?jty o
educa-

tional s

o aChimotwes that regulate tl.lg performance of educational activities is the desi

eve respect and recognition of significant others, as well as self estee e(sjlre
’ = em aue

gl)xith(? achievement of high results in activities.
S;tmg methods for assessing learning motivation:
. The SRQ-A scale is designed to assess the motivation of primary and

S " . o
econdary school students, it does not include an indicator of amotivation
the Situational Motivation Scale) is intencied for

. 2.. The SIMS technique (

i;] uational assessment of intrinsic and extrinsic motivation, however, it contal

e author’s understanding of identified and external regulation ami there iflg ;
. & 5 IO

scale of introjected regulation- ber of authors, on the contrary

[nterestingly, & nuin
offer methods in which two subtypes of the latter are distinguished.

3. The AMS methodology (The Academic Motivation Scale) has French and
English versions it versions for schoolchildren and students. A Speciﬁ(; featan
of AMS is the identification of three types of intrinsic motivation - the'm-Ot-.ure
tion for learning, achieving and experiencing the flow. However, the validitllva—f
the last subscale turned out to be low, and this led to the fact that in regegt
years only one gcale of int: jvation (cognition motivation) has been used
In addition, it was shown 1D gifferent samples that the reliability of the scale of
identified regulation in AMS was 110 The main problem lies in the

t high enough.
fact that this technique is based on a1 und

er-sta.nding of introjected and external
forms of external regulation; which 8 essentially different from that accepted in
theory of ¢

the framework of the t —detfarnliﬂai-ion. .
Contradictory opera,tionalization of various typPes of extrinsic motivation identified

in the theory of self—determination leads to different results of empirical studies
obtained using th genemlly does not contribute to the develop-

ese methOdS an )
et of the theor¥ 48 derstanding of the phenomenon of extrinsic

d a better U
motivation.
The theoretical basis of many studies of !

by E. Deci R. Ryan [9]- The main types of ’mOlEIVa .
are internal, external motivation and all:lotl\’atﬁlhi;hlch relf)lects the desire of
the subject (o leave he activity- fut ?mfe l':ﬁe theoer encfe I?t:een the under-
standing of motivatio™ om the st&I}dPOIB O ry of self-determination is
ing of mot! . tional continuui! 18 considered, and not the opposition
motivational continuum extends from

that the so-called 1O

SO_c. e 111 - - e
of external and internal motivation: T:i ... warious forms and intri
ST e jts various forms an then to intrinsic

e otivation an :
;mth@mn f[(.) 23 ”i“‘” m otivation T€ ect the degree of subjective determi-
otivation. Differen” )lf' Lotermin ation. veloped thanks

‘ Later, the theory was de

?a.tli{)11 of hehavior [gl;]g W 1:0'6‘ _.nded the understanding of intrinsic motivation.
0 R. Valle 3! . ;
Vallerande arajct eristics of mot!

divided into general and par-
As a result, the cha
8

rinsic mot

otivation is the theory of self-determination
tion according to this theory

yation were



ticular factors of motivation. Int : .
the desi - . Internal, or introjected, motivation i
n10t'i\"atlir§nf?<l)rpiﬁgz Izzft p]ezsz'mt emotions and includesacl,c(l)(;rrlliltsi\::?i;:s Otd as
tion describes situations w'han li»:lllf-dt_evelf)plnent. External, or external mgtpn,
and receive rewards from ot}fre avior is performed in order to achje;r . e
thers, and includes motivation based on d e a goal
tion l?ased on the requirements of society :}f\’ and self-
Kornienko D.S., Derish F.V. Academic Motija%}”oup to
of Personality to withdraw from activitieSIOn a.n.d
Based on these provisions, the Academic Ma;::(iiv ;s

tion Scale was de ich i
veloped, which includes seven ch isti

testing o ’ seven characteristics of motivati
rebt:n§ the validity of the methodology, the structure of academic (:flg;?f:or.l.VVhen
baz.i? ?Ced [12] 'only academic, but also sports motivation.In particulaa vion was
. 5’ 0 M’me gmstnpg scale, a methodology for studying sports motives wf',‘on the
ped, which is quite common in the study of sports activities [13], we ;: d?e]_

S . . = ) an sta
o is strongly associated with neuroticiqlfle

that the introjected motivation of pol
ted with extraversion and conscience, and intrinsic

obligation motivation is associa
nscience [34]. A comparison of students

motivation is generally associated with co
th a predominance of Intrinsic and extrmsic motivation according to the B
1€ Ig

Five traits showed that :ntrinsically motivated students are friendly and open t
. en to

experience, while extrinsically motivated students are emotionally unstable
. . ar
nce, while the externally motivated are morz

Iore conscious and open to experie

likely to be extroverted and emotionally unstable. Students in whom amotivati

predominates demonstrate less benevolence and consciousness. In dOmesfic (lson
academic motivation in the conlt?e}};

chology, the features 0 and external

of the theory of self-det considered in detail by T.O. Gordeeva [46]
there is no educational udy of the connections and relationshi -
jvation with perso p

of various types of mot 1al, social and cognitive characteristics
Gordeeva [46], exP

1
will, according to T-O and the understanding of the essence of
motives.

tion refers to 8 P

Academic motiva ape
formance {44]. The <olf-determination e’
d academic motivation from the viewpoint of intrinsic

in this study to understan ' 1vab
and extrinsic motivations. Academic motivation has been well recognized to in-
Auence student acad fornance- In higher educatloy spaces, academic mo-

ance, but is generally overlooked

emic Per

tivation is well knowt to affect student perform
g gtuden on may very well assist educators
d improve student performance.

However recognizin t academic.motiva.ti
to DI‘OVi(,ie high-qualit Jearning eriences ta,n i
The issue of redicting student ac2 ¢ motivation as not been addressed by
many rese: 1111) rs. despite considerable research dealing with academic motivation.

Y TeSearchers: red tra,dinonal statistical methods. The literature also

R(‘S a1 C o 1ca . - - . .
earchers typic student motivation m an online environment.
nestion: how to measure academic mo-

il , ess §
fails to adequate!y aderes ] answer the d
dJels are more suitable for predicting the level

And this scientific wor ning MO
tivation; which mac iine 1eat™
9

estetem, as well as motiva
avoid possible problems.

Properties of the Dark Triad
not divided into smaller factors.

f internal
ermination are
SUCCESS. The st

viors with regard to academic per-

erson’s beha
theory [9] serves as & theoretical framework

Jly em



of academic motivation; how suitable the data of the educational process are for

predicting motivation.

1.2 Aims and Objectives

This work has two goals. Using methods of machine learning and student’s be-
haviour data in the learning management systems as variables, we are exploring
the possibility of creating a predictive model for student academic motivation
based on student academic motivation. Secondly, we are seeking to analyze the
efficacy of the machine learning models obtained in predicting student academic
motivation in order to discover the best model. This study’s objectives are to pro-
vide educators with an insight into the data from learning management system

er to use this data and to improve

associated with academical motivation in ord
Furthermore, this study analyzes how student behavior

teaching and learning.

in education relates to detecting motivation of students. Through the focus on

student belhavior within learning courses and exploitation of ML methods, the pa-

per fills a gap in the literature by developing a model that can accurately predict
o = o .

student academic motivation.

