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Abstract

Purpose—finding ways of improving learning in a formal higher education context.

Design/methodology/approach—in the proposed model we will consider extending
traditional content management systems, giving learners the possibility to add new materials
and to rate them, and a hybrid strategy that combines technical recommendations with some
profile-based filtering ro offer adaptive and suitable sequencing learning content to learners.

Findings—the experiment shows that our recommendation techniques are able to reflect
the learners’ interests.

Research limitations/implications—it’s necessary to demonstrate the contributions of
these kinds of solutions to the learners’ success.

Practical implications—theoretical and practical framework for future research in the

field was developed.
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Originality/Value—the main contributions are the extended Learning Management
System and the hybrid Recommender System, which implements a new proposal to evaluate
learners’ similarities.

Keywords: recommender strategy, personalized recommender systems, collaborative
filtering, collaborative formal learning, sequencing, learner profile, technology enhanced
learning.

Research type: research paper.

1. Introduction

In the Internet, identifying suitable learning resources from a potentially
overwhelming variety of choices became a critical service. Different learners with
different characteristics, skills, capacities and goals, seek for the most suitable learning
activities and materials. Different contents and adaptive sequencing on learning activities
are some of the requirements for this to happen.

The main topic of this paper is to find ways to improve learning in a formal Higher
Education context. In the typical environment, the teacher publishes or suggests content
which supports learners in a given course, as supplements of classroom training.
Generally, these materials are pre-stored and not changeable. Such contents are typically
published in a Learning Management System (LMS), such as the Moodle platform, or
in sites created and maintained on the web by the teachers themselves. Normally, these
scenarios include a specific group of students (class) and a given period of time (semester
or school year). Contents reutilization often needs replication and its update requires new
edition and new submission by the teachers. Usually, in LMSs only teachers can publish
contents (in typical formal education courses).

In the proposed model we will consider two different systems. In the first one, the
extended content management system, learners can select pre-existing materials and add
new materials to a web-based platform. They are also required to evaluate and point out
how much time it took to study those materials. The second system provides a hybrid
strategy that combines technical recommendations with some profile-based filtering to
offer adaptive and suitable sequencing learning contents to learners, in order to be able
to improve personalization of learner’s learning path and also adding diversity to the
learner ways of study; that is, to recommend the most interesting or relevant Learning
Objects (LOs) to each learner.

The proposed system makes individualized recommendations of LOs for learners, and
has been implemented in the Moodle LMS. The present paper describes an experimental
investigation of this pilot system in one class of a real formal higher education course. In
this paper, the term “LO” is used instead of content term, because we considered it as a
broad concept, close to that of the learning activity, and may represent a document, a link
to some resource hosted on the web, a questionnaire, an exercise file, etc.
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2. Related Work

In recent years, digital interaction between learners and between learners and
teachers has dramatically increased, especially because of the Internet. The behaviour
and contributions of each agent in this learning process can improve and change the
learning contexts. Iglesias et al. (2004) refer that social interaction may influence the
adaptive sequencing of learning activities, considering the interactions within a group.
Koper (2005) purposes one system that suggests the next activities based on successfully
completed (by other students) activities. Gutiérrez and Pardo (2007) suggest the use
of annotations, indicating how many students have already done and how many have
successfully completed a given activity.

One kind of social interaction can be implemented using Recommender Systems
(RSs). There are many RSs with different types designed to support learning activities.
Manouselis et al. (2011) provide an introduction to RSs for Technology Enhanced
Learning (TEL) settings considering the particularities of this application domain.
The main purpose of such systems is to filter information which may interest or help
each learner on his choice or selection. The Altered Vista system (Walker et al., 2004)
recommends web addresses based on teacher and learner evaluations. Rafaeli et al.
(2004) propose one collaborative filtering system where users can select the users from
whom they want to accept recommendations. Manouselis ef al. (2010) describe a case of
developing a learning resources collaborative filtering service for an online community
of teachers in Europe. Some proposals have been developed using multiple criteria to
perform collaborative filtering, like Manouselis et al. (2007) did. Some authors have
proposed the use of hybrid strategies, arguing that they produce recommendations more
reliable when compared with the single use of one technique (cf. Soboroff ez al., 1999;
Pazzani, 1999; Melville et al., 2002), and some hybrid systems have also been developed
(Tang and McCalla, 2005; Drachsler et al., 2008; Zapata et al., 2011). Another interesting
work is developed by Drachsler et al. (2009), who compared the recommender system’s
applicability in informal versus formal education.

