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Abstract. Many recent studies have proposed several e-learning personalization
systems that could be used in the learning field. In particular, the divergence of
the personalization parameters used in the literature makes the selection of the
appropriate personalization strategy to apply for a given course complicated.
Therefore, this paper presents a web-based system which aims to help teachers
select the appropriate combination of personalization parameters for a
personalization strategy for a given course. The selection process made by the
system is based on Dynamic Programming. Thirty one student-teachers
participated in evaluating the system using Technology Acceptance Model
(TAM) questionnaire. The obtained results were very promising where the
student-teachers revealed a high perceived ease of use and usefulness toward the
system. Besides, they reported that they are willing to use the system in the future
to select the appropriate personalization strategy of a given course.

Keywords.  e-learning, adaptive learning, dynamic  programming,
Personalization.

1 Introduction

Traditional learning has usually followed one size fits all approach without taking
into consideration the differences between learners [1]. This can affect negatively
the learning process and its results. With the Advances of Technology Enhanced
learning (TEL), researchers have thought of using personalized learning systems
where the learners’ individual needs are considered [2]. According to the National
Academy of Engineering [1], advance personalized learning is one of the 14 most
important challenges of the 21st Century.

However, many personalization parameters are proposed in the literature which
can be used during learning personalization. For instance, Essalmi et al. identified
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19 personalization parameters in [3, 4]. These parameters include fifty nine learner
characteristics. Thus, each concept of a course should be represented in fifty nine
ways (learning objects) in order to satisfy all learner characteristics. This is time
consuming and not motivating, since learners have to answer different
questionnaires related to each personalization parameter which are long. For
example, to know the personality of a learner, he/she has to answer the Big Five
Inventory (BFI) questionnaire [S] which contains forty four questions. Besides,
teachers have to spend a lot of time creating the required fifty nine Learning
Objects (LO) which is very hard and complicated. Therefore, the main research
question that this paper aims to answer is How to select the appropriate e-learning
personalization strategy for a specific course?

In this context, this paper presents a new approach for the analysis and selection
of the appropriate personalization strategy. It is based on the Dynamic
Programming method which is widely used in the operations research field to find
the optimal solution of a given problem. The proposed approach takes into
consideration two criteria which are as follows:

e Maximize the availability of LOs, based on the learner characteristics for a
particular personalization parameter, of a given course.

e Minimize the time spent by learners answering questionnaires related to a
particular personalization parameter.

The rest of the paper explores the proposed research question as follows: section
2 presents a literature review regarding personalized learning systems and the
available metrics for the analysis of the personalization strategies. Section 3
presents the proposed approach and the implemented system used to select the
appropriate personalization strategy. Section 4 presents the conducted experiment
to validate the proposed system. Finally, section 5 concludes the paper with a
summary of the findings, the limits and potential research directions.

2 Literature Review

Applying one size fits all strategy in learning can affect negatively learners’
learning motivation and performance. Therefore, learning experiences should be
personalized according to each learner’s profile. This profile contains the
characteristics of a learner. This section presents examples of developed
personalized systems in the literature. Besides, it investigates the proposed
approaches or methods to select the appropriate personalization strategies.
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2.1  Personalized Learning Systems

Personalized learning systems aim to identify the learners’ needs and apply the
learning strategies that best fits them. Uniform learning approaches can make
learners perform poorer academically [6]. Various personalized systems are
developed based on different personalization parameters. For example, ML-Tutor
[7] is an adaptive web-based information system which uses learning goals as a
personalization parameter. Interbook [8] uses the learner’s level of knowledge to
serve a personalized learning experience. There are also several e-learning
personalization systems which use a combination of personalization parameters.
For instance, EDUCE [9] allows the personalization of the course according to the
learning goals and Gardner’s multiple intelligences [10]. In DCG [11], the
personalization of learning is based on the learner’s level of knowledge and
learning goals. AST [12] is a system which is based on a conceptual model of the
domain of introductory statistics adapted to the learner’s level of knowledge, media
preferences and learning goals. Other studies have attempted to integrate learning
styles as a personalization parameter of learning scenarios. In this context, Oscar
CITS [13] is an adaptive educational system which provides learners with
personalized course according to the Felder—Silverman learning style and the
learner’s level of knowledge.

