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Abstract—The conveniences of web-based educational
systems have attracted a large heterogeneous group of learners
with various knowledge levels, learning goals, and others
learning characteristics, to study online. To enhance the
effectiveness of the web-based educational system in delivery
knowledge, a system should be capable to identify the learners’
learning characteristics, and adapt the instructional process
accordingly. Hence, this paper presented a students’ knowledge
modelling system that is capable of infer and updating the
students’ knowledge level in accordance to the cognitive
processes dimension in the Revised Bloom’s Taxonomy.
However, the students’ knowledge modeling process consists of
tasks and factors that are vague and unmeasured, thus Fuzzy
Logic is integrated into the students’ knowledge modeling
system to deal with such uncertainties. The proposed fuzzy
students’ knowledge modeling system uses fuzzy sets to
represent students’ knowledge level and other influencing
factors, and uses Mamdani type inference technique to
determine and update knowledge levels.

Index Terms—Cognitive Processes Dimension; Fuzzy Logic;
Knowledge Modelling System; Web-Based Educational System.

I. INTRODUCTION

Concurrent with the advances of computer and web
technologies, the number of learners using web-based
educational systems has increased. The main attractive of
web-based educational systems is that the learners can gain
knowledge  through  electronic  information  and
communication technologies although they are separated
with the instructor in space and time [1, 2]. In fact, the
learners have different knowledge levels, cognitive and meta-
cognitive abilities, learning needs, and others learning
characteristics. Therefore, it is ineffective to deliver same
learning materials to all learners through same instructional
conditions.

To effectively deliver knowledge to the heterogeneous
group of learners, the web-based educational systems should
be capable of analysis the learning characteristics of the
learners and their learning outcomes, and adapt the
instructional process accordingly, like the teaching process of
real classrooms education [3]. A system with such
capabilities of collecting, reasoning and maintaining learners’
learning characteristics is known as user modelling system.
For an educational system, the important learners’ learning
characteristic is the learners” knowledge level [4]. Hence, this
paper proposed to model knowledge level in accordance to
the cognitive processes dimension in the Revised Bloom’s
Taxonomy, which described six major categories of
intellectual knowledge development.

However, the learners’ knowledge level is ambiguous in

description and subject to change. Therefore, the user
modelling system should be capable of dealing with such
vagueness in reasoning and updating the knowledge level of
the learners and the corresponding changes occurred during
the learning process throughout the learners’ interactions
with the web-based educational system [5].

Therefore, this paper presents a system that uses Fuzzy Set
Theory to model learners’ knowledge level in accordance to
cognitive processes dimension in the Revised Bloom’s
Taxonomy [6]. An overview of cognitive process dimension
and user modelling system in web-based educational system
is provided first. Following is the description of the proposed
fuzzy students’ knowledge modelling system. The
implementations of the proposed system are presented and
discussed in the end.

A. Cognitive Processes Dimension

Bloom’s Taxonomy, named after Benjamin Bloom, was
originally published in 1956 [7]. This original Taxonomy is a
framework for creating and classifying learning goals and
measuring learning outcomes across subject matter and grade
levels. The original Taxonomy consisted of three domains -
cognitive domain, affective domain and psychomotor
domain. This paper focuses on the cognitive domain as it
describes the intellectual knowledge development. The
cognitive domain of the original Taxonomy has six major
categories - Knowledge, Comprehension, Application,
Analysis, Synthesis, and Evaluation [8]. Each category
represents difference cognitive skills and learning goals.

Among several revisions proposed to the original
Taxonomy, a revision published in 2001 [9], referred to as the
revised Taxonomy, extended the original Bloom's Taxonomy
to two dimensions - knowledge dimension and cognitive
processes dimension. The cognitive processes dimension has
six major categories like the original Bloom's Taxonomy, but
changed the order of the Synthesis category and the
Evaluation category, and renamed them to Remember,
Understand, Apply, Analyse, Evaluate, and Create [6]. The
changes are shown in Figure 1.

These six categories of the cognitive processes dimension
in the revised Taxonomy are used to categorize learners’
knowledge level in the proposed fuzzy students’ knowledge
modeling system.
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Figure 1: Revised Taxonomy in comparison of the original Taxonomy

B. User Modelling Systems

User modelling system in web-based educational systems
could be described as a system with capabilities of collecting
and inference learners’ learning characteristics, and
maintaining these information in form of user models [10].
User modelling technique was originally proposed in the field
of Intelligent Tutoring Systems (ITS), namely Student
Modelling technique [11]. User models in ITS is known as
student models, thus user modelling system is also known as
Student Modelling System (SMS).

