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Technology and Education

e-learning, m-learning, intelligent tutoring system,
technology-enhanced learning, computer-based instruction,
computer managed instruction, computer-based training,
computer-assisted instruction, computer-aided instruction,
internet-based training, flexible learning, web-based training,
online education, massive open online courses, virtual
education, virtual learning environments, digital education,
multimedia learning, ...



@ relation to topics discussed so far
e focus on

o specific examples

e personalization and different types of recommendations
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Tasks

Description

Generic
recommender

TEL recommenders

New requirements

Existing User Tasks supported by Recommender Systems

1. ANNOTATION IN
CONTEXT

Recommendations
while user carries
out other tasks

E.g. predicting how
relevant the links are
within a web page

E.g. predicting
relevance/usefulness
of items in the
reading list of a
course

Explore attributes for
representing
relevance/usefulness
in a learning context

2. FIND GOOD
ITEMS

Recommendations of
suggested items

E.g. receiving list of
web pages to visit

E.g. receiving a
selected list of online
educational
resources around a
topic

None

3. FIND ALL GooD
ITEMS

Recommendation of
all relevant items

E.g. receiving a
complete list of
references on a topic

E.g. suggesting a
complete list of
scientific literature or
blog postings around
atopic

None

4. RECOMMEND
SEQUENCE

Recommendation of
a sequence of items

E.g. receive a
proposed sequence
of songs

E.g. receiving a
proposed sequence
through resources to
achieve a particular
learning goal

Explore formal and
informal attributes
for representing
relevancy to a
particular learning
goal

Recommender Systems in Technology Enhanced Learning



5. JUST BROWSING  Recommendations E.g. people that E.g. receiving Explore formal and

out of the box while bought this, have recommendations for  informal attributes
user is browsing also bought that new courses on the for representing
university site relevance/usefulness
in a learning context
6. FIND CREDIBLE Recommendations E.g. movies thatyou  E.g. restricting Explore criteria for
RECOMMENDER during initial will definitely like course measuring
exploration/testing recommendations to  confidence and
phase of a system ones with high credibility in formal
confidence and informal
Jeredibility learning
TEL User Tasks that could be supported by R der Sy
1. FIND NOVEL Recommendations of  E.g. receiving E.g. receiving very Explore
RESOURCES particularly new or recommendations new and/or recommendation
novel items about latest additions  controversial techniques that select
or particularly resources on covered  items beyond their
controversial items topics similarity
2. FIND PEERS Recommendationof ~ E.g. being suggested  E.g. being suggested  Explore attributes for
other people with profiles of users with  peer students in the measuring the
relevant interests similar interests same class similarity with other
people
3. FInD GooD Recommendation of  E.g. receive E.g. receiving a list Explore criteria for
PATHWAYS alternative learning alternative sequences  of alternative the construction and
paths through of similar songs learning paths over suggestion of
learning resources the same resources alternative (but

to achieve a specific similar) sequences
learning goal

Recommender Systems in Technology Enhanced Learning



Name

Short description

Advantages

Disadvantages

Usefulness for TEL

Collaborative Filtering (CF) techniques

User-based CF

Item-based CF

Stereotypes or
demographics

Users who rated the
same item similarly
probably have the same
taste. Based on this
assumption, this
technique recommends
the unseen items
already rated by
similar users.

Focus on items.
assuming that the items
rated similarly are
probably similar. It
recommends items with
the highest correlation
(based on ratings for
the items).

Users with similar
attributes are matched,
then it recommends
items that are preferred
by similar users (based
on user data instead

of ratings).

Personal recommender systems for learners in

No content analysis
Domain-independent
Quality improves
Bottom-up approach

Serendipity

No content analysis
Domain-independent
Quality improves
Bottom-up approach

Serendipity

No cold
start problem

Domain-independent

Serendipity

lifelong learning networks: the requirements, techniques and model

New user problem
New item problem
Popular taste
Scalability
Sparsity

Cold start problem

New item problem
Popular taste
Sparsity

Cold start problem

Obtaining
information

Insufficient
information
Only popular taste

Obtaining
metadata
information

Benefit from
experience

Allocate learners to
groups (based on
similar ratings)

Benefit from
experience

Allocate learners
to groups
Benefit from
experience

Recommendation

from the beginning
of the PRS



Content-Based (CB) techniques

Case-based
reasoning

Attribute-based
techniques

Assumes that if a user
likes a certain item. s/he
will probably also like
similar items.
Recommends new but
similar items.