Table 1 summarizes this section by presenting the six personalized learning
systems described above. In particular, the second column presents the
personalization parameters that each system used.

Table 1. Examples of personalized learning systems.

Personalized e-learning systems Personalization parameters

MLTutor [7] Learning goals

Interbook [8] Learner’s Level of knowledge

EDUCE [9] Learning goals, Gardner’s multiple intelligences

DCG[11] Learner’s level of knowledge, learning goals

AST [12] Learner’s Level of knowledge, Media preferences, learning goals

Learner’s level of knowledge, dimensions of the Felder-Silverman

Oscar CITS [13] learning style

As shown in table 1, the presented systems combine at most three personalization
parameters to serve a personalized learning strategy. However, there are several
combinations of personalization parameters which have not been applied yet on a
given course. Therefore, the next section investigates the proposed methods to
select the appropriate personalization strategy for a given course.
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2.2 Personalization Strategies

Before applying a personalization strategy for a particular course, the teacher has to
select the combination of personalization parameters to use. There are 524287
=12, (}° possible combinations when considering the subset of personalization
parameters generated from the 19 personalization parameters presented in [4]. Thus,
the selection of the personalization strategy to apply for a particular course could be
based on the personalization parameters that require less creation of extra LO by
the teacher. In this context, some research works, in the literature, proposed some
techniques for rating the personalization parameters according to the available LOs
in a given course. For example, Essalmi et al. presented in [14] four metrics for
evaluating the personalization parameters according to the available LO, namely
CRCH, CRP, CRCHDegree and CRPDegree. In particular, CRCH and CRP are
based on Boolean logic. However, CRCHDegree and CRPDegree are based on
fuzzy logic. Furthermore, Essalmi et al. presented metrics which aim to evaluate
the personalization strategies composed of more than one personalization
parameter [4].

The next section presents a new system which analyzes the given personalization
parameters and select the appropriate combination of parameters to use in a
personalization learning strategy.

3 MSPSS System

To simplify the task of a teacher when it comes to selecting the appropriate
personalization strategy for a given course, a web-based system called Most
Suitable Personalization Strategy Selector (MSPSS) is developed. The main
objective of this system is to guide the teacher’s decision regarding the appropriate
combination of personalization parameters to use in personalization strategy of a
course. The proposed system is based on Dynamic Programming which is an
algorithmic method formalized by the mathematician Richard Bellman in the 1950s
[15] for solving complex optimization problems by breaking them down into a
number of overlapping sub-problems. This method is used in many domains, such
as image processing [16] and bioinformatics [17, 18]. MSPSS uses two values
which are as follows:

Satisfaction value: It is calculated based on the availability of LOs of a given
course according to a personalization parameter. This value ranges from 0 (no LO
available for the learner characters) to 1 (each learner character has a LO). In this
context, Essalmi et al. proposed in [14] a CRCH metric which calculates the
satisfaction value of six personalization parameters within the Microsoft Excel
course. These values are presented in table 2.
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Table 2. Satisfaction value of the personalization parameters in the Microsoft Excel course.

Personalization parameters Satisfaction value
Learner’s level of knowledge 0.37

Media preference 0.87
Honey & Mumford learning style 0.27
Active/reflective dimension of Felder— Silverman learning style 0.87
Sequential/Global dimension of Felder— Silverman learning style 0
Visual/verbal dimension of Felder— Silverman learning style 0.56

Assessment time value: It is the time that a learner could spend answering a
questionnaire regarding a personalization parameter. This value could vary from a
questionnaire (or test) to another. To define each assessment time value within
MSPSS, 35 learners (25 girls, 10 boys) from a public university in Tunisia have
participated in an experiment where they answered different assessment
questionnaires regarding the different personalization parameters presented in table
2. Then, for each questionnaire, the average assessment time value is calculated.
These values are presented in table 3.

Table 3. Assessment time value of the personalization parameters.

