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e Analitika ucenja i izazovi

* Individualne razlike
* Primena xAl
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Analitika ucenja

* Analitika ucenja (engl. learning analytics) predstavlja prikupljanje, merenje,
analizu i izvestavanje podataka o ucenju u cilju razumevanja i unapredenje
procesa ucenja

* Osnovna ideja koris¢enje podataka je da se:
* bolje razume kako studenti uce
e optimizuju nastavni procesi i okruzenje

* Omogucava donosenje odluka zasnovanih na podacima i personalizaciju
ucenja

* |zazovi:
e Koje podatke prikupljati?
* Koje metode koristiti?
* Kako pravilno interpretirati rezultate?
» Sta sa interpretiranim podacima? U realnom vremenu? Koje intervencije primeniti?



interventions

litika ucenja

learners

The
Learning
Analytics

Cycle

* Faze generickog ciklus analitike

ucenja:
* identifikovanje studenata i
konteksta u kojem se ucCenje odvija;

* prikupljanje relevantnih podataka;

e odabir i primena analitickih metrika
i metoda prikladnih za studenta,
kontekst ucenja i podatke

* delovanje na osnovu rezultata
analitike, cesto kroz razlicCite oblike

pedagoskih intervencija. /

Clow, D. (2012). The learning analytics cycle: closing the loop effectively. In
Proceedings of the 2nd LAK Conference (pp. 134-138).
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Analitika uce nja

e Deskriptivna analitika
 Odgovara na pitanje: Sta se desilo?

* Opisuje obrasce ponasanja i angazovanja
studenata.

* Primer: pregled aktivnosti u LMS-u,
statistike prijava, vremenski tokovi.

* Dijagnosticka analitika
* Odgovara na pitanje: Zasto se to desilo?

* |dentifikuje uzroke problema ili niskog
angazmana.

* Primer: analiza faktora koji uticu na pad
performansi.

* Prediktivna analitika
 Odgovara na pitanje: Sta ée se desiti?

* Predvida ishode poput rizika od
odustajanja ili neuspeha.

* Primer: modeli za identifikaciju ,at-risk”
studenata.

* Preskriptivna analitika (analitika
intervencija)
 Odgovara na pitanje: Sta treba uraditi?
* Predlaze konkretne intervencije i akcije.

* Primer: preporuke nastavnicima za
personalizovanu podrsku.



IzvlaCenje uvida iz podataka

» Metrike Pojam vezan za
(Indikatori) ucenje
.
LMS log data Vreme provedeno u LMS-u AngaZovanost

Broj aktivnosti u LMS-u studenata



g

_Multimodalni podaci
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e LMS podaci, ali i podaci koji ne poticu iz LMS-a ili obavezno iz
institucionalnih alata. Na primer:
e Eksterni upitnici
* Podaci o pracenju YouTube videa
* Podaci o Al alatima koje studenti koriste
* Interakcije studenata putem instant messaging alata

* Glavne karakteristike multimodalnih podataka
e RazliCite strukture podataka
e Razlicit obim
* Dostupnost
e RazliCita pravila pristupa
 Nemogucnost efikasne obrade
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Stvari koje treba uzeti u obzir kod metrika

* Da li je metrika relevantna za dati cilj ucenja?

* Ne postoji dobra ili losa metrika sama po sebi - metrika je dobra samo ako je
povezana sa ciljem ucenja.

e Zato je prvo pitanje koje postavljamo: sta zelimo da unapredimo ili razumemo?

* Da li je metrika zasnovana na teoriji?

 Ako metrika nije povezana sa teorijom ulenja, postoji rizik da pogre$no tumacimo
podatke.

* Na primer, ako zelimo da merimo angazovanost, moramo znati Sta angazovanost
znaci u teorijskom smislu - kognitivno ili emocionalno.

* Da li mera oslikava metriku na pravi nacin?

* Na primer, broj klikova moze biti mera aktivnosti, ali ne mora nuzno biti mera
angazovanosti u ucenju.
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Stvari koje treba uzeti u obzir kod metrika

 Koliko detaljno metrika treba da bude definisana?

* Grube metrike, poput podele na ‘aktivan’ i ‘neaktivan’, daju samo signal da

postoji problem, ali ne i objasnjenje, pa nisu dovoljne za kvalitetnu
intervenciju.

* PreviSe detaljne metrike, kao pracenje svakog klika, stvaraju veliku kolicinu
podataka bez jasnog znaCenja i mogu nas odvuci od stvarnih uvida.
e Koja je odgovarajuca vremenska dimenzija metrike?