Brusilovsky & Millan [10] described three aspects that is
related to user model - the nature of the user’s information,
the structure of the information is represented, and the way of
constructing and maintaining the represented information in
the user model. In term of education, the nature of the
represented information can be described as the learners’
learning characteristics, such as knowledge level,
misconceptions and learning styles.

Brusilovskiy [12] provided three possible forms of user
model in reflecting the learners’ learning characteristics -
stereotype model, overlay model, and error model. Take
example of modelling a learner’s knowledge level, the
stereotype model assigns the learner into certain stereotypes
based on the state of the learner’s knowledge. Example of
such system is in [13] that modelled students into five
knowledge stereotypes - novice, beginner, intermediate,
advanced and expert. For the form of overlay model, the
learner’s knowledge level is reflected as subset of the model
of expert-level knowledge of the domain, namely domain
knowledge model. Ways of using overlay model to represent
both domain and student knowledge are demonstrated in [3,
5]. An extension of overlay model is error model representing
both errors and misconceptions performed by the user during
the learning process. Such model is demonstrated in [14] to
facilitate the learning of conceptual database design.

Meanwhile, the construction of user models indicated the
user modelling approaches, for example, [5, 15] used Fuzzy
Logic to model students’ knowledge levels, [16] used
Bayesian Network to classify learners’ cognitive states, and
[3] used Fuzzy Cognitive Map to illustrate the learners’
knowledge levels and the prerequisite relationships between
the domain concepts.

Il. Fuzzy STUDENTS’ KNOWLEDGE MODELLING SYSTEM

A. Overview of Fuzzy Set Theory

Prof. Lotfi A. Zadeh [17] formalized Fuzzy Set Theory in
1965, to mathematically capture uncertainty and lexical
imprecision in representing information. Contrasted to
classical set theory that classifies a characteristic or an
element whether belong to a class or not belong, fuzzy set
theory describes the characteristic or element belong to a
class in certain extent, namely degree of membership.

Let X be the universe of discourse with generic elements
marked as Xi, and set A is a class in X. In classical set theory,
set A is defined as crisp set using characteristic function

f,(x;) as shown in Equation (1). xi belongs to set A if and

onlyif f,(x)=1,else f,(x)=0.

¢ 1 x, €A X
A(X)= 0,x A » X € 1)

fa(x)—> {01}

Fuzzy set theory extends the truth value of x; belong to a
set A from {0, 1} to the range of [0, 1]. The truth value, also
known as the degree of membership is determined through
membership function g, (x;) as shown in Equation (2).

Ac X
Az{/’lA(Xi)}, x, € X @)

X.

1a(x%)—[0,1]

Whereby, if xi is totally in set A, 1, (x,)=1, or if x; is not
belong to set A, 1, (x;)=0. Else, if x; is partially belong to
set A, 11, (x;) takes values in the interval [0, 1]. Note that the

line of fraction in membership function symbolizes the
association of membership degree z, (x;) with a particular

element x;.

In term of Fuzzy Set Theory, the universe of discourse, X
is a linguistic variable or fuzzy variable with linguistic values
which are the elements x;. Each linguistic value is defined as
a fuzzy set in order to represent imprecise concepts [18]. For
example, the proposed system has a linguistic variable which
is used to represent the difficulty level of the quiz questions,
is defined by taking values of ‘easy’, ‘moderate’, and
‘difficult’. These linguistic values are imprecise in nature, but
defined precisely using Fuzzy Set Theory [18].

B. Fuzzy Rules and Fuzzy Inference

Fuzzy rules take fuzzy variables to connect antecedent(s)
with consequent in form of IF-THEN rules, where the IF part
represents the rule’s antecedent, and the THEN part
represents the rule’s consequent [4]. The rule’s antecedent
defines the condition to activate the rule, while the rule’s
consequent assigns certain fuzzy sets from the fuzzy output
variable as conclusion to the given input combination.

Based on the Fuzzy Set Theory, fuzzy inference works as
reasoning mechanism which consists of a set of fuzzy rules
that deals with vagueness and imprecision in information to
generate decisions [4]. The proposed system used Mamdani
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model for fuzzy inference. Fuzzy inference process of the
Mamdani model is performed in four steps - fuzzification of
the input, rule evaluation, aggregation of the rule outputs, and
defuzzification of the aggregation output [4].

