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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 aud 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.



Augatua 

Oxymsiiapabl, OKyPa Jere BIHTACbI O.TapIBIH OKY YATepiMiMeH TbIFBIs Gaitta- 

HEICTH. Myractiaepain, MOTHBanna aenreiti *Korapbl OKVMIBLIAapsbI AHBIKTAaraHbl 

CHAKTHI, AKAJEMUAIBIK MOTHBALITAChI TOMCH OKYUIbIIApAbI Aa MYMKIHITiNIe ep- 

Te QHEIKTAaybI MaHbI3Abl. By.1 %KYMBICTBIH MaKCaTBI CTYeHTTepiH, akaeMuUs.IBIK 

MoTuRanaaceIH 6oDKay YIniH KaccH@AKANHA MOJeUH asip.ley KypaJibl peTin je 

oKpITyabi Gackapy 2yitezepi (LMS) kyperapsttaa OKYMIBLIAapABIA, AKATEMIATEIK 
MOTHBAINACK MeH OapSbIH OKy Gapicbinyarbi ic-opeKerTepiMen 6aiizanetcrpl 

aHbIKTay OoJIbIT TAObIwAaTBI. 3eprreyre eduway.kz onnalin naardopmacbinsa OKH- 

ThIH OKYIUbIIap KaTbICTHI. MatunHaJsibiK, OKBITY KulaccndukaTopsl perinyie Heii- 

POHABK >KeALtepii, MemiM aralvTapbiH 2KOHe TIPeK BeKTOPNBIK MaliHHaapipl 

nafiqanamian. bapa KaaccidbamKaTop NoxemJepl OKETyAL OacKapy *yHeci 
apekeTTepiHe HerisqemreH CTYAeCHTTIH akaleMuaJIBIK MOTHBaLMs- 

KYPCbIH Jarl 1C- 
, | 

ChIH aHbIKTayla CoeTT] OPbIH AaB, acipece HelipoHAbIK 2Kemi Moyes eH *orapbi 

KepceTKIUKe He 60.10bI..



AHHOTalnA 

Akajemmueckasd MOTHBaNMA CTYJCHTOB TeCHO CBs3aHa ¢ AX ycneBaemoctaio. Vuy- Ted OADKHbI KaK MOXKHO palbie BLIABIATS YUAaULAXcA C H3Koti aKa emirue- 
CKOM MOTHBaliHeii, Tak 2Ke KaK yUalllMXxcA C BbICOKAM YpoBHeM MOTHBalMn. Tennio 
AQHHOL CTaTbU ABJIACTCA BbIABIEHHe CBA3el MEATY akKaemuyeckoit MOTHBallHeit 
CTY€HTOB H HX NOBeAeHHeM Ha Kypcax CHCTeM yupaBienus obyyeHnem (LMS) B 
Katectze cpeqcrsa paspaooTKH Moje KAlaccHuKanan za Mpordo3nposanng 
akanemireckol MoTHBaNHH cTyzeHros. B mecnegosanne yyacrsozaan YWeHHKH, 
o6yyarommmeca Ha oHJaliH-laTmopMe eduway.kz. Kunaccuduxatopnr MallMHHoro 
O6yyeHHa GBI CO3aHbI C HCIOAb30BaHHeM HelPOHHEIX cereit, APeBbeB pette- 
HM W Mammn onopHEIXx BeKTOpos. B To Bpema KaK Bce MOJesM- K1accnuKatoppr 
YeNemno ompese TAIN akaseMirieckyio MOTHBAIMO rem wen Ha OCHOBe HX ToBe- 
AeHHA B Kypce CHCTeMBI yipaBieHHa obyteHveM, MOJeNb HetpouHott cetu uMea, 
CaMbIii BBICOKMIt ypOBeHb Yciexa.
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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 failures, 

ts and mechanisms. Motives are understood as 
perseverance, cognitive componen 

ns for the activity carried out by the subject 
both conscious and uncouscious Tease 

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

the criterion of strength (intensity), put 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 effectiveness of the activity and the psychological well-being of its subject. 

The heterogeneity of educational motivation and, accordingly, the need to assess 

the quality of educational motivation was pointed out by L.I. Bozhovich, who 

g activities - generated by the learning 

identified two types of motives for Jearnin 

activity itself. related to the content and process of learning (cognitive) and broad 

social motives generated by the system of relations that exist between the stu- 

dent and the surrounding society. Classification L.L Bozhovich during the second 

antly refined in the works of A.K. Mz 

half of t h century was constantly refine -K. Markova, 

of the 20th ¢ PM. Yakobsou, AL Savenkov. To date, there is no gener- 

M.V. Matyukhina, *~ i ; 

ally ac idea of specific subtypes of cognitive and social learning motivation, 

ep 
inds for their selection and the possibility of their 

t jguous grot ae , 

relisble en a ne value of the classification of motives proposed by L.I. 

reliable masa in distinguishing ent in the ati erent types of educa 

tional motives _ cogmitive, or internal. imberes ‘tan “ S itself, and social, or 

external te it The latter were subdivided into ‘ 0 types - proad social and nar- 

row personal motives: which have diferer age 
ynamics and different influences 

ee 
»a tion 7€SS. 

on the effectivenes> 0" e ea atiod has been intensively studied within the 

an independent entity (A. Got- 
. r terD. 

. 