* Jednokratno merenje Cesto nije dovoljno, mnogo su korisniji trendovi kroz
vreme



Primer dobre metrike

Procenat obaveznih aktivnosti iz predmeta koje je student zavrsio u
predvidenom roku tokom prvih 4 nedelje

e Zasto je dobra:
 direktno je vezana za ishode i strukturu predmeta, ne za tehnicku aktivnost
* meri ucesée u nastavnim aktivnostima, a ne samo prisustvo u LMS-u
* ima jasnu vremensku dimenziju
 omogucava ranu identifikaciju studenata u riziku
* |lako se prevodi u konkretnu intervenciju
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_=lzazovi
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 KljuCniizazovi za analitiku ucenja:

* tehnicka kompleksnost i dalje predstavlja znacajnu prepreku i za nastavnike i za
studente;

e postojeci sistemi LA su pretezno zasnovani na predikciji i frekvenciji, Cesto se
oslanjaju na kontrolne table (dashboard-e) koje su teske za interpretaciju i
razumevanje, i kojima nedostaje analitika usmerena na proces.

* Uloga vestacke inteligencije
* Preporuke i objasnjenja
* Komunikacija razumljiva ljudima

* Brza primena Al bila je pracena nizom zapazenih slucajeva u kojima su
pogresne odluke dovele do ozbiljnih posledica u stvarnom svetu

e Potreba za transparentnoscu i boljem razumevaniju
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Taénost prediktivnih modela

 Algoritamsko ocenjivanje A-level ispita (UK) - tokom pandemije, ispiti
su zamenjeni prediktivnim modelom

* Model je koristio: istorijske rezultate skola, rang ucenika u okviru
skole, prethodne rezultate ucenika

e “40% ucenika dobilo nize ocene od ocekivanih

e Ucenici iz ,slabijih” skola automatski ograniceni:
* ako Skola ranije nije imala najbolje ocene - ucenik ih teSko moze dobiti

* Model je pojacao postojece nejednakosti
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- Problem sa ,,prosekom*

-~

* Dizajn pilotske kabine (US Air Force) zasnovan je na ,,prosecnom pilotu”
* rezultat: nijedna osoba ne odgovara proseku u svim dimenzijama
e Cakisa 3 dimenzije (originalno 10 dimenzija) - < 3.5% uklapanja

* Pretpostavlja da su ljudi homogeni

* Ljudi su heterogeni: razlicite karakteristike, razliciti obrasci ponasanja, isti
faktor (npr. motivacija) ne utice jednako na sve

e ,ProseCna vrednost” se tretira kao norma
* Individualne razlike se posmatraju kao odstupanja, a ne kao pravilo
* Proseci mogu sakriti vazne razlike u podacima

* Ignorisanje heterogenosti i varijabilnosti medu studentima nosi rizik od
yopstavarg’a resenja koja mogu biti delotvorna za neke, ali neefikasnaili ¢ak
stetna za druge.



Kako analizirati podatke za efikasne |

personalizovane preporuke

. Grupm pristup (group-based)
* Polazi od pretpostavke da su ljudi sli¢ni
» Koristi proseke i opSte obrasce

* omogucava generalizaciju, ali moze sakriti
individualne razlike (vodi ka ,one size fits all”
reSenjima)

* Analiza odnosa izmedu varijabli na nivou populacije"

* Metode: Korelacija, t-test, ANOVA, regresiona
analiza

* Individualni pristup (heterogenost / idiografski)
* Polazi od toga da je svaki pojedinac jedinstven
* Fokus na razlike izmedu i unutar pojedinaca

* omogucava personalizaciju, zahteva veliku koli¢inu
podataka po osobi

* Pristupi: person-centered, person-specific

A. Variable-centered

B. Person-centered
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C. Person-specific
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Saqgr, Mohammed, and Sonsoles Lopez-Pernas.
Advanced Learning Analytics Methods: Al,
Precision and Complexity. Springer, 2025.
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Porédenje individualnih pristupa

Person-centered pristup Person-specific pristup
* Grupisanje pojedinaca u homogene * Fokus na jednom pojedincu kao
podgrupe (klastere) jedinici analize

* Umesto jedne populacije tezi ka
otkrivanju skrivenih struktura u podacima

* |dentifikuje podgrupe sa slichim

* Analiza promena i obrazaca unutar
iste osobe kroz vreme

karakteristikama . Dlrektno(proucavanje individualnih
* Svaka grupa ima sopstvene parametre procesa ucenje emOCIJe
e P P ponasanje)
* Primer pitanja: .
- ,Koje podgrupe studenata Bosto;e na Fokus je na dinamici promena i
osnovu motivacije ili sposobnosti?“ individualnom ponasanju
* Pogodan za personalizaciju (?) * Dubinsko razumevanje, najveci nivo

personalizacije
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Pracenje napre“I%a | generisanje

personalizovanih preporuka

* Analitika uCenja pruza uvid u napredak studenata i omogucava
pravovremenu podrsku

e Postavlja se pitanje: Sta znaci ova prognoza i kako je doneta?