Personalization parameters Assessment tests A's sessment
Time value

Learner’s level of knowledge Microsoft Excel test 6

. Affective profile
Media preference questionnaire [21] 1
. Learning style

Honey & Mumford learning style questionnaire [20] 15

Active/reflective dimension of Felder— Silverman  Index of learning style 3

learning style questionnaire [19]

Sequential/Global dimension of Felder— Silverman  Index of learning style 3

learning style questionnaire [19]

Visual/verbal dimension of Felder— Silverman Index of learning style 3

learning style questionnaire [19]

To select the most appropriate personalization strategy, MSPSS chooses the
personalization parameters which have the highest satisfaction value within a
course and also the lowest assessment time. Table 4 presents an example of an
input, using the six personalization parameters (i), which is given to MSPSS
regarding Microsoft Excel course.
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Table 4. Example of an MSPSS input according to the Microsoft Excel course.

. . Assessment
. NN Satisfaction ~ .
i Personalization parameters .. time value
value (vi) .
(wi)
1 Learner’s level of knowledge 0.37 6
2 Media preference 0.87 1
3 Honey & Mumford learning style 0.27 15
4 Active/reflective dimension of Felder— Silverman learning style 0.87 3
5 Sequential/Global dimension of Felder— Silverman learning style 0 3
6  Visual/verbal dimension of Felder— Silverman learning style 0.56 3

Using the dynamic programming, this optimization problem will be solved as
follows: the teacher starts by fixing the maximum assessment time that the learner
should not pass (for example, W = 7 minutes), then, the dynamic programming
matrix will be filled using the recursive definition [22] as shown in (1) bellow,
from left to right, up to bottom.
0 ifi=0
mli,w] ={m( —1,w) if w, >w (D
max{m@i—1,w),m@i—-1Lw—-—w)+v} ifw,<w

i: It is the number of each personalization parameter (as shown in table 4, i ranges
from 1 to 6).

w;: It is the satisfaction value of the personalization parameter i.

v;: It is the assessment time value of the personalization parameter i.

w: It is the maximum assessment time given by a teacher (in this case 7min).

Table 5 presents the obtained Dynamic Programming matrix of the example
presented in table 4. The personalization parameters are presented, in rows,
numerated from 0 (initialization) to 6 while, the remaining time (w) is presented in
columns. Finally, the optimal result is obtained with a recursive trace-back of the
matrix starting from the last cell (Repeat fori=nto 1;ifm[i, w]>m[i- 1, w]
then the parameter i is included in the strategy, w= w - w;; else i is not included).

Table 5. The obtained dynamic programming matrix.

i\w 0 1 2 3 4 5 6 7

0 0 0 0 0 0 0 0 0

1 0 0 0 0 0 0 0.37 0.37
2 0 0.87 0.87 0.87 0.87 0.87 0.87 1.24
3 0 0.87 0.87 0.87 0.87 0.87 0.87 1.24
4 0 0.87 0.87 0.87 1.74 1.74 1.74 1.74
5 0 0.87 0.87 0.87 1.74 1.74 1.74 1.74
6 0 0.87 0.87 0.87 1.74 1.74 1.74 23
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As shown in Table 5, the selected personalization parameters after applying the
proposed method are: Media preference (i= 2), Active/reflective dimension of
Felder—Silverman learning style (i= 4), Visual/verbal dimension of Felder—
Silverman learning style (i= 6). Figure 1 presents the obtained results using
MSPSS. The three appropriate personalization parameters (media preference,
Active/reflective dimension of Felder—Silverman learning style and Visual/verbal
dimension of Felder—Silverman learning style) are highlighted in green.

#mmmmpems Parameters
# tick the preferred parameters: Addpammeter ' Gelfe besiskalegy
Assessment Satisfaction
# Personalization Parameters time value
v
media preferences 1 0.87 °
4 v q
3 0.87 °
6 v z : . 3 05
8 visualiverbal dimension of Felder-Silverman learning style model(Index of 3 0.56 o
learning style)
¥ level of knowledge (2 estionnaire) 7 o
- 1o of ay & I " S B0 4 15 097
Learning style of Honey & Mumford (Learning style questionnaire: 80 items 15 0.27 °
questionnaire)
¥ Sequentia ‘global dimension of Felder-Silverman learning style model(Index of o

Fig. 1. Screenshot of the obtained result using MSPSS system.

4 Experiment

This section validates the proposed system MSPSS. In particular, section 4.1
introduces the participants of the conducted experiment and presents the followed
procedure. Section 4.2 presents the used research instrument to validate the system.
Finally, section 4.3 lists the obtained results.