1.3 Thesis Outline
n chapter. In the introduction, it was writ-

st ch s the Introductio ‘ ti '
The first chapter is t! d the main characteristics of academic

ten about the genera.l u‘xlderm::lll(:;n;go&;easmmg e donis motivation. Also in
motivation. Types a1 dppm'tten why we decided to write on this topic. The
this chapter my goals. W(?rzx :::lrewew In this chapter, it was written about the
second chapter 15 2 Llﬁgzr lated to 1Y topic and written by sgientists. And
works, one way O a.n.od lVot.ed to Machine learning methods. This chapter has
the third chapter was ¢ chine learning methods and how they work, as well
written about different mdisﬁdmnﬁageﬁ. The fourth chapter is about Learning
as their advantages a2 MS) This chapter has talked about the different types of
Management System! (L 'LMS used in this work. The fifth chapter is devoted
LMS and directly about thethodOIO"Y- The sixth chapter is about the Results.
to Sample and resea:(f‘ Zl;c?i;‘m we Zomplem our conclusion and further ways of
And in the chapter =7

development.

10



Chapter 2

Literature review

. i . - TMS iles has been exploited for various resea
~ Wanipeniim gl b ﬁ]‘-’:’rl“ xamin:pstudent erforn arcb
burposes by researchers. Many of the studies e s p [207]n1ance (e.g.
- T B ' se student retention measure g
38, 37), but some studies also aim to increase s ' 7], measure a
1 ) ] ithin classes [4] and extract quality characteristics of learn-
sense of community within clas ) _ : _
: t systems (LMS) courses [45]. Since this review examines the
; AT AA0P aval il 8 = 2036
o m(mdbl-‘l'nm' methods in determining motivation of students within an on-
) N — - et & e
l-m Of"M:TMI{_“MN-)f:)l.“m.m- it presents some results from several research works
hm! lea L Rt i ;’n thods to determiine a student’s academic motivation.
a 3 o arious mae : b ' - : ;
- log i uiu (Yamining motivation’s 1‘(’.lat>lunﬁlu]_) with academic per-
Despite numerous ”“:( I; 1. 2], [11]. [30], [35]. [41]). predicting student motivation
‘mance (for example |1, 2], 1 Waihals il g T
fqmmuce f_fm CXé }l o umeonnon, Cocea and Weibelzahl [5] a.ual).med log files
_W”-'-l! LMS logs 1‘“5. f?vhcthel' they could predict mot?'vation for a given student
o UGRIE ) CERRHIE orrect answers percentage Il quizes, page views time, page
using five factors (ID, correc 6’1] quizes, and motivation). The researchers used
for assessing motivational levels, and emphasized tl.m‘r
their own methodology tations of their study. Other approaches to assessing
. limitation: g _
this was one of the main limi 1 d by these authors in subsequent. work ([7], [6]).
motivation levels were proposet . files, activities and timestamps were used

Based on a review of 48 S.md(-mtg Eygaaged, neutral or disengaged [7]. Data min-
to find out whether studcntsd“ grBaY;iau networks using K2 method, regression,
ing techniques analysed _ulclllqs]g 748 classifier, reduced-error pruning trees and
classification, classiﬁca“on‘ E{}el‘ hadging using reduced-error pruning trectq, and
decision trees with J48 C]il-h HIl t l!’t:!(’:.;‘b and J48 claa-miﬁer- They then factored in the
lassification using ﬂ'ﬁgﬂ'@ﬂ:ltests, the amount of tru(—z.ajr—lswers on t(fsts,' exams
mount of false answel'i; I(’a‘;h exam, the anw“?fd:i;fgizing;g?;} lll'?lliflrncl;li;ea\o;
wmber, spending HM¢ redictors of disengag : siz

4 ‘tant p : ; :
pportant PretiEs sl suEiR m m studies
rage on each of them a3 1; fj ents’ motivation levels were dgteu-lmed 1 'u&m
Tagp - v stude ol arily on variables
he « le and the Way 5 ther researchers focused prima ly 0 variables
5 Ble 4 Additimlﬂu}’r e s of Hershkovitz and Nachmias’ study, they
Wt X /1] L o 1 - . l]l S e .
ad limitations. Among the hll’]]tﬂno{ the motivation classification based on en-
lated to time. Among v ation O LEE 7700 The f ing variables fy
| r} et e Tk of valid: e of motivation. I'he following wbles from
shlightec o MR TR d sourt
oization al
igement. energlzd

isi , ; 1me
Visit pumber, spending €1
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the log files were analyzed using the clustering method: time spent on the plat-
form, activity in sessions, duration of inactivity between sessions, pace of word
work, exam results, and activity in game work. Tongsiri and Kularbphettong [25]
also determined that student motivation is influenced by class activities. Using
log files, they identified 19 variables largely related to the amount of time spent
on certain activities and the grades received for doing those activities, then they
used a decision tree to develop affiliation rules which helped to extract variables
showing the influence on behavior. Researchers found data mining to be a useful
tool to predict student outcomes. We used the Academic Motivation Scale (AMS)

Vallerand and co-researchers [21] to predict student motivation in

developed by
this work. There are a number of studies in which the AMS is used to measure

student motivation for academic success (e-g [16], [24], [23], [28], [33]), but so
far, there is no previous research that uses it to predict student motivation with
log files. Additionally, this study differs from other studies in the type of input
variables it uses, and while previous investigations have not addressed interde-
pendencies among variables in the dataset, this research uses interdependencies
to assure the reliability and effectiveness of the suggested model.

12



Chapter 3

Machine learning methods

3.1 Artificial neural networks (ANN)

The study and use of artificial neural networks, in principle, began quite a lon

time ago - at the beginning of the 20th century, but they really gajne;d widi
popularity a little later. This is due, first of all, to the fact that advanced (for that
time) computing devices began to appear, the power of which was large enou h
to work with artificial neural networks. In fact, at the moment you can easigl 7
simulate a neural network of medium complexity on any personal‘ computer. Ifl
neural networks, neurons are connected in a way that is specific to each individual
Here is an example of a neuron in Figure 3.1. The neuron is an element thatg

Neuron

*’_.,#’"V OUtpUt
signals

Input —
signals

Figure 3.1: Representation of a neuron

al based on input signals according to a defined rule. This means

produces a sign : :
akes the following actions:

that one neuron t
om previous elements of the network

e Reception of signals fr

i ination
e Input signal combinat

13



e Calculation of the output

e Sending the output signal to the next network element

The connections between neurons can vary depending on the network structure.
In spite of this, the essential function of the neural network remains unchanged.
Based on the totality of signals entering the network input, an output signal (or
several output signals) is formed at the output. In this sense, you can consider
a neural network as a black box with inputs and outputs. A great number of
neurons are embedded within the black box. We have listed the main stages of

the network, now let’s dwell on each of them separately.
Since several input signals can come to each neuron, when modeling a neural

network, it is necessary to set a certain rule for combining all these signals. And
quite often the rule of summation of the weighted values of connections is used.
What does weighted mean? Now let’s figure it out ... Each connection in a
network of neurons can be fully characterized using three factors:

e the first is the element from which the link originates
e the second is the element to which the link is directed

o the third is the weight of the connection.

The link weight determines whether the signal transmitted over this link will be
boosted or attenuated. To explain simply, “on the fingers”, then let’s look at
example in Figure 3.2. The output signal of neuron 1 is 5. The weight of the

Neuron 1 Neuron 2

s 2 :
. ,--__....--m,.m,,,..,,..,._._,’
-

Figure 3.2: Link weight between neurons

eurons is 2. Thus, to determine the input signal of neuron
etween ¥ ‘1 it is necessary to multiply the value of this signal by the
. 5 * 2. And if there are many signals, then they are all
get the following at the input of the neuron:

connection b
2 coming from neuroll
weight of the connection
summed up. As 2 result, we

14



— VN
net; = Y= X; * Wy

N is the number of elements that transmit their output signals to the input signal
j- And w;; the weight of the connection connecting neuron i with neuroi i
By summing all the weighted inputs, we get the combined input of the networi:
element. Most often, the structure of connections between neurons is represented
as a matrix W, which is called a weight matrix. The matrix element w; -'i1.1 tl'1e
formula. determines the weight of the link going from element i to elem;lt j- In
order to understand how weight matrices are composed, let’s look at a SiII.Iple

neural network in Figure 3.3.