Herlocker et al. (2004) review some key decisions in evaluating collaborative
filtering RSs. Some proposals that have been implemented have also been evaluated
using different techniques, like surveys (Zapata et al., 2011), metrics (Liang et al., 2006),
or both surveys and metrics (Manouselis et al., 2010), like we did.

Our hybrid RS differs from previous works essentially in the way we implement
the similarity of learners and our collaborative filtering approach. One additional and
original idea from our work resides in the possibility for learners to include additional
LOs.

The remainder of this paper is organized as follows: in the next section we will
present the overall system architecture, the details of each subsystem and techniques
we are applying for the second subsystem to present recommendations. In the following
section, we will describe a running example. After this section, we will present detailed
information about the experimentation procedure and some of its results. We’ll conclude
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this paper with some considerations, discussing limitations and improvements needed
for the proposed system, as well as giving some directions for future work.

3. A Hybrid Recommender Strategy on an Expanded Content
Manager

Our proposed system includes two subsystems: one which allows learners to add
new LOs and a second subsystem that recommends LOs to learners (see Fig. 1).

Extended Content Manager: Personalized Recommender

. Duration

System:
Relationship ——> | Contentsand | ———=>| ® Relational Filtering — II

.
. Order Relationships . Social Filtering
. Prerequisites . Collaborative Filtering

K

Fig. 1. Architecture of the proposed model

3.1. Extended Content Manager

The extended content management system has an innovative process with several
steps, which begins with the submission of one new LO. After that, the next steps include
the definition of its sequence order, its prerequisites (if applied), its relationship with other
LO, validation and final publication (see Fig. 2). All LOs from the same topic must have
the same order number and relationships are only established between LOs which have
the same topic. For each topic, one LO must be classified as “base” (a main LO about a
topic), and the others can be classified as “upgrade,” “similar” or “supplementary”. This
field facilitates the identification and selection of LOs associated with a determined topic.
Prerequisites are associated with topics in order to force a learner studying a necessary
topic before. Each topic has only one topic as prerequisite thus all LOs of the same topic
share the same prerequisite.

1. Upload 2. Order, prerequisites 3. Validation 4. Publication Extended

new LO > and relationship _-9

Leaming Content
Manager

Fig. 2. Steps for publication of LOs
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All of these four steps correspond to features accessible to teachers. Learners only
have access to the features of step 1. They can also establish relationships of LOs, but
learners aren’t able to define the order of LOs, nor indicate any prerequisites. The person
that publishes the LO may also indicate an estimated time needed to study it. Only after
approval do the new LOs become available for publication and subsequent access by all
learners.

3.2. Hybrid Recommender System for LOs

In this proposal, one of our central ideas, in which we believe in, is that students
with the same goals and with similar enrolments in formal courses can benefit from
LOs assessments made by learners that already have completed the same courses and
have studied the same LOs. The recommender support subsystem aims to assist learners
during each step, suggesting one suitable ordered list of LOs, by decreasing order of
relevance. To accomplish this goal, we propose a hybrid strategy with some different
techniques, applicable in cascade, each one refining the received list of recommendations
(see Fig. 3). At a final stage we try to predict the satisfaction level of the list of resulting
LOs. It can be formulated as follows:

u,.:A xC =R

where:

A is the set of students enrolled in the course;

C is the set of LOs that can be recommended,;

R is an ordered set of recommendations and

U, is the utility function that predicts the LO’s classification to the learner.

Recommendation techniques are based on the interests of learners, defined in their
profile. In a learner profile we have considered the minimum desired satisfaction level
(scale 1 to 5), the maximum duration of the study for each LO, the sequence length
(i.e. what are the previously selected LOs and in what order) and the desired minimum
assessment. These values should be explicitly added by each learner to their profiles. Note
that values on the profile of each learner correspond to their interests, and not necessarily
reflect their behaviour. For example, one learner may have an average duration of study
of 30 minutes for each LO, but if he has availability to take up more time with each one,
he can set in his profile a higher duration than his average.
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Fig. 3. Hybrid recommendation strategy

Before asking for a new recommendation, it is checked whether there isn’t any
LO to be finalized by the active learner. If this condition is verified, the first technique
(relational filtering) is applied to determine which LOs the learner may choose. This
process excludes LOs that have already been selected by the active learner and those
LOs that have prerequisites not yet attended (i.e. they need other LOs to be done firstly).

