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Abstract—A central challenge in education is to match 
instruction to the characteristics and learning styles of students 
in order to optimize learning. In this article, we intend to outline 
our approach to supporting personalized learning strategies by 
constructing dynamical student profiling using ubiquitous 
computing capability. This profiling includes recorded data on 
students' affective responses to learning to discern students' level 
of motivation and details from generic student profiles to 
describe and predict student learning patterns. Learning pattern 
data analysis derives conclusions using decision trees. Through 
this process, information can be extracted from students' 
affective responses and students’ profile data and relevant 
correlations between the two data sets can be recognized 
automatically. A personalized learning component uses this 
information to offer proactive support to students. This is 
achieved by recommending personalized courses of action which 
are beneficial to students. Our proposed model has been tested in 
a classroom simulation. Issues of sample limitations and 
promising directions for future research are elaborated towards 
the end of this paper.
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I. INTRODUCTION

Personalized learning focuses highly on individual students’ 
needs, acknowledges that students have their own learning 
styles, interests and supports each student in learning in their 
own unique way [1]. To accomplish this, a teaching strategy 
needs to fit every student, where comprehensive profile 
information on the student chronicles their behavior and traits 
[2]. In effect, any attempt to resolve different learning settings 
demands requires different mechanisms with varying 
emphases. Student profiling offers many advantages to
personalized learning support systems, such as predicting 
learner behaviour by taking into account data on students’ 
interests and learning patterns gathered during the learning 
process and added to each student’s profile. Guided by this 
profile, a personalized learning resource that caters to each 
individual student could be created. 

According to Brusilovsky, the personalization that emerges 
from a learning process occurs through systematic analysis of 
a student’s characteristics [3]. Based on information derived 
from this knowledge, it is possible to model student needs 
within the learning interaction context. The student profile 
model supports a process of adaptation and a personalized 
learning process in a specific learning environment. Therefore, 
this article emphasizes the importance of the dynamic 
construction of the student profile in support of the 

personalization-based learning application. This requires two 
elements of primary information, namely data on students' 
affective responses and generic profile data. The former relies 
on data on the body language of students obtained through 
sensory devices used in tandem with Microsoft Kinect, while 
the latter is obtained through a survey instrument based on the 
MBTI theory extracted through the previous assessment 
device [2]. The combination of both types of information is 
later analyzed using decision tree algorithms. This student 
profile model is an important element supporting the teaching 
strategies’ mapping process aimed at answering the needs of 
individual students.

II. PROPOSED SYSTEM FRAMEWORK

In this section, we provide the general setup of the system 
being proposed, before addressing the primary components in 
further detail. The major purpose of the suggested system 
framework for building a dynamic student profiling is a 
deliberate attempt to support personalized learning 
recommendation. The personalized learning approach is 
enhanced through recommending relevant and stimulating 
materials to learners based on their individual backgrounds, 
preferences and learning styles. This involves three main 
functional components: Learner characteristic monitoring, 
learning pattern data analysis and personalized learning 
recommendation, as shown in Figure 1. 

Fig. 1. Overview of the proposed personalized learning system
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The learner characteristic monitoring component captures 
data to construct individual student profiles. It is a 
combination of static and dynamic profile data. The system 
uses this profile information to predict learner behaviour, and 
thereby adapt to the individual needs of the learners. The 
student learning pattern data analysis reaches a conclusion 
through data mining. Through this process, knowledge can be 
extracted from affective response and students’ profile data 
and interesting relationship between the two data sets can be 
recognized automatically. Once valuable feature data are 
discovered, the data are used to update the student’s profile. 
And hence it can be used to further understand students’
behaviour in real time class learning.

The rules obtained through the Decision tree model are then 
manipulated by the personalized learning recommendation 
component. The personalization learning component adheres 
closely to the instructional directions made specific by the 
MBTI Learning style pedagogical approach. 

III. CAPTURING STUDENT CHARACTERISTICS DATA [2][4]
The process of decision-making to determine the strategy of 

teaching contributes greatly to producing personalized 
effective learning. This particular process necessitates some 
comprehensive information. Therefore, for this study, there 
are two of main information are needed to support the 
implementation of the teaching strategy based on individual 
and this shall be explained below.

