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Abstract. The specific contribution aims to provide a web-based adaptive 
Learning Management System (LMS), named EVMATHEIA, which integrates 
specific innovative fundamental aspects of Student Learning Style and Intelli-
gent Self-Assessment Mechanisms. More specifically the proposed adaptive 
system encapsulates an integrated student model that facilitates the decision 
about the learning style of the student monitoring his/her behavior. Further-
more, the platform utilizes semantic modeling techniques for the representation 
of the knowledge, semantically annotated educational material and an intelli-
gent mechanism for the self-assessment and recommendation process.  

Keywords: learning management systems, adaptive e-learning, user modeling, 
personalized learning, learning styles, assessment. 

1 Introduction 

It is commonly known that e-learning environments are widely spread in all levels of 
human education. The specific aspect has imposed scientific research to enhance the 
efforts in the field of adaptive and intelligent learning platforms aiming to contribute 
significantly in the provision of high quality services towards the end users of e- learn-
ing systems. Over the last years scientific research aim to provide integrated systems 
that are intelligent and adaptive, and special attention has been given to specific key 
features of the learning style of the student and the self-assessment mechanisms. 

The proposed EVMATHEIA platform aims to the provision of personalized learn-
ing adapted to student’s receptivity. Its main target is to deliver knowledge, through a 
web platform, to individuals based on their interactions with the system, reducing the 
interference of the tutor and the collaboration with other students. System’s key cha-
racteristic is the identification of student’s learning style providing educational  
content aiming to a faster study and easier learning. Furthermore, it provides a me-
chanism detecting student knowledge's weakness through intelligent evaluation of 
self-assessment questionnaires and stimulates him/her to study specific additional 
material.  



 Mining Student Learning Behavior and Self-assessment 71 

In order to realize these aspects, EVMATHEIA encapsulates a student model stor-
ing information about student’s preference, knowledge and learning style. The last 
denotes the way a student better perceives the provided knowledge. The student mod-
el is accompanied by a monitoring mechanism of the student behavior and decides 
his/her learning style. System’s knowledge (subject of education) is represented on a 
semantic model setting as basic knowledge unit named the concept. The result is an 
ontological network of concepts that depicts the various relations between them (i.e. if 
a concept prerequisites another one).  Another key element is the semantically  
annotated educational material which contains the appropriate information for the 
personalized and recommendation mechanisms. Finally, system affords an intelligent 
mechanism which interacts with the student during the self-assessment process, decid-
ing the level of the accumulated knowledge for each concept. The results are 
processed by a recommendation mechanism that takes into account the learning style 
and the education material providing suggestions to the student for further reading. 

Section 2 presents a brief reference to the work done the past years on the relative 
fields of learning style and learner assessment in personalized e-learning systems. An 
overview of the proposed EVMATHEIA architecture is depicted in Section 3.  
Sections 4, 5 and 6 present the realization of student modeling, educational material 
personalization and student assessment in the system. Finally, some conclusion is 
given in Section 7. Work presented in this paper has been partially developed in the 
framework of the project LOC PRO II-Support and Promotion of Local Products and 
SMEs through ICT, Operational Programme Greece – Italy 2007-2013, s.c.: I1.12.01. 

2 Learning Style and Student Assessment in LMS 

The integration of learning styles in the adaptation process of Learning Management 
Systems (LMS) has become a major field of study the last years. Many models for 
learning styles are proposed and many techniques have been used to infer the learning 
style from the behavior of the student. One of the most widely used is the Felder-
Silverman Learning Style Model (FSLSM) [1] which is proposed for engineering 
students. According to this model (which Felder revised in 2002) a student is classi-
fied according to his/her preference for one of the categories in each of the four learn-
ing style dimensions [2]: a) Sensing (concrete, practical, oriented toward facts and 
procedures) or Intuitive (conceptual, innovative, and oriented towards theories and 
meanings) depending on the type of information he/she prefers to perceive. b) Visual 
(prefer visual representations of presented material: pictures, diagrams, flow 
charts) or Verbal (prefer written and spoken explanations) depending on the way 
he/she prefers to receive information. c)  Active (learn by trying things out, working 
with others) or Reflective (learn by thinking things through, working alone) depending 
on the way he/she prefers to process information. d) Sequential (linear, orderly, learn 
in small incremental steps) or Global (holistic, systems thinkers, learn in large leaps) 
learners (learn by thinking things through, working alone) depending on the way 
he/she prefers to process information. For the assessment of the preferences on the 
four dimensions of FSLSM, Felder and Soloman developed the Index of Learning 
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Styles (ILS), a questionnaire consisting of 44 questions, 11 for each learning style 
dimension [3]. According to the answers, student receives a score for each dimension: 
a) balance b) moderate or c) strong according to its preference for one of the two 
categories. 