Figure 3.3: Example of neural network
ich a neural network will look like this:
o0 -04 -56 47 0

The weight matrix of st

w=| 0 0 0 =33 75
-24 0 0 g 25
0 0 0 0 0

For example, from the second element to the third there is a connection, the
weight of which 18 3. We look at the matrix, the second row, the third column -
the number 3, everything is correct.

For each element of the network, there is a certain

Consider the output signals. _ e net
rule, according to which, from the value of the combined input of the element, its
outout value is calculated. This rule 1s called the activation function. And the
outgut value itself 18 called the activity of the neuron. Absolutely any mathemat;i-

] functions can act as activation functions, here are some of the most commonly
ca ‘tions €2

used ones as ai example:
threshold function - if the value of the combined input is below a certain
e thr

lue (fhreqhold)- then the activity 1s equal to zero, if it is higher - to one.

15



e logistic function.

Let’s consider one more small example, which is very often used in the literatur

to explain the essence of the operation of neural networks. 9 The purpose of the
emple is to calculate the XOR ratio using a neural network. That is, we “'riﬁ
give different variants of signals to the input, and at the output we Shoui& get the
result of the XOR operation for the input values (Figure 3.4). Elements 1 and 2

Figure 3.4: Example of XOR operation in neural network

are inputs, and element 7 is output. Neurons 5 and 6 are called hidden because
they are not connected to the external environment. Thus, we got three layers
_ input, hidden and output. Elements 3 and 4 are called displacement elements.
Their output (activity) is always 1. To calculate the combined input in this net-
work. we will use the weighted link sum rule, and the threshold function will act
as th; activity function. If the combined input of the element is less than 0, then

greater than 0, then the activity is 1. Let’s input

the activity is 0. if the input is .
to the input of neuron 2. In this case

one to the input of newron 1, and zero
the output should be 1 (0 XOR 1= 1). Calculate the output value manually to

demonstrate network performance.
Combined input of clement 5metd = 1% (1) +0*(-1) + 1*15=05.

; z ﬁ':1(0-5>0)'
ety SEE S clement 6: net6 =1 % (-1) + 0% (-1) + 1% 0.5 =- 0.5.

Combined input of

Ttem 6 activity: 0- ] i, et
. ed input of element & :

g]zmbi:;i{j tl‘l'lf;f clement 7, and at the same time the output value of the network,

5 e 32;1 to 1. This is what was required to be proved.

is equal to 1. possible values as input signals (0 and 0, 1 and 0,

11
’ widh ,Ot.rytousea
It’s possible to L. Il always see the value corresponding to

: s ]. 1 3‘» trht: Olltpll "P :
U il dll Of)‘v h ' ‘XOR Op Ta JO11. 1] (.h[q (x_‘:]‘,s, ']_[I ;h : s u ‘- ] !
t'he t-I.UL ‘J‘ "e t,. ¢ e | I

=1*A)+0* (1) +1 * (-0.5) =025,
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coefficients were known to us in advance, but the main feature of neural networks
is that they themselves can correct the weight values of all connections in the
process of network training.

A fully connected neural network has neurons transmitting their outputs
to one another, including themselves. Every input signal is transmitted to each
neuron. Several clock cycles in the network can produce the output signals of the
network which can be all or some of the output signals of individual neurons.
Multilayer Neural networks (layers) are formed by condensing neurons into
layers. Within each layer, there are a set of neurons sharing the same input sig-
nals. There is no requirement for any layer to have a specific number of neurons,
and that number does not depend on that in other layers. Layers numbering
from left to right compose the network in general. A network’s inputs come from
external signals, which are fed into its input layer (usually numbered zero) and its
outputs are generated by its last layer. A multilayer neural network also includes
o hidden layer besides the input and output layers. Connections from outputs of

neurons of some layer d to inputs of neurons of the next layer (q+1) are called

serial.

Input layer Hidden layer Output layer

re 3.5: Multilayer Neural network

Figu

of multilayer perceptron (MLP) and radial basic func-
A-Ls ANN methodﬁlgﬁpmmnt role. The components of an MLP network are
tions (RBF)_PIay nd output layers. MLP neural networks have only one hid-
the input, hidden, ? e mOTE OF Jess hidden layers depending on the problem
den layer, but catt is not interconnected with neurons in any outer layers,
being solved- A TF0 on is connected with both outer layers through weighed
but adjacent layer 8 lrie.qcrib ed that the basic characteristics are high connectivity
connections. Hayhﬂ ';ration function [18]. MLP networks are commonly trained
and a differentiable 2 ! orithms. Training an MLP network entails creating an

using back—propagaal; ? icular input and current weight, and then adjusting the

output adapted t0 ,



i 3 arcnrdl . » ,
:;:;(%111;?@ 3(1510(; ?1111‘% t(; t.h.e dlSFlDCtIQIl between the output and target [29]. Hsiel
P nc:t.work | 20] OA.?I‘gna.-ls ?nla MLP neth)rk describes the flow of sicrn.als illle":
out bv h uemo;js .an -‘J:;l:?’ll.ng that the- x are inputs and the hidden la.verbis carrie(ci‘
o ﬂ‘ - Rz ivation functions f and g. a weight Da-l'alnet.er -

offset parameter b, and y as the output, then the following equacionlbd X ;V ’
& s can be

used to describe the flow of signals:

hj = f ZWjixi + b;
! (1)

yk=g ZWk"hj-l_Ek
! (2)

In this study. MLP neural network models were tral _-—
y, | bt S ﬂele tl.&l.lled. using backpropagation al-

onjugate gradient algorit hms. Training involved various activati
al, hyperbolic t_a.ngents} logistic functions eIItI‘OI;);'I
3 to 20 hidden umits, and 200 training cycle;
were fixed. The RBF neural network can also be referred to as a universal approx
imator, as it is one of the most popular alternatives to MLP [10]. It, like MLPH
consists of three layers. RBF neural networks obtain input data from the in ué
ar transformations in the hidden layer. Used 1“1(%.11

layer, but perform nonline
basis function for calculation of each unit [18]:

(p] (x) = QO(”JC _x]”)’ -]:17 27"-7 N (3)

of function. The input layer nodes do not have weighted
er nodes [13]. Since the Gaussian function iscé)ften
t was chosen in this study. Accordingly, each 11n;t

gorithms and ¢
functions, including exponenti
and identity functions. There were

and z; is the center
connections with the
used as a radial basis

within a hidden layer 15

hidden lay

function, 1
described as:

2 .
(- lle =) =1 N

of the jth Gaussian function with width j. Radial functional
for Jearning 10 RBF neural networks were also determined
Both msupervised and supervised learning were used P
algorithm minimizes the mean squared er;

sllj)(’]’\!iﬁﬂd
o and target data through supervised learning

An Z;is the center
centers and weights

as indicated n ’]0]
[20]- A

teaching methods
ontpt

ror (MSE) betwes n

it dat
18



whereas unsupervised learning determines the widths and centers of the radial

e g . S
basis functions. RBF neural networks were configured with a minimum number
of hidden units of 3 and a maximum number of 23 hidden units. Error functions

were calculated using the cross entropy or sum of squares.