In phase 2, if the learner has defined, on his profile, the maximum duration of study
time he is prepared to spend in a single LO, the list obtained from phase 1 is revised,
taking in account the study time indicated by the other students for each LO in the list
(social filtering). This average time calculation includes the suggested duration indicated
by the LO’s publisher (teacher or learner). This solution solves the cold-start problem
when one LO has no selections. The result’s list includes only the LOs with an average
time shorter than or equal to the time defined in the profile of the active learner. If the
learner does not define any minimum time in his profile, it is maintained that the same
list has resulted from stage one. o

For each LO, c, this average time d. is obtained by the following formulation:

- EaEAda.c
dc = (2)

where:

A is the set of all the learners that have selected LO ¢ and have defined its value for
the duration field, plus its publisher (learner or teacher);

d, . is the duration of LO ¢ defined by learner a or by its publisher.

The next step (3) begins with the calculation of the similarity between learners
(defined between a minimum of 0 and a maximum of 1). This similarity is calculated from
two metrics. The first metric considers the average grade achieved by each learner in the
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active course and the grade value defined in the active learner’s profile. For colleagues
with a grade greater than or equal to that value, the maximum value of similarity (1) is
assigned. The complete formulation is:

(Gi —g;)
sme,, =417 ¢ &<G )

where:

sim®_ _ is the metric that evaluates the grade-similarity between learners a; and aj;

G; is the grade defined in the active learner a; profile and

g; is the grade achieved by the learner a;.

The second measure considers the size of the sequence defined in the active learner’s
profile. We propose that the selection of the same object and at the same order, in the past,
by other learners means that they have more similarities among themselves, so future
choices should consider this proximity. The value defined in the profile of each student
sets the sequence length for the latest LOs studied. Learners who selected the same LOs
in exactly the same order (even if in different positions), will have maximum similarity.
For new students, who have not yet selected any LO, this metric is not calculated. This
measure is calculated using expression 4:

Yh=130j + Tho1Acy;

sim®, . = 4
2.3 [:2*1,1)_1 ()
where:
sim®,___is the metric that evaluates the sequencing-similarity between the learners
i+8;
a; and a;;

n is the sequence length defined in the active learner a; profile, or the number of LOs
that he has already selected, if this number is less than n.

1 pOS;(Cerrs) — pos-[c -)= 1
Alcy: ) = { L+ Vi 5
( k’J) 0 others )
where:
A(cyy) is the difference between the positions of the sequence order for the several
pairs of LOs that the active learner a; has selected, considering the learner a; learning
path.

1 if . was selected by a;
gy = { K i
i~ 1o others ©)

where:
3¢y ; represents the selection of LO Cy, for learner a;.
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The final learner similarity between two learners is obtained by the arithmetic
average of the two metrics. If one metric value is 0, then the value of the other metric
will be the only one to be considered.

Finally, to complete this stage of collaborative filtering, for all LOs that belong to the
previous output list we will predict the expected satisfaction value of the active learner.
To calculate these prediction values we consider usual formulations from memory-based
collaborative filtering algorithms (Breese et al. 1998):

_ Ej e] ( Slaj,ck - SlaJ) * Simal,ai R
sly, + - sesl, =0
Yier Sy, 4
_ EJ g] ( Slaj,ck * Simal,aj ) _—
Pa e, , sesl, =0 (7)
Eje]SImai,aj '
Slprof,ck se Zj E]Slaj,ck =0 Ou Paje, = 0

Where:
Pa, c, 18 the prediction of the satisfaction level for LO Cy to the active learner a;;
sim,, is the metric that evaluates the global similarity between learners a&; and a;;
Sy, is the satisfaction level explicitly defined by learner a; for LO ¢y;
sl, is the average satisfaction level considering all selected LOs by learner a;;
Ia] is the same concept but for learner a;.

The last formulation (7) provides some solutions for the cold-start problem. When
new students enrol in a course, there are neither selections, nor LO evaluations. The same
situation occurs when a new LO is imported. In these cases, or if the prediction value is
zero, the final prediction value for the satisfaction level of a given LO is the default value
assigned by the teacher.