A. Affective Response
Assessing a student’s level of motivation during a lesson 

can be ascertained from students’ behavior. Posture and facial 
expressions are non-verbal feedback that can help a
teacher determine the level of acceptance and understanding of
his/her students. By observing students’ posture and facial 
expressions, such as attending, not understanding and sleeping,
a teacher can assess the engagement of students in the lecture. 
In principle, students’ dynamic behaviour recognition was 
implemented based on C# programming and involved real-life 
experimentation, whereby three random students were chosen 
as subjects for the test. The proposed approach consisted of 
four main stages, namely identification distance, skeleton 
recognition, recognition from angle calculation and recognition 
output. In order to achieve this recognition output, a Kinect 
sensor was utilized. In addition, the latest Ms Kinect SDK 
framework provided the interface API for writing applications 
utilizing natural interaction and supports skeleton tracking [5]. 
This latest system framework is not only able to perform 
human skeleton tracking, but also has the capability to perform 
human face recognition based on the CANDIDAE model.

B. Generic Profile Characteristics
Ascertaining students’ motivation level merely based on the 

affective response information mentioned above is insufficient 
unless supported by detailed generic student characteristic data, 
such as data on student personality, learning style and the 
student interaction style. Data on personality is obtained 
through the MBTI model survey instrument [6], whereas the 
learning interaction element is obtained through log analysis 
from the learning application. For the purposes of this study, 

the researcher built an e-learning application prototype. Two 
additional modules were constructed to be included in the e-
learning application component. 

IV. STUDENT PROFILE CONSTRUCTION PROCESS

The process of decision-making to determine the strategy of 
teaching contributes greatly to producing personalized 
effective learning. This particular process requires a profiling 
approach. The data obtained through the component Student 
Context Resources has to undergo the process of data 
isolation. At this stage, the data are divided into two groups, 
namely static data and dynamic data.

Fig. 2. Profile Ontology Representation

Figure 2 shows the ontology structure for static and dynamic 
student data profiles. Static data consists of data characteristics 
not subject to much variation over time. For the purpose of this 
study, we used student demographic data such as student 
identification numbers, student names, name of enrolled 
courses, personality data and current academic results. 
Meanwhile, dynamic data is data that changes frequently 
during the learning process. 

TABLE I. ENGAGEMENT INDICATOR SETS OF RULES

Rules Indicator

(1) IF Facial Expression = Not Understood AND Sitting = Not 
Concentrating AND Acquired Knowledge = Weak AND 
OffTaskBehaviour IN (Facebook,Surfing,Tweeter) 
THEN Engagement Indicator = NOT ENGAGE

(2) IF Facial Expression = Understood AND Sitting = Concentrating 
AND Acquired Knowledge = Excellence AND 
OffTaskBehaviour NOT IN (Facebook,Surfing,Tweeter) 
THEN Engagement Indicator = ENGAGE

(3) IF Facial Expression = Understood AND Sitting = Concentrating 
AND Acquired Knowledge = Weak AND OffTaskBehaviour
NOT IN (Facebook,Surfing,Tweeter) 
THEN Engagement Indicator =  ENGAGE

(4) IF Facial Expression = Not Understood AND Sitting = Not 
Concentrating AND Acquired Knowledge = Excellence AND 
OffTaskBehaviour IN (Facebook,Surfing,Tweeter) 
THEN Engagement Indicator = NOT ENGAGE
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This study uses data on student learning motivation as 
measured by facial reactions and sitting position during 
learning sessions. Students' motivation can be considered as 
subjective data, and must be proven with relevant sources. In 
this context, this study identified student generic profile data 
such as personality and current academic results. In this 
context, this study gathered data on some activities outside the 
learning context such as accessing the internet, Facebook and 
Twitter. In addition, students' learning performance data are 
also needed to support the formulation of a model student 
profile. In order to derive data on student learning motivation, 
we adopted concepts from several scholarly articles which 
mentioned posture response [7] and off task behaviour [8]. 
Based on the content of these articles we formed a formula 
based on the following set of rules, described in Table I. After 
the separation of the data process is complete, the next stage is 
the process of constructing models according to the individual 
student profile. Based on Figure 3, the following are the 
processes that need to be implemented.