In foreign psychology . cal paradigms as 

gs well as 10 opposition to external motivation 

framework of various © 

tfried, M. Csikszentmibyh 

Motivation for learning activi



(S. Harter). In the latter case, internal and external educational motives wer 

simply opposed, considered as two poles of a dichotomy: on one lay the indi id. 

ual’s interest in the activity itself, and on the other, the interest in the activity 

was caused by external reasons, while the motives of the first type were conside ‘ 

as conducive to the implementation of the activity, and the second - as interf in 

with it. With internal motivation, the activity performed in itself is of vnterect 

and value to the individual, it gives pleasure. In the case of external motivation 

the activity performed is a meals of achieving other results, external in relation 

+h the individual aspires. Studies show that intrinsic activ- 
to its content, to whic 

ity motivation is positively associated with creative problem solving, conceptual 

thinking, and cognitive flexibility, and is a predictor of more effective learnin 

strategies, persistence, productive coping strategies, as well as academic achieve. 

ment and psychological 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 qualit atively different types of extrinsic motivation is proposed within the 

framework of the theory of self-determination. This theory argues that the ex- 

ternal motivation of activity is & heterogeneous formation in which four types of 

regulation can be distinguished - external, introjected, identified and integrated, 

characterized by varying degrees of frustration of the need for autonomy (its max- 

imum frustration occurs with regulation). At the same time, the authors 

of the theory understand the need for autonomy as the desire to be an active 

subject, a source of one’s own activity, to control one’s behavior. As shown by 

studies conducted within the framework of the theory of self-determinatio
n on 

the material of different types of activity, in contrast. to external identified, in- 

ee alled autonomous forms of regulati 

tegr  tarnal motivation (the so-¢ gulation), 

grated and inter dext ernal motivation (controlled forms of regulation) are 

. : n 
. . : 

external introjected 4 - > reactions to difficulties, less achievement in ac- 

and a tendency to drop out of 
associated with less P a l-bein: 

tivities, relatively sycholog! cal we Bs ach; : 

S, re 4 ntent and structure of achievement moti- 

SC. : ARE 
aay patel 7 i 

hool prematurely ecifically learning activities, were developed in the works of 

ion of educational activity consist 

educational activity or external to 

of motives that are at catisfying g the frustration of other needs 

it, respectively, aim lated t0 the activity being performed. Internal educational 

ela. formation and is set by motives, which 

that are not direcY r 
. ogel 

relatively homt0e yman needs in knowledge, achievement and 

Jevant ' , 
rel <a Or OVErCOMI 

motivation is 2 gatis 

are based on the desire 4 ceives are get. by various kinds of external needs of 

self-development. Extermé the educational process, the most characteristic of 

° rand acceptance. 

the individual in relatio® rect autonomy ep 

which are the needs for rest te in the field of motivation of educational activity, 

From the data obtain tio of types of external motivation according to the 

it is clear that the # ocal 
7



ful for understanding the mechanisms and 
parameter of autonomy is certainly use 

predicting the well-being and success of the activity of the subject. of the educa- 

tional process. However, the selected types do not exhaust the whole variety of 

educational motives. Thus, one of the most characteristic types of external educa- 

tional motives that regulate the performance of educational activities is the desire 

to achieve respect and recognition of significant others, as well as self-esteem due 

to the achievement of high results im activities. 

Existing methods for assessing learning motivation: 

1. The SRQ-A scale is designed to assess the motivation of primary and 

secondary school students, it does not include an indicator of amotivation. 

2. The SIMS technique (the Situational Motivation Scale) is intended for 

rinsic and extrinsic motivation, however, it contains 

identified and external regulation, and there is no 

Interestingly, @ number of authors, on the contrary, 

offer methods in which two subtypes of the latter are distinguished. 

(The Academic Motivation Scale) has French and 

English versions i oolchildren and students. A specific feature 

of AMS is the identificatio 
ype: 

tion for learning, achieving and experiencing 

the last subscale turned out to be low, and this” 

years only one scale of intrinsic motivatio
n (cogmitio 

To stion. 1 shown im 
. 

7 adibon: Mion :n AMS was not high enough. The main problem lies in the 

itified reguiati erstanding of introjected and external 

fact that this technique is base 

forms of external regulation, whi 

ae framework of the theory 0 extrinsic motivation identified 

ontradictory operation® . ults of empiri 

mt y : " redetermination
 

npirical studies 

ne theory of s¢ generally does not contribute to the develop- 

. ; and g¢ 
obtained using these a tet underst anding of the phenomenon of extrinsic 

a Dewe 
ment of the theory @” 

s the theory of self-determination 

Motivation. studies of motivation i 

nany . of motivation according to this theory 

ch reflects the desire of The theoretical basis oft : 
7 y ’ ake 

- es 

by E. Deci R. Ry” [91- The ee ‘YP motivation, whi 

are internal external motivalien she fundamental difference between the under- 

wect | the activi’ 
he th f self-determination 1 

the subject to leave the standpoint of the theory © ion is 

Standing of motivatio® om a] continuu is considered, and not the opposition 

vation 
motivational continuum extends from 

that tl called mo" vation. Lhe the so- al motivation: and then to intrinsic 

>. t 
1 

f iO 
its 1 forms 

ra 1 
" * motivation 

veloped tl 

. fw 
. 

, shanks 

motivation. Different Y edeterminat” 
Pp 

it 

Later, the theory was de 

nation of behavior or se ‘ne 
anding of intrinsic motivation. 

who *& - 

to R. Vallerandet Pa si gtics of moti 
divided into general and par- 

As a result, the cha! 
;



ticular factors of motivation. [nt ; : 

the desi . . Internal, or introjected, motivation 

tne desire er eee and pleasant emotions and rlucles counitive moti, “ as 

tion describes situations hor a
ns External, or external noting. 

and recerve rewards from then avior is performed in order to achiev we 

thers, and includes motivation based on d e a goal 

tion based on the requirements of society ed and self- 

Kornienko D.S., Derish F.V. Academic Notivetion to 

of Personality to withdraw from activities ai and 

Based on these provisions, the Academic ae
 s 

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

testing a. ’ seven characteristics of motivati 

vesting the validity of the methodology, the structure of academic ouvation. When 

basis vee [12I. only academic, but also sports motivation.In articular ron was 

5 Oo the existing scale, a methodology for studying sports motives on on the 

ped, which is quite common in the study of sports activities [13], we im devel 

- : . * ? an sta 

o is strongly associated with veuroticisin, 

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 extrinsic motivation according to the B 1é ig 

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

experience, while extrinsically motivated students are emotionally unstable t . ar 

nce, while the externally motivated are more 

more conscious and open to experie 

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

predominates demonstrate less benevolence and consciousness. In domestic ee 

academic motivation in the context 

chology, the features ° and external 

of the theory of self-det 
considered in detail by T.O. Gordeeva [46] 

there is no educational 
ady of the connections and relationshi ; 

jvation with perso 

p 

of various types of mot 
ial, social and cognitive characteristics 

Gordeeva [46], exp 

I 

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

motives. 
tion refers to a P 

Academic motiva 
ape 

formance [44]. The gelf- determination 
SNe! 

d academic motivation from the viewpoint of intrinsic 

in this study to understan 
val 

and extrinsic motivations. Academic motivation has been well recognized to in- 

fluence student acad 
formance. In higher education spaces, academic mo- 

ance, but is generally overlooked 
emic pet 

tivation is well know! to affect student perform 

g gtuden 
on may very well assist educators 

d improve student performan
ce. 