The final list of LO recommendations is ordered by the prediction values obtained,
in decreasing order, and filtered based on the minimum desired level of satisfaction
indicated by the active learner. Only LOs with a value superior or equal to the one
indicated in the learner profile will be presented to him. From this final list, each learner
can select one or more LOs, not necessarily the highest ones on the list.

4. Running Example

In this section, we introduce a simple running example to better illustrate a typical
flow of the proposed system. Suppose there are four learners (24 ... 8484) and six LOs
(cy...Cz). Some LOs have been selected by some learners (sequence column). Learners
have defined some of the fields in their profiles, and some have an average grade (grade
column) calculated from topics that they had completed before. Each learner registered
the necessary study time (d) and satisfaction level (sl) for each LO that they have already
done. This example is shown in Table 1.
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Table 1. List of selected LOs and learner profiles

LO’s
L fil
earner (profile) c :, :, 3 3 <, Sequence Grade
(d=50, s1=3) | (d=30,sl=4) | (d=60,sl=4) | (d=40,sl=4) | (d=50,sI=4) | (d=50, sI=5)
al — = —
~ A d=50, | d=20, d=40,
(d=55, sl=4, g=17, sl=4 <=5 =3 €,C,C, 14
n=3)
& d=40, | d=40 d=40, | d=60
(d=50, s1:4, g=14, s1=3 §=3 §1=3 s1=3 Cs, €5 €y €, 13
n=2)
a, d=60, d=40, | d=60, c e o 15
(d=30, sl=4, g=15) | sI=3 sI=3 sl=5 LTS
a d=60, d=40, | d=40, | d=45,
4 c,C,C,C
(d=40, sl=4, g=14) sl=3 sl=3 sl=5 sl=4 LR
d = Duration (necessary study time); sl = satisfaction level, g = grade, n = sequence length

After step 1, where relational filtering occurs, the resulting list of LOs for learner a4
is formed by the following set of LOs (not yet been selected by him): {c5,¢Cs, C.J.

In the next step, called social filtering, the study time of other students is used to
calculate the average time for each LO. This value is compared with time defined in the
learners’ profile to decide if it will be maintained or removed from list of recommendations.
Thus, for LO ¢35, which has an estimated duration assigned by the teacher of 50 minutes,
the average duration is 52.5 (less than profile value of 55 for learner a,, so this LO will
remain in the list). Because LO €5 has not yet been selected, its default value (60 minutes)
will be considered. Hence, this LO will be removed from the list of recommendations for
the same learner a,. At the end of this step, the list is formed by LOs {cs,Cs}.

The calculation of the grade-similarity is the first step of the collaborative filtering
phase. Considering the data of Table 1, sim&, . =0.76 ([1-(17-13)/17]); sim§ a1 (the
grade achieved by learner a, is equal to that deﬁned in the profile of 1earner ay ie. 14
values); and sim®, , =0.88 and sim®, , can’t be calculated because there is fio grade
defined for learner .

After that, it follows the calculation of sequence-similarity. Its value is 1 for sim,_,_
, because learner a5 has done the same sequence of LOs glength equal to 3) that learner
a; did (€1,€5,C4); sim®, , = 2204 and sim®,, 2= =22-0.6.

As already mentioned, globa:i similarity metric is obtained by the arithmetic average
of the two metrics, which have been calculated previously. So, sim, , =0.88, sim

sim, , =0.64 and sim,_, =0.6.

After that, it follows the calculation of the prediction for the satisfaction value for
each LO, to the active learner. From our example the list of recommendations in this

step contains LOs €5 and C4. p, . =4+ SCOk 088]+§<:9:f?540f::( (5-375)-08)

a;.ag
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=4.75 and P, ,=4.08. Although it is not necessary to calculate the value for 3, its value
would be p, . =4 (satisfaction level assigned by the teacher).

Finally, the resulting list of recommendations for learner a; shows LOs ¢5 and ¢, by
this order, with the predict value for the satisfaction level of 4.75 and 4.08, respectively.

5. Experimental Procedure

5.1. System Implementation

Based on the requirements defined previously, we develop a prototype system
to support the extended content manager and to implement the hybrid RS. It was
implemented as a module in Moodle version 2.2.1, using its technology platform, PHP
5.3.8, MySql 3.4.9 and Apache 2.2.21 web server.