A crucial issue in automatic student modeling is to determine which student’s be-
havior is indicative about his/her learning style. Graf et al [4] and García et al [5] are 
utilizing the FSLSM as their basic learning style model. Popescu at [6] proposes a 
combination of learning styles models. These approaches describe a great number of 
navigational, temporal and performance indicators identifying the learning style pre-
ferences according to FSLSM and propose thresholds that are necessary to classify 
the behavior of students. Furthermore, experimental studies were conducted investi-
gating the behavior of students with different learning styles in online courses [7, 
8].Useful conclusions derived from these studies contributed to the selection of  
patterns from the literature for online learning. 

A key aspect of adaptive LMS is related with the intelligent self-assessment me-
chanism. Several efforts have been made towards this direction utilizing Computa-
tional Intelligence Techniques to support self-assessment in LMS [9]. The main idea 
behind this approach is to use Bayesian Networks and Genetic Algorithms simplify-
ing the assessment by predicting student’s answers [10, 11]. Several issues from the 
aforementioned efforts resulted in the present contribution. It is important also to note 
the efforts in personalized e-learning system with self-regulated learning assisted 
mechanisms to help learners promote their self-regulated learning abilities [12]. 

3 System Overview 

Figure 1 depicts the main architectural components used for the realization of the 
main concepts in the EVMATHEIA approach. The core platform is a full-functional 
web-based application providing the main e-learning services to the users (students 
and tutors) such as registration, course structure, presentation and management.  

Student model is a database segment that stores all the information needed from the 
system regarding student’s characteristics and preferences. Assessment questions and 
Educational Material contain the questions related to each knowledge concept and the 
digital real educational material respectively. Two ontologies are used in order to 
define the knowledge and the educational material. Knowledge ontology contains the 
provided concepts, defining the student’s knowledge and the relationship between 
educational material and the knowledge's concepts. Educational Material Annotation 
Ontology provides the annotation layer to the stored material.  

Three supported modules execute the additional functionalities of the proposed 
system. Student modeling module collects information about student’s behavior and 
updates student model. Student assessment module assists the student to the self-
assessment process by providing the appropriate questions and evaluates the results. It 
also evaluates the answers and updates the student’s accumulated knowledge. In addi-
tion, it forwards the results to Education Material Selection Module which by utilizing  
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the information of Educational Material Annotation Ontology recommends additional 
material to the student. The third module is also responsible to provide student with 
the appropriate material according to his/her learning style. 

 

Fig. 1. Proposed system architecture 

4 Student Model 

Student model contains the information about the student that is needed by 
EVMATHEIA modules in order to deliver the desired level of personalization. The 
basic groups of information stored in the student model are: a) Student’s Personal 
Information saves data such as name, surname, age, communication details, etc. b) 
Language Knowledge depicts student’s level of knowledge (average, good, very 
good) of various languages. c) Student’s knowledge is an overlay of system’s know-
ledge which depicts the level of student’s understanding on each concept. d) Accessi-
bility contains special information regarding student’s capability to access and study 
digital educational material. This group stores information such as visual, hearing, 
physical and cognitive disabilities. e) Learning Style includes student’s score in every 
dimension of FSLSM. 

4.1 Student Learning Style Modeling 

The identification of student’s learning style plays a key role in the EVMATHEIA 
system and as a result a modeling mechanism is developed combining the basic edu-
cational and psychological concepts around this issue. The modeling procedure is 
conducted in two phases: a) an initial approximation from student’s answers in the 
classic ILS questionnaire and b) the continuous monitoring of student’s behavior in 
the system and the re-calculation of student’s learning style.   

