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Abstract - Important aspect in the modern e-learnip  requirements and interests. In addition, the
systems is selecting the most adequate learning ragtls intelligent e-learning systems are going to
based on learners’ requirements, needs and knowledg motivate and support the learners to achieve the

goals. Recommender systems based on collaborative . . . .
filtering contribute to overcoming the information learning goals on efficient and effective way.

overload in personalized learning environments. Thas Recommender systems in e-learning

why there is imminent need of using systems that ka the o\ ironments utilize information about learners
capability to detect the learners’ needs and to reenmend - N .

them the most adequate learning context. In recentears, and learning activities and recommend items such

it is common practice to use tags in the process fitering as papers, web pages, courses, lessons and other
the most useful learning materials. Through the taggig, learning objects. According to Drachsler et al, [1]
learners can mark or highlight some learning materals recommender systems have to meet the
and can contribute to organizing and retrieving ustul pedagogical rules and interests of learners.
learning materials. Because all learners have different characterjstics
Our previous researches were focused on tag-based the effective recommender system in e-learning
collaborative filtering and learning style determimation, environments must take in consideration some
the factors that affect the tag-based collaborativéiltering, learners’ features like learning goals, knowledge

in order to suggest useful learning material in adguate level, learning characteristics,‘sfrateqies, ete T
format. main goal of the recommender systems is to make

In this paper, we propose a new tag-based collabdree  predictions using user ratings and tags available
algorithm that takes in consideration the factors hat for a given item

affect the tag-based collaborative filtering in orer to
develop more efficient and accurate algorithm, and Collaborative filtering is a wildly used
suggest the Iear_ning materials based on posted tagging approach to recommend adequate items to users
and students rating. based on the assumption that similar minded
The developed system was implemented at the Facultf ~ people will have similar taste, requirements, needs
Law — Bitola, and the evaluation results are showmithis  or behaviors. According to Huizhi et al. [2], the

paper. collaborative filtering can help users organize,
Keywords:tag-based collaborative filtering, algorithm, e- share and retrieve information in an easy and
learning, learning materials quick way.

.  INTRODUCTION With the increased use of the collaborative

tagging systems, tags become useful information
to enhance and optimize the algorithms for
recommender systems. These systems can support
learners by recommender learning resources and
tags too. Collaborative tagging is a mechanism for
describing items in large on-line collections. In
ther words, collaborative filtering approaches
redict the rating of items for a specific userdahs
on the ratings and tags from other users with
Intelligent e-learning systems can improvesimilar interests. The same holds for tag
modernize and simplify the learning process byuggestions. Tagging has recently become very

using tools for filtering the most adequate leagnin popular and useful. At the same time it's an
materials based on users’ knowledge level, needs,

Undoubtedly, the internet technology has an
important rolein the learning systems and, th
volume of course-related information available tc
the learners is rapidly increasing. Searching fo
useful materials and sources in a large datas
without some tools for context filtering and
recommendations leads to inefficient Iearningg
process.
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effective way of classifying items and categorizingneighborhood of users with similar tagging
them in groups that contain items with similarbehavior instead of similar implicit ratings. Based
characteristics. According to Wartena et al. [3]on experimental result, the authors show that by
tags are assigned by users to describe and fimding the tagging information, the proposed
back items. Based on Musto et al. [4] the use dlipproach outperforms the standard user and item
tags, keywords freely chosen by users fobased collaborative filtering approaches.
annotating resources, offers a new way foCarmagnola et al. [10] proposed a framework for
organizing and retrieving web resources thaimprovingrecommender systems through
closely reflect the users’ mental model and alsexploiting the users tagging activity. They stress
allow the use of evolving vocabularies. social annotation as a new and powerful kind of
{eedback and as a way to infer knowledge about

tags for the same learning material and th%sers. Also, they investigated the role of taghen

. : . : efinition of the user model and the impact of the
learning material can be tagged with multiple tag :
the learner profile should be profiled not only b;t‘ags on the accuracy of the recommendations. Yue

the tags and used learning materials, but also b%?)al.[ll]proposed a novel algorithm for tag-based