After login, using their Moodle system credentials, learners can select one
recommendation activity that was created by the teacher. Main implemented
functionalities so far, for learners, include creating, importing and updating LOs in the
content management system, creating or updating profiles (see Fig. 4), accessing LOs
and asking for a new list of recommendations (see Fig. 6). After completing one LO,
learners should edit its recommendation and should define the time spent and satisfaction
level associated with that LO (see Fig. 5).

Redes de Computadores

Fagina principale As minhas disciplinase RCe Gerale Redes de Computadores - Recommender Sysbem

Havwegagio
My Profile
Pagina principal
= Aminha pégina
inicial
4 Paginas do sillo Back
b O meupedi
~  Asminhas
disciplinas
v RC
L :’"“‘"“"‘“ Sequence Length (collaborative fitering) <= &
hd eral
+  [PRedes Minimal Average Grade (0 . 20) :>= 14
e
_" Maximal (i : <= 200
Recommender
System Minimal fiverage Satisfaction Level firom 1=Not Satisfied to 5=Totally Satisfied) : >= | 2 v
Savedin: 2410512, 1316 .
Seftings Fig. 4. Profile panel
Redes de Computadores
Pagina prncipal B As minhas disciplinas & RC B FT rouling serial
Havegagho :
Edit Recommendation
Pigina prngipal
A minha pégina inicial
» Paginas do slio Back
b O meu peril
~ As minhas discipinas
¥ RC
b Participantes Course : Redes de Computadores
¥ Geral Comtent : PT souting serial
b Tépico 1
[PT routing Content Type : resource
werial Study Time (min.} : 30
Settings Satistaction Level (1=Not Satisfied - 5=Totally Satisfied): | 5 (=] »= 4is Relevant
b Administraglio da
discipiina Begin - 24 Maso 2012, 13.08
b Definicbes do meu End : 24 Maio 2012, 1313 - . H
portt Fig. 5. Edit recommendation panel



Social Technologies. 2013, 3(1): 7-24.

17

¥ As minhas disciplinas Recommendations
B8 Os Conteudos BASE sao os propastos pelo Professor
¥ Participantes Deverao selecionar pelo menos UM conteudo de cada numero constante em ORDER
~ Geral
[EiRedes de Order Prerequisite Content Content  Published Related with Relation Type  Predict Satisfaction Level  Select
Computadores Type by (>= 4 is Relevant)
Recommendsr 2 1 Routing Cisco resource  aluno 1 Base 378 @
System
£ 1310 NA! Cisco resource aluno1 Base 3650
» Tépico 1
1310 PT_Nat_2 resource  aluno 1 NAL Cisco Supplementary 3650 [Ei
Settings
o 1 Subnetting Cisca resource  aluno 1 TCP IP Enderegamento e Supplementary 3574 ®
b Administragio da Encaminhamento
. S 8 Resumo Questdes | resource  teacher1  Ficha Questoes Ill Supplementary 3518
P Definiges do meu perfil
10 TCP IP - Nivel 4 resource  teacher1  TCPIP 1 Supplementary 3.451
2 10 PT routing serial resource  aluno 1 Routing Cisco Supplementary 3442
1 TCP IP Enderegamento resource  teacher 1 Base 3433
Encaminhamento
1 VLSM resource  teacher1  TCP IP Enderegamento @ Supplementary  3.400
Encaminhamento
1310 P_Nat_1 resource  aluno 1 NAL Cisco Supplementary 3318
1310 PTNat3 resource  aluno 1 NAL Cisco Supplementary 3315
1 IEEE ul teacher1  Redes de Computadores-  Supplementary 3312

Introducdo

Fig. 6. List of recommendations panel

5.2. Experimentation with the System

The experiment was carried out in the courseware management system of a high
school. Thirty two learners from the first year enrolled in a Computer Networks course
have participated in this experiment during almost two months. In this period, 57 LOs
from 19 topics were added (maximum LOs per topic was 7 and minimum was 1), 40
with one prerequisite topic and 17 had no prerequisites. Nineteen LOs were classified as
base (main LO from each topic) and the rest (38) as supplementary. Fifteen LOs were
published by other learners and the rest (42) by teacher. The average to proposed default
values to satisfaction level and to study time were, respectively, 3.73 (from a scale of
1-5) and 80.5 minutes (a minimum of 5 and a maximum of 600 minutes, with a standard
deviation of 93.9).