The indicative behavior patterns of the student’s learning style preferences are 
based on the literature regarding the FSLSM and the features of our system. An online 
course in the system consists of sections and each section presents learning objects 
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(LOs) for a set of concepts. For each section educational material is provided that 
contains content in different types (text, video, sound, image, etc.), exercises and 
examples. At the end of each section the knowledge can be assessed through self-
evaluation tests. Students navigate in the course through the course outline, the navi-
gation menu and Next-Previous buttons. Thus the set of monitored behavior patterns 
consists of navigational, temporal and performance indicators correlated to the above 
features. 

The system uses thirty (30) behavior patterns that have been selected after analyz-
ing the approaches of [4], [5] and [6]. The main selection criterion was the monitoring 
feasibility of a pattern in a system without collaborating functionalities. Some exam-
ples of the behavior patterns are: percentage of time spent on examples, relative time 
spent by the student on content type text versus the relative study time for content 
type text and relative number of visits of content type video versus the total relative 
number of content type video available in the course. For each pattern, two thresholds 
define three ranges of values that conclude pattern’s score to low, medium and high. 
Furthermore each pattern is associated with weights that represent how indicative is 
the respective behavior in the online course on identifying student’s learning  
preference. These weights mainly derived from [7] and [8]. 

A set of N relevant patterns (Pij) has been assigned in each dimension (Dj) of 
FSLSM. Since the two categories related to each dimension of FSLSM are opposed, if 
a high value of a pattern is associated with one category of a specific dimension, the 
low value of the same pattern is associated with the other category of the same dimen-
sion. Therefore calculations can be done only for one category in each dimension. 
Equation 1 defines the calculated score Sj that corresponds to the dimension Dj of 
FSLSM.   

 

௝ܵ ൌ ∑ ௪೔ೕכ௣೔ೕభರ೔ರಿ∑ ௪೔ೕభರ೔ರಿ                              (1) 

The pij is the numerical value of i-th pattern Pij of a particular category of the di-
mension Dj. The numerical values are (-) 1 for low, (-) 2 for medium and (-) 3 for 
high values. The positive values are if the pattern corresponds to the particular catego-
ry and negative values for the opposite one. Pattern’s weights wij are enumerated with 
0.2, 0.5 and 1, indicating low, medium and high importance respectively. The calcu-
lated Sj is a number ranging from -3 to 3. According to absolute value of Sj, the  
student is classified for the pointed category as balanced (0 ≤ Sj ≤ 1), moderate  
(1 < Sj ≤ 2) or strong (2 < Sj ≤ 3) preference.   

5 Knowledge and Educational Material 

The proposed system utilizes semantic annotation defining knowledge and education-
al material, permitting their combination with the student model in order to infer the 
personalized presentation of the educational material to the student.  
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5.1 Knowledge Representation 

An ontological approach is used for the representation of the knowledge structure, 
which is simply based on concepts with given relations between them. The ontology 
used derives from the education domain ontology proposed in [13], in which three 
kinds of relations are given: a) HasPart (an inclusion relation), b) IsRequiredBy (an 
order relation) and c) SuggestedOrder (a 'weak' order relation). These relations form a 
graph, where the nodes are the concepts and the edges are the relations. Figure 2  
depicts an example of the knowledge semantic representation graph. 

 

Fig. 2. Example portion of knowledge representation 

5.2 Educational Material Annotation 

EVMATHEIA educational material is defined/annotated using the OWL LOM ontol-
ogy proposed by Hartonas C. [14] utilizing the IEEE Learning Object Metadata (IEEE 
LOM) [15] standard. LOM is the most common standard used for the description of 
learning material. The structure of LOM consistes of nine categories of the education-
al material: general, lifecycle, meta-metadata, technical, educational, rights, relation, 
annotation and classification. The schema used in the system is a subset of LOM, 
consisting of metadata mainly from the educational category. The metadata entities 
that support the adaptation mechanism are the following: language, format, typical 
age range, semantic density, interactivity type, typical learning time and associated 
concept. Language is a general characteristic referring to the language or languages 
that are used in the educational material. Format typically is the technical data type of 
the learning material, but here we are borrowing the set of values defined in [16]. 
These values are text, image, streaming media and application. Typical age range of 
the intended users is an educational characteristic to match the age of the learner. 
Semantic density of the educational material is the degree of conciseness and its value 
space is: very low, low, medium, high and very high. Interactivity type according to 
LOM takes values: active, expositive and mixed. The typical learning time of the 
material denotes the average time a student needs to study it. This characteristic has 
link to the active/reflective characteristic of the learning style of the student. There-
fore, for a student with active learning style will be more accurate to propose an 
'active' material, e.g. a questionnaire. Associated concept defines the relationship of 
the particular material to the relative concept in the knowledge ontology graph.  
Each material describes at least one concept. 
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5.3 Student Personalized Educational Material 