Because different learners may set differen

the relationship between the tags and tagge Og?r?gl:?;g/etaf'slte&na%’ agh'ggmrﬁéﬁloﬁf muusi'gr-le
learning materials from the learner [5]. g P

domains in order to establish the cross-domain
In our previous researches [6,7,8], we havdinks necessary for successful cross-domain
implemented an intelligent e-learning system thatollaborative filtering. The authors introduced a
was used in the educational process at the Facultpnstraint involving tag-based similarities between
of Law in Bitola. It includes adaptation rules andpairs of users and pairs of items across domains.
ontology for knowledge representation andBy using two publicly available collaborative
supports the learners by recommending learninfijtering data sets as different domains, the agtho
materials, online learning activities based onrtheiexperimentally demonstrated that the new
learning style, used tags, knowledge level and thalgorithm substantially outperforms other state-of-
browsing history of other students with similarthe-art single domain collaborative filtering and
characteristics. In other words, the system usasoss-domain collaborative filtering
tag-based collaborative filtering in order toapproaches.Rong et al.[l2] proposed a
recommend the most adequate learning materiat®llaborative approach for expanding tag neighbors
to the students. The students can add tags for thed investigate the spectral clustering algoritom t
learning materials by using an interface and simplfilter out noisy tag neighbors in order to get
by entering one or more tags separated by commagppropriate recommendation for the users. Based
in the free-text input text field. In our anotheron the preliminary experiments that have been
research [9], we have identified the factors andonducted on MovieLens dataset to compare the
parameters that impact a tag based collaboratiyoposed approach  with  the traditional
filtering used for recommending the most adequateollaborative filtering recommendation approach
learning materials. In that content, we haveand native tag neighbors expansion approach in
identified the following factors: students rating,terms of precision, the result demonstrates that th
tags rating and learning materials rating. proposed approach could considerably improve the
: : erformance of the recommendations. Wartena et
In the scope of this paper, we review severg.ill [3] focused on generating tag-based profiles fo

e oo users and.then recommended new learing
brop 9 aterials based on the generated profile. Also they

the factors that affect the tag-based collaboratlvI troduced topic aware recommendation algorithm

filtering in order to develop more efficient and " .. ; : - v
accurate algorithm. Our approach determinates th'ef'rSt detect different interests in the userefife
and then generate recommendations for each of

similar profile with logged student, selects the hese interests. The authors in [13] present a tag
adequate learning materials and forces the mo & commender : system  which extends the

It?pso :/E/zii,[?]t rl,?aﬁnr'gﬁ'nmiﬁnglstﬁ erg?sgg?]ltss 523; T]?V ollaborative filtering with a content-based
9 9 9 y 9 pproach able to extract tags directly from the

rating. textual content of HTML pages. Results of their
II.  RELATED WORKS experiments carried out on a large dataset gathered

Liang et al. [2] proposed a tag-base dfrom Bibsonomy, where's _shown that the use _of
collaborative filte.ring approach for recommendingcoment_balsed techniques improves the predictive
. . accuracy of the tag recommender.
personalized items to the users. Based on the

distinctive three dimensional relationships among
the users, tags and items, they proposed a new

similarity measuring method which generates the

2
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.  PROPOSEDAPPROACH

The proposed algorithm for tag-based &
collaborative filtering is a part of a larger adept =)
e-learning system. Except recommendation, the ;
system delivers the learning materials in format o
adequate to the learners’ learning style.

All of the learners can describe learning 1
materials with a set of tags, whereby the syste..
creates a complex network of learners, learning The main idea of our paper is to suggest the
materials and tags. To understand the main idea ofost relevant learning materials to the learners
the proposed algorithm, we need to consider thaising tag-based collaborative filtering, but also t
network as a three-dimensional relation: learner take in consideration and the learners and learning
learning material — tag. That structure allowsmaterials rating.With other words, the suggested
determination oflearners that set tags for specifialgorithm will force the more important learning
learning material. In that manner,we can define thmaterials — materials that have tags with high

Figure 2. Virtual learning groups

following sets: rating posted by learners with high rating.
S={S, S, ... S} set of learners (in our case  To generate the suggested list, the system needs
students) to complete the following steps: determinate
L={L4, Ly, ... L)}: set of learning materials similar learners, select the most adequate learning
T={T., T, ..T.}: set of tags posted from the materials and order the selected learning material
students S for learning materials L by their rating.

The main goal of the first step is to
determinatesimilar learners with the logged learner
and to generate a set of the top N most similar
learners, ordered by their rating. In this step,
system first selects all learners that belong & th
same virtual group with the logged student (all
students with the same knowledge level and
learning interests) and students with higher
knowledge level but with the same knowledge
level. For instance, if logged user A has basic
Figure 1Conceptual model for collaborative tagging system knowledge level and his |eaming interest is PHP
rprogramming language, then the algorithm will
Eaelect all students with the same properties (basic

LM Tag: User:

Additionally, learners and tags have their ow
rating. The learning material becomes important i

Irgigr?srat':i?\%r)]frtgr%gﬁgp\gggr:mggﬁ}anrtstgtgazrgg?ssvma nguage) and students with medium or advanced
high rating). For instance, one learning materiallmowIeclge level that are interested for PHP

could be tagged with important tags by importan{‘)rOgrammIng language too.
learner. Then, the tagged learning material can be Once the most similar learners are identified,
considered as an important learning material anthe second step is to select the most adequate
suggest it to the logged learner. The same holdsarning materials in order to be recommended to
for the learners and tags. the logged learner. In that manner, the algorithm
takes in consideration all materials which have
been tagged from the similar learners generated in
he previous step but not used from the logged
arner. Important aspect in this step is the iearn
aterials rating because the algorithm will force
e learning materials with higher rating.

