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Abstract Learning management systems (LMS) are typ-
ically used by large educational institutions and focus on
supporting instructors inmanaging and administrating online
courses.However, suchLMS typically use a “one size fits all”
approach without considering individual learner’s profile. A
learner’s profile can, for example, consists of his/her learning
styles, goals, prior knowledge, abilities, and interests. Gen-
erally, LMSs do not cater individual learners’ needs based
on their profile. However, considering learners’ profiles can
help in enhancing the learning experiences and performance
of learners within the course. To support personalization
in LMS, recommender systems can be used to recommend
appropriate learning objects to learners to increase their
learning. In this paper,we introduce the personalized learning
object recommender system. The proposed system supports
learners by providing them recommendations about which
learning objects within the course are more useful for them,
considering the learning object they are visiting as well as
the learning objects visited by other learners with similar
profiles. This kind of personalization can help in improving
the overall quality of learning by providing recommenda-
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tions of learning objects that are useful but were overlooked
or intentionally skipped by learners. Such recommendations
can increase learners’ performance and satisfaction during
the course.

Keywords Personalization · E-learning · Learning
management systems · Recommender system · Association
rule mining · Learning objects

1 Introduction

The innovation of information and communication technolo-
gies plays an important role in the popularity of e-learning.
E-learning can be supported through different forms like
web-based learning, computer-based learning, or virtual
classrooms and content delivery via e-networks, audio or
video tape, satellite TV, video conferencing, CD-ROM, i-
pods, e-mails,wireless andmobile technology [1]. E-learning
offers various benefits like increased accessibility to infor-
mation, better content delivery, personalized instruction,
content standardization, accountability, on-demand, avail-
ability, self-pacing, interactivity, confidence, and increased
convenience [2]. Due to the benefits mentioned above, many
educational institutions are focusing on e-learning. To orga-
nize the learning content in e-learning, learning management
systems (LMSs) are typically used. Learning management
system can be defined as an “infrastructure that delivers and
manages instructional content, identifies and assesses indi-
vidual and organizational learning or training goals, tracks
the progress towards meeting those goals, and collects and
presents data for supervising the learning process of an orga-
nization as a whole” [3]. Typically, the courses in LMS
consists of learning objects (LOs). The IEEE Learning Tech-
nology Standards Committee (LTSC), in Learning Object
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Metadata Standard, defines a LO as “any object, digital or
non-digital, that may be used for learning, education or train-
ing” [4]. Generally, LMSs deliver the same kind of course
structure and LOs to each learner [5–7] as teachers develop
courses based on their preferable teaching methods without
considering learners’ characteristics. This is termed as “one
size fits all” approach. But, each learner has different char-
acteristics, and therefore, a “one size fits all” approach does
not support most learners particularly well.

Personalization in LMS refers to the functionality which
enables the system to uniquely address a learner’s needs and
characteristics such as levels of expertise, prior knowledge,
cognitive abilities, skills, interests, preferences and learning
styles [8] so as to improve a learner’s satisfaction and per-
formance within the course. The personalization can ensure
that learners’ get different attention, according to their needs.
To make LMSs personalized, recommender systems can be
integrated into LMSs to recommend learning material based
on what worked well or was perceived as useful for similar
learners. Personalization in the form of recommendations for
resources and learning materials is an area that has gained
significant interest from researchers recently. Recommenda-
tions exhibit prominent social behavior in day-to-day life
[9]. For example, websites like Google [10], Yahoo! [11],
Amazon [12], ebay [13] and Netflix [14] provide a personal-
ized mechanism to support users by presenting information
that is assumed to be more interesting to them. Often, users
need some kind of support in their decisions [15] as they get
overwhelmed by the huge amount of available information.
Many times, users find particular information interesting if
someone has provided a recommendation of it. Such suc-
cessful integration of recommender systems in e-commerce
has prompted researchers to explore similar benefits in the
e-learning domain [16,17] since the integration of recom-
mender systems in e-learning has high potential for achieving
advanced personalization. For example, in an academic envi-
ronment, the course contents are generally static. But each
learner is different and has different learning needs. There-
fore, recommender systems can benefit learners by providing
personalized recommendations on which learning objects
to focus on next. Furthermore, because of the complexity
of some courses in terms of their structure, learners might
overlook some of the useful learning objects. Again, recom-
mender systems can help in such situations by suggesting to
look at such learning objects, if those learning objects were
found to be essential to look at by other similar learners. This
is particularly helpful since in the context of e-learning, learn-
ers learn at their own pace, and have no feedback from other
peers on the usefulness of learning objects. Given the high
potential of recommender systems for e-learning, this paper
focuses on the research question “How to integrate a recom-
mendation approach in LMSs to find and recommend useful
learning objects within a course, considering the learning