Fig. 3. Profile Construction Process

V. PERSONALIZED LEARNING RECOMMENDATION STRATEGY
The personalized learning recommendation strategy consists 

of three components; an individual student profiling model, 
student behaviour prediction and a personalized learning 
strategy. The results from the offline data process analysis 
make up the building blocks of the static student profile model 
and constitute part of the basis on which the dynamic student 
profile model rests. At the same time, the results from online 
data mining continuously improve the dynamic student 
profile.

A. Individual Student Profiling Model
The student’s individual profiling model can be categorized 

into a static model and dynamic model. The static student 
profile model entails several personal student characteristics 
which are relatively consistent and fixed. The student static 
characteristic data concern a student’s learning style, 
personality and demographic information. Meanwhile, the 

dynamic student profile model carries with it some student 
characteristic data which change in real time. In this article, the 
students’ dynamic learning motivation and academic 
performance are highlighted. Storing acquired data on students’ 
activities and behaviour in the learning situation and using data 
mining to extract knowledge about students are important 
features. They are basically used to construct the student 
dynamic profile model. 

B. Prediction of Student Behaviour
In order to achieve this, the id3 decision tree prediction 
approach is adopted to identify the hidden knowledge and to 
make classification based on data patterns collected in the 
student learning characteristics data logs [9]. There are two 
main steps in the process of classification. In the first step, a 
model is built by analyzing the data attributes from training 
data having a set of attributes. For each attribute in the training 
data, the value of the class label attribute is known. In the 
second step of classification, test data is used to check the 
accuracy of the model. If the accuracy of the model is 
acceptable then the model can be used to classify the unknown 
data attribute. 

Fig. 4. An example of a student profile dataset.

The development of the id3 decision tree classification is 
designed to support the personalized learning decision making 
strategy. In this implementation, the example datasets as 
shown in Figure 4 define the possible values for each 
attribute including the target attribute. For the purpose of 
experimental sessions, a total of 120 data samples deduced 
from logical interpretation. With the resulting ID tree, a 
student’s online data and offline data can be entered and a 
determination can be reached on student learning situation. 
Training data can be used to generate other ID trees and these 
can be used to reach conclusions about the student’s learning 
state, for example is a student interactive or not, is if a student 
interested in the lecture, etc. Once valuable feature data are 
discovered, the data are used to update the student’s profile.

C. Personalized Teaching Strategy
Relating with students on a personal basis and trying to learn 
more about the student profile provides advantages for the 
learner and the teacher to meet an educational program goals 
and objectives. The discovery of important information 
obtained through the component of data analysis process is 
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later sent to the teaching strategy component. Due to the fact 
that the proposed personalized learning system framework 
employs a combination of several parameters for 
psychological aspects, like facial expressions, student sitting 
posture, and also the involvement of generic information 
about personality and student learning styles, the teaching 
strategy approach needs to be associated with principles of 
educational psychology.

TABLE II. TEACHING STRATEGY 

Strategy Approach

S 1 Increase confidence by giving simple rather than difficult 
questions. In a group discussion, arrange them in group 
with some classmates which have open personality.

S 2 Adding interesting teaching elements to the lecture, such as 
inserting a quiz. Ask different questions to different 
students by referring to each student’s learning state and 
the quiz result. 

S 3 Supporting the lecture with interactive elements, such 
adding video, animated images and slides to the lecture. 

The mapping process between teaching strategies based on 
information on students’ current behaviour and the generic 
information of the students’ profiles is founded on MBTI 
Principles [6]. The main principle in this framework is that 
‘what and the amount of knowledge learned by the student are 
influenced by the student’s own level of motivation’. The
conclusion that can be made through the students’ affective
responses and reaction information and students’ personality 
be it negative or positive, can actually serve as a guide to map 
between the teaching strategy platform and the student 
awareness model. Table II shows an example of personalized 
teaching strategies.