* Explainable Al (xAl) pruza transparentna i razumljiva objasnjenja za
predikcije, omogucavajuu informisane odluke i korisne akcije

e Cilj istrazivanja:
» Razviti model ucenja studenata koji integrise: klasterovanje, klasifikaciju i xAl

* Podrska za: identifikaciju trenutnog stanja u ucenju i generisanje jasnih i primenljivih
preporuka

* Faze istrazivanja:
 Modelovanje napretka studenata i otkrivanje obrazaca u ucenju
* Integracija xAl za objasnjenja koja su razumljiva studentima i nastavnicima
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Pracenje napre“I%a | generisanje

personalizovanih preporuka

e Struktura predmeta
* Trajanje: 15 nedelja
* Evaluacije: testovi (5), zadaci (14), projekat (1)

e 82 studenta

* Podaci/atributi: 20 karakteristika, svaka vezana za specifi¢an zadatak ili evaluaciju
* Analiza podataka za identifikaciju obrazaca u ucenju

e Grupisanje studenata (clustering) po slicnosti napretka

* Odabrana metoda: agglomerative hierarchical clustering (Ward’s linkage) —
omogucava interpretaciju kroz dendogram

* Broj klastera unapred definisan na osnovu Elbow metode, silhoutte score,
stru¢nog znanja iz oblasti

e Rezultat: 3 klastera (nizak, srednji, visok nivo angazovanoti)



Sequence of Pre-exam Activities and Exam Points for Generation 2023/2024

Sorted Pre-exam Activities and Exam Paints for Generation 2023/2024

Kisic, Emilija, Miroslava Raspopovic Milic, Jovana Jovic, Nemanja Zdravkovic, and Faruk Selimovic. ”Comparative»
Analysis of Student Performance Across Different Cohorts in Higher Education.” In eLearning, pp. 24-31. 2024.



PCA analysis - Clusters of students

PCA vizualizacija T o .
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Kisi¢, Emilija, Miroslava Raspopovic¢ Mili¢, Jovana Jovi¢, and Nemanja Zdravkovic. "Tracking student progress and generating
personalized recommendations using clustering and explainable artificial intelligence."” Universal Access in the Information Society
25, no. 1 (2026).
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~ indeksa za svaki klaster

Dendrogram

Clustered sequences of student's pre-exam activities

I High week achievement
Middle week achievement
I Low week achievement

T T T
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T
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drogram i dijagram sortirane sekvence

Cluster

High state (%)

Middle state (%)

Low state (%)

High achievers 65.6 24.4 10.0
Low achievers 4.2 11.6 84.2
Middle 38.0 25.1 36.9
achievers

Low achievers
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Kisi¢, Emilija, Miroslava Raspopovi¢ Mili¢, Jovana Jovi¢, and Nemanja Zdravkovic. "Tracking student progress and generating
personalized recommendations using clustering and explainable artificial intelligence." Universal Access in the Information Society

25, no. 1 (2026).




Number of students

*zicije izmezﬂ klastera

Cluster size evolution over time
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Kisi¢, Emilija, Miroslava Raspopovi¢ Mili¢, Jovana Jovi¢, and Nemanja Zdravkovic¢. "Tracking student progress and generating personalized
recommendations using clustering and explainable artificial intelligence." Universal Access in the Information Society 25, no. 1 (2026).
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XAl pravila i preporuke

Learner activity and
assessmentdata

Data feature extraction

}

Clustering applied on
selected featuresto
identify students who
progressed and
learned similarly

|
Phase 1: Clustering

'

Building classifiers with
classes corresponding
to identified clusters

!

Classifing learners in
one of the clusters

|

Identifying if the
learneris in a lower
learning progress
cluster

T
Phase 2: Classifying

v

Is student in a
lower
progressing
cluster

lYes

Generating xAl-based
rules

!

xAl-based rules
evaluation

!