3.2 Classification tree

As a data structure, regression and classification trees are collectively known as
Decision Trees (DT). They allow yon to identify patterns in data so that you can
leverage them. Decision trees are organized as a hierarchical structure consisting
of decision nodes to evaluate the values of certain variables to predict the result-
ing value. The use of classification trees results in a symbolic designation of the
class, and as a result of the use of regression trees, continuous values are returned.
For training decision trees, sample data must be provided, so it is necessary to
create or collect such data in advance. On the one hand, the data can be ‘pre-
pared by an expert, and on the other hand, the accumulation of a collection of
facts related to the problem under consideration can be provided. Based solely
on the interpretation (or classification) of such data, many applications, includin;g

Al models, can be created. In practice, each prqblem considered in this case can
be represented using a set of attributes, for which the decision tree predicts an
unknown attribute (solution).

P

root uode}

B X < 6,7

1no

Ficure 3.6: Decision tree
gure

.od as a decision-making component during the imple-
Decision trees cal R 2= A decision tree can provide the best course of

. characters
mentation of game char .



action in any given situation. Each situation is represented by a set of attributes
so an analysis of the decision tree can provide a recommendation. In additi0n,
regression trees can be used to assess the strengths of any entity (or to predict,
the outcome, either positive or negative). Before looking at what decision trees
achieve, or even how they are constructed, it is necessary to understand the basic
concepts behind the decision tree data structure.

Any decision tree outputs a predicted value resulting from the evaluation of some
input attributes. Decision trees are classified into two different types: classifi-
cation trees and regression trees. This difference does not depend on the types

of input data, since trees of both types can take either continuous or symbolic

values. The determining factor on which the tree type depends is the output

value. A decision tree with continuous outputs is called a regression tree, while
classification trees output speciic values instead. The summary information that
defines the differences between the types of decision trees is given in Table 3.1.

le 3.1: Differences between the types of decision tree

Tab
Tree type Prediction Data type
Classification Tree Discrete Symbols
Regression Tree Continuous Real numbers
The first subsection of this chapter defines the concept of data sampling and shows
ntended to be processed by decision trees and

ce. Data samples are i

s input/output format definitions. The following sections look

he structure of decision trees and reveal the secrets behind

so simple and
decision nodes and leaf nodes, are explored in more detail.

its significan

at ways to represent ¢

making decision trees
(d)eécés(j::?s:r:?‘c,hiff t‘l?:’, u not only pa}:ten‘l r eC(;f,‘nitio.n, but also machine
learning i;l general, becomes impos,fuble. El?tfeizndt;e i(;h q:'zn L()‘leisentfd aswsepa.rate
camples. Such selections are sometimes called events, instances, patterns, and, of

ples. es are used to refer to them. In essence, any data Sa.mple
course, many other Iso called prediction variables. Each attribute

: ; which are @ .
is a set of attl.rlbutef,value (ie. & floating point number) or a character (i.e. a
can be a cont;zugi‘;zrete values). It is also possible to apply additional attributes

set of unorder | oW 25 TESpOnSe variables (or dependent variables). Such
with special meAnns; sed with & Symbol repre:?enting discrete categories (in
an attribute can b€ exal,)continuo us value (in regression trees). Response variables

classification trees) © iteria for each sample in both classification and regression
jon Crit

can serve as decis!

problems. ' ontiall aph, in the litera} sense of this concept,

Any decision tr€€ ess ] ;enc.e' a structure consists of nodes connected

formulated in computer & ;ﬁe 3.7). In this case, it is not allowed for the edges to

to each other by € gef; (fvlgqe the tree turns into a graph that is different from a
) nece othe S

form a cycle, st 2



tree-like one (and when using such a graph for decision-making, difficulties arise)

A )€ Decision

Nodes

True False

) C \ Graph B

Meaning:[0,4] / >0 0
[5.91/10,16
Class: [ y D 2 ”
8 >8 Leaf nodes
y X

Figure 3.7: A simple decision tree with the root node shown at the top and each
devision node T epresented by a circle (leaf nodes are indicated by rectangles)

known as the root. Essentially, this node is
from the root to any other node in the tree.
de at the end of any chain of consecutive

ecial node in the tree,
since you can g0
d of node is the no

There is one SP
the base of the tree;
Another special Kin
e f nodes. .
Tig: :btcl;i lZZscription of the tree data structure is very broad. Anj.y'person with
reasonable experience with programminis languages should be familiar with this
information. But if we 3r€ talking about the use of decision trees in artificial
intelligence then each of the abOYe concepts takes on a Spgmal meaning.

Each level i’n the tree can be considered as one of the ‘solutlons; the d?msi()n node
ides a test of the condition; and each edge_denot-es one of the possible options.
provides a tes noted that the decision nodes contain selection criteria,

1y, it can be ) :
More formally; 1t (”eSS the mutually exclusive results of checking compliance with

and the edges exPr

these criteria.  thec onditior
Essentially, each tH° t is determined to CcOITEsp
t of data, then the decision criteria break

that each data elemel™ ne common se
ples are considered 83 o na subsets, 35 shown in Fig. 3.8 As a result of com-
o the process of splitting all data into

i

this set into llon'o"'ertla?fr ertain hierarchy.

such Chedl(s in :t; ils sctually organized antil a leaf node is reached. Each
maller part> =

, is checked, the data samples are sorted such
ond to only one edge. If all sam-

hining

smaller and s
21



leaf node ¢
orre
sponds to a small but exclusive (non-repeating) part of th
rt of the original

set.

Initial dataset

Bg O OC
]

Split subset

to mutually exclusive subsets using a decisi
on

Figure 3.8: Splitting & data sample in

node
pumber of possible ways to represent solutions must
us

of which way to useé depends on the type of attrib
being tested, as well as onl the operat.ion used in the condition test. Becau P
tributes can be eXPressed as symbols OF continuous values, the tests them:el v
can be organized 25 boolean conditions Of continuous relationships. Ande :]js
how many edges should come from the
ly used condition checks are listeg

doubt that the

There is no
the choice

be quite large, S0

results determines

number of possible test
node- The most common

considered decision
below.
value. This test determines whether the application

e Checking 2 poolean ;

of a parltﬁﬂnﬂa! operstor results 10 & true or false value. Obviously, the
possible results

h a check, the sign of the expression

f the test ar e
s When performing suc
positive or negative. The specified

: pition .
e Sign defi he result ¢an be either
cial case of checking a boolean value.

is determined- =" e
check can b€ 001lsldered as a Sp
ck. When performing such a check, it is deter

he given symbol belongs. The result of the check is

true or false.

e Class membel'smp che
hich clas® t

mined to W
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the designation of one of the possible classes (the number of which can b
arbitrary). e

e Validation of belonging to the range of values. When conducting such
a check, it should be clarified to which range of values this value belongs

Each of the possible outcomes indicates to which range, into which the entire

range of the variable is divided, the given value belongs. Such a check can

be thought of as a class membership check.