4.1  Participants

Thirty one computer science student-teachers from a public university in Tunisia
participated in validating MSPSS. They are all familiar with e-learning and
personalized learning research areas. At first, these student-teachers took an
overview about the main objective of this experiment. Then, they all used the
MSPSS to select an appropriate personalization strategy for a given course. Finally,
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their level of satisfaction toward the system was evaluated. The next section
presents the used instrument to evaluate the participants’ level of satisfaction
towards MSPSS.

4.2 Instrument

To evaluate the student-teachers’ level of satisfaction after using MSPSS, they
were asked to answer a Technology Acceptance Model (TAM) questionnaire. They
had to answer by giving points which range from 1: Strongly agree to 5: Strongly
disagree. TAM is a widely used model in information science [23]. Besides, it has
been used to validate different application such as electronic courseware [24] and
multimedia learning environment [25]. The questionnaire covers the four variables
of TAM which are [26]: (1) Ease of use (EOU) which defines the degree to which
the student-teachers find the system easy to use and free of effort, (2) Usefulness
(U) which defines the degree to which the student-teachers think that the system
will help them select the best personalization strategy for a given course, (3)
Attitude towards using the system (ATT) which defines the degree to which the
student-teachers report a favorable and positive attitude towards the system after
using it and, (4) Intention to use the system (INT) which defines the degree to
which the student-teachers are willing to use the system again in the future to select
the suitable personalization strategy for a given course.

4.3 Results

The medians and averages of the student-teachers’ answers to the questionnaire are
calculated. In general, an average and median near 1 indicate that they are satisfied
with MSPSS. However, an average and median near 5 indicate that the student-
teachers are dissatisfied with MSPSS. Table 6 lists the values of medians and
averages for the variables EOU, U, ATT and INT.

Table 6. Average and medians of user’s satisfaction while using the MSPSS system.

U EOU ATT INT
Average 1.58 1.95 1.66 2.17
Median 1.00 2.00 1.00 2.00

As shown in table 6, the student-teachers were satisfied while using MSPSS since
the averages and medians are far from 5 and range between 1 and 2. For instance,
the average of the student-teachers’ attitude toward using the system is equal to
1.66, while the median is equal to 1.
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5 Conclusion, Limits and Future directions

This paper presented a new system called MSPSS which can help teachers select
the appropriate personalization strategy for a particular course. The proposed
system is based on the dynamic programming method which is widely used in the
operations research field for solving complex optimization problems. In particular,
MSPSS chooses the personalization parameters which have the highest satisfaction
value within a course and also the lowest assessment time.

MSPSS was evaluated by thirty one student-teachers using TAM questionnaire.
The obtained results were very promising. In particular, they found the system,
useful and easy to use. Besides, they reported that they have a favorable attitude
toward the system and they are willing to use it in the future to select the
appropriate personalization strategy of a given course.

On the other hand, some limitations which may limit the generalizability of the
results are found. For example, the selected personalization strategy using MSPSS
of the given course Microsoft Excel was not evaluated with students.
Consequently, their feedback regarding the effectiveness of the proposed
personalization learning strategy was not collected.

Future directions focus on evaluating the personalized learning strategy selected
by the system MSPSS. This allows investigating the effectiveness of the proposed
system when it comes to the selection of the appropriate personalization strategy.
Besides, further metrics which allow calculating the satisfaction value will be
implemented within MSPSS. Consequently, compare the obtained personalization
strategies using different metrics.

References

[1] National Academy of engineering, Accessed in 20 December 2015 from:
http://www.engineeringchallenges.org/File.aspx?id=11574&v=ba24e2ed (2014)

[2] West, D. M.: Using technology to personalize learning and assess students in real-time.
Washington, DC: Brookings Institution. (2011)

[3] Essalmi, F., Ayed, L. J. , Jemni, M. , Graf, S.: A fully personalization strategy of E-learn-
ing scenarios. Computers in Human Behavior. 26, 581-591 (2010)

[4] Essalmi, F., Ayed, L. J. B., Jemni, M., Graf, S.: Generalized metrics for the analysis of e-
learning personalization strategies. Computers in Human Behavior. 48, 310-322 (2015)