However 
recognizil

 
t academic

 motivatl 

to provide high-qualit: jearning eriences an impr 

The issue of redicting student aca c motivation
 as not been addressed by 

many res hs 75. despite considerable research dealing with acade
mic motivation. 

y researcne 
red traditiona

l statistical meth
ods. The literature also 

Res are sc: A 
- : : : . 

earchers typ! 
student motivation in an online environment. 

yestion: how to measure academic mo- 

ail 
ess § 

‘ails to adequate’y aie Wi } answer the 4 
dels are more suitable for predicting the level 

And this scientific wor ping m0 

tivation; which mac sine lea” 
9 

esteem, 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 

lly 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 behavior 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 

student academic motivation. 

1.3 Thesis Outline 

n chapter. In the introduction, it was writ- 

st, che «s the Introductio 
' tic 

ton first cape eral understanding and the main characteristics of academic 

motivation Types and approaches to measuring academic motivation. Also in 

this ch eae anv goals were written, why we decided to write on this topic. The 

apter my 50 In this chapter, it was written about the 

Second chapter 15 4 c and written by scientists. And 

thods. This chapter has 

the third chapter was 
learniD, 

; 

t machine ” The fourth chapter is about Learning Written about different © 

as their advantages & aris chapter has talked about the different types of 

Management System (L LMS used in this work. The fifth chapter is devoted 

LMS and directly ab tho dology. The sixth chapter is about the Results. 

i, Sample and reser oe clusion we complete our conclusion and further ways of 

id in the chapter ©” 

development. 

out t 

10



Chapter 2 

Literature review 

; . : 1 TMC iles has been exploited for various resea a cavinpercticneisinel Ba BA og ‘init condi sauder erforn ren Purposes by researchers. Many of the studies e cdlentb eatin p oe (e.g, _—— se student retention measure a 
[38, 37]), but some studies also aim to increase s 27], measure a ’ } ; ithin classes [4] and extract quality characteristics of learn- 
Sense of community within clas ; t systems (LMS) courses [45]. Since this review examines the 

; anyoe SVovcenl: 
r is sy = jena methods in determining motivation of students within an on- 

Tay lewenas aus ret be ra Oh a 

i lagna it presents some results from several research works 
line lea ae es i vin thods to determile a student's academic motivation. 

a lac « ‘arious me : see , : ; ; "ea 108 ars di examining motivation’s relationship With academic per- Despite numerous ih ' 1, 2}, [11]. [30], [35], [41]). predicting student motivation ‘mance (for example |1, 2], a Aes I 1 Winihal- vitae ne Pere 
formance (for eXé n uncommon, Cocea and Weibelzahl [5] analyzed log files with LMS logs has ” whether they could predict motivation for a given student 
cee) CeRENE correct answers percentage In quizes, page views time, page using five factors (ID, correc a quizes, and motivation). The researchers used 

for assessing motivational levels, and emphasized that their own methodology ‘tations of their study. Other approaches to assessing in limitation: ; this was one of the main limi : d by these authors in subsequent. work ([7], [6]). motivation levels were PrOposee ™. files, activities and timestamps were used Based on a review of 48 ea alien neutral or disengaged [7]. Data min- to find out whether tg ol Epes networks using C2 method, regression, ing techniques analysed coer J48 classifier, reduced-error pruning trees and classification, classification at badging using reduced-error pruning trees, and decision trees with J48 -_ * t ree and J4$ classifier. They then factored in the 
‘lassification using EE eect, the amount of true answers on tests, exams 
tmount of false en sai exam, the en ef eeraprooneet heme lumber, spending me redictors of disengag siz ‘ ‘tant P : ; nportant pre weds waeee m in studies 
rage on each of them a : ; ents’ motivation levels were — i — Tap ay studeé ilens 5e¢ arily on variables 
he « le and the way s ther researchers focused prima ly ° variables = SROBIE a Additionally. ~ s of Hershkovitz and Nachmias’ study, they 
Fil 24 aft Tee a . 

- it< ys cil 
“re * 

ad limitations. Among the limita” the motivation classification based on en- ‘lated to time. Amons ©” ation OF 0 |. The f Ing variables fr 

| ; Gelreed tice Tank of valid ice of motivation, Che following bles from Snlightec 2 nn id soure 
oigation al 

iwement, energ!Zé 

isi « : ime Visit mamber, spending 0 

i]



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 Selirvell wide 
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 ‘_ 

to work with artificial neural networks. In fact, at the moment you can _ r 

simulate a neural network of medium complexity on any personal computer. Tn 
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 _ 

Neuron 

weer Output 

signals 
Input ——— 

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 

© 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 F 
a + 

@ — 

Figure 3.2: Link weight between neurons 

eurons is 2. Thus, to determine the input signal of neuron 

tween 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 neuron 

weight of the connection 

summed up. As @ result, we 

14



_ yy 
net; = Lins Xi * Wij 

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 Sine j 
By summing all the weighted inputs, we get the combined input of the scan 
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; fi the 

formula, determines the weight of the link going from element i to dlementt j- In 
order to understand how weight matrices are composed, let’s look at a sieple 
neural network in Figure 3.3. 