During these two months all class learners only had our proposed hybrid RS as
support for their study, in addition to formal learning. They selected 595 LOs in the
141 times that they asked for one next recommendation (an average of 4.2 LOs per
each recommendation and an average of 18.6 LOs selected per learner). To these 141
recommendations, 49 had only one selected LO and 18 had 2 LOs. Only 13 of the 32
learners have selected LOs from all topics.

From all 595 selected LOs, only 156 selections are associated to a valid learner
profile. Cold start selections had covered a large percentage (83.4%, 496 in 595). From
these 156 selections, phase 2 (social filtering) reduced the length recommendations list
in 134 situations, and phase 3 (collaborative filtering) reduced its length in 56 situations.
For each recommendations list we obtained an average number of 15.9 LOs, so our
system had presented a sum of 2242 LOs to learners. From these, the average number
of LOs classified as relevant (with a prediction value for satisfaction level greater than
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or equal to 4) was less than (47%) the irrelevant ones (53%). However, preference was
placed on the relevant ones, with 60.5 per cent of selections.

As already mentioned, each learner has selected an average of 18.6 LOs. All learners
have adopted different sequences of LOs, so at the end we had got 32 distinct sequences.

To test the accuracy of the recommendations, we use the Mean Absolute Error—
MAE (Herlocker et al., 2004) which determines the difference between the predicted
satisfaction level and the real satisfaction level from the learner. The formula is given as
follows:

MAE = T, il (8)
N

where:
P; is the predicted satisfaction level for LO I;
I; is the learner given satisfaction level for LO i and

N is the total number of the pair satisfaction level p; and Tj.

When this data was exported, 532 LOs had already their real satisfaction level
defined by learners, including 85 situations of non-cold-start. Considering the first group
with all 595 selected LOs we obtain an MAE value of 0.79. Just with non-cold-start
recommendations this value is 0.43. The evolution of these metrics is shown in Fig. 7
and Fig. 8.

MAE (all) MAE (Non Cold-Start)
1,50 1,5
1,00 WN ! \
0,50 0,5 —_—
0,00 0
— :rr \5% gsgggm%ggg 1 7 13192531374349556167737985
A A N NN Mm®M S S
Figure 8 — Evolution of MAE (only non-cold-star
Figure 7 — Evolution of MAE (all recommendations) recommendations)
Fig. 7. Evolution of MAE (all recommendations) Fig. 8. Evolution of MAE

(only non-cold-start recommendations)

Although students had completed 532 LOs, only 285 had any valid value in the
study time parameter.

5.3. Validation

At the end of our experiment we invited students to evaluate our hybrid RS and
answer an anonymous survey about the usability and usefulness of this system. We asked
11 questions (see Table 2), 6 of them requiring an answer on the Likert scale from 1
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(very negative) to 5 (very positive) and 4 requiring “Yes” or “No” as an answer. The last
question required the learners to order a list of criteria, accordingly to their relevance in
supporting the decision of choosing a LO.

Table 2. Survey questions

Questions Answer
Type
1. Is it important that a student can publish new LOs available to colleagues, as Likert 1-5
teacher does?
2. Do you consider relevant that LOs have prerequisites? Likert 1-5

3. Do you consider relevant to indicate the satisfaction level and study time of the | Likert 1-5
LOs after they have been studied?

4. Do you consider relevant that students have a profile to adjust their recommen- | Likert 1-5
dation strategy?

5. How do you consider the ease of use of the recommendation system? Likert 1-5

6. Do you consider this system can help you to select LOs when there is a great Likert 1-5
number of LOs (more than 300)?

7. Haven’t you chosen some LO because it has been published by a student? Yes/ No

8. When selecting any LO, do you consider the prediction provided by the recom- Yes/ No
mendation system?

9. When selecting any LO, do you consider the study time indicated by the rec- Yes/ No
ommendation system?

10. Did you understand that the values assigned to the satisfaction level and to Yes/ No
study time will influence the next recommendation of other students?

11. Sort by degree of importance the following criteria, used to select the LOs (a. Order
Predict satisfaction level; b. New LO; c. Type of Relationship; d. Number of
selections; e. Average of satisfaction level; f. Average of study time; g. Default
study time)

The results of this survey show that 91 per cent of the learners considered it important
to publish LOs, as teachers usually do. Half of learners pointed out that the existence
of prerequisites matter. 77 per cent of learners gave importance to the possibility of
indicating their satisfaction level and their study time, after they had studied the LOs.
And although, only 26 per cent of the LOs were filtered accordingly to the values on the
learners’ profiles, 71 per cent of the studied population valorised profile customizations.
Furthermore, 62 per cent of learners thought that this type of system can help to choose
the more adequate LO, especially when there is a great repository. Nevertheless, 77 per
cent of the population felt that this system was not easy to use.