object they are visiting as well as the learning objects visited
by other learners with similar profiles to facilitate learner’s
learning?”. To answer the research question,we introduce the
personalized learning object recommender system (PLORS)
which can be integrated into LMS to provide personalization
to learners. The main key features of the system are:

• It considers learners’ profiles consisting of learners’
learning styles, expertise level, prior knowledge and per-
formance to provide advanced personalization.

• It forms a neighborhood of learners based on their pro-
file and discovers associations among learning objects
(through association rule mining) that led to identifying
the useful learning objects visited by other similar learn-
ers. The approach to find the neighborhood of a learner
is advanced as it is considering different characteristics
of the learners such as their learning styles, prior knowl-
edge, expertise level and performance within the course.
Accordingly, we get more similar learners in a neigh-
borhood, which enables our approach to generate more
suitable recommendations that fit to the learners’ need
more accurately.

• It creates a personalized list of recommendations of learn-
ing objects to be presented to an individual learner based
on the navigation history of members of his/her neigh-
borhood.

• Information on whether or not a certain learning object
was helpful for a particular learner is retrieved through
association rule mining among the learning objects vis-
ited by him/her and other similar learners instead of
asking him/her to provide a rating on the visited learning
objects.

The organization of this paper is as follows. The fol-
lowing section reviews the relevant literature on providing
personalization through recommender systems. Section 3
discusses the architecture of the personalized learning object
recommender system. Section 4 concludes the paper by sum-
marizing the main contributions of our work and presenting
future directions.

2 Related work

Recommender systems support individual user in making
decisions from vast available choices by recommending
the appropriate choice(s) based on behavior or opinions of
a group with the similar characterstics/behavior. Recently,
some recommender systems have been applied in the e-
learning domain. This section describes such works in two
directions: First, we discuss research works focusing on pro-
viding recommendations based on the activities done by
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learners in the course. These works mainly use association
rule mining to find the associations among the activities done
by learners and then provide recommendations to the indi-
vidual learner.In these works, recommendations are based on
learners’ activities in a course rather than learner character-
istics, needs and/or profiles. Second, we describe research
works in which recommendations were provided to learners
based on other similar learners having similar characteris-
tics/attributes. These works either used clustering techniques
which uses learners’ characteristics to form groups or calcu-
late the similarity between the learners based on the ratings
provided by them. Subsequently, they looked at what worked
well for other similar learners and provided respective rec-
ommendations. Research work falling under the first group
used association rulemining to generate rules based onwhich
recommendations were provided to learners. For example,
Zaiane [18] built a recommender agent that provides recom-
mendations of learning activities within a course based on
learner access histories. Khribi et al. [19] developed a rec-
ommender system based on the learners’ recent navigation
histories, and similarities and dissimilarities among the con-
tents of the learningmaterials.Markellou et al. [20] proposed
a framework for personalized e-learning. The personalization
is done based on the domain ontology and the association
among the usage profiles. The system uses Apriori algorithm
for finding association rules. The recommended learning
materials were determined based on the domain ontology.
Furthermore, Liu and Shih [21] used association rule mining
as basis for their material recommendation system. The sys-
tem analyzes the logs to look into learner’s learning behavior
and to identify the associations between the learning course
content. The system used the behavior of previous learners
to recommend the learning content.

The first group of research works mainly considers the
web usage data of the learners’ in a course and associations
between the activities of learners in a course. These works
focus on grouping similar learners based on their activities in
a course. Our work is different from the above-cited works as
weare grouping similar learners basedon their characteristics
(e.g., learning styles, prior knowledge, expertise levels and
performance) as opposed to the activities,which has potential
to allow for a more accurate grouping since we are consider-
ing the basic explanation behind learners’ behavior (e.g., not
much background knowledge, a certain learning style) rather
than just the actions themselves.