Typically, each decision node performs a single condition test covering only one
pecify the B==true test operation). ‘ This

attribute (as an example, you can 8
able, since the decision tree allows you to

approach often becomes quite accept
2l combinations of checks to form more complex decision struc-

create hierarchic
tures. However, some more complex varieties of decision trees allow for condition
(for example, the conditions A==1 and B<0

tests that consider more attributes
are checked simultaneously), which makes it possible to increase the accuracy of

e of complication. But in this case, the number of possible

the tests, at the expens .
combinations increases; so the number of outgoing edges increases, as shown in
Table 3.2.
Table 3.2: Four examples of simple condition checks and decision operations using
more attributes
Condition check possible results

true
A (boolean value)

false

B>0
E (sign)

: B<SO

c in [0 .4]
C (belonging to the range)

c in [5- .9]

c in [10. .14]

A == trueandB>0
e A == false and B > 0

A == trueansto

a == false and B £ 0

. crease in the pumber of preQiction variables used in a
Generally speaking, an }Il " o de results in an increase in the number of outgoing
condition test at & decisio? © Iv an arbitrary number of attributes aud map them
edges. But it i possi I t.o ?plr)ﬁns nay require expressions such as (A and B) or
to a single booleatt soluf»lfzile'cision node. Gimilar expressions can also be used to

C to be evalua,t,ed n the 23



convert continuous values to a single number. But tl'le downside of using such
complex expressions is that it makes the task of learning the decision tree more
difficult. .
The classification tree is a structure used to group objects into preqeﬁned classes
based on their inherent characteristics i36] There are a f?W main advantages
listed in [20] of this method of cl_as&ﬁf:atlon. The lclas&ﬁ(;atmn tree presents an
easy way to understand the relationship between the pre 1ct:.and and the pFedlc-
tors when they are used together. It shf)uld be noted that thls.met-hod is suitable
for reducing the munber of predictors in the dataset [20]. It is made up of root
d internal, and terminals or leaf nodes. Identifying the difference
nodes, test or s cf;n be thoroughly understood by comparing incoming and
betwef:n these~ m’} hebre - no incoming edge on the root node, whereas others have
out.gomg. edges. (:ige [36]. Leaf modes are distinguished from root and internal
a single incoming Jiffer in that they do not have outgoing edges, but one target
nodes‘. Leaf nodes dl c:h leaf node [36]- Nevertheless, the internal nodes include
cla§s is asmgned to e?-el‘did'io - variable value is tested [32]. Decision trees begin
sph.ts in wluch ’the ;: f'he'l‘OOt» of the tree and proceed to one leaf nodes where
their clmqﬂhcfmon a ‘79}’ As part of this investigation, adaptions of the CART
the decision is made [2 ‘e.qsiOIl Tree) algorithm and the QUEST (Quick Unbiased
(Classification atud Regr ) algorithm. Using the best leaf node and a predictor
Efficient Statistical Trees ariate splits based on the discriminant. Therefore, it
variable, were obt@ed un ienificance of the relationship between the predictor
will help to determin€ the st |. During the split process, the choice of the
variable and class members, tor variable is important [22]. The Gini measure of
smallest p-value of the pred;cgoodness measure used in CART (splitting criteria).

node impurity is the poPulzeﬁn ed as follows when [ € [1, k], nisonenode, pl(n) -

According to [31]. Gint 1,2 that belong to 2

the fraction of points 2t k
— Z pl(n)(l — pl(n))

=1

bership [22

ini (n)
G l ( 5)

easurements of goodness were applied
d G-square m s based discriminant-based
" sl .. oolection tOO. on : : s
Ad(lltl?gﬂly;ocgl]isqme . ?l)]:::i]les for splits, vyith equal PllSCl&SSlﬁ(?&thIl
n .ad(htnon o RT style ! iies, WeTe used. Direct stopping according to
univariate split 2 . srobabilit€s: ) was employe d as a stop rule on 0.05

, rior Pt¥ . ees
costs and estlmated p ~~1ﬁCathf;c:tI§he split variables, the p-value was set at

are an

-jthm
FACT (Fast Algorith! =" he spli
Sel as the fractio? of ﬁjw—fold CIOSS yalidatio

0.05 and was perfor
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3.3 Support vector machines

There is a linear model for classification and regression problems known as the
Support Vector Machine or SVM [42]. There are many practical problems in-
volving linear or non-linear models that can be solved using this technique. In
machine learning, support vector machines (SVM) are very powerful and flexible
models that can be used to perform linear or nonlinear classifications, regressions,
and outlier detections. Anvone interested in machine learning should have it in
their toolkit, as it is one of the most popular models. SVM methods are particu-
larly well suited for classifying complex but- small to medium datasejss.-

A \}isual explanation of the SVM method is the best way to .explaln its funda-
mental idea. The iris dataset is shr?wu in F igure 3.9. There is a clearly visible
separation between the two classes (they are hneafl}-' separab-le). As can be seen
on the left, the decision boundaries of the thr.ee ll_near C-lEfSSlﬁel‘S are presented.
In fact. a model that has dotted lines representing its decision boundar.les cannot
separaiée classes properly. The other two models perform great on this training
set. but their decision boundaries are s0 close to the samples that these nfxod.eIs
. erform as well on new samples. On the other_ hand, the solid line
dicates where the SVM classifier is expected to make
indicates separation of two classes, but also indicates
training sample. In a SVM classifier, the width of
is set as wide as possible (represented by parallel
ferred to as margin-based classification.

probably won't p ‘
on the graph on the right in
a decision; the line not only
the distance from the nearest
the band between two c]‘a.%es
dotted lines). It is gometimes re

Petal width

Petal length

Wide gap classification

Figure 3.9:

ipe” training samples will not affect the de-
sod “out-of-stripe” traimning samp
g additional (.glnpletelv determined by the samples located at the

Notethat s 100 o ik i
cision boundary at ;18311 <" on them). Such samples are called support vectors

oes of the strip (07 7 are circled.
?(-I‘-‘?;hp?’iﬁ vector): 11 ?‘1{,;.0-3-59\;;6};“;]10(15 exhibit sensitivity to fea}%ure sizes: the
According to Figure < j-el'tical scale much greater t..ha,n the horzzont-al,.so the
the left has & fod ntal. After feature scaling (for example, using the
the }1011?0‘ Learn), the decision frontier looks much better
ooy Smklt‘trictlv fix that all samples are outside the band

' we S ; . ) >
B get a hard margin classification. Two major prob-

graph on P
widest bar is neat )
StandardScaler Clabfigl-lt)
(in the plot on ey e. then We

and on the right side 25



Figure 3.10: Gensitivity O feature scales

classifications D
for this : . ps. Data must firs ]
r this algorith™ to work- Gecondly; it 15 uite sensi-tivelif)betbl?parable linearly
21 L T ‘ outhers ’
< dataseb with just 102 ’
left. the gap €t  with just one additional ou -
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~ases for problems in which there
) . - he classifier 18 modified n the second
is 2 lmeat deq:’ - 7 hile the kernel classifier 1s used in the third step
step to allow misclass: ab 731_ e ifier DO Jinearly [20]- (1,31) 1O g |
.+ gpace =5 the class labels, the goal 1s tO construct a
5 the mPT S a. According to [19], given 2 set of data (z1,91)
{~1,1} as classification label,

digtance between

and
wlx+b= -1 @)

17w, resulting 1o the equation

1 T+t CZ?=1(€i + 5:) 9)

2 _ o
er pounds of outputs, and C 18 regularizing

q')(xi)d’ (x}') (10)

o perform the mapping i e BB, A number

' o wrpoe . s -pcluding:
is a kernel function o tp died in this study, 11
of kernel fur! jons
: Ao
i el ¢ l is & width paramet.er (y > 0) (1)



sigmoid kernel [43]

K(x.x)= tanh(yx;x;-+coefficient ), y>0, coefficient 20 (12)
and polynomial [43]
d
K(Xi,xj):(yxixi—l-coefficient) egree, degree € N, coefficient 20, v>0. (13)

All models were subjected to 10-fold cross-validation to avoid overfitting.
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Chapter 4

Learning Management
System (LMS)

4.1 Origin history

The compilation of special applications, allowing to make administrative changes
in technological and technological terms, became an organic possible presentation
of distant proposals and occurred in the second half of the 20th century in the aca-
demic century [8]- The introduction of the reason Wh?’ the original LMS became
a university, a sheet - 2 large number of St‘}den.ts carried away huge resources for
educational departments; but at the same time 1t became dedicated and resourced
for software development. However, the prototypes .Of mode.zrn LMS arrests before
The first documented time period of deviation dates

r Caleb Phillips received the result of a

the arrests of comput:rs. | : do
hen American proies

back to 1728, wh e Bostor  seeived the renlt of

way - the famous British linguist Isaac

shorthand correspondence Colllrse thrtou
- +o1ce learning became WO-

the 1840s, distan ments to students (also only from stenoblas-

verification. In 1856, the method

Pitman began not to send assign
f shorthand - the German Gustav Langenscheidt

tography), but also to receive them back for
broke out beyond the teaching Of 57 led out the first distance learni