Recommends items
based on the matching
of their attributes to the
user profile. Attributes
could be weighted

for their importance

to the user.

No content analysis
Domain-independent

Quality improves

No cold
start problem

No new user/new
item problem
Sensitive to changes
of preferences

Can include
non-item-related
features

Can map from user
needs to items

New user problem
Overspecialisation
Sparsity

Cold start problem

Does not learn

Only works
with categories
Ontology
modelling and
maintenance is
required

Overspecialisation

Keeps learner
informed about
learning goal

Useful for
hybrid RS
Useful for
hybrid RS

Recommendation
from the beginning

Personal recommender systems for learners in lifelong learning networks: the requirements, techniques and model
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Education and RecSys

many techniques applicable in principle, but application more
difficult than in “product recommendation”

@ longer time frame

@ pedagogical principles

e domain ontology, prerequisites

@ learning outcomes not directly measurable (cf sales)



Motivation: Personalization

@ each student gets suitable learning materials, exercises

@ tailored to a particular student, adequate for his
knowledge

@ mastery learning — fixed outcome, varied time
(compared to classical education: fixed time, varied
outcome)



Challenge

L

Anxiety

Boredom

“Flow" concept by Mihaly Csikszantminalyi.  Drawn by Senia Maymin.

Skill

Vygotsky, zone of proximal development
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... gets lot of attention:

Khan Academy
MOOC courses
Carnegie Learning
Pearson
ReasoningMind
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Evaluation

@ evaluation even more difficult than for other recommender
systems
@ compare goals:

e product recommendations: sales

o text (blogs, etc) recommendations: clicks (profit from
advertisement)

e education: learning

@ learning can be measured only indirectly

@ hard to tell what really works



Adaptive Educational Hypermedia

@ adaptive content selection

e most relevant items for particular user
@ adaptive navigation support

e navigation from one item to other
@ adaptive presentation

e presentation of the content



Knowledge Representation Layer

Learning Resources Domain Ontology User Model
(e.g. learning objects, media (e.g. covered concepts, pre-requisites, (e.g. learner preferences, previous
files, description model) curriculum requirements) knowledge, learning objectives, actions log)

Adaptation Layer

Adaptation Mechanism and Rules

Interface Layer

Adaptive Content Selection, Navigation and/or Presentation

Recommender Systems in Technology Enhanced Learning




learning network
domain: D

learning network
domain: D

Fig. 2. Evolution of a learning network (left: starting phase with a first learner moving through
lective behavior of all learners)

possible learning activities; right: advanced phase showing emerging learning paths from the col-

Recommender Systems in Technology Enhanced Learning
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Intelligent Tutoring Systems

@ behavior

e outer loop — selection/recommendation of “items”
(problems, exercises)
e inner loop — hints, feedback, ...

@ adaptation based on a student model

@ knowledge modeling more involved than “taste modeling”
(domain ontology, prerequisites, ...)



Student Modeling and Collaborative Filtering

@ user ~ student
@ product ~ item, problem

@ rating ~ student performance (correctness of answer,
problem solving time, number of hints taken)



Case Studies

@ our projects (FI MU) — “adaptive practice”
e Problem Solving Tutor
e "“Slepé mapy” — geography
e "“Umime &esky" — Czech grammar

e Wayang Outpost — math
@ ALEF — programming

@ CourseRank — course recommender



Problem Solving Tutor

tutor.fi.muni.cz

@ math and computer science problems, logic puzzles
@ performance = problem solving time
@ model — predictions of times

@ recommendations — problems of similar difficulty


tutor.fi.muni.cz

Problem Solving Tutor

tutor.fi.muni.cz
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Parameter Estimation