The annotation of educational material in conjunction with student model permits the 
system to decide the best material for each student. The decision mechanism rates the 
available material based on a set of rules from the definition of FSLSM dimensions 
and the student’s preferences. First the system chooses the relative, to a particular 
concept, educational material taking into account student’s previous knowledge and 
his/her language. Then, for each retrieved educational material k the Sck score is  
calculated by the equation 2. ܵܿ௞ ൌ ∑ ௅ௌ೔כ௪௦೔భರ೔ರౣ౗౮ _౗౩౩౥ౙ౟౗౪౟౥౤౩∑ ௪௦೔భರ೔ರౣ౗౮ _౗౩౩౥ౙ౟౗౪౟౥౤౩LS౟ಯబ ൅ ௦݊ܮ ൅  ௦                    (2)ܣ

The LSi values define the association of educational material characteristics to stu-
dent’s FSLSM dimensions score. LS1 depicts the Active/Reflective dimension, the 
LS2 the Sensing/Intuitive and the LS3 the Visual/Verbal. The respective weights wsi 
denote student’s trend for a particular axis, i.e. strong verbal. Weights vales are 0, 0.5 
and 1 for “well balanced”, “moderate” and “very strong” score respectively.   

For LS1, value equal to 1 is assigned in case student’s score to Active/Reflective 
dimension is moderate or above in the corresponding axis of material’s Interactivity 
type value (active or expositive). In other case 0 is assigned. In case of the educational 
material's definition as the value 0.5 is assigned. For LS2, value equal to 1 is assigned 
to this parameter when following combinations are true: a) student tends to sensing, 
material’s interactivity type is active and its semantic density is low or very low and 
b) student tends to intuitive, material’s interactivity type is expositive and it’s seman-
tic density is high or very high. Otherwise value equals to 0. The conditions are  
derived from the hypothesis that intuitive students prefer non active and of high se-
mantic density educational material, whereas sensing learners prefer active and of low 
semantic density material. Finally, LS3 is graded with 1 when the format of the educa-
tional material is corresponding to the student’s learning style in the Visual/Verbal 
dimension. When a student is verbal then prefers text format. In the opposite case, 
when a student is visual prefers image, streaming media or application formatted  
material. 

Lns parameter takes values of 0.5, 1 and 2 regarding student’s level of knowledge 
(average, good, very good) in the material’s language. The value of As is set to 0.5 in 
case student’s age is contained to material’s typical age range and to 0 otherwise. 
Finally, the educational material with the higher Sck is proposed to the student. 

6 Student Assessment and Recommendation 

The self-assessment mechanism aims to precisely identify student’s acquired know-
ledge and to find the concepts that he/she has weakly learned. The proposed assess-
ment procedure consists of a set of questions, related with one of the section’s  
knowledge concepts, at the end of each section. The assessment questionnaire is 
created on the fly from a pool of questions for each concept. The questions are  
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selected randomly, trying to avoid the repetition when a student conducts the ques-
tionnaire several times. The algorithm identifies the level of student’s understanding 
in each concept. The idea is to provide him/her questions and predict the answer; if 
the answers are similar with the prediction then the algorithm concludes regarding 
how well the student understands a concept. In this concept the algorithm tries to be 
indifferent to student’s random answers that are correct and to give a precise result, 
taking into account the correlations between concepts and the fact that the more  
“sincere” the student is, the faster he/she will complete the self-assessment. 