Figure 3.3: Example of neural network 

ich a neural network will look like this: 

0 -04 -56 4.7 0 
The weight matrix of st 

W =| 0 0 0 -3.3 7.5 

—24 0 0 0 . 25 

0 0 0 0 0 

For example, from the second element to the third there is a connection, the 

weight of which is 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. 7 ie net 

rule, according to which, from the value of the combined input of the element, its 

output value is calculated. This rule 1s called the activation function. And the 

bees value itself is called the activity of the neuron. Absolutely any mathemati- 

1 functions can act as activation functions, here are some of the most commonly 
ca ‘tions Cé 

used ones as all example: 

threshold function - if the value of the combined input is below a certain 

e thr 

lue (threshold). then the activity Is equal to zero, if it is higher - to one. 

15



© 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 ae 

example is to calculate the XOR ratio using a neural network. That is, we oth 

give different variants of signals to the input, and at the output we ond get the 

result of the XOR operation for the input values (Figure 3.4). Elements 1 and ; 

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 sea 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 imput of neuron 2. In this case 
one to the imput of neuron 1, and zero 

the output should be 1 (oO XOR 1 = 1). Calculate the output value manually to 

demonstrate network performance. 

Combined input of element 5:netS = 1 * (-1) + 0* (-1)+.1*15=05. 

. o tivity: 1 (0.5 > 9). 

-wiean peer! element 6: net6 = 1* (-1)+0*(¢1)+1*05=- 0.5. 
Combined input of 

Item 6 activity: 0- Si, sp 

‘ned input of elemem °- 
es ad clement 7, and at the same time the output value of the network, 

3 et nal 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, 
Il 

? wilh , to try to use & 
It’s possible to 1 ll always see the value corresponding to 

é 
é 

1 7 at the outpu
 sil 

h abl » h n xXOR 
op Ta On. n this case, all hy 

a ae 
, 

the trut 
ti We t. eé 

e { I 

= 1*(1)+0* Gl) +1 * -0.5) =05. 
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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, mcluding themselves. Every mput 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 imput layer (usually numbered zero) and its 

outputs are generated by its last layer- A multilayer neural network also includes 

a hidden layer besides the input and output layers. Connections from outputs of 

neurons of some layer 4 to inputs of neurons of the next layer (q+1) are called 

serial. 

Input layer Hidden layer Output layer 

re 3.9: Multilayer Neural network 
Figu 

the use of multilayer perceptron (MLP) and radial basic func- 

As ANN mite an important role. The components of an MLP network are 

tions ( wid den and output layers. MLP neural networks have only one hid- 

the input, mer" jess hidden layers depending on the problem 

being solved. ee enron 18 CO 

but adj acent Layer on described that the basic characteristics are high connectivity 

connections. Hay = activation function [18]. MLP networks are commonly trained 

and a differentia? © orithms. Training an MLP network entails creating an 

using back-propase ticular input and current weight, and then adjusting the 

output adapted to 
17



yi r aronrdi 
‘ . m 

ed om a : the distinction between the output and target [29]. Hsiel 

ane dont | “A ee ma MLP network describes the flow of stones “— 

out by h aan mh a pera that the x are inputs and the hidden foment racial 

- 2 ores, a ivation functions f and g. a weight parameter snatote 

offset parameter b, and y as the output, then the following secetiemn, ms ‘. 
& s can be 

used to describe the flow of signals: 

hy = f >. whim + b; 

’ (1) 

Vr = J Y. Myjhy + By 

’ (2) 

In this study, MLP neural network models were trai _— 
y, | i ree Ss en trained using backpropagation al- 

onjugate gradient algoril hins. Training involved various activati 

al, hyperbolic tangents, logistic functions sires 

3 to 20 hidden units, and 200 training evalen 

were fixed. The RBF neural network cat also be referred to as a universal approx 

imator, as it is one of the most popular alternatives to MLP [10]. It, like MLP. 

consists of three layers. RBF neural networks obtain input data from the in a 

ar transformations in the hidden layer. Used a 

layer, but perform nonline 

basis function for calculation of each unit [18]: 

Pj (x) = g((|x — x;||), j=l, Leng N (3) 

of function. The input layer nodes do not have weighted 

er nodes [13]. Since the Gaussian function te etter 

t was chosen in this study. Accordingly, each ek 

gorithms and c 

functions, including exponenti 

and identity functions. There were 

and xz, is the center 

connections with the 

used as a radial basis 

within a hidden layet * 

hidden lay 

function, 1 

described as: 

2 * 

(—Zslle—a) LN 

of the jth Gaussian function with width j. Radial functional 

for learning, 10 RBF neural networks were also determined 

Both unsupervised and supervised learning were used pa 

algorithm minimizes the mean squared i 
aupervised 

4 and target data through supervised learning 

An r; is the ceuter 

centers and weights 

as indicated im [10]. 

{20}. A 
teaching methods 

outpt 
ror (MSE) betwee n it dat 
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whereas unsupervised learning determines the widths and centers of the radial 
. @ ; 

er 

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 you 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, including 

AI models, can be created. In practice, each problem considered in this case can 

be represented using a set of attributes, for which the decision tree predicts an 

unknown attribute (solution). 

Fai yn 

root Heil) 

no 

Figure 3.6: Decision tree 
gure 

ed as a decision-making component during the imple- 

Decision trees ca alld A decision tree can provide the best course of 

ve 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 addition, 

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 specific 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 defines the concept of data sampling and shows 

intended to be processed by decision trees and 

rmat definitions. The following sections look 

he structure of decision trees and reveal the secrets behind 

fast. Finally, the most important parts of 
so simple and 

decision nodes and leaf nodes, are explored in more detail. 
at ways to represent 
making decision trees 

decision trees such as iti 
sion trees, at the U not only pattern recognition, but also machine 

‘hle. Datasets are often presented as separate Of course, witho es impossibl 

learning in genera as ae sometimes called events, instances, patterns, and, of 
samples. Sueh selec vemnes ae used to refer to them. In essence, any data sample 

course, mary other I which are also called prediction variables. Each attribute 

is a set of attributes, alue (i.e. 2 floating point number) or a character (Le. a 
can be a Crete yalues). It is also possible to apply additional attributes 
set of unorder known 28 response variables (or dependent variables). Such 

with special meaning; sed with a symbol representing discrete categories (in 

an attribute can be exp tinuous value (in regression trees). Response variables 

a con mple in both classification and regression 

problems
. 