@ data: student s solved problem p in time t,,
@ we need to estimate:

e student skills 6
e problem parameters a, b, ¢

@ stochastic gradient descent

@ very similar to the “SVD" collaborative filtering algorithm



Evaluation of Predictions

@ 20 types of problems

@ data: 5000 users, 8000 hours, more than 220000
problems

e difficulty of problems: from 10 seconds to 1 hour
@ train, test set

e metrics: RMSE

@ results:

e significant improvement with respect to a baseline
(mean times)
e more complex models do not bring much improvement



stejna zakladni obtiznost

vysoka diskriminace vysoka ndhodnost "na jistotu"

abs(log(abs(x))) sin(xA3) - (x+4)A242

a=-136 b=548 c=0.6 a=-077 b=517 ¢=0.93 a=-0.73 b=511 c¢=0.55

10 05 00 05 10 15 40 05 00 05 10 15 140 05 00 05 10 15
kil kil kil



@ learning

@ variability of student performance

@ automatic detection of cheating
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@ problems recommended based on the predictions
@ ad-hoc scoring functions:
e similar difficulty

e not solved previously
@ not evaluated yet
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@ slepemapy.cz

@ adaptive practice of geography knowledge (facts)
@ tries to estimate prior knowledge

@ choice of places to practice ~ recommendation (forced)
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slepemapy.cz













Model (prior knowledge):

@ global skill of a student 6
o difficulty of a country d.

Logistic function:

1
P(correct|d., 0s) = The Gy

DA



Geography — Model

@ Elo system (originally from chess)
0:=0+K(R—-P(R=1))

@ magnitude of update ~ how surprising the result was

@ related to stochastic gradient descent, “SVD" algorithm
in collaborative filtering (but only single latent factor)



Geography — Current Knowledge

@ estimation of knowledge after sequence of answer for a
particular place

@ extension of the Elo system

@ short term memory, forgetting implemented in simple way,
work in progress



Geography — Question Selection

question selection (based on predicted probability of correct
answer) ~ item recommendation (based on predicted rating)

scoring function:
° predicted success rate, target success rate
@ viewed recently

@ how many times asked






Geography — Evaluation

@ evaluation of predictions
e offline experiment
e issue with metrics: MAE, RMSE, AUC
e data available for project
@ evaluation of question selection (“recommendations”)

e online experiment
e issue with metrics: enjoyment vs learning



Evaluation of Recommendations

experiments:

@ comparison: our recommender algorithm vs random
choice of questions

e comparison of different variants of the algorithm
(different target success rate)

preliminary results: small differences, issues with data filtering



@ http://www.umimecesky.cz/

@ adaptive practice for Czech grammar

@ just starting, testing welcomed
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http://www.umimecesky.cz/

Umime cesky

Prehled témat  Moje chyby  ZebFicek
Ktere je spravné?
‘ paranoja 1 ‘
chromosom 2 ‘
‘ potenciélni 3 ‘
‘ fotball 4 |




Umimecesky

Prehled témat  Moje chyby  Zebfitek

Vstal pomalu neohrabané s pocitem zoufalstvi.
‘ Spravné

‘ Spatng
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TEMA

SCHOPNOST V RADE VYRESENO
‘ Mad mix vieho mmm—— 42 439
‘ Carky: souvéti e 3 21
‘ Carky: véta jednoducha — 7 27
‘ Délka samohlasek Cm— 5 30
‘ ify koncovky podstatnych jmen emmm—— 6 32
‘ ify koncovky pridavngch jmen e— 6 21
‘ ify koncovky sloves C— 8 32

DA



Moje chyby

TEMA

SCHOPNOST

ﬁérky: souvéti (2)

Pfijedu, anebo zavalam.

Pfijedu, anebo zavolam.

Samozfejmég) Ze jsem byla zase nejlepsi.

Samozfejmé Ze jsem byla zase nejlepal.

Carky: véta jednoducha (1)

Jel na koleg) ani ne hodinu

Jel na kole ani ne hodinu.

Délka samohlasek (3) o
=cffyenzrizta scendrista

ldici pracovnik fidici pracovnik
oxyrre)dron oxymaron

DA



Czech Grammar — Recommendations

@ prediction of probability of success, variant of the Elo
system

e skill of students (per concept)
o difficulty of questions

@ recently viewed questions

@ recommendation of concepts — least practiced, recent, ...

(in progress)



Wayang Outpost

e A Multimedia Adaptive Tutoring System for Mathematics
that Addresses Cognition, Metacognition and Affect, 2014

@ adaptive tutoring system for math

e Wayang Outpost — MathSpring,
http://mathspring.org/
@ specific feature: focus on affect and metacognition


http://mathspring.org/

Wayang Outpost

Dion wants to earn a minimum quiz average of 92% in his
biology course. His grades so far are 89%, 95%, and 85%.
Which inequality below represents the possible scores for his
next quiz which will allow Dion to achieve his goal?