Fuzzification is a process of fuzzifying crisp inputs into
linguistic values which is related to a fuzzy variable, through
the membership functions. Rule evaluation is a process of
matching the fuzzy input variables to the fuzzy output
variables based on the fuzzy rules, and assigning certain
degree of membership to the given fuzzy output variable. For
fuzzy rules that have multiple antecedents, fuzzy operators -
AND operator and OR operator, are used to compile the result
of the antecedent evaluation into single degree of
membership to be assigned to the fuzzy output variable.
Aggregation is a process of compiling one or multiple degrees
of membership value assigned to all possible fuzzy output
variables through rule evaluation. The last step is
defuzzification, a process of transforming the results of
aggregation into a crisp output value.

One of the defuzzification techniques is Centre of Gravity
(CoG) method, that takes a sample of fuzzy output values, X,
and their degrees of membership, x,(x;) to the related fuzzy

output variable, A. The obtained COG is crisp value.

COG =~ (3)

2 1a(X)

£a(X)-X

a
b

where a and b are counters.

C. Brief Intro to the Proposed System

The proposed fuzzy students” knowledge modelling system
structured the students” knowledge level in form of overlay
model. The domain knowledge for a course is provided by
subject-matter expert(s), and further categorized into a set of
domain concepts C, and numbered based on the sub-topics of
every chapter in the course. An example of domain concepts
is shown in Table 1.

Table 1
Example of Domain Concepts

Chapter Title / Domain Concept Representation
1 Introduction to Fuzzy Logic C1o
11 What is Fuzzy Logic? Cu
12 Crisp sets and Fuzzy sets Ci2
1.3 Basic terms of fuzzy sets Ci3

As the student model is an overlay over the domain
knowledge, the set of domain concepts is also used in
modelling students’ knowledge level with addition of a set of
labels attached on each concept (as shown in Figure 2). For
every domain concepts in the student model, it has a set of
labels representing six categories of the students” knowledge
level which derived from the cognitive processes dimension
- Remember, Understand, Apply, Analyse, Evaluate and
Create.

Domain Model

Remember
Understand
Apply
Analyse
Evaluate
Create

Student
Model

Figure 2: Graph of Domain Model and Students' knowledge model

The students’ knowledge level is described using linguistic
variable, performance level with seven linguistic values
formed by three terms (unknown, known, learned) and three
quantifiers (slightly, partially, and completely) - completely
unknown, slightly known, partially known, completely known,
slightly learned, partially learned, and completely learned.
Each of them is associated with a fuzzy set and corresponding
membership function as shown in Figure 3.

D. Determination and Updating Knowledge Level

A way to collect data about students and their knowledge
level is through assessments, such as a set of quizzes provided
by subject-matter expert(s) [15]. For every set of quizzes, the
subject-matter expert(s) compiled certain number of domain
concepts and educational objectives that are intended to
evaluate through the quiz questions. The educational
objectives can be represented through the six categories of
cognitive processes dimension - Remember, Understand,
Apply, Analyse, Evaluate and Create. The quiz question
examines the students’ knowledge about a domain concept on
a particular category in the cognitive processes dimension.

Moreover, each quiz question has its mark allocation
determined by the subject-matter expect(s). The proposed
system evaluates the students’ performance in accordance to
each quiz question, which means the students’ knowledge
level is inferred in accordance to the domain concepts.

For every quiz questions, the scores obtained by the
students are normalized based on the mark allocated for the
particular question. Take an example of a quiz question
assigned with 4 marks, if a student scored 4 marks in that
question, his/ her normalized score for that question is 1
mark, or if he/ she scored 2 marks, the normalized score will
be 0.5 marks.

Besides rating the scores achieved by the students in a quiz,
other influencing factors including the difficulty level of a
quiz question can be taken into measurement of the students’
knowledge level. Similar with the setting of cognitive
processes categories for each question, the difficulty levels
for each question are determined by the subject-matter
expert(s). Considering the vagueness and imprecision in
categorizing the score level and difficulty level, and
describing the knowledge level of the students, the proposed
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system used several fuzzy variables and rules to infer the
students’ knowledge level.

The proposed system takes two crisp inputs, which are the
normalized scores and the difficulty levels for each question
in a quiz. These two crisp inputs are fuzzified by mapping
them over the membership functions of the fuzzy variables,
score level and difficulty level as shown in Figure 3(A) and
Figure 3(B).