Identifying criteria
student can fulfill to

improve their learning

T
Phase 3: Generation and

v

Generating human-
readable intervention

Delivering human-
readable interventionto
learner

Phase 4: Intervention generation

evaluation of explainable rules from associated rules




SHapley

SHAP feature importance by class
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- Anchor pravila
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Class Rule_Description Precision [%] Coverage [%]

High achievers Homework13 > 0.00 AND 100.0% 41.9%
Homework14 > 0.00

High achievers Homework13 >1.40 AND 100.0% 23.0%
Homework14 > 0.00

Middle achievers |Homework13 <=0.00 AND 100.0% 14.8%

Homework14 <= 0.00 AND
Homework4 > 0.00 AND
Homework11 > 0.75

Middle achievers |Homework13 <=0.00 AND 100.0% 13.6%
Homework14 <= 0.00 AND

Homework3 > 1.30

Low achievers Homework5 <=1.30 AND 100.0% 31.3%
Homework4 <= 0.00 AND

Homework3 <= 1.30

Low achievers Homework5 <= 0.00 AND 100.0% 18.1%
Homework4 <= 0.00 AND

Project <=23.00




s Group: Middle achievers
// Round: After Week 15

®@ Smart Learning Assistant -

& student 10

il st

Dashboard Q) Rule-Based Insights [ Recommendations

/ Progress Over Time (%) Performance by Activity (%)

Overall average score of all pre-exam activities:
69.0%

Completed tasks: 11/20

Target: High achievers

| Task Completion Overview

o - _ _ -

Homeworkl Homework2 Homework3 Test1 Homework4 Homework5 Homeworke Test2

W Smart Learning Assistant ' Smart Learnmg ASSlStantO
£ student 10

[l Student Dashboard @ Rule-Based Insights [ Recommendations

£ student 10

[l Student Dashboard @ Rule-Based Insights [ Recommendations
&) Hi there! It looks like your progress is a bit behind our target for high achievers. Let's focus on getting some solid homework

@ Where do you currently stand? You are currently in the Middle achievers group. grades!

You're doing okay, but there's room to grow.
First, let's aim to complete Homework13 and Homework14 with scores of at least 0.10. This will help us build momentum and get

@ Why do we believe you can improve? You're a borderline case, meaning you're very ||back on track!
close to reaching the High achievers group.
€ € & P Additionally, Homeworks8 could use a boost too. Let's set a goal for a score of 1.40. Remember, consistency is key! 3%

?
Q What can you focus on to move forward? However, it seems like you might be struggling a bit with these assignments, as they are all below our target grade so far. This could

1. s Increase Homework14 to 0.10 (currently 0.00) potentially be due to the content being particularly challenging or if there's something else going on that we should discuss.

2. A Increase Homeworkl3 to 0.10 (currently 0.00) Let's also take a closer look at Test1, where you scored over 2.45. This might indicate an area where you need extra help, so let's

3. s Increase Homeworks to 1.40 (currently 0.00) make sure we review and understand the material thoroughly! &

| believe in your ability to succeed and move up to our high achievers group. Don't worry if it takes a bit of time—we can work

through this together! &>
Kisi¢, Emilija, Miroslava Raspopovié¢ Milié, Jovana JOVie dhd Nemdnja Zdravkovic. " Tracking Stident progress dhd generating
personalized recommendations using clustering and explainable artificial intelligence." Universal Access in the Information Society
25, no. 1 (2026). '
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Self-Regulated Learning (SRL)

e Samoregulisano ucenje je proces kojim studenti samostalno regulisu
misli, osecanja i ponasanja da bi postigli ciljeve ucenja

* Dimenzije SRL: planiranje, pracenje, refleksija

e Tri nivoa analize SRL:

* Promene u prosecnim nivoima pojedinacnih komponenti SRL kroz trajanje
predmeta (linearne promene procesa ucenja)

* Promene u relacijama izmedu komponent (promene u strukturi i
medusobnom uticaju komponenti)

* Vremenski obrasci zajednicke promene (brzina, stabilnost i reorganizacija
klastera komponenti kroz vreme)
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. Delovi upitnika (n=241)

Construct [ltem M SD
Motivation | feel enthusiastic/motivated to learn, understand, and get better grades 8.16 1.64
Efficacy | believe | can do my learning work and learning tasks efficiently 8.05 1.52
Task value | believe that my learning tasks are very important to me 8.53 1.49
Planning | have a plan for-my studies and learning goals that | need to accomplish 7.95 1.76
Effort This week, | have put enough effort into my learning/tasks to accomplish 8.04 1.75
them
Evaluation ([This week, | have assessed my performance or work in tasks in order to 7.86 1.83
improve my skills

Sonsoles Lépez-Pernas, Miguel A. Conde, Miroslava Raspopovi¢ Mili¢, and Mohammed Sagr, "Stable Means,
Shifting Patterns: Examining SRL Through a Complex Dynamic Systems Lens," Computer in Human Behavior, in
press (2026).