Any decision 
tree essential’ 

y 

formulate
d in computer 

sci en.
 aise 

to each other 
eA oe e the tree turns in 

form a cycle, since otherwis® 

Ft 
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tree-li 
. 

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

A \< Decision 

Nodes 

True False / 

| oY \c 
Attribute: 

cies B 

Meaning: [0,4] J >0 0 

[5,9] /[10,16 

Class: |"; y D 
, 

8 >8 Leaf nodes 

y X 

Figure 3.7: A simple decision tree with the root node shown at the top and each 

decision 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 gO 

d of node is the no 

There is one SP 

the base of the tree: 

Another special kin 

edges, the leaf nodes. 

The above description of the tree data structure is very broad. Any person with 

reasonable experience with programming, languages should be familiar with this 

information. But if we are talking about the use of decision trees in artificial 

intelligence, then each of the above concepts takes on a special meaning. 

Each level in the tree can be considered as one of the solutions; the decision node 

provides a. test of the condition, and each edge denotes 
one of the possible options. 

noted that the decision nodes contain selection criteria 

More formally, it be 
: 

y: ess the mutually exclusive results of checking compliance with 

and the edges exP! 

these criteria. the conditior 

conti time the Essentially, each UY” * determined to come” 
t of data, then the decision criteria break 

that each data element e 

ples are considered as one common * h in Fi 
ng subsets, 45 shown in Fig. 3.8 As a result of com- 

the process of splitting all data into 

this set into non-overlapPr tain hierarchy. 

« « . . alr mto a © 
+ Q 

. 

bining such checks actually organized until a leaf node is reached. Each 

. -§ 18 

smaller and smaller parts 

, is checked, the data samples are sorted such 

ond to only one edge. If all sam- 

21



lea: eaf node corresponds to a small but exclusive (non-repeating) part of the original 
origina 

set. 

Initial dataset 

HO OQ OE 
CI 

Split subset 

to mutually exclusive subsets using a decision 

Figure 3.8: Splitting @ data sample 
in 

node 
number of possible ways to represent solutions must 

of which way to use depends on the type of attribute 

being test ed, as well as on the operation used in the condition test. Because at- 

tributes can be expressed as symbols or continuous values, the tests themselves 

i ntinuous relationships. And the 

can be organized as bool 
; 

results determines 

number of possible test 

crore 
node. The most common 

considered decision 

below. This test determines whether the applicati 

. a boolean value. 1! 
pplication 

e Checking operator results in a true OF false value. Obviously, the 

doubt that the 
There is no 

the choice 
be quite large, 5° 

possible results 

seq When performing such a check, the sign of the expression 

; positive or negative. The specified 

e Sign definitio” he result can be either 
cial case of checking @ boolean value. 

is determunec: 
e 

check can be considered as a 5P 

. check. When performing such a check, it is deter- 

bers? the gived symbol belongs. The result of the check is 

mined to w2!™ , 
22



the designation of one of the possible classes (the number of which can b 

arbitrary). 

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 s 

able, since the decision tree allows you to 
approach often becomes quite accept 

al 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) Bs 0 

c in [0. 4) 

C (belonging to the range) 
c in [5- .9) 

c in {10- .14] 

A == true and B > 0 

ue 

A == false and B > 0 

A == true and Bs 0 

a == false and B < 0 

crease in the pumber of prediction variables used in a 

Generally speaking, an in "node results in an increase In the number of outgoing 

condition test at 4 decision © jy an arbitrary number of attributes and map them 

edges. But it is possi I to oP This nay require expressions such as (A and B) or 

to a single boolean solu cision node. Similar expressions can also be used to 

C to be evaluated in the 23



convert continuous values to a single number. But the 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 predefined classes 

based on their inherent characteristics [36]. There are a few main advantages 

listed in [20] of this method of classification. The classification tree presents an 

easy way to understand the relationship between the predictand and the predic- 

tors when they are used together. It should be noted that this method is suitable 

for reducing the number of predictors in the dataset [20]. It is made up of root 

nodes. test or internal, and terminals or leaf nodes. Identifying the difference 

b etween these nodes can be thoroughly understood by comparing incoming and 

outgoing edges. There is no incoming, edge on the root node, whereas others have 

a single incoming edge [36]. Leaf nodes are distinguished from root and internal 
nodes Leaf nodes differ in that they do not have outgoing edges, but one target 

class is assigned to each leaf node [36]. Nevertheless, the internal nodes include 

splits in which the predictor variable value is tested [32]. Decision trees begin 

their classification at the root of the tree and proceed to one leaf nodes where 
the decision is made [29]. As part of this investigation, adaptions of the CART 

he decision is d Regression Tree) algorithm and the QUEST (Quick Unbiased 

(Classification an The es) algorithm. Using the best leaf node and a predictor 

Efficient Statistica’ d unvariate splits based on the discriminant. Therefore, it 

variable, were obtaine i significance of the relationship between the predictor 

will help to determune tne |. During the split process, the choice of the 
variable and class member" tor variable is important [22]. The Gini measure of 
smallest. p-value of the predicto neasure used in CART (splitting criteria). 

rT goodness n 
node impurity 15 the pop Ee ed as follows when l € [1, k], nisonenode, pl(n) - 

According to [31]. Gim ° that belong to l: 
the fraction of points at 

k 

_ yy p(n)(1 — p,(n)) 

j=1 

bership [22 

Gini (1) 
(5) 

are measurements of goodness were applied 

d G-squat ection tools based on discriminant-based it-sel Split-se for splits, with equal misclassification 
are an 

e searches 
Additionally, Chi-sqv . 

in addition to this Y RT style sea 
Univariate split and“ ”_gbabilities, WS 

- ated pric! pee avian Trees 
Costs and estima scification 

FACT (Fast Algorithm oe 
he 

Set as the fractio® of of 10-fold cross validation. 