The fuzzy variable of ‘score level” has range from 0 (‘low”)
to 1 (‘high”) with five fuzzy sets - low, low average, average,
high average, and high, describing the normalized score
achieved by the students (as shown in Figure 3(A)).
Meanwhile, the ‘difficulty level” variable shown in Figure
3(B) describes the difficulty of the quiz question through five
categories - very easy, easy, moderate, difficult, and very
difficult, ranged from 1 (‘very easy) to 10 (‘very difficult’).
After fuzzifying these two crisp inputs, the proposed system
matches the fuzzy input variables to the fuzzy output variable,
which is the students’ performance level based on the fuzzy
rules. The fuzzy output variable of students’ performance
level describes the students’ knowledge level for a particular
concept through seven fuzzy sets - completely unknown,
slightly known, partially known, completely known, slightly
learned, partially learned, and completely learned as shown
in Figure 3(C).

Next, the proposed system performs aggregation and
defuzzification process, whereby the output of the system is
a set of crisp values that describes the students’ performance
level for corresponding domain concepts in accordance to the
categories in the cognitive processes dimension. Such crisp
value is recorded into corresponding label, which is attached
on the domain concepts in the student model.
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Figure 3: Fuzzy variables - (A) Score Level, (B) Difficulty Level, (C)
Performance Level

The proposed system inferred students’ knowledge level
through a set of twenty-five fuzzy rules. Each fuzzy rule takes
fuzzy input variables - difficulty level and score level as the
rule’s antecedent to activate the particular rule, and assigns

one of the fuzzy sets from the variable of performance level
as the rule’s conclusion to the given input combination (as
shown in Figure 4). As each fuzzy rule has multiple
antecedents, fuzzy operator ‘AND’ is applied to evaluate the
conjunction of the degree of membership values obtained
through the membership functions of the rule’s antecedent.
The result of the antecedent evaluation is applied to the
membership function of the rules’ conclusion.

(1) IF difficulty level is “very easy’ AND score level is “low’
THEN performance level is ‘completely unknown’

(2) IF difficulty level is ‘easy’ AND score level is “low’
THEN performance level is “slightly unknown’

(25) IF difficulty level is “very difficult’ AND score level is “high’
THEN performance level is ‘completely learned

Figure 4: Example of fuzzy rule used to infer knowledge level
Ill. SYSTEM IMPLEMENTATION AND DISCUSSION

Cooperating with a subject-matter expert, several
assessments were conducted over a real-world course with a
class of 174 students for 8 weeks. This course involves an
introductory module about Fuzzy Logic, whereas all students
are new to the given module. The data collection is focused
on the data regarding the students’ knowledge level on that
module.

All teaching materials were provided by the subject-matter
expert. The Fuzzy Logic module consists of seven sub-topics,
and each sub-topic represents a domain concept. The domain
concepts are numbered based on the sub-topics, as shown in
Table 1.

To collect data regarding the students’ knowledge level,
assessments were given in the class as paper and pencil
quizzes. First quiz was conducted after three weeks of
lectures to evaluate the knowledge level of the students for
the first four sub-topics. After three weeks conducted the first
quiz, second quiz was conducted to evaluate the students’
knowledge level for another three sub-topics. On the 8%
week, mid semester examination was conducted to evaluate
the students’ knowledge level for most of the sub-topics in
the module.

Every set of the quizzes contains the details of the targeted
sub-topic and the categories in the cognitive processes
dimension to be tested, and the difficulty levels and mark
allocation for each question, which are provided by the
subject-matter expert. Take example of a question in Quiz 1,
where the question is “Give TWO differences of the Boolean
Logic and Fuzzy Logic” with total marks of 4. This question
is set to test the students’ knowledge level on sub-topic 1 in
the cognitive processes category of “Understand”, and its
difficulty level is rated as 3 out of 10. The information about
the questions of the quizzes is represented in form of
matrixes.

Take the first quiz as example, which includes five
guestions that evaluate students’ knowledge level for the first
four sub-topics, with equivalent of 4 marks. Denoted by Q;,
where i =1, 2, 3, 4, 5, representing the questions in the first
quiz. Q1 and Q> tested the students on their knowledge about
sub-topic 1, ci1 in the cognitive processes category of
“Understand” and “Apply” respectively, while Qs is about
sub-topic 2, c12 in category of “Remember”, Qs and Qs is

172 e-ISSN: 2289-8131 Vol. 9 No. 2-9



Fuzzy Students’ Knowledge Modelling System through Revised Bloom’s Taxonomy

about sub-topic 3 and 4, c13 and ci4 in category of “Apply”
respectively.