6.1 Question Answer Prediction - Simple Majority Voting 

For a particular student k, the algorithm sets the state of a question to +1 if the ques-
tion has been answered correctly and to -1 if the question has been answered  
incorrectly. Next, the algorithm selects an unanswered question i by the student k 
repeatedly, and sets its state si to -1 or +1 according to the following rule: 

௜ܵ ൌ ∑൫݊݃ݏ ௝ܵଵஸ௝ஸ௡೔ െ  ൯                             (3)ߠ

Where ni is the number of questions answered from the student k either correctly or 
incorrectly and belong to the same concept that the unanswered question belongs, sj is 
the state of brother j and θ is an activation threshold. The questions that belong to the 
same concept with question i and have been answered from the student k previously 
are considered as "brothers" of question i. The right hand side of this equation com-
putes the sum of the states of the brothers of question i and sets its state to +1 if the 
sum is > θ, and to −1 otherwise. In this implementation the activation threshold was 
chosen for each student and concept independently and was set at an integer value 
that yielded the best F-measurement score in cross-validation tests. Finally, the algo-
rithm predicts the answer to a question to be "Correct" by the student k if the state 
computed was set to +1. 

Furthermore, the algorithm incorporates the information of linked concepts in or-
der to improve the prediction performance of the algorithm. For each unanswered 
question qi, the state of a particular question qj  is set to +1, if the question is ans-
wered correctly by the student k and belongs to the same concept that qi belongs or if 
the question is answered correctly by the student k and belongs to a concept that is 
linked with the concept that qi belongs. Otherwise the state of the unanswered ques-
tion qi is set to −1 (in case the question is answered incorrectly and belongs to either 
the concept of qi or to a concept that is linked to that of qi). Next, the unanswered 
question qi is assigned a state of +1 or −1 using the same rule as before. Now the 
brothers (ni) of the unanswered question qi for student k are chosen as the questions 
that belong to the same concept with qi or to a concept linked to that of qi, and have 
been answered from student k previously either correctly or incorrectly. Finally, the 
unanswered question qi is predicted to be answered correctly by the student k if its 
state was set to +1. The activation threshold was optimized for every student/concept 
separately by using cross-validation. The activation rule in the case of the linked  
concepts is modified as follows: 
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௜ܵ ൌ ݊݃ݏ ቀݓ௡൫∑ ௝ܵଵஸ௝ஸ௡೔ െ ௡൯ߠ ൅ ∑௠൫ݓ  ௝ܵଵஸ௝ஸ௠೔ െ  ௞൯ቁ             (4)ߠ

where ni are the questions that belong to the same concept with qi  and mi  the ques-
tions that are assigned to a concept linked to that of qi. We suppose that the concept of 
the question is more significant from the concepts linked to the question. As a result 
we define two weights wn=0.8 and wm=0.2 that represent the significance of the  
question's concept and of the linked concepts. 

6.2 Self-assessment Result and Recommendation 

The aforementioned algorithm is used in the EVMATHEIA system in order to ensure 
a valid result of student’s assessment procedure. If the student has answered a consi-
derable amount of questions then his/her answers are used to predict his/her answers 
to the remaining unanswered questions. If the remaining questions have been pre-
dicted to be answered correctly by the student k in a high degree then the assessment 
for the particular concept stops and the concept is considered as adapted by the stu-
dent in a high (80%) or fundamental (100%) extend. If the remaining questions' pre-
diction cannot lead to a certain result (same or near to same proportion of correctly 
and incorrectly answers predicted) or the remaining questions have been predicted to 
be answered incorrectly in a high degree, the system continues to assess the student 
with questions until a valid concept adaptation prediction is detected or the available 
questions are finished. If the questions finish without assimilation halt, then the  
student is assigned a below 80% knowledge extend.  

Following this approach, the system predicts the level of knowledge for each as-
sessed concept. After this, the system updates the student model using the procedure 
depicted in section 4.1 and the student’s score for each knowledge concept. For the 
concepts ranked below 80% score, the system recommends material using the rules 
defined in section 5.3 and rejecting educational material that he/she has studied. 

7 Conclusion 

The proposed EVMATHEIA platform provides a new perspective in the provision of 
personalized learning adapted to student’s receptivity. The main focus of the current 
work is to monitor the interaction of each individual student and reduce the interfe-
rence of the tutor and the collaboration of the students. A self-managed learning 
process has been presented aiming to deliver knowledge in a personalized approach.  

The key features that were exploited are the identification of the learning style of 
the student aiming to minimize the time needed for learning process. Furthermore, 
new and emerging concepts were presented in the specific field aiming to enhance the 
research in the specific filed and to open the path for future related work.  

Last, but not least, it is important to emphasize in the intelligent assessment and 
recommendation mechanism that utilizes a new algorithm for the identification the 
level of student’s understanding in each concept. 
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