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. Anyone 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 datasets. 
4 visual explanation of the SVM method is the best way to explain its funda- 

mental idea. The iris dataset is shown in F igure 3.9. There is a clearly visible 
separation between the two classes (they are linearly separable). As can be seen 

on the left, the decision boundaries of the three itive classifiers are presented. 

In fact. a model that has dotted lines representing its decision boundaries cannot 

separate classes properly. The other two models perform great on this training ; heir decision boundaries are so close to the samples that these models 
ink et fon as well on new samples. On the other hand, the solid line 

orn 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 classes ' 

dotted lines). It is sometimes re 
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Figure 3.10: Sensitivity 
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sigmoid kernel [43] 

K(x,.x)= tanh(yx;x;+coefficient), y>0, coefficient 20 (12) 

and polynomial [43] 

d 
K (3.x) =(vxixj+ coefficient) aa degree « N, coefficient 20, y>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 why the original LMS became 

a university, a sheet - @ large number of students carried away huge resources for 

educational departments, but at the same time it became dedicated and resourced 

for software development. However, the prototypes of modern LMS arrests before 

The first documented time period of deviation dates 

r Caleb Phillips received the result of a the arrests of computers. 

back to 1728, when American professo 

shorthand correspondence course through the Boston Gazette (25). Already in 

the 1840s, distance learning became two-way - the famous British linguist Isaac 

Pitman began not to send assignments to studs (also only from stenoblas- 

tography), but also to receive 
verification. In 1856, the method 

hing 0 

broke out beyond the teac f she 

and the French Charles Toussaint single 
3 

d out to be dangerous. With the advent of 
ich turne 

for foreign languages: new perspectives have opened up for distance learn- 

ec "The Machine Stops", an unexpected 

d, in particular, its use for lectures 

prediction of th » distance. Already in 1920, at the Ohio State University, 

and examinations Ja prototype of a mechanical "teaching machine" that al- 

Sidney Presley create ‘ fig} by 1938, twenty-five US states had centralized 

lows students t0 be teste in of radio communications [15]. As electronics de- 

Jearminé MS within the framework of this term. 
. - distance 

programs for di sossible to create aon 

me | f Illinois created the prototype of the 

veloped, it heca the 

In 1960, Donald Bitzer PL ATO. By the end 0 

first e-learning syste 

| 
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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 

[47]. 

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 

1 formats, the most popular of which is SCORM (and its successor 

CC and cmid 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. 
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The first LMSs w . ‘ere created for a specific i 

organizati 
. Lye ; ; project and, most 

specialized « (or its subsidiary), in which they were then used nee by the same 

Solutio € companies supplying OMS (during the boom of the 199 a advent of 

ns were developed that were used (with modifications and ust ‘ univers 
omizations) 

in various industries. The next i ; stage in the development of the market v vas the 

specialization of the LMS in the ar i areas of use, with the "sharpeni ’ pening" of the func- 

Honalty to the relevant requirements. 

oday, the following main groups can be distinguished [3] [14]: 

" 
. 1 

. 
. . * 

e "Academic" - used in educational institutions, 

e "Sales platforms" - online sale of B2C courses, usually associated wit! 
’ 

with e- 

commerce systems; 

e "Training plath " ision of traini 
g platforms" - provision © training and educational services to third hir 

parties (B2B); 

e "Corporate" - training of company personnel. 

_ both for students of educ 

ticular industry, direction. 
ational institutions, and the staff of 

e "Industry" 

companies in 4 par 

4.3 Advantages and disadvantages 

he LMS stem from the most accessible and differences 

The main advantages of t 

from value: 
e since students have access to the 

y almost anywher 
thout interruption from the main 

e It is possible to stud 
an study w! 

Internet. An adult student ¢c 

job. es by not reimbursing the expense of 

n, savings through wages, which are 

ducational institutions and so on 
n reduce their tuition fe 

In additio 

port € 

the students and teachers can adjust the 

earning process - 

g their abilities and needs dictate. 

d 
Jso ensure the e 

e Students ca 

methodologic 

not necessary O 

e Flexibility 
the | 

learning process 4 

abilities up to date with modern tech- 

o’s skills at fficiency and effectiveness 

of the use ° 

| 

_ sh learning opporbunities
 - learning becomes natural from the 

° Potentialy 
be jn an intensive Jearning process. 

quality of tea 
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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 learning 

process. 

The disadvantages of LMS (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 comm 

1] 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 oe PAGIOT TR Weiss used as a learning m 
The ed a platform has registered students studying both onl ae 

student fen : piaticcn is designed to control student learning, coll eden 
ata in a single electronic database, introduce an — ae 

| journal and arent 
provide the necessary resources for remote learning. 

6 8-727-339-8286 educonia@gmail.com 
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Analysis of watching video lessons. 

Analysis of homework performance. 

Analysis of class attendance. . e 

e Control of income and expenses. 

General director ; X 

[ General Accountant} : | Coordinator of region: | 

i . —— 

oo (~~ Headofthe fg : > 

- — ——————o 7 L education eputy Coordinator J 

Regional Accountant : 

[ Discipline [Director of branch _} 

nnn ane | methodologists _: 

Branch Accountant | ™, (Head teacher") 

eee eee cee eee ee eee 
— w 

| 

— : — [ _ Classteacher | 

OfficeManager 
a l 

OO “sf “Subject teacher —_| 
| 

[Parents 

[ - > “Students | 

Figure 4.3: Management tree in eduway.kz. 

Students have the following options: 

e Students can watch online video lessons. 

e Students can take tests on topics. 

Pass scheduled exams. 

Pass the questionnaire. 

he teacher and complete online. 

e Receive homework from t 

asswork tasks. 