nowledge level and interest in PHP programming

Undoubtedly  learners have different
knowledge level and have different interest. T
achieve greater efficiency in the educationa
process and in the process of recommendation,
group learners in few groups and subgroups nam
as virtual learning group. There, virtual learning
group is a set of learners with the same knowledge Within the first step, we use BM25, also known
level, the same learning interests and use the samme Okapi BM25. Manning et al. [14] defined it is a
course. For instance, learner A and learner Bon-binary probabilistic model used in information
belongs to the same virtual learning group only ifetrieval. The system takes into considerationta se
they have the same knowledge level and they haw# tags of each learner and make two analogies,
the same learning interests. comparing the tags of the logged learner with a

query, and the set of tags of each similar prafde
a document. It means that we performed
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calculation of learners profile similarity based on Because the learners rating and the learning
the BM25 model and thus we generate a set witmaterials rating have an impact on the process of
all the similar profiles to the logged learner. Thedetermining the relevant learning materials, we
BM25-based similarity model is taken from theneed to calculate them.

calculation of the Retrieval Status Value of a

document (RSY of a collection of a given query ™ Student rating _
[14]: In order to calculate the learners rating, the

system uses two coefficients: knowledge level
coefficient Cy) and student activity coefficient

RSV, = Zteq IDF * (t1+1)fotd " (Cs).
k1<(1_b)+b*(Laie)>+tftd Total student ratin@, can be calculated as an
(es+D)tf g average value of the two coefficients:
a+ tfy

Cu=Y(r* Kpn)

RSVy represents the similarity score between P, is a score from the test of knowledge level
the logged learner (the terms of the query q) anK,,andN; is the maximum number of test points.
one similar learner (the terms of the document d) - -~
from the same virtual group. This similarity is calerlTIZt::jugse'm activity coefficientCg) can be
calculated as a sum over every tag t posted by tlic '
logged student. The similar learner n is Co= 2%
represented as a set of tags _with their frequencies T.is number of totalwtags posted from the
Lq is the sum of the frequencies of each tag of thgy,jents while T, is total number of tags posted
similar leamer nlae is the average of they of g5 the other learners for learning materials
every similar learner. The tertfy, is the frequency tagged by learner S
of the tag t into the set of tags of the similar '
learner nitf, represents the frequency of the tag t Finally, learner ratin§ can be calculating as:
into the query - the set of tags of the logged.user

_ Ckl+Csa
Sa =

After calculating the similarity between the 2

logged learner and each similar learner (learnef Learning material rating

from the same virtual learning group or learners Average material rating (LM,) can be
with higher knowledge level but with the samecalculated as an average value of two coefficients:
learning interests), we choose the top N similagverage rating posted from the learn@Rg) and
learners with the highest rating. learners’ average rating that post rating to lewyni

Within in the second step, the system useMaterial Re):

cosine-based similarity to calculate the similarity LM, = RavtRsav
between two learning materials — learning . 2 :
materials tagged from the logged learner and The I;ggre 3 shows the diagram of proposed
learning materials tagged from the similar learner$iPProached.

Then, the system will select top N materials with

highest rating. To get the more reliable results fo

calculating the similarity between learning

material a and learning materiab, we need to

isolate the students who have set tags to both of

these items and then to apply a similarity

computation technique to determine the similarity

between learning materialand learning material

b.

We use cosine-based similarity to calculate the
similarity between two learning materials. In this
case, the learning materials are thought of as two
vectors in the m dimensional user space[15]. The
similarity between the materials is measured by
computing the cosine of the angle between these
two vectors, based on following calculations:

-

. a-»b
@l [|]l,

Smilarity (a,b) = cos (d,b)
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Learner log in and select some
learning material

1

System selects the learners from the
same virtual learning group and
learners with higher knowledge level
but with the same learning Interests

1

System detects the similar profiles
with (kapi BM25

It

System caleulates the ratings of all
similar learners, orders by their rating
and seleets only top N learners

1

System generates a set of similar
Fearning materials with
Cosine-based Similarity

1

System caleulates the ratings of
selected learning materials, ordered
by their rating, selects enly top N and
senerates a list

Figure 3. Process of learning materials recomméorat

The implemented system uses following logic
in the process of learning materials’

recommendation:

For each student Sdo
If the student Sbelongs to the same virtual learning
group with the logged student Sa
If the student Shasrating >rating_limit
For each similar student to the logged
student Sa (based on Okapi BM25) do
For each tag on a learning material Lm
of similar student Sa do
For each commonly tagged learning
material Lmk that Sa haswith Sdo
If the learning material Lmk has rating
>rating_limit_material
For each similar tag i
Calculate the SIM(Tsa > Lmiqi}, Tea>
Lm[i])
Add SM(Tgg->Lmkgi)s Teimieskgip) + 110
student_temp_similarity
Add_material_to_finall_list()

End for
End if
End for
End for
End for
End if

End if
End for

IV. RESULTS

The system was implemented at the Faculty of
Law in Bitola. It was used in the period of 6
months by the students from the undergraduate
studies. The survey was conducted on total 110
students, divided into twovirtual learning groups:
Computer Technology and Constitutional Law,
which contains three sub virtual groups, based on
student knowledge level: basic, medium and
advanced knowledge level. Table | shows the
number of students in virtual learning groups and
sub-groups.

TABLE I. NUMBER OFSTUDENTS INVIRTUAL LEARNING GROUPS

Knowledge level
Basic Medium Advanced
Computer
g Technology 22 24 12
IS) Congtitutional law 18 21 13

We compared the results from our previously
research and the current research. In our
previously research, we were using simple
collaborative filtering for learning materials
recommendation, but we didn't take in
consideration any additional factors that affeet th
Lollaborative filtering process.In  the current
esearch, we use BM25 probabilistic model for
determination of similar students with the logged
student and cosine-based similarity for selecting
the most adequate learning materials. Additionally,
in the scope of this paper we have taken in
consideration learners rating and learning
materials ratingin order to check their impact on
the process of determining the most relevant
learning materials. Table 1l shows results
differences.

TABLE Il. COMPARATION OF THERESULTS

. Theold The current

Activity research research
Number of learning units 91 148
Number of students 110 110
Number of tags 739 1345
Average students rating (1-5) / 3.89
Average learning materials rating (1- / 412
5) )
Used learning materials from the
suggested list (%) 74.6 83.8

According to the results in Tablell, it's clear
that the approach that takes in consideration
learning materials and students rating bring to
more effective process of tagging, but also and
more valuable and useful recommendation. The
Figure 4 shows the graph presentation of the
results differences.
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learning students ratings materialsnaterials
units (1-5) ratings from the
(1-5) suggested
list (%)

Figure 4: Graph presentation of the results diffees

system is to recommend the most appropriate
materials to the students based on the tags they se
for the learning materials. Additionally, we have
taken in consideration students rating and learning
material rating in the process of collaborative
filtering.

In the scope of this paper we proposed a tag-
based collaborative filtering algorithm that takes
consideration the factors that affect the tag-based
collaborative filtering in order to develop more
efficient and accurate algorithm. Our approach
determinates the similar profile with logged
student, selects the adequate learning materidls an

An e-survey was conducted as a last part of thigrces the more important learning materials —
research. The survey was conducted to th@aterials that have tags with high rating set by
students after using the system and their answeggidents with high rating. The system calculates the

are shown inTable Ill.

rating of the learning materials and students.first
Then, the system determinate the similar profibes t

TABLE lll. RESULTS FROM THE ESURVERY the logged learner based on the BM25 probabilistic
L S[AHSINGBS model. Second, by using cosine-based similarity
# Question e o s the system calculates the similarity between two
112131 2] s learning materials — learning materials for which
| found useful using the logged learner has set tags and learning
learning materials  with materials for which the similar learner has sestag
L ;(:/e%ﬁeggg]ﬁ)gﬁya;c 519] 22 25 49 Then, the system will select top N materials with
- the highest rating.
prior knowledge
| found useful ; ;
2> | recommendations  fof 1 | 7 | 17| 39| s0 After a period of usmg_the system, we havg
learning materials compared the results obtained from the student’s
The recommend learning activities and we can conclude that the proposed
s m;tﬁggfsare adequate fo2 | 8 | 12\ 37| 51} glgorithm for tag-based collaborative filtering ttha
The system was usel- takes in consideration ratings of students and
4. | friendly and easy fof 3 | 8 | 14| 29| 56 learning is more efficient that a standard
#}'ng - collaborative filtering. It can be concludes baead
e approac o) ; ;
suggesting learning the highest percentage of accepted items from the
5. | materials is useful anfl 4 | 11| 26| 30| 39 suggested list in the current research versus the
helpful in the educationa) percentage in the preview research.
process
Learning materials witH The future researches could be focused on
g. | high rating are more - | ;5| 55| 35| 3g including lists with synonyms for the tags and cold
valuable and helpful fo . : . .
me star problem. in tag-based collaborative filtering
I want to use the learning process in order to be recommend more adequate
7 materials which  werg 8 | 11| 24| 29| 38 |earning materials.
used from the student
with high rating REFERENCES
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