The second group of research works finds similar learners
based on the characteristics and then recommendations are
provided based on the information from the similar learners.
For example, Tang and McCalla [22] proposed an evolving
web-based learning system that finds the relevant content
from the web. They used a clustering technique to cluster
the learners (based on their learning interests) to calcu-
late learners’ similarities for content recommendation. Tai

et al. [23] proposed a course recommender system based
on self-organizing maps and data mining techniques. Self-
organizing maps were used to categorize learners based
on similar interests into groups. Then a data mining tech-
nique was used to draw the rules of the best learning path
for each group of learners. Kerkiri et al. [24] proposed a
framework that uses reputation metadata in a recommender
system. The reputation metadata was the ratings of learn-
ing resources provided by the learners. The system used
learning object metadata and the learners profile based on
PAPI [25]. The registered learners were requested to pro-
vide information for their profile including qualifications,
skills, licenses, etc. The similarity between the learners was
calculated using the Pearson’s r correlation coefficient. Hav-
ing all the information about learners and learning resources
(metadata and reputation metadata), collaborative filtering
was applied to recommend personalized learning resources.
The recommendations of learning material were based on
the learners’ ratings. Their experiment shows that such rec-
ommendations help in increasing learner’s satisfaction level.
Yang et al. [26] proposed a personalized recommendation
algorithm for curriculum resources based on semantic web
technology using domain ontology. The algorithm first gath-
ers curriculum resources of interest based on user evaluation
and user browsing behavior. Yang et al. [26] assume that
“different users evaluate different core concepts, according
to domain knowledge, as there is a certain similarity between
core concepts, so there are similarities between the user’s
interests”. Therefore, similarity among users can be calcu-
lated from the similarity between core concepts. The users
were asked to provide ratings to the learning resources. The
similarity among learners was computed based on their rat-
ings. Then the interest degree of users is calculated for each
interest category of the nearest neighbors, and finally rec-
ommendations were provided based on the interest of the
nearest neighborhood. Ghauth and Abdullah [27] developed
an e-learning content based recommendation system. The
system was based on vector space model and learners’ rat-
ing. The system considered rating of only those learners who
had studied learning material and got marks higher than
80 %. Mojtaba and Isa [28] proposed a recommender sys-
tem to suggest e-learning material. They model the learning
material in multidimensional space of material’s attributes
like authors’ name, subject, price and educational level. The
learners were modeled in a way so that the learning material
attributes can be considered. To consider learning material
attributes in learner profiles, learners’ ratings were used. The
recommendations were generated based on content-based,
collaborative-based and hybrid-based methods. The research
works mentioned in the second group provide recommenda-
tions based on other similar learners. However, these works
mainly used the learner interest and learners’ ratings as the
parameter for generating groups. In the e-learning area, we
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generally do not have ratings for the content. If a learner is
asked to provide ratings for each learning object in a course,
it puts a great deal of exertions on the learner. In our work,
we aim at providing automatic recommendations without
requiring any additional effort from learners. Instead of using
ratings to identify the usefulness of learning objects, we use
associations among the learning objects visited by him/her
and other similar learners.

Furthermore, our work is different as it considers learn-
ers’ characteristics, including their learning styles, expertise
level, skills and prior knowledge, along with their perfor-
mance in the course. By recognizing similar learners based
on the several characteristics, we believe to place a learner
togetherwith learnerswho learn in a verymuch alike fashion,
leading to more accurate recommendations.

3 PLORS: personalized learning object
recommender system

In this section, we introduce the Personalized Learning
Object Recommender System (PLORS) which provides rec-
ommendations of learning objects within a course. The aim
of the system is to enable LMSs to provide recommendations
to learners, considering the learning object they are accessing
as well as the learning objects visited by other learners with
similar profiles. Currently, PLORS can provide the recom-
mendations for the following types of learning objects (LO)
but can easily be extended if needed.

1. Commentary—through commentary, learners get a brief
idea on what the unit is about.

2. Content objects—these are the learning materials of
the course. They are rich in content. They provide the
description and the explanation of the concepts covered
in the unit of the course.

3. Reflection quizzes—these contain open-ended questions
about the concepts covered in the unit. These questions
aim at encouraging learners to reflect about their knowl-
edge of the learned material.