.< ysed by about 60 institutions in Kazakhstan. Most of them are 
is I centers. They are also used for charity purposes (for example, 
ne Son was founded to educate children from villages in different 

a . Fduway.kz is easy to use. Office managers in a matter of 
w student and draw up an agreement with the ane 

lly fills in the text of the contract by typing data 

e Complete cl 

This platform 

private educatlo 

the iQanat Foun 
khstan parts of Kaza 

uwa) 

minutes will be able to registe! 

parent. The system automatica. 
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from the database and prepares the document for printing. Office manager just 

needs to click on the download button. And also the system itself automatically 

calculates the monthly tuition fees. Administrators of the organization conducts 

tored in a single database. Examinations are held 
d all data is s 

d electronic. 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 nal ‘ie 

able to watch different types of analysis for the exam: 

e Comparative analysis of branches; 

Subject analyses; e 

Comparative analysis among classes; 

i] 

Analyzes by topt¢; 

ysis of students; 
Rating anal 
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e Student’s personal report card. 
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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 4 7-point scale. With the help of this questionnaire, three 

levels of motivation are 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, external motivation - introjected, external 

motivation - external regulation). Additionally, there are 7 subscales, including 

ivation scale. 

oe AMS questionnaire was launched online on the Eduway.kz platform. Exactly 

534 students from different regions filled out the questionnaire. Of these, 433 are 

girls and 101 are boys. The results (Table 5.1) show that the lowest score is on the 

amotivation scale (2.7); and the highest score is on “intrinsic motivation to know” 

es for boys and girls are almost the same across all subscales. All 

(eee correlated and statistically significant. And analysis 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 subsce the alpha values in the research paper by Valerand et al. (1992). 

they are close t0 
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Table 5.1: Descriptive Statistics 

Intrinsic 

Intrinsic motivation - to 

Intrinsic moti 

experience stimul 

identified 

Extrinsic motivation 
- 

introjected 

Extrinsic motivation 
- 

external regulation 

Amotivation
 ‘ 

N | Minimu Std. 

—— m | Maximum | Mean Deviation Variance 
Intrinsic 

motivation(IM) - | 534 | 1.00 7:00 59.508 | 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 

vation - 315 
; 

toward accomplishment 

motivation - to 736 
; 

ation 

Extrinsic motivation - 804 
; 

.790 
4 

.766 
4 

825 
mi 

¢ 
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Initially, 6 variables describing the student’s pri ws 

into account for prediction purposes (video watched, video com set on ro taken 

point, homework completion, exam point, exam completion ) ° nae homework 

lation analysis of the data which can be seen in Table 5.3 Obtair in 8 8 forte 

coefficients indicate that the variables are.correlated either weak] nee correation 

or they are not correlated (that is, negligible). Several variables were taken in , 

account for use in the modeling, one being video completion (V1) en into 

point (V2), homework completion (V3), and exam point (V4), and wadonien 

tivation was treated as a dependent variable. 

Table 5.3: Correlation analysis (p < 0.05) 

video comple- | homework homework 

tion point completion exam point 

video comple: | 0.29 0.39 0.2 

homework point 0.29 1 14 0.51 

homework 0.14 
completion 0.39 : “0.09 

exam point [0.2 ~ 0.51 -0.09 1 

Table 5.4: Descriptive statistics of variables 

Valid number Standart devi Mean (M ovr 
Variable (N) ean (M) ation (SD) 
EE 
video comple- | 534 30.01 24.29 

| tion (V1) _ 
homework 534 61.94 18.45 

point (V1) | 
homework completion 534 19.77 23.22 

| (V1) exam point | 534 60.83 14.24 

(V1) 
ide the participants with th i 

AMS, 28 items provl € opportunity t 

As part of the nent with the statement from does not correspond at all through 

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, &* 

1- the AMS identifies 
# 

When a particular m
otive 

higher level of motivation. 

nds on & 4" 
trinsic motiva 

amotivation, 
ion type scores 

t 
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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 can 
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). 

f] i) 

i) ' 
\ os 

Extrinsic ' Intrinsic 
Amotivation ' . s ! : 

' Motivation | Motivation 

! 1 

1 ' 

! i] 
T qT 

! 1 

External Introjected Identified —_Integrated ss 
. : Resulati Reoulati Resulati 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 

. below this mark were considered those with a low level of academic motiva- 
scores t whose SDI was above 5.06 was thought- ; ticipan 

| tegorized as 0. A participa “1 thi tion ane ath an elevated motivation level in this study, and he or she was 
0 
classified as 1. 

(2x intrinsic + tdenta 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 

ubscales had a high level of internal consistency (Cronbach’s 

d from 0.60 to 0.86) and a high level of temporal stability. This 

alpha values roi lit into two subsamples with the purpose of comparing 

d 20% testing). Train and selection subsamples were sample was randomly =P 

raining a 

models (807 naval k training subsample. 

included in the neural networ 

es US 
mber of studi 

Ane 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 learning new things. 

3 Because 1 think that a high-school cducation will help me better prepare for the career I have 

chosen. 

4 Because I really like going to school. 

3 | Honestly. I don't know: I really feel that I am wasting my time in school. 

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

7 | Toprove to myself that I am capable of completing my high-school degree. 

g | In order to obtain a more prestigious job later on. 

9 | For the pleasure I experience when I discover new things never seen before. 

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

11 | Because for me, school is fun. 
_. 

12 | Tonce had good reasons for going to school: however, now 1 wonder whether I should continue. 

B For the pleasure that I experience while I am surpassing myself in one of my personal 

accomplishments. 

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

15 Because [want to have "he good = later on. 

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

| me. 
better cho - - 

ra Because this will help me make a better choice reget ding my career orientation. 

rig For please tat expense T am taken by discussions with interesting teachers. 

ri9 | asses wy 201 eT 
I couldn't care less. — 

30 Fe 
on 

of accomplishing difficult academic activities. 

eo 
2 a better salary later on. 

2 I le wl inprove my competes ta worker 

Sig e
d reading about various IETS subjects. 

ran ; . [can't understand
 what I am doing 1n school. es 

as [dont oa allows eo ES a personal satisfaction in my quest for excellence in 

ecau 
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Chapter 6 

Results 

From the results obtained (see Tab! e 6.1), the hype boli 

be the best activation function to use when nee 
MLP eee GL found to 

) finished with the highest overall models (61.52) whe 
racy. 