Difference C)

Psychological networks estimated for Week 1 and Week 4 using the EBICglasso estimator.

Variable Week 1 R? Week 4 R? AR?
Motivation 0.49 049 -0.01
Efficacy 0.23 0.42 0.19
TaskValue 0.46 0.47 0.01
Planning 0.25 0.46 0.21
Effort 0.49 0.32 -0.19
Evaluation 0.52 048 -0.03

Sonsoles Lépez-Pernas, Miguel A. Conde, Miroslava Raspopovi¢ Mili¢, and Mohammed Sagqr, "Stable Means, Shifting Patterns:
Examining SRL Through a Complex Dynamic Systems Lens," Computer in Human Behavior, in press (2026).
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Potencijalne buduée aktivnosti

Naziv projekta: Mastering Innovative New Evaluation: A Roadmap for the Al Era
Koordinator: Universidad Internacional de la Rioja SA, Spain

Naziv projeta: Al Literacy Initiative: Empowering Society through Citizen
Science and Higher Education, Bridging the Generational

Digital Divide ,,

Koordinator: Salamanca University, Spain

Naziv projekta: Using process-oriented learning analytics with generative
and explainable artificial intelligence
Koordinator: University of Eastern Finland, Finland

Naziv projekta: Mapping Pedestrian Experience of Open Spaces
Koordinator: Sumarski fakultet, Srbija
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MCM Represer?atlon of the LO Ontology
Model for Personahzed Learning

Kow
Utl'l

( Currlculum P> Knowledge areaN -_po q
K nowlege
Unit 1

Knowledge areal

-------- 7-“32-------ﬁl?ili-----------------------Bﬂ----|
/_ -\'\_. i
Knowlege Knowledge
Unit 1 . UnitN
| Po — —r°
_ PO _
o’ R L I BA - S~
L}
Topic 1 Topic 6 Topic 3 . TopicN
/ b‘{ /h\\ . 0
- .".° ...... ) .'*.\‘Eé ..... N
- ! o A=
Suhtoplr. 1 Suhtoplc 2 Suhtuplc 3 5“ topic 4 (Subtopic 5 ! Subtopic N
""""""""""" B:\K@
HC HC HC  HC HC ch s’ btopic 7 HC HC HC HC HC
HC HC HC
OR OR
LO1 = = -QR= =)+ LO2 LO3 | LO4 [—CR—3 105 LO6 —OR#{ Lar LOB | OR , ¥ LO9 LO10 LO1
" i ! A A - !
! ] ' OR ! ‘ ! /* » ’ LORJ
! OR ' 4 O0rR- =~ o -
\ - =
.. el L EEETE or = - = - ‘\

Jovié, Jovana, Miroslava Raspopovic¢ Milic, and Svetlana
Cvetanovié. "Multidimensional concept map
representation of the learning objects ontology model for

personalized learning." Journal of Internet Technology 24,
no. 5 (2023): 1043-1054.



<<component>>
Institutional learning system (ILS)

<<component>>
Ontology based system for learning object retrieval (OBSLO)

- @ ,_L RESTFu
1::1:: LAMS provider Consumer MCMLEC
D <<oomponenl_' > > consumer
<<component>> MCMLEC-LAMS /O
Learning management Proxy RESTFu
system (LMS) - LAMS v3.0 Provider
1 RESTFul
RESTFul Consumer
Consumer MCMLEC D
<<component>> g] producer RESTFu <<component>>
Assignment grader (AG) A Consumer Multidimensional Concept
(]
LAMS A O - Maps learning environment
@ i CB provider O creator (MCMLEC)
RESTFul :
Provider |
b, |
RESTFul RESTFu <<component>> g] !
Provider | Provier MCMLEC-CB <<use>>
{} {} RESTFu Pr '
<<component>> <<component>> Peisiee) oxy |
LAMS-mDITA Authoring CodeBox (CB) : <<component>>
tool Pro
ij'y r________: Assessments
RESTFu \;/ n?om (AR)
Consumer |
<<component>> a <- B <<use>> — :
Relational database
@ m?"lA M:':d“lng management system <<component>>
00} proviaer (RDBMS) - MySQL = _<<use>> | Ontology
v5.7 Auhorlnrg_lbol
RESTFul RESTFul
Provider Co
(] RESH RESTFul e e RESTFul o
<<component>> Provider Consumer P Provider
mDITA Authoring tool O OAT-mDITA ] \),
b4 Authoring tool Proxy OAT consumer
mDITA Authoring
tool provider Powerad By Visual Pamdigm Community Eddion ﬁj

Figure 7. Platform architecture of the integrated systems