4. Self-assessment tests—these tests include several closed-
ended questions about the concepts of a unit. By attempt-
ing these tests, learners can check their understanding of
the concepts of the unit since they receive immediate
feedback on whether their answers were correct or not.

5. Discussion forum—through discussion forums, learners
can ask questions or can join/initiate a discussion topic
with their peers and instructor.

6. Additional reading materials—these materials provide
additional sources for reading about the topics in the unit.
For example, they can includemore detailed explanations
of the topic or advanced concepts related to the topic.

7. Animations—animations explain the concepts of the unit
in an animated multimedia format.

8. Exercises—through exercises, learners are asked to do
some practical work. This helps the learner to practice
what they have learned in the course.

9. Examples—Examples are used to illustrate the theoreti-
cal concepts in a more concrete way to make them more
understandable to learners.

10. Real-life applications—these learning objects demon-
strate how learners can apply the learned material in
real-life situations.

11. Conclusions—summarize the topics learned in a unit.

A course can be divided into different units and unit can (but
not necessarily) have several sections. In each section, there
can be different number and types of LOs. Figure 1 shows an
example of such a course. The course consists of seven units.
Unit 0 contains only two types of LOs namely Commentary
and Digital Reading Room Activity while Unit 1 consists of
nine types of LOs (Commentary, Learning objectives, Addi-
tional reading materials, Examples, Real-life applications,
Self-assessment quiz, Reflection quiz, Forum activity and
Conclusion). The PLORS uses information about learners’
behavior through accessing log data tracked by the LMS,
which includes what learning objects have been visited by
each learner and how much time he/she spent on each learn-
ing object. This is information that every LMS typically
tracks.

In order to provide recommendations, PLORS finds the
neighbors of a learner who have similar characteristics. We
aremaking the assumption that since learners within a neigh-
borhood are similar to each other, learning objects visited
by one learner can be beneficial to other similar learners.
The overall aim of PLORS is to provide recommendations
of learning objects to the learner in a situation where the
learner is visiting different learning objects than other similar
learners. For example, a learner may be advised to consult
some unread material that other similar learners have read
before attempting a particular reflection quiz. PLORS has
been designed to be integrated in any LMS and consists of
four modules that gather information about learners (Learner
Modelling Module), create neighborhoods (Neighborhood
generationmodule), generate recommendations (recommen-
dation generation module), and display recommendations to
learners (Recommendation displaymodule). Figure 2 depicts
the architecture of PLORS. In the next subsections, the four
main modules of PLORS are discussed in further detail.

3.1 Learner modelling module

The Learner Modelling Module aims at generating and
updating the Learner Model. The Learner Model contains
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Fig. 1 Structure of a course containing different learning objects

information gathered from the learner, i.e., personal informa-
tion (first name and last name), previous knowledge (related
to the course), expertise level (i.e., Beginner, Intermediate
or Expert), learning styles and performance. When learners
register in the LMS through a registration form, the Learner
Model is initialized. During the registration, learners provide
personal information like first name and last name, which is
stored in the LearnerModel. Furthermore, once they enroll in
a certain course, they are asked about their prior knowledge

and expertise level specific to that course. Figure 3 shows the
interface that is used to collect this information for a course
on Computing and Information Systems.

In addition, the Learning Module aims at gathering infor-
mation about the learning styles of learners. Every learner
learns in a different and uniqueway, as each one has their own
preferences, need and approaches toward learning. These
individual differences are coined as learning styles. Accord-
ing to Dunn et al. [29] learningstyles can be defined as
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Fig. 2 Architecture of PLORS

Fig. 3 Interface for gathering expertise level and prior knowledge information

“unique manners in which learners begin to concentrate on,
process, absorb, and retain new and difficult information”.
Learning styles are important in understanding how a learner
learns and participates in learning activities. More specifi-
cally, a learner’s learning style is theway to gather and under-
stand the information. There are manymodels about learning
styles in literature like Kolb [30], Honey and Mumford [31]
andFelder andSilverman [32]. To identify the learning styles,
the Learner Modelling Module uses a well-investigated and
commonly used questionnaire, called Index of Learning
Styles (ILS) [33] developed by Felder and Solomon, which
identifies the preferences of learning in four dimensions
based on the Felder–Silverman Learning Style Model [32].
These four dimensions are: active/reflective, sensing/intu-
ition, visual/verbal and sequential/global. At the time of
registration, a learner is asked tofill out the ILSquestionnaire,
consisting of 44questions.Basedon a learner’s responses, the
result is calculated as four values between+11 and−11 indi-
cating the preference on eachof the four learning style dimen-
sions. These four values are stored in the Learner Model and
are used as the identified learning styles of learners.