The subject-matter expert marked the students’ answer
after conducting the assessment. The scores obtained by
students for each question in a quiz were recorded in table, as
shown in Table 2. The obtained scores were pre-processed,
including checking for missing values, normalizing the data
range and transforming the data representation. This process
is to ease the students’ knowledge modelling process and to
enhance the system performance.’

Table 2
Results of the first quiz

Students Q1 Q. Qs Q4 Qs
1 2 4 1 4 4

2 3 1 3 2 1
174 2 1 0 3 1

Next, the processed data is input to the proposed system
which is implemented using MATLAB version 2013a. The
students’ knowledge model in the proposed system is
initialized using default value, which is “completely
unknown” for each cognitive processes category in every
domain concept. Once the processed data is given, the system
updated the value representing the knowledge level for a
particular cognitive processes category in a domain concept.
Next, the system generated tables and charts to report the
performance level of the students for difference domain
concepts according to the cognitive processes categories
throughout the assessments.

As shown in Table 3, the system could generate a table that
shows the average performance level of the students in any
assessment, classified by different domain concepts in
accordance to the cognitive processes categories. It helps the
subject-matter expert to know the students’ average
performance in an assessment, while review the students’
learning progress in different concepts in accordance to
various cognitive processes categories. For example, in the
first quiz, the average performance level indicates that the
students demonstrated better performance in the category of
“Understand”, compared to the category of “Apply” for the
sub-topic 1.

Table 3
Average Performance Level of the Students in the First Quiz

Concept Cogni(t:i;/ti;(:?; e Perform?r:g;agivd (%)
Understand 31%
Ci1 Apply 28%
Cu Remember 18%
. Apply 35%
Cue Apply 25%

In addition, the subject-matter expert could know the
distribution of the students by the results of any assessment
for a sub-topic in one category of cognitive processes
dimension. Figure 5 showed a histogram illustrating the
students’ performance level in the first quiz, in specific is the
students’ performance level on the sub-topic 1 in the
cognitive processes category of “Understand”.
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20
0

10% 20% 30% 40% 50% 60% 70% 80%
Performance Level

Number of Students

90% 100%

Figure 5: Histogram of the students’ performance level of the first quiz for
sub-topic 1 in category “Understand”

Moreover, the subject-matter expert could have an
overview on the learning progress of the students throughout
different assessments. Take the first quiz and mid-semester
examination as example (as shown in Figure 6), both includes
questions that evaluate the students’ knowledge level on the
sub-topic 1 in the category of “Apply”, and on the sub-topic
2 in the category of “Understand”. The corresponding
average performance level in the first quiz and mid-semester
for sub-topic 1 is 28% and 63%, while for sub-topic 2 is 18%
and 20%.

100%

80%
63%

60%

Average
Performance Level (%)

40% 28%
20%
o 20%
0% 18%
Quiz 1 Mid Sem Exam

-&-sub-topic1 in the category of “Apply”
sub-topic 2 in the category of “Understand”

Figure 6: Average performance level of the students in the first quiz and
mid-semester examination.

Through the illustration of tables and charts, the proposed
system is capable of displaying the performance level of
various students achieved in different assessments through a
way that is meaningful and easy to understand.

IV. CONCLUSION

This paper presented a way of integrating Fuzzy Set
Theory and Revised Bloom’s Taxonomy into a student
knowledge modelling system to confront the uncertainty and
human subjectivity in modelling students’ knowledge level.
The Fuzzy Students’ Knowledge Modelling System can work
together with an adaptation model which uses the information
stored in the student model to analyse and decide the
presentation of teaching materials, leading adaptation effects
into the web-based educational system to meet the needs of
heterogeneous group of individuals.

Through the student model, the web-based educational
system can distinguish between different learners and adapt
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the instructional conditions in order to facilitate the learning
and teaching process between the learners and the system.

The Fuzzy Students’ Knowledge Modelling System can be
used to measure the effectiveness of the teaching contents or
strategies to the students. However, this work requires detail
analysis on the relationships between various sub-topics or
chapters in a course, whereby the knowledge acquisition of a
topic may affect the knowledge acquisition of another topic.
In addition, the system evaluation should be conducted using
simulated students before conducting with real students. This
is to ensure the validity of the evaluation method and system
performance in inferring students’ knowledge level as
indicated in [16].
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