The results of “Yes/No questions” group show that 59 per cent of the learners did
not consider the publisher origin (teacher or student). When selections were made, 68
per cent considered the predicted satisfaction level, but only 27 per cent considered the
amount of study time.
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It was important to understand that, on this system, values that characterized each
LO experience, such as satisfaction level and time of study, will influence the next
recommendation of other students. This idea was well understood by 73 per cent of
learners.

The most important criterion (from the 8 suggested), was the prediction of the
satisfaction level, recognized by 44 per cent of learners. Then, according to 33 per cent
of learners, the second most important criterion was the kind of relationship (base,
supplementary). The third was the default time of study indicated by the teacher, with 17
per cent of preferences. The last criterion, which was considered to be important, chosen
by 6 per cent of learners, was the fact of a determined LO being new.

5.4. Discussion

The results of the analysis to our survey answers and to the data obtained from our
experimentation show that participation of students, with the publication of new LOs,
selection of LOs based on the prediction of satisfaction and the LO’s assessment are the
most positive and relevant ideas in our proposal.

All the population, consisting in 32 learners, has experimented unique learning
experiences, representing 32 different learning paths in a Higher Education formal
course, plus the traditional contact hours of learning with a teacher.

Analysis of MAE values shows us that the prediction value based on collaborative
filtering is closer to the real value that each student assigns to the LO, confirming the
interest of using this solution in supporting the decision of learner.

Although learners have referred that system’s objectives were well understood, they
didn’t consider that the system was easy to use. Because we had no historic, we got many
cold-start selections. Both factors can explain the low rate of selections with a valid
learner profile (26.22%).

6. Conclusions and Future Work

In this paper, we describe one LMS with some extra functionality not usually
available in traditional ones like Moodle. We enable learners to add additional LOs. We
also propose relationships between LOs with different semantic meanings. The access to
these new LOs, submitted by learners, needs teacher approval, since we are in a formal
course learning setting. We defend that these LOs might be available for several years and
be used for future learners of the same courses, which is very different from traditional
approaches where course LOs are published to be accessible during just one semester or
one academic year. This will enable the system to have more LOs for learners to choose
from, and analyses all previous learners’ interactions with the system. This analysis is
the basis for our hybrid recommender strategy, which will permit recommending suitable
LOs to learners. We also believe that this extended system, will increase learning
motivation without mischaracterizing the current formal learning model.
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In a system with a wide range of LOs, it is important to have some support to select
the most suitable LOs for each learner. We want to enhance the suitability of their
choices to their interests. So we propose a model based on a hybrid recommendation
strategy that considers profile information (study time, sequencing and learner grade
and satisfaction level). These four fields do not form a completed or unique solution, but
rather a custom solution. There will be, of course, other criteria that may be included in
the recommendation strategy, such as LO’s difficulty level or its validity.

One relevant formulation for the recommendation strategy is the one presented for
the calculation of the similarity between learners. It reflects the interests of the student
(profile) in the calculation of grade-similarity metric (greater for learners with grades
greater than or equal to that defined in profile) and in the calculation of sequencing-
similarity (where the presence of the same LOs and their order of selection will be
valorised for the latest LOs that were chosen by active learner).

To make an experimental evaluation, we developed and used a prototype in a real
higher education course. Our experimentation’s results indicate that this solution can
contribute to create different sequencing learning activities and unique experiences
of learning. It was also found that the prediction accuracy is higher when the system
generates recommendations based on collaborative filtering for learners with a valid
profile, which indicates that our hybrid strategy of recommendations allows to make
decisions that suit the learner’s needs.

As our focus in this work was a personalization of learner’s learning path and also
adding diversity, we were able to reach to some important conclusions in this field. In
particular, the experiment shows that our techniques are able to reflect learners’ interests.

However, the design of a friendly-use system emerges as both crucial and complex
task, required for the success of this kind of solutions.

In future works, we will explore the relevance of publishing by learners in their
learning process, as well as comparing the influence of the different metrics used to
calculate learners’ similarities. Before the next experimental essays it is necessary to
improve our system, seeking for a better usability. We also want to do an experimental
evaluation with learners enrolled in other courses, not directly related with computer
science.