Furthermore, performance data are stored in the Learner
Model. Performance data describe a learner’s performance
in the course. The performance data are gathered from the

learner’s performance on assignments and quizzes that count
towards a learner’s final grade.

3.2 Adaptivity recommendation module (ARM)

This module is responsible for creating and displaying rec-
ommendations based on other similar learners’ profile. ARM
has three main steps: neighborhood formation, rule genera-
tion, and recommendation display. Each step is discussed in
the next subsections in more detail.

Neighborhood formation module In PLORS, we assume that
if a learner visits particular LOs then those LOs might be
helpful to other similar learners who have not yet visited
those LOs. These other similar learners build the neighbor-
hood of a learner and are learners with similar characteristics
(i.e., learning styles, prior knowledge, expertise level and
performance). The purpose of the neighborhood formation
module is to find such other similar learners. There were
two main requirements for our algorithm to build a neigh-
borhood: (1) the number of learners in the neighborhood of
a particular learner should not be predefined but flexible and
(2) the neighborhood should include the data points (learners)
that are close to another. Based on the above stated require-
ments, our approach for finding similar learners is different
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from traditional clustering algorithms.Our approach does not
demand the number of neighborhoods or neighbors as input
a priori and can use a distancemeasure to place a learner only
together with learners who have very similar characteristics.

To find the neighborhood, we use an algorithm that
describes each learner, Li (i = 1, . . .,m) as a vector whose
components are the values of learner’s learning styles, prior
knowledge, expertise level and performance. Each learner
vector consist of learner’s four learning style values (between
+11 and −11), prior knowledge in the area of Human and
Computer Interaction, Input and Output of Interactive Tech-
nologies, Application Interface and User Interface (1 mean
that learner have the prior knowledge in that the area and
0 mean learner does not have any prior knowledge in that
area), expertise level as Beginner, Intermediate or Advanced
(0 means that learner does not possess that particular exper-
tise level and 1mean that learner have the particular expertise
level) and the learner’s performance value within the course.
For example learner 1 can be represented as following:

The number of registered learners in a specific course is
denoted by m. The algorithm computes similarities between
learners based on the commonly used distance measure,
Euclidean distance. Euclidean distance is used because we
assume that all attributes of learners are of same importance.
As mentioned before, we are using different characteristics
of learners including learning styles, expertise level, prior
knowledge and performance. Each characteristic has a dif-
ferent scale of values. To ensure the equal impact of each
characteristic, we normalize the data between 0 and 1. Once
the characteristics values are normalized, Euclidean distance
is used to compute the similarity between learners based on
their characteristics. Euclidean distance (Li , L j ) is the dis-
tance between the vectors representing two learners. The
formula to calculate the Euclidean distance between two
learners is shown in Formula (1).

Euclidean_distance (Li , L j ) =
√
√
√
√

n
∑

k=1

(Lik − L jk)2, (1)

where Lik denotes the characteristic k of learner iand n is
the number of characteristics of the learner. In order to cal-
culate the neighborhood of a learner, a threshold t is used as
radius for the neighborhood. Accordingly, for a learner Li ,
we consider every other learner L j ( j = 1 . . .m and j ! = i)
as a member of the neighborhood if Euclidean_distance
(Li , L j ) ≤ t . To determine a suitable value for a threshold
t , we assume that two learners can be considered as similar
if the difference between each characteristic is on average

Table 1 Example of transactions

Learner ID Unit
number

Learning objects visited by the learner

1 1 {Commentary, learning objectives, reflection
quiz}

2 1 {Commentary, learning objectives, forum}

3 1 {Learning objectives, reflection quiz}

4 1 {Commentary, reflection quiz}

5 1 {Learning objectives, reflection quiz, forum}

equal or lower than 0.25 (on a scale from0 to 1). Accordingly,
the Euclidean distance between two such learners would be
0.66. Therefore, we consider 0.66 as threshold to calculate
the neighborhood.