[5] John, O. P., Srivastava, S.: The big five trait taxonomy: History, measurement, and
theoretical perspectives. Handbook of personality: Theory and research. 2, 102-138 (1999)

[6] Silver, M.: Trends in school reform. New horizons for learning. 5,2005 (2004)

[71 Smith, A., Blandford, A.: Mltutor: An application of machine learning algorithms for an
adaptive web-based information system. International Journal of Articial Intelligence in
Education. 13, 235-261(2003)

[8] Brusilovsky, P., Schwarz, E., Weber, G.: A tool for developing adaptive electronic
textbooks. on www. ERIC. (1996)

[9] Kelly, D., Tangney, B.: Incorporating learning characteristics into an intelligent tutor. In:
Intelligent Tutoring Systems. Springer, pp. 729-738 (2002)



68

R. Haddaji et al.

[10] Gardner, H.: Frames of mind: The theory of multiple intelligences. (1984)
[11] Vassileva, J., Deters, R.: Dynamic courseware generation on the www. British Journal of

[12]

[13]

[14]

[15]
[16]

[17]

[18]
[19]
(20]
[21]

[22]
(23]

(24]

[25]

Educational Technology. 29, 5-14 (1998)

Specht, M., Weber, G., Heitmeyer, S., Schoch, V.: Ast: adaptive www courseware for
statistics. In: Proceedings of Workshop" Adaptive Systems and User Modeling on the
World Wide Web" at 6th International Conference on User Modeling, UM97, pp. 91-95.
Chia Laguna, Sardinia, Italy (1997)

Latham, A., Crockett, K., McLean, D., Edmonds, B.: A conversational intelligent tutoring
system to automatically predict learning styles. Computers & Education. 59, 95-109
(2012)

Essalmi, F., Jemni Ben Ayed, L., Jemni, M., Kinshuk, Graf, S.: Selection of appropriate e-
learning personalization strategies from ontological perspectives*. Interaction Design and
Architecture(s) Journal. 65-84 (2010)

Bellman, r.: The theory of Dynamic Programming. California, Santa Monica: Rand
Corporation (1954)

Avidan, S., Shamir, A.: Seam carving for content-aware image resizing. ACM Transac-
tions on graphics (TOG). 26, 10 (2007)

Nakajima, N., Tamura, T., Yamanishi, Y., Horimoto, K., Akutsu, T.: Network completion
using dynamic programming and least-squares fitting. The Scientific World Journal. 2012
(2012)

Tsai, R. T., Lai, P. T.: Dynamic programming re-ranking for PPI interactor and pair
extraction in full-text articles. BMC bioinformatics. 12, 60 (2011)

Soloman, B. A., Felder, R. M. : Index of learning styles questionnaire. NC State Univer-
sity. Available online at: http://www. engr. ncsu. eduw/learningstyles/ilsweb. Html. (2005)
Honey, P., Mumford, A.: Learning styles questionnaire. Organization Design and
Development, Incorporated. (1989)

Chorfi, H., Jemni, M.: Perso: A system to customize e-training. In: 5th International
Conference on New Educational Environments, pp. 26-28 (2003)

Kleinberg, J., Tardos, E. : Algorithm design. Pearson Education India (2006)

King, W.R., He, J.: A meta-analysis of the technology acceptance model. Information &
Management. 43, 740-755 (2006).

Park, N., Lee, K. M., Cheong, P. H.: University instructors acceptance of electronic
courseware: An application of the technology acceptance model. Journal of Computer
Mediated Communication. 13, 163-186 (2007).

Saadé, R.., Nebebe, F., Tan, W.: Viability of the technology acceptance model in
multimedia learning environments: a comparative study. Interdisciplinary Journal of E-
Learning and Learning Objects. 3, 175-184 (2007).

[26] Davis, F. D., Bagozzi, R. P., Warshaw, P. R.: User acceptance of computer technology: a

comparison of two theoretical models. Management science. 35, 982-1003 (1989)



	10
Toward the selection of the appropriate e-learning personalization strategy
	Abstract.
	Keywords.
	1
Introduction
	2
Literature Review
	2.1
Personalized Learning Systems
	2.2
Personalization Strategies

	3
MSPSS System
	4
Experiment
	4.1
Participants
	4.2
Instrument
	4.3
Results
	5
Conclusion, Limits and Future directions
	References