Charles Toussaint singlé . ning school
and the French d out to be dangerous. With the advent of

i ne
for foreign Janguages dx,vlhlczei:rpempectives have opened up for distance learn-
ecordis, 1The Machine Stops", an unexpected
d, in particular, its use for lectures
prediction of th Jistance. Already in 1920, at the Ohio State University,
and examinations Z ototype of & mechanical "teaching machine” that al-
Sidney Presley created @ S [19] by 1 38, twenty-five US states had centralized
lows students t0 be testec of radio communications [15]. As electronics de-

distance lf’ammg ate an OMS within the framework of this term.
sible to CT ¢ Tllinois created the prototype of the

programs for s
veloped, it became p - University ©
b the U f the 1970s, the system had several

1900, Donald BitZ" O (o By the end ©

first e-learning sySt€™
| 29

. " ster:
ing. In Edward For nt of the Internet an



thousand terminals around the world and more than a dozen mainframes con-
nected in a common computer network. The emergence and development took
place with the explosive growth of the LMS in the 1990s - electronic research went
beyond the boundaries of universities and became the exception to the occurrence
and detection of cases of suspicious activity in everyone. In 2004, the SCORM
standard appeared, which allows the use of mixed materials from various courses

147].

4.2 Technical aspects

Initially, e-learning systems were developed for local hosting, in which the orga-
nization licenses the software (or, as in the case of the first systems, develops it
itself) and installs it on its own servers. At the same time, for each LMS, its own
course editor was created, which could not be used to write courses in another
Most modern LMSs are web-based, and in order to ensure standard-
ization, the content created for them (training courses) usually follows certain
] formats, the most popular of which is SCORM (and its successor
CC and cmi5 are also common. The presence of these formats allows
tent created using various editors in different LMS and provides the
te the LMS with other systems (for example, CRM). Currently,
fered as SaaS (software as a service) and hosted by vendors[48].

system.

internationa
Tin Can). Al
the use of con
ability to integra
many LMSs are 0

o
o

N Reports and Analytics

ong,
.,;m,\’
B

*\ Course
) c

reation

Onboarding &
compliance {77 Key Features ofa
Learning Management |

System

Skills Testing

social Boards
& Forums

Gamification

video
cgnferencing

'

1 Key features of a Learning Management System
Figure 4-4° % '
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The first LMS
MSs were created for i
organization (or i E 2P ecific project and
specialized ¢ O(nfple’lclsﬁs:;bmdlar}{), in which they were then’ lrlrslg(sit %&en, by the same
e orm dovelo s;ln?[]i:)lymg OMS (during the boom of t.h ith the advent of
pPe€ ‘hat were uged (Wlth andiﬁCationS asd 9908), uni\rersal
customizations)

aS t

specializatio i
n of the LMS in the areas of use, with the "sharpening"
ing" of the func-

:cliog.ality to the relevant requirements
O f . . )
ay, the following main groups can be distinguished [3] [14]:

° IIA L) | M 4
cademic" - used in educational institutions;
)

"
e "Sales platforms" - online sale of B2C courses usually associ
’ sociated with e-

comimerce systems;
e "Training platforms” isi ini
g _ provision of training and educational servi
rvices to thi
ird

parties (B2B);

" " . .
e "Corporate" - training of company personnel.

_ both for students of educ
ticular industry, direction.

ational institutions, and the staff of
0

e "Industry"
companies in & par

4.3 Advantages and disadvantages

he LMS stem from the most accessible and differe
Tences

The main advantages of t

from value:
e since students have access to the

y almost anywher
thout interruption from the main

o It is possible tO stud
an study wi

Internet. An adult student €

job.
es by not reimbursing the expense of

n, sav'lngs t.hrough wages, which are
ducational institutions and so on

tuition fe

e Students can reduce their
| literature. In additio
port €

methodologica
or educators; sup
the students and teachers can adjust the

not necessary
earning process -
s their abilities and needs dictate.

d
]so ensure the e

o Flexibility I the 1
learning process &

to kcep on

c’s skills i sbilities up to date with modern tech
_courses 8 fliciency and effectiveness
] materials-

rtunities - Jearning b

sive Jearning process.

e The ability
nology and standar

of the usé of education
rning opPPO

e Potentially high leal :
teaching 1 an inten

quality of t
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e The ability to determine objective criteria for assessing the perception of
knowledge - the equipment has the ability to release clear characteristics, th
assessment determines the knowledge gained by the student in the lear’ninge

process.
The disadvantages of LAIS (and e-learning in general) are, as often happens, a

reflection of its merits [39):
unication between the student and the teacher

e The lack of direct comi
] the learning process and evaluate its results.

makes it difficult to contro
e The implementation of an LMS requires a well-built technological infrastruc-
d be prepared to adapt their curricula to e-learning.

ture. Educators shoul

f the teacher’s ‘ndividual skill is decreasing.

e The role o



4.4 Eduway.kz as LMS

In this work
vork, the eduway.kz platf
This electroni ~5e PUaGIOLIR Wes used as a learning m
The od z::lo?{]c platform.has registered students studying bgothagzig' el
student day. ; platform is designed to control student learning, coll e T
ata in a single electronic database, introduce an ele::troriit - pe
| ' journal and

—
provide the necessary resources for remote learning.
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Figure 4.2: Home page of eduway.kz
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Analysis of watching video lessons.

Analysis of homework performance.

Analysis of class attendance. R

°
e Control of income and expenses.
' General director , .
['General AccountantJ" / : ‘\*[‘ Coordinator of region: ;
i . \\‘
. [ Headofthe s b i R
o e A ey | education eputy Coordinator |
Regional Accountant | ‘ ]
{ Discipline [ Director of branch |
(U SO i methodologists ! l
Branch Accountant | I [ Headteacher |
A J P \“\\\ - !
o : : [ ~ Class teacher - |
Office Manager | .. f
N a “~{__ Subjectteacher - |
l
[ . Parents |
f
{ ' Students |

Figure 4.3: Management tree in eduway.kz.

Students have the following options:

e Students can watch online video lessons.

o Students can take tests on topics.

Pass scheduled exams.

Pass the questionnaire.

he teacher and complete online.

e Receive homework from t

asswork tasks.
. used by about 60 institutions in Kazakhstan. Most of them are
is | centers. They are also used for charity purposes (for example,
rlla t(':on was founded to educate children from villages in different
a l)' Eduway.kz is easy to use. Office managers in a matter of
w student and draw up an agreement with the

a ne
lly fills in the text of the contract by typing data

o Complete ¢l

This platform
private educatio
the iQanat Foun

khstan
parts of Kaza Uwa)
minutes will be able to register

parent. The system automatica
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from the database and prepares the document for printing. che manager just
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monthly Students take a paper-based exam directly
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An electronic form of the exam is taken via the Internet. Thus, students take the
exam from home using a computer, tablet or phone. Bosses and teachers will Te

able to watch different types of analysis for the exam:

o Comparative analysis of branches;

Subject analyses;

®
Coomparative analysis among classes;
L]

Analyzes by topic;
ysis of students;

Rating anal
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e Student’s personal report card.
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The head teacher, in turn, very easily schedules and manages educational
s and students are always aware of schedule changes in their

activities. Teacher .
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Chapter 5

Sample and research
methodology

To solve the problem, a data set is needed and it was decided to use student data
from the LMS platform Eduway.kz. More than 8,000 high school students are
registered on the platform. Of these, about 1050 village students study under the
program of the iQanat foundation. We chose the students of the iQanat program
for the study. The LMS stores data on how actively a student is watching video
lessons, midterm exam results, homework results and lesson attendance.