Recommendation generationmoduleTogenerate recommen-
dations, association rulemining [34] is used.Association rule
mining is a technique of finding associations and relation-
ships among the itemsets. Given an itemset I (in our case a set
of learning objects visited by the learner), and a transaction
T ⊂ I is defined as set of learning objects visited by similar
learner in a unit. An association rule between two sets A and
B, such thatA, B⊂ I andwhere A and B are two disjoint item-
sets (i.e., sets with no common items). This means that the
learning objects visited in the set A in the transaction T indi-
cates a strong probability that learning objects visited in the
set Bare also present inT .Such an association rule is symbol-
ized asA⇒B. Table 1 shows an example of such transactions
belonging to one particular unit (e.g., unit 1). For example,
such rule could be {Commentary} ≥ {LearningObjectives}.
The rule suggests that learnerswhohavevisited theCommen-
tary learning object in unit 1 have also visited the Learning
Objectives of unit 1.

The association rules are evaluated based on two mea-
sures namely, support and confidence. Support is defined as
the percentage of the transactions containing both A and B
among all transactions [34]. The formula to calculate support
is shown in Formula (2).

Support(A => B, T )

= Number of transactions containing A ∪ B

Total number of transactions
(2)

Confidence is defined as the percentage of transactions that
contain B among transactions that contain A [34]. The for-
mula to calculate confidence is shown in Formula (3).

Confidence(A => B, T )

= Number of transactions containing A ∪ B

Number of transactions containing A
(3)

For example, let us consider an association rule with support
0.5 and confidence 0.7.
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Fig. 4 Process of Apriori algorithm to find large itemset

{Commentary, Additional Reading Material}
=> {Self − Assessment Test}

This means that there is likelihood that learners who visited
LOs namely, Commentary and Additional Reading Material
also visited Self-Assessment Test (with confidence 70 %).
The support value represents the fact that the itemset {Com-
mentary, Additional Reading Material, and Self-Assessment
Test} was present in 50 % of similar learners’ transactions.
Association rule discovery methods initially find sets of
items occurring frequently together in transactions, satisfy-
ing a minimum support (minsup) criteria. Such itemsets are
referred as frequent itemsets. The goal of association rule
mining technique is to find all the rules from transactions,
T having support≥minsup threshold and confidence≥min-
conf threshold [34].Weprogressed to the association rule dis-
covery by applying the Apriori algorithm [35]. The Apriori
algorithm is used to control the growth of candidate itemsets
based on Apriori principle, which states “Any subset of fre-
quent itemset must be frequent” [34,35]. The candidate item-
sets (denoted by C) are the sets of itemsets that require vali-
dation that they confirm the requirement (support ≥ minsup
and confidence ≥ minconf). The frequent itemsets (denoted
by L) are the largest possible sets, containing common items
(in our case are the LOs visited by similar learners).

Apriori algorithm discovers the frequent itemsets in
repeated iterations. For every similar learner, the transaction
ID and eachLOvisited in a unit ismaintained.At first step, all
visited LOs are placed as candidate 1-itemset, and their sup-
port count is recorded. FromFig. 4, the large itemsets (L1) are

generated by removing LOs having minimum support (min-
sup). The large items are also called frequent 1-itemset. In
the subsequent step, candidate itemset (Ck) are generated by
joining Lk−1X Lk−1. The candidate itemsets whose subsets
are infrequent are discarded. And the remaining Ck itemsets
are used for finding frequent k + 1 itemsets (large item-
sets). An example is illustrated in Fig. 4 to show the detailed
process ofApriori algorithm.This example includes a sample
database, which contains ten transactions where each trans-
action denotes the learning objects visited by similar learners
in unit 1. The minimum support value is set to be 0.5. This
example shows how Apriori algorithm finds large itemsets.

After obtaining large itemsets, the association rules are
generated based on minimum support and minimum confi-
dence value. Figure 5 shows an example of finding rules.
Here, minimum confidence value is 0.7.