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

CART was used as 4 split-selection metho 

with the highest overall accuracy. Despite the large and complex tree ( ree (see Ap- 

the tree structure was quite straightforward . A tot ; 

connecte 
| nodes. The accuracy of several Sv nod as whe 

the RBF kernel, the accuracy was 63.64% for low tiny te 
ivated 

same (57.69%). Using 1 it was 60.00 for highly motivated students 

students, an he sigmoid kerne 

when using type Il SVM. Based on this research, the best SVM model was the 

type Il model with @ RBF kernel. 
.; differences was used to compare models and exami 

ine 

The t-test 0 
ifferences in accuracy. Based on the t-test 

- re- 

the statistical signi 

d no statistical 
fference in performance between th 

n the 

two models. Table 6.2 summarizes
 

and assessment,
 sensitivity and specificity were calculated al 

along 

For comparison 

with positive a” negative predictive values ( 

BF model achieved the top performance on identifying | ess 

trix (Table 6.3), the 
vated students than the CT model (87%), while the CT model ode 

academically 
moti 

its wae 

rformance OP identifying students who are more motivated aca- 

has the best P© BF mod .M 
hi 4 

demically than RBF model. oreover this model is able to detect th 

(0.13), 
he model with the highest level ot eyee Tl 

curate diagnosis of students with 

academic motivation 
(53%), along with corresponding

 t 

ally high levels of academic motivation a 

by this model. 
*, show any characteris

tics 

; 
of misclassifyi

 

motivatio
n leve (0.00), and as a result it was sssiying 

students who really ‘had low academic motivation
 (ee 

+ accurate In predicting the outcome of students who O 

also be miscl 

Furthermore
, e 

a, low 

students W2° a 

: dentifyiné 
the mos 

‘ 

were miscl 45



Table 6.1: Results of the test sample 

Accuracy for Accuracy for 

students with a | students with an 

Model below-average level above-average level Total 
of academic of academic =| #°CUFacy 

ntogory 0 (% motivation - (%) 

MLP - exponential 5.09 : ee _} 

IMLP — tangent hyperbolic 45.45 — a 

MLP - logistic 9.09 93.33 ott 

MLP - sine 9.09 86.67 ate 

MLP -— identity (linear) 9.09 86.67 a 

RBF 100.00 60.00 “= 

decision tree -CART 53.33 81.81 San 

decision tree - discriminant- 60.00 
— : 

based univariate splits 
63.36 50.00 

SVM tvpe I - linear 0.00 100.00 57.69 

SVM type 1- RBF 0.00 100.00 57.69 

SVM type I- sigmoid 0.00 100.00 57.69 

SVM type [- polynomial 0.00 100.00 57.69 

SVM type IL- linear 54.55 46.67 50.00 

SVM type I- RBF 63.64 53.33 57.69 

SVM type I- sigmoid 54.55 60.00 57.69 

SVM type Il ~ polynomial 81.82 6.67 38.46 

ults of differences in proportion 
Table 6.2:_t-test res 

Hypothesis p-value results 

Hy: RBF_ = CT p =0.18 

Hy: SVM = CT 
p =0.28 

Hp: RBF = SVM p =0.07 

hieve 

edict studen 

w the Box 

output cou 

level of stu 

to the resu 

n to the ac 
In relatio 

g to pr 
the RBF model 

ure 6.2 you can ee ho 

the Radial basis function 

dicted motivati
on 

seement 
According

 

‘ower times wat 

LMS cours 
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d results, it seems that it is most appropriate to 

t academic motivation. In Figure 6.1 and Fie, 

and Whisker plots reflecting the values fron - 

ld be used to identify a relationship between 

dent and their activity in the learning man. 

Its of this study, students with above 

ched video and did homework, received lowe 

es than half the number of times that students



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 | 0.47 

1 0.36 | 0.53 

Table 6.4: Measures of observed and evaluated models 

Model | Sensitivity Specificity | PPV | NPV 

RBF 1.00 0.60 0.65 | 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 

| a 

| | 
| 

o 

t 

+ 4 [a] video H ti 

(el 'o) homework point (average) 
i or 2 homework completion 

RBF - output | (6) exam point (average) 

Table 6.3: Confusion matrix of models 

Fioure 6.1: RBF box plot based on value 1 ig AL: 



Mean; Box: Mean+SE: Whisker: Mean+1,96*SE 

os 
es 

: 

RBF - output 0 

] [5] video completion 

homework completion 
{a} exam point (average) 

Figure 6.2: RBF box plot based on value 0) 
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Chapter 7 

Conclusion 

ing management system course as input data and 

f three machine learning methods, the pur- 

there is a possibility of creating a model 

demic motivation. Taking into account 

a 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 suitable 

one by comparing their efficiency. In order to conduct the model, it was neces 

sary to analyze the een all potential predictor variables and then 

relationship betw 

between potential predictor variables and target variables, resulting in a redu 

tion of potential predictors. The application of three machine learning techniques 

(decision trees; support vector machines, and neural networks) to the modeling 

process yielded acceptable results in all three cases. In the results obtained from 

t analysis, the RBF neural network model proved to be more effi- 

used for obtaining the best results. The 

the most rece” 

cient than the two techniques that were 

| 76.927 accuracy and were evaluated using measures 

highest negative predictive value 

hat this model had the 

(100%) and the highest accuracy of recognizing less 

(1007) compared to the two other models inves- 

value of this model (65%) was decent, although 

the proportions between the observed mod- 

tigated. The posit e t-test to compare 
ly significant difference in performance 

ot able to detect a statistical 

jgnificance- 
| 

this study confirm that machine learning methods are effective in 

sults of 
; mar 

Ther odel to predict student academic motivation even though differ- 

d methods were used to detect student academic 

e ANN model gave the mo 

P tot. 

eu st accu- 

motivatl egearch con 
dy could have a significant impact 

lly when it comes to identifying students 

and O 
ar 

. . . 

on scholars ° of above-average motivation. Early identification of students 

; _gverag 
, 

with below-@ motivation level will help prevent poor outcomes. For example 

jects to students, mixing amotivated students with 

5 can actively involye 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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