A questionnaire developed by Vallerand and colleagues was used to assess aca-
demic motivation. This questionnaire asks the participants to rate their agreement
with 28 statements on & 7-point scale. With the help of this questionnaire, three
levels of motivation aré determined (internal, external, amotivation). Internal
and external motivation separately consists of 3 subscales (internal motivation to
know, internal motivation to achieve, internal motivation to experience stimula-
tion, external motivation - identified, e?c‘c.ernal motivation - introjected, external
motivation - external regulation). Additionally, there are 7 subscales, including

ivation scale.

%fenplﬁv[tls questionnaire was lat'mched online on the Ed.uway..kz platform. Exactly
534 students from different regions filled out the questionnaire. Of these, 433 are
girls and 101 are boys. The resultg (Table 5-1)' Sho“f"tha!? tf}e lowest score is on the
amotivation scale (2.7), and the hlghest score is on “intrinsic motivation to know”
es for boys and girls are almost the same across all subscales. All

éiifs)éai[;z(;fg()crorl'elated and s,ta,tistica,lly significant. And anE?IYSiS shows that all
subscales are valid. Cronbach’s alpha was used to assess the internal consistency

les. The alpha values ranged from 0.736 to 0.825 (Table 5.2), and
of the subsca the alpha values in the research paper by Valerand et al. (1992).

they are close 0
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Table 5.1: Descriptive Statistics

Intrinsic

Intrinsic motivation - to

Intrinsic moti

experience stimul

identified
Extrinsic motivation -
introjected
Extrinsic motivat'ion -
external regulation
Amotivation '

N | Minimu i Std.
— m | Maxinum | Mean Deviation Variance
Intrinsic
motivation(IM) - | 534 | 1.00 7:00 99.058 | 134.820 | 1.818
to know
Intrinsic
motivation -
toward 534 | 1.00 7.00 47.869 | 156.308 | 2.443
accomplishment
Intrinsic
motivation - to
experience 534 | 1.00 7.00 48.451 | 144.394 | 2.085
stimulation
Extrinsic
motivation - 534 | 1.00 7.00 52.358 | 148.142 |2.195
identified
Extrinsic
motivation - 534 | 1.00 7.00 44.819 | 164.310 | 2.700
introjected
Extrinsic
motivation - 534 | 1.00 7.00 53.569 | 146.029 |2.132
external regulation
Amotivation 534 | 1.00 7.00 27.225 | 169.577 |2.876
Table 5.2: Reliability Statistics
Cronbach’s Alpha | N of Items

791 4
know

v:ation - 315 \

toward accomplishment
motivation - to 736 )

ation
Extrinsic motivation - 204 ]
.790 4
.766 4
.825 7

4
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. Initially, 6 variables describing the student’s pri PN
Int'o account for prediction purpofes (video watt(szhzr(in\zil};: 2};?1:, l?erts' n II;MS taken
point, homework completion, exam point, exam completion ) pB 11011, homework
lation ‘analysis of the data which can be seen in Table 5.3 Oi)taie 02, 'S @ sotre-
coefficients indicate that the variables are.correlated either' weakl ned correlation
or they are not correlated (that is, negligible). Several variablesywzl;ﬁ;oierat.ely ’
account for use in the modeling, one being video completion (V1) la en into
point (V2), homework completion (V3), and exam point (V4), and ac,adl:;lii‘t;gk

tivation was treated as a dependent variable.

Table 5.3: Correlation analysis (p < 0.05)

video comple- | homework homework
tion point completion exam point
t’fifrfo comple- | ; 0.29 0.39 0.2
homework
point 0.29 1 14 0.51
homework
, 0.14
completion 0.39 1~ ~ 009
exam point |02~ 0.51 -0.09 1
Table 5.4: Descriptive statistics of variables
Valid number Standart devi
. Mean (M eV
Variable (N) ean (M) ation (SD)
R
video comple- | 534 30.01 24.29
tion (VI)
homework 534 61.94 18.45
point (V1) *
homework
completion 534 19.77 23.22
(VD)
—am___point | 534 60.83 14.24
(V1)
; ide the participants with th i
AMS, 98 items provi € opportunity t
As part of the ent with the statement from does not correspond at all throug}?
Amotivation, identified, introjected, exter-

Likert scale.
tion, identified, intrinsic, and extrinsic motivation

intrinsic and extrinsic levels of motivation
higher for each subscale, it indicates a

rate their agree
exactly correspo

nal regulation, €*
.- the AMS identifies 2 \
When a particular .mo§1va
higher Jevel of motivation:

nds on & L&
trinsic motiva
amotivation,
jon type scores

]
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Despite the fact that the questionnaire was translated into another language, it
showed that it is applicable to measure the scale of academic motivation and c,an
be used for further research. Since there are several types of motivation in AMS
it is difficult to determine what scale to use for machine learning models in re-’
search. But there are other methods for determining the level of motivation. For
example, AMS can be used to calculate the Self-Determination Index (SDI) [17]

(Figure 5.1).

! 1
! '
Amotivation ! Extrinsic \ Anerinsic
, Motivation ! Motivation
1 ]
[ I
I 1
" 1
' '
External Introjected  Identified  Integrated .
. \ . Resulati Reeulati Intrinsic
Non-Regulation Regulation Regulation egulation  Regulation Regulation
; >
self-determined

controlled

Figure 5.1: The continium of self-determination

All participants had a mean SDI score of 5.06 (SD=3.05). Those with SDI
. bp low this mark were considered those with a low level of academic motiva-
scores be t whose SDI was above 5.06 was thought-

i orized as 0. A participan . |
tlogl ;ncilf:t‘fth an elevated motivation level in this study, and he or she was
ou

classified as 1.
(2 X intrinsic + identi fied) — (2 x external + introjected)

SDI =

ed this instrument and several of them tested its concurrent
ct validity of the instrument (see [40]). As reported
validity as well as becales had 2 high level of internal consistency (Cronbach’s
in [21], the AMSeilufrom 0.60 to 0.86) and a high level of temporal stability. This

alpha values ralf mly split into two subsamples with the purpose of comparing
sample was ran 0 ). Train and selection subsamples were

. ting
ining and 20% test
moldzlsd(gg‘f)h?j; ura% network training subsample.
included 1

mber of studies US
A nu the constru
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Table 5.5: Items of the AMS questionnaire.

WHY DO YOU GO TO SCHOOL ?

in order to find a high-paying job later on.

1 Because I need at least a high-school degree

2 Because I experience pleasure and satisfaction while leaming new things.

3 Blecausc 1 think that a high-school —ducation will help me better prepare for the carcer T bave

chosen.

4 Because I really like going to school. ,

5 | Honestly, I don't Jnow: I really feel that T am wasting my time in school.

6 | For the pleasure I experience while surpassing myself in my studies.

7 | To prove to myself that T am capable of completing my high-school degree.

§ | Inorderto obtain a more prestigious job later on.

0 | For the plcasure I experience when I discover new things never seen before.

10 | Because eventually it will enable me to enter the job market in a field that I like.

11 | Because for me school is fun. .

12 | Ionce had good reasons for going to school: however, now I wonder whether I should continue.

13 For the pleasur® that 1 experience while 1 am surpassing myself in one of my personal

accomplishments.

14 | Because of the fact that when 1 succeed in school I feel important.

L3 wafe“ later on.