Sum of the values 89+95+85+x

e 292 )
Number of values 4

Solve for x. 269+x 2368

fx]x>99}

fx]|x<99.5}
{x]|x =99} &

fx|x=99.5)

i

Hdeme || Mue

7 Formulas = : new problem resources village

Fig. 1 The Wayang Outpost Math Tutor interface. An animated companion provides individualized com-
ments and support




Wayang Outlﬁost My Progress « Go back to Learning Hut

Topic Progress® performance ® Remarks®
Mastery Loval g:ymmrmmmmwmmmmsu
= SCommant >
Volumes
Prodlems Done : 3
Total Probiems : 4
ﬁ Learn More >
Skill mastered! Do you want to try more challenging problems, or
Mastery Level e
2 = S
Number Sense

Probiems Done : 8
Total Problems : 18

Loarm Horm >
Don't like reading? Have the computer read aloud - click the read
bt i aloud button.
XY Linear Functions — S
and Relationships probiems Dane : 12
Total Proviems | 25
Lo Home >
Mastery Level Untried topic- Would you like to try this topic now?
o S comment »

Gl e arsd Arck Prablems Done : 0
Total Problems. :l 16
e

Actions

Continue »

|
|

[ |
|

Fig. 9 The open student model in Wayang is called the Student Progress Page (SPP). It encourages students
to reflect on their progress for each topic (column 1). The plant (column 2) demonstrates the tutor’s assessment
of student effort, while the mastery bar (column 3) records presumed knowledge (according to Bayesian
Knowledge Tracing). The tutor comments on its assessment of the student’s behavior (column 4) and offers
students the choice to continue, review or challenge themselves and make informed decisions about future

choices (column 5)



a

Percent of questions that you got right Percent of questions that you got right
ey
Dear Ivon, Dear Ivon,
This graph shows that Look how much you
'you have not improved are learning! This
‘much recently... BUT graph shows your
'you can change this: if improvement over
you read the problem your prior
CAREFULLY, work it out performance: you
on paper, and click on
the 'help' button to get :tz::‘:g,‘mu
hints when you feel Ke s Gos
St 'ep up the good
work.

Tips for you:

Dear Ivon, we think this will make you improve even more:
read the problem thoroughly. If the problem is just too hard,
then ask for a hint. Read the hints CAREFULLY. When a hint
introduces something that you didn't know, write it down on
paper for the next time you need it.

Fig., 11 a. Progress Charts in Wayang show students the accuracy of their answers. b. Tips in Wayang
encourage good learning habits




Wayang Outpost: Affective Learning Companions

D Pt T
= R L

Fig. 14 Animated pedagogical agents display a range of emotions. Companions act out their emotion and

resolve negative ones, expressing full sentences of affective and metacognitive nature, to support growth of
mindset towards the view that intelligence is a state (and thus changeable)




Table 1 The effort-based tutoring algonithm informs pedagogical d d last ! for each studenton each problem. The algorithm first infers areason

for students behavior (fourth column) based on the number of incorrect smdent answers, hints requested and the amount of time spent (first three colunins). Then the algorithm decides
which pedagogical action the tutor should take (last two columns). The algorithm encourages trans fer of student know ledge to subsequent questions of similar difficulty (rows 2,4, 9),
encouraging students to transfer skills and “fade’” their neatl for help

Observed behavior and inferred reason for this behavior Pedagogical Model Moves Cognitive or Affective or Metacognitive

Incomect Hints Time Most Likely Reason Decision AffectiveMetacog. Decisions
| <E)-dp <EH)-8y  <E(T)-35y Mastery without effort Increase Problem Difficulty  Show leamning progress
2 CE(W) -y <EM)-bg > E (T by Mastery with high effort Maintain Problem Difficulty A ffective feedback: Praise Effort
3 CEM-dp > E M)V o <E (M- dp Hint abuse, low ¢ fort Reduce Problem Difficulty Deemphasize importance of immediate suceess
4 <E(l)-8p > E (H)+ 8y > E (Tij+ by Towatds mastery, effot Maintain Problem Difficulty  Praise effort
5 > Efi+ iy < E(H) - b < E(T) - dp. Quick guessing, low effort Reduce Problem Difficulty Deemphasize importance of immediate success
6 = E(i)tdy < EH) - G = E (T e Hint avoidance and high effort Reduce Problem Difficulty Wu:::whcmmwi\themn

prol

T > Bt dg > E (H) Sy <E(T)-dn Quick guess and hint abuse  Reduce Problem Difficulty  Deemphasize importance of immediate success
B = E(li)tdy = E (Ht = E (T gy Low mastery and High Effon Reduce Problem Difficulty  Emphasize importance of effort and perseverance