Based on above figure, the itemset {LearningObjectives
Commentary} would be discarded as the confidence value is
0.62 which is less than the minimum confidence value (0.7).
Accordingly, following rules would be generated:

1. Commentary ⇒ LearningObjectives Support = 0.5;
Confidence = 0.83

2. LearningObjectives ⇒ Forum Support = 0.6; Con
fidence = 0.80

3. Forum ⇒ Learning Objectives Support = 0.6; Con
fidence = 0.85.

To provide recommendations to a learner, PLORS consults
the association rules to check for mismatches between the
learning objects visited by the current learner and the learning
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Fig. 5 Generation of
association rules

Fig. 6 Example of personalized recommendations

objects visited by the learners within the neighborhood. For
example, suppose the current learner has not visited Learn-
ing Objectives yet and he/she is trying to visit Forum, but
other similar learners in his/her neighborhood have visited
Learning Objectives before visiting Forum. In such case, the
recommendation to be provided (to the current learner) is to
visit Learning Objective before Forum. Such recommenda-
tions are then passed to the recommendation display for being
presented to the learner. Recommendation display module
This module is responsible to display the personalized rec-
ommendations to the learner in an informative, precise and
simple way. Recommendations are provided as a block on
course page. Blocks are items that are added to the page of
LMS (in our case we use Moodle LMS). The recommen-
dation block is made sticky so that recommendations are
shown on every page of the course. Recommendation block
includes links to the recommended learning objects so that

the learners can go to these learning objects easily. When the
learner clicks on any recommended learning object link then
the learning object get opened. In case, where there are no
Los for recommendation then a message is shown to learner
(i.e., there is no recommendation available for you. Please
check back at later time!). Figure 6 shows an example of a
recommendation for a learner.

In the example, when the learner tries to attempt learning
object in a course (i.e. Reflection Quiz), the recommender
system recommends two learning objects namely, Learn-
ing Objectives and Forum. The learner may choose to visit
Learning Objective first by clicking on the respective link. In
this case, Learning Objective gets open. Or, if learner wants,
he/she can open all the recommendations as separate tab.
When the learner tries to attempt Reflection Quiz again, then
the new recommendation is generated based on other similar
learners’ learning experience.
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4 Conclusions and future work

This paper introduces the PLORS which integrates a recom-
mender system approach into learningmanagement systems.
PLORS provide recommendations on which learning objects
within a course are more useful for learners, considering
the learning object he/she is visiting as well as the learning
objects visited by other learners with similar profiles. The
recommendation mechanism uses association rule mining to
find the association between LOs and a neighborhood algo-
rithm. The main contributions of the work are: first, to find
similar learners, our system does not consider ratings given
by learners as done in most of the traditional recommender
systems. Instead, it uses different characteristics/attributes of
learners like learning styles, previous knowledge, expertise
level, and performance to identify highly similar learners.
Secondly, the usefulness of a learning object is not based
on learners’ rating as done in most recommender systems.
Instead of that, PLORS looks into other learners’ navigation
history and find the set of LOs which were commonly vis-
ited by other similar learners in the course. Third, in most
of the previous works similar learners are found by using a
clustering approach. In our work, we consciously decided
against a clustering algorithm. Clustering algorithms typi-
cally aim at assigning each learner to a group/cluster. This
leads to several relevant drawbacks such as the risk of cre-
ating clusters that include data points (or learners) that are
actually not too close, the risk of getting different clusters
when running the same clustering algorithm again, mean-
ing that the clustering algorithm does not always group the
nearest data points (or learners), or the need for a predefined
number of clusters. Since our aim is to find learners who
are close to a particular learner, a neighborhood approach is
more accurate and free of the above mentioned drawbacks.
By using such neighborhood approach, we expect to place a
learner only together with learners who learn in a very simi-
lar way, and use the experience of similar learners to provide
accurate recommendations. Fourth, while most other works
focus on using recommender system in particular e-learning
systems, the aim of our work is to integrate a recommender
system into any LMS. LMSs are commonly used by educa-
tional institutions and by enhancing LMSs with personalized
functionality to provide individual recommendations, teach-
ers can continue using the systems that they are already using
for online learning and learners are receiving additionally
some personalized support. The provided recommendations
can help learners to better navigate the course, and there-
fore can improve their learning performance and satisfaction.
Currently, we are providing recommendations of learning
objects within a course. As a future work, we will extend the
system to additionally provide recommendations of learning
objects from the web based on other similar learners’ pro-
files.
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