16 For the pleasur® that 1 experience in broadening my knowledge about subjects which appeal to

M - -
—1-7——— Because this will help me make a better choice regar ding my career orientation.
-15-_ Mwh& I am taken by discussions with interesting teachers.
'T;— M I couldn't care less. _
20 | Mcess of accomplishing difficult academic activities.
] = a better salary later on-
TW** il mprove mycompecne s 8 worker
E’W reading about various IeresT8 subjects.
vl . .1 can't understand what I am doing 10 school. S
}LW a personal satisfaction in my quest for excellence in
ecau
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Chapter 6
Results

From the results obtained (see Table 6.1), the hyperbolic tangent was fi
be the best activation function to use when applying MLP models (61 5(70 ;1 ndh-t o
) finished with the highest overall classiﬁcatioﬂ agcu\:a,;f

a RBF model (76.9%
d to obtain the classification tree model

CART was used as @ split-selection metho
with the highest overall accuracy. Despite the large and complex tree (see A
p_

pendix 1), the tree structure was quite straightforward. A total of 17 split
connected to 18 terminal nodes. The accuracy of several SVM models WS were
same (57.69%). Using the RBF kernel, the accuracy was 63.64% for low mo’c§LS the
students, an he sigmoid Kernel it was 60.00 for highly motivated Stli\(;ated
when using typPe 11 SVM. Based on this research, the best SVM model Wa,se:}fs
type 11 model with 2 RBF kernel. e

used to compare models and examine

The t-test of propOrtional differences was
the statistical significance of any differences in accuracy. Based on the t-test re-

sults, we found no statistically significant difference in performance between the

two models. Table 6.2 summarizes those results.
For comparison nsitivity and specificity were calculated along

and assessment, s€
with positive and 1 PPV). Based on the confusion ma-
BF model ac

gative predictive values (

tri .ble 6.3), the hieved the top performance on identifyin
ac;Cd(erJr?nically n)lotiva.ted students than the CT model (87%), while the Cf%‘ riolgs(;sl,
has the best performance on identifying students th are more motivated aca-
demically than RBF model. Mgreover, this mgdel is ab}e to detect the lowest
lovel of €rToT (0‘13), he model with thg highest level of type II
error (64%)- The SV ; es the 650, culrate dl.agnosis of students with
the highest levels of academiC motivation ( \ 0), along with corxjesponding type [
ally high levels of academic motivation can

0.47)- tudents ¥ -
errors ( )lassi od by this model.
show any characteristics of misclassifying

also be misC el

Furthermore e RBF modgl dl.dn t

| a low motivation level (0.00), and as a result it was the best
had low academic motivation (see

students Wio b X
¢ accurately identifylné students Who really ha
Tab the mos* accurate 1 predicting the outcome of students who

¢

were miscl
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Table 6.1: Results of the test sample

Accuracy for Accuracy for
students with a | students with gn
Model helow-average level |above-average level Total
of academic of academic | 2CCUracy
cg:;:)‘ﬁtl(;n(l& motivation - (%)

MLP - exponential 9.39 : Categ;;); —
MLP - tangent hyperbolic 45.45 73‘32 2.0
MLP - logistic 9.09 93.33 oL
\LP - sine 9.09 86.67 e
MLP - identity (linear) 9.09 86.67 —
RBF 100.00 60.00 ?g?
decision tree -CART 53.33 81.81 65.32
decision tree - discriminant- 60.00 —
based univariate splits ' 63.36 20.00
SVM tvpe I - linear 0.00 100.00 57.69
SVM type I - RBF 0.00 100.00 57.69
SVM type I- sigmoid 0.00 100.00 57.69
SVM type I- polynomial 0.00 100.00 57.69
SVM type 1l - linear 54.55 46.67 50.00
SVM type 1I- RBE 63.64 53.33 57.69
SVM type 1I- sigmoid 54.55 60.00 57.69
SVM type II M‘l 81.82 6.67 38.46

ults of differences in proportion

Table 6.2: t-test res
Hypothesis p-value results
Ho: RBF = CT p =0.18
| 0
H,: RBF = SVM p =0.07

hieve
edict studen

w the Box
output cou

Jevel of stu
to the resu

n to the ac

In relatio
g to pr

the RBF model
ure 6.2 you cant ee h.o
the Radial basis funct}on
the predicted motivation

According
agement system :
n;gotivation ewer times wat

urs
points for b LMS co
¢
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J results, it seems that it is most appropriate to u

t academic motivation. In Figure 6.1 and Fjse
and Whisker plots reflecting the values frmgl;
1d be used to identify a relationship between
dent and their activity in the learning man-
lts of this study, students with above
ched video and did homework, received lowe
es than half the number of times that student;



Model 0 1
RBF 0 1.00 | 0.40
1 0.00 | 0.60
Classification 0 0.36 | 0.13
tree 1 0.64 | 0.87
SVM 0 0.64 | 047
1 0.36 | 0.53
Table 6.4: Measures of observed and evaluated models
Model | Sensitivity Specificity | PPV | NPV
RBF 1.00 0.60 065 | 1.00
cT 0.36 0.87 0.67 0.65
SVM 0.64 0.53 0.50 0.67
with below-average levels of academic motivation.
Mean: Box: Mean=SE; Whisker: Mean+1,96*SE
:{ &
‘L l
IJ
a
]
-r F @ Vid!o l l.
fn' ‘6! homework point (average)
{ P » o= @: hmwmkcompletjm
RBF - output 1 [0} exam point (average)

Table 6.3: Confusion matrix of models

Figure 6.1: RBF box plot based on value 1
i 1:




Mean; Box: Mean=SE: Whisker: Mean=1 96*SE

5

e

4

RBF - output 0

18] video compietion

homework completion
@ exam point (average)

Figure 6.2: RBF box plot based on value
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Chapter 7

(Conclusion

ing management system course as input data and
f three machine learning methods, the pur-
ther'e is a possibility of creating a model
demic motivation. Taking into account

5 from Learn

Using students dat
h through the use o

guiding our researc
pose of this study was to assess whether

that can effectively predict student aca
the performance of the different models, we were able to select the most suitabl
e

one by comparing their efficiency. In order to conduct the model, it was nec
sary to analyze the een all potential predictor variables and the;

relationship betw
between potential predictor variables and target variables, resulting in a red
tion of potential predictors: The application of three machine learning techni hoe
(decision trees support vector machines, and neural networks) to the modgl?ss
process yielded acceptable results in all three cases. In the results obtained frongl
t analysis, the RBF neural network model proved to be more effi-
used for obtaining the best results. The

the most recen .
cient than the two techniques that were
| 76.92% accuracy and were evaluated using measures

model generated in tota |
del had the highest negative predictive value

trated that this mo
d models (100%) and the highest accuracy of recognizing less

of all of the teste

vated students (100%) compared to the two other models inves-
value of this model (65%) was decent, although
the proportions between the observed mod-

tigated. The postt
o t-test O compare
ly significant difference in performance

ot able t0 detect & statistical
ignificance:
this study confirm that mac

ults of
The e odel t0 predict student acad
d methods were us€

hine learning methods are effective in
emic motivation even though differ-
d to detect student academic

producing 2 e an

t predictors gor1tnmss
e?otilz/ation ough, it W& found that the ANN model gave the most accu-
I " Regearch conducted 10 this study could have 2 significant impact
lly when it comes to identifying students

rate results. . :
gcholars and other educators, especially W! .
wi eor above-averses motivation. Early identification of students

- _gverag :
with below motivafﬁion level will help prevent poor outcomes. For example
jects to students, mixing amotivated students witl;

s can actively involve them in learning



and ensure the best possible academic performance.

Since the results from this research are limited, they should be extended in fu-

ture work. Other input variables and machine learning techniques may also be

included in future research, and a combination of them may improve the model.
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