For the near future we also believe that more important research must be done,
focusing on the contributions of these kinds of solutions to the success of learners.
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Santrauka. Didéjantis technologiniy inovacijy, eksperimenty bei tyrimy kiekis kuria
scenarijus, kur laikas ir erdvé jgyja naujas reikSmes. Tinkamy mokymosi resursy identifikavi-
mas bei iSskyrimas i gausybés potencialiy varianty pasitelkiant internetq, tapo itin aktualia
paslauga. Socialiniai tinklai ir debesy kompiuterijos sprendimai yra pastaryjy laiky inova-
cijos, ugtikrinancios lengvesng prieigg prie resursy (skirtingose laiko ir erdvés dimensijose,
pasitelkiant daugybe terminaly). Nuotolinis mokymas jgauna vis didesng reiksme (netgi nau-
dojamas kaip auditorinio mokymo pakaitalas).

Zvelgti j mokymasi per besimokantiojo prizme, pateikiant jj kaip centring proceso asj,
yra viena is naujyjy tendencijy mokymosi doktrinoje. Sis poginris ypatingas tuo, jog besimo-
kantysis yra laikomas Ziniy generatoriumi, o pacios Zinios neatsiranda vien dél tre¢iyjy Saliy
pateikiamos informacijos. Konstruktyvistinis mokymo modelis teigia, jog Zinios atsiranda kaip
socialiniy konstrukty squeikos rezultatas, kolaboratyvioje aplinkoje, dalyvaujant skirtingiems
mokymosi subjektams. Si aplinka reikalauja naujy technologijy, mokymosi metody bei pro-
ceso paramos jrankiy. [vairis besimokantieji su skirtingomis charakteristikomis, jgidziais,
pajéqumu bei tikslais siekia tinkamiausiy sau mokymosi veikly bei resursy. Diferencijuotas
turinys, adaptyvus mokymosi nuoseklumas yra keli is reikalavimy siekiant jgyvendinti anks-
Ciau minétas mokymosi metodikas.

Pagrindinis Sios publikacijos tikslas — atrasti biidus, padedancius gerinti mokymo kokybe
formaliojo aukstojo mokslo kontekste. Siame straipsnyje pristatome § besimokantjji orientuotq
modelj, su personaliai pritaikytomis rekomendacijomis bei mokymosi veiklomis. Mes teigiame,
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jog besimokantieji gali skelbti naudingo turinio medziagg bei jq vertinti. Sie turiniai gali
biiti susieti, siekiant padeéti besimokantiesiems informacijos atrinkimo procese. Miisy sistema
numatys mokymosi aktyvumo rezultatus remdamasi besimokanciojo profilin, hibridine reko-
mendacijy strategija bei kombinuojant sqlyginio ir kolaboratyvinio filtravimo metodus. Sie
jvertiai padeés besimokantiesiems pasirinkti tinkamiausias mokymosi veiklas. Mes teigiame,
jog besimokanciyjy panasumai gali biti nustatomi remiantis jvertinimy rezultatais bei mo-
kymosi istorija. Straipsnyje pristatomas motyvacinés mokymosi metodo tinkamumo prielaidos
bei koncepcineés ir praktinés jZvalgos. Taip pat pristatome sistemos architektiiros bei dizaino
koncepcijas. Misy pasiilytas modelis yra realizuotas pasitelkiant Moodle studijy valdymo sis-
temq. Realiis formaliyjy studijy eksperimentiniai kursai buvo vykdomi du ménesius aukstojo
mokslo institucijoje. Eksperimento rezultatai parodeé, jog panasiy sistemy vystymas padeda
studijuojantiesiems diversifikuoti mokymosi kelius bei patirtis, padidina naudingg bendra-
darbiavimg, padeda geriau priimti sprendimus. Nepaisant to, Siems sprendimams jvaldyti
reikia praktikos bei tinkamo dizaino realizavimo, sickiant palengvinti jy pritaikomumaq.

Reiksminiai ZodZiai: rekomendavimo strategija, individualizuoto rekomendavimo
sistemos, bendradarbiavimo filtravimas, formalus mokymasis bendradarbiaujant, mokymosi
nuoseklumas, besimokanciojo profilis, technologijomis paremtas mokymasis.