VI. SIMULATION EXPERIMENT

This section will outline the approach chosen to 
demonstrate how the proposed framework can be realized. 
Four prototype applications were developed, namely a student 
dynamic behaviour recognition application, a student learning 
pattern information extraction application, a decision tree 
application, and classroom simulation application. Two 
applications were crucial to support data collection processes 
and clarify the data structure image to the researcher for 
simulation development [2]. Meanwhile, the development of 
the id3 classifier serves to extract the specific rules for 
personalized teaching decision making strategies.

Fig. 5. Profile construction manager

This process allows the classroom simulation development 
to occur so that the proposed application framework's capacity 
to solve real classroom learning challenges can be assessed.
The development of a real time physical system incurs high 
costs, such as in the use of sensor devices, and then the 
development of the simulation was chosen as the best 
alternative. The results of simulated scenarios were analyzed 
to see if the proposed approaches could extract student 
learning characteristics and provide personalized learning
strategies. We have developed a prototype of a simulation 
application that visualizes this process using Java 
programming language and Netbeans as an integrated 
development editor. 

In a learning scenario, students are the most significant 
individuals. Students who do not normally interact and prefer 
to stay uninvolved in the learning process can result in the 
failure to generate a positive atmosphere that is essential for 
effective learning. It would be difficult to conduct effective
teaching, even with a more typical teaching approach. 
Therefore, with our recommended framework, the system 
keeps tab of students’ classroom engagement and their 
dynamic behavior every 5 minutes. Together with every 
student’s characteristics data from the student profile, the 
system can derive a teaching decision making strategy for the 
learning state of each student using the decision tree model.

Fig. 6. Generated data instances in a 60 minute lesson. Each instance 
contains the four features (i.e., AR – academic results, P – personality, E –
engagement  indicator, CP – class preparation) and class label (i.e., DM –
Decision Making)

In the simulation software, students’ behaviour in a single 
lesson is first generated using a profiling construction manager
(see Fig. 5). The duration of the lesson and the number of 
students are parameters specified when running the simulator 
and controls the number of data instances that will be 
generated. For example, if the duration of the lesson is set to 
60 minutes in a class with 18 students, a single instance is 
generated at every 5 minute interval for each student resulting 
in a total of 12 instances (i.e., 1 x (60/5) = 12) for the entire 
learning session (see Fig. 6). The simulated behaviour of the 
students is passed to an id3 classifier which creates and 
updates a decision tree that uncovers the relationship between 
students’ characteristics and their learning outlook. 
Specifically, the system uses the data in each 5 minute interval 
and incrementally updates the decision tree. As more data is 
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used to build the decision tree, students’ learning profiles 
becomes more accurate.

Fig. 7. Incrementally building student profiles using id3

The simulator shows improvements in the accuracy of the 
student learning profile by using the decision tree built with 
previous data to predict new data. For example, the decision 
tree created using 120 training data from ten lessons are used 
to predict students’ learning outlook in the actual lesson (see 
Fig. 7). However, this process does not use all the training 
data set, but will stop automatically when high accuracy 
results obtained. 

Fig. 8. Dynamic profile data results

The generated data can easily be substituted with actual data 
later on for building an up-to-date profile of learners. For 
example, in an actual teaching course, data from actual 
students participating in an actual lesson can be retrieved 
using sensors in 5 minute intervals and passed to the id3 
classifier. A screenshot of the simulation software’s current 
dynamic profile data results are presented in Fig. 8.

Fig. 9. Learning situation status comparison versus time

To measure the proposed approach has the capacity to provide 
an effective implication towards the learning situation, we 
performed the testing by drawing comparison between two 

cases. The case A looks at the student’s learning situation by 
means of the system, and the case B explores into the learning 
situation without the system. Based on Figure 9, student 
learning status was identified 60% to have been non-
interactive for 35 minutes of teaching. This system identifies 
the teaching strategy which is conducive for examining the 
personality of the student concerned. As this student has an 
introvert personality, then the match strategy is strategy S1
which described in Table II. In this case, the student will 
giving simple rather than difficult questions and arranged to be 
in the same group as their classmates who tend to have 
extrovert personality. We believe that if this approach is able 
to be implemented, for certain the students will be more 
motivated, focused on the teaching and finally at the same 
time this will create an interactive situation where there will 
be two-way communications. This is somewhat different from 
the case B, whereby in the same timeframe, if teachers are not 
supported with appropriate teaching strategies, then of course 
students’ motivation will be deteriorating, unsatisfactory and 
finally it will render him non-interactive throughout the 
learning process.  