5

Otherwise  Expected Behavior Maintain Problem Difficulty

Note: Expected response (correct, hints, time) based on
answers of other students ~ collaborative filtering

DA



OWithout Wayang B With Wayang
100% -

90% 84%
80% - 77% 76

70% -
60%
50%
40%

34%
30%-| 24
20%- | N5 o N=
10%- |P< P p<
0% . :

2004 2005 2006 2012
Fig. 4 Massachusetts Statewide Standardized Test (MCAS) passing rates for experimental groups (using
‘Wayang, dark grey) and control groups (in regular math class, light grey), within the same school, same grade
and same teachers. Passing rates include several ratings above warning/failing

% students above Warning /Failing
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MCAS 2012 scores for Grade 7 students in a Small Town Middle School in the State of
Massachussets, USA. N=99.

02012 WAYANG 22012 NO-WAYANG
45

40

35

30

25

20

Percent Students

15

10

5

0

Warning/ Failing Needs Improvement Above

Fig. 5 Arca chart comparison of performance for a 7th grade of students on the Massachusctts Comprehen-
sive Assessment System (MCAS), for students using vs. not using Wayang Outpost. Students represented by
the yellow/green polygon used Wayang Outpost and students represented by the blue polygon did not use the
tutor. Distribution of students using Wayang Outpost shifts to the right indicating that more students passed the
exam and received a grade of “proficient” or “advanced” when using Wayang Outpost. Groups of students
‘were matched in terms of teacher of seventh grade students




Mean Performance on Hard Items

—8—Wayang-noMFR - --@---noWayang-noMFR
— 8- -noWayang-MFR === Wayang-MFR

100% - -

Mean Percent Correct on Hard Items
3
B

20% | N H

0%

Pretest Posttest
Fig. 7 Mean improvement (and standard deviations) on hardest items of the math pre/posttest. The thick line
represents students who received both the Wayang Tutor and math facts retrieval training software; all other
groups did not really improve on these harder multi-step items




Table 2 Students in the experimental group (last row) received tips and charts every 6 problems. Means and
standard deviations in performance measures before and after tutoring for the three groups

Group Math Pretest Math Posttest

Passing Rate in State Standard Exam

No Tutor Control

Tutor Control 40 % (20) (N=40) 40 % (28)* (N=40)
ProgressTips Tutor 33 % (19) (N=36) 42 % (22)* (N=36)

76 % (N=38)
79 % (N=34)
92 % (N=24)

Low gaming students

High Gaming Students

, 60 R o 60
’gso ;//" g so
240 540
¢ 30 4 30 — —O
gzo gzo osﬁ\'
§10 O 10

0 g,

Pre Post
—8—Tutor Control =O= ProgressTips Tutor

pre Post

—e—Tutor Control =O=ProgressTips Tutor

Fig. 12 High gaming students improve math performance when they receive progress tips and interventions

(lefi) but not when they don’t receive interventions (right)
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@ PeWe (Personalized Web) Group at UISI FIIT STU,
Bratislava

@ adaptive education (mainly) for programming exercises

DA



ALEF

-
user model semantic logger

inferencer

-\

user model
o //;
\:f&/, -

domain model

—_—————

collaborative adaptive
content creator

ALEF: A Framework for Adaptive Web-Based Learning 2.0, Simko, Barla, Bielikova
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ALEF: A Framework for Adaptive Web-Based Learning 2.0, Simko, Barla, Bielikova
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metadata
(concepts, tags,
comments, ..}

educational content
(learning objects)

ALEF: A Framework for Adaptive Web-Based Learning 2.0, Simko, Barla, Bielikova
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CourseRank

https://www.courserank.com/

course evaluation and planning social system

ranking of courses, grade distribution, other statistics
recommendations

originally Stanford, later many (US) universities

similar features e.g. in Coursera


https://www.courserank.com/

personalized education <+ recommender systems

@ many similarities
@ specific challenges

o difficult evaluation
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