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Abstract

To the field of education, advances in technologies raise opportunities and challenges in delivering personalised learning to heterogene-
ous group of learners while monitoring and analysing their learning progress and learning outcomes. This paper addresses the challenges
of gaining a big picture about learners” knowledge that is essential for providing personalised learning. Next, a system that models stu-
dents’ knowledge is proposed in which topic-based approach, fuzzy set theory, and visual analytics were applied to design and develop
the proposed system. The proposed system was designed with the capabilities to model, analyse and report individual learner’s knowl-
edge, whereas its applicability was presented and discussed based on a real-world case study.
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1. Introduction

Throughout the past decades, the technologies of supporting learn-
ing and instructions are changing and evolving. Among the emerg-
ing technologies, recent research shows that personalised learning
has great potential in transforming learning and instruction [1]. In
this paper, personalised learning is referred to any approach that
can be used to guide individual learners to the most appropriate
educational contents in accounts of any relevant learning charac-
teristics of the learners [2]. The learning characteristics of the
learners may vary in terms of their knowledge level, abilities and
disabilities, learning needs, learning goals, preferences, and so
forth [3], [4].

Compared to the traditional one-method-fits-all approach, person-
alised learning takes the diverse needs of learners into considera-
tion in order to guide the learners to the most appropriate educa-
tional contents [5], resulting in better learning performance for
group of heterogeneous learners [6], [7]. In other words, knowing
whom to adapt [8] and which decisions have to be made to guide
the learners to the most appropriate educational contents [2] are
the important aspects in providing personalised learning.

This study employs the student modelling techniques to gain the
big picture of learners’ knowledge. Such techniques were intro-
duced in the field of Intelligent Tutoring Systems (ITS) for col-
lecting, analysing and maintaining the learning characteristics of
learners to form student models [9]. Although student modelling
techniques were proposed in the field of ITS, such techniques
were applied in different educational applications that adopt per-
sonalised learning [10]-[12]. Hence, in this paper, a topic-based,
structural student modelling system that is capable of collecting,
reasoning, and keeping track of learners” knowledge is proposed.
The fuzzy sets theory [13] was also utilised for reasoning the
knowledge of the learners. Often, to assess the knowledge of the
learners, a set of assessments is generated by instructors and to be
solved by the learners [11]. However, the learners’ knowledge
may not be reflected accurately based on the assessments results

as the reasoning of the knowledge can be influenced by other fac-
tors, such as the difficulty level of an assessment, time spent to
solve the assessment and so forth. [11]. Indeed, these factors as
well as learners’ knowledge are ambiguous and vague in nature.
The process of determining the knowledge level tends to be uncer-
tain [11]. Therefore, this study employed the fuzzy set theory,
which is capable of handling such vagueness and uncertainties
mathematically, for reasoning learners’ knowledge by taking into
consideration the various imprecise factors.

A visual analytics component was also incorporated into the pro-
posed system to provide detailed insight into learners’ knowledge.
With the aid of this visual analytics component, the burden of
analysing whom to adapt and what learners have learned can also
be reduced. As the result, the feasibility of adopting personalised
learning among the heterogeneous group of learners is enhanced
[14].

The subsequent sections of this paper are organized as follows:
Section 2 presents the background and relevant works; Section 3
and 4 elaborate on the design and development of the students’
knowledge modelling system, which employed the topic-based
approach, fuzzy set theory and visual analytics; Section 5 dis-
cusses the implementation of the proposed system; and Section 6
provides the conclusion and recommendations of future work.

2. Background and Related Works

This section focuses on the background and related past studies on
student modelling system, fuzzy set theory and visual analytics.

2.1. Student Modelling System

Student modelling system was originally proposed in the field of
Intelligent Tutoring Systems (ITS) [9]. It is referred as a system
that is capable to collect and infer the particular learning charac-
teristics of a learner and maintain these characteristics in the form
of student models [9], [15]. A student model can represent the
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knowledge level in various forms with the overlay student model
as the most preferred form [16]. The overlay student model [17]
structures the knowledge level of an individual learner in relation
to a domain model, which consists of the expert-level knowledge
for a particular domain [15], [16]. Using the overlay student model
to represent the knowledge level of a learner offers great flexibil-
ity in modelling the knowledge level and in representing various
domains [18].

The complexity of structuring knowledge level using the overlay
student model depends on the granularity of the domain model,
and the estimation of the knowledge level [18], [19]. Past studies
on student modelling mostly focused on constructing the domain
model by fine-graining the domain knowledge into dozens to hun-
dreds of concepts in relation with the