VII. RELATED CASE STUDIES

Teaching and learning approaches based on personalization 
have long been around, and in fact, have been of use for 
centuries. Quoting a study in an article, a great scholar, Ibn 
Sina had applied this in his teaching sessions, aiming to ensure 
that every teaching material delivered is able to be accepted 
and understood equally by his students. To enable this 
teaching strategy to be done, it necessitates some adequate 
information clarification on each student’s characteristic.
According to Kinshuk et al. [10], students’ demands need to 
be empathized with and investigated, before developing a 
personalized learning application. As an example, a study 
done by Kun Zhang et al. [11], emphasized the importance of 
students’ personality, learning styles [10], and the elements of 
the students’ current knowledge levels [12]. From a different 
perspective, Dragon and his peers [13] have stated that student 
learning motivation can be used as an indicator to predict 
learning performance and achievement. 

The diverse methods in which students’ information can be 
attained would lead to their adoption of various approaches 
that can facilitate their learning. Student profiling would be 
great for consolidating the personalized learning support 
systems. Intelligent student profiling is actually a portrayal of 
intelligent techniques, derived fundamentally from the 
Machine Learning. These techniques used for the construction 
of student profiles obtained primarily from student learning 
interaction observations. Wide-ranging Artificial Intelligence 
techniques have been used to profile students’ information, 
and these include the Decision Tree [14], Bayesian networks, 
Association Rules [15], Genetic algorithms and Neural 
Networks [16]. With regards to student profile content, to 
date, interest has been centered on modeling student learning 
motivation as a fragment of the student profile in learning 
environment settings. The research by Bravo et al. [17], 
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constitutes an example of a study in this direction, as it 
attempts to examine student learning motivation attached to an 
intelligent tutoring system through the decision tree method. 
In addition, decision trees as a data mining technique are 
extensively used to unravel particular patterns that can be 
uncovered from data, coupled with the fact that they help in 
establishing student profiles in learning environments. 
According to Martinez et al., this method is capable of 
producing rules inferring certain relationships among a set of 
objects in a particular area [18]. The two researchers employ 
this technique to detect learners’ common misconceptions in 
learning processes. In addition, an example of the decision tree 
method has also been presented  [14] [19] that successfully 
demonstrate the ability of this method to model student
behaviours. Based on the studies mentioned, we conclude that 
every personalized learning approach has to include two 
compulsory elements, namely information on individual 
differences and a machine learning approach. Proceeding from 
this fact, we have adopted the decision tree method as a way to 
build the student profile model individually. This enables the 
adaptation of a learning strategy with added information about 
individual students. However, our student profiling model 
formation differs from the studies referred to previously. 
These looked at the student profiling model in a more general 
manner, without providing profile construction detail on the 
static and dynamic characteristics of every student. 
Nonetheless, these studies emphasized that the student 
structural profile is a very important component in mapping 
personalized teaching strategies.

VIII. CONCLUSION AND FUTURE WORK

This article follows on from our first study [2][4] which 
focused on the identification of the main characteristics of 
students influencing student motivation and patterns of 
learning. This article concentrates on the formation process of 
dynamical student profiling, stressing the system of analyzing 
data. In this article, we describe a series of simulations. The 
results from the simulation experiments were encouraging and 
have motivated us to broaden this research in the future. 

Apart from this, we have identified several limitations that 
should be given due attention and redressed such as that of the 
data sampling as an important input for the improvement of 
our future research. We accept that the results obtained 
through the experimental data sets are not really concrete and 
cannot be generalized. Therefore, in the future, we will 
implement further experimentation using more data set 
samples which will be collected through learning activities 
that take place in an actual situation. Such an approach will 
not only contribute to the quality of the results but will 
strengthen the validity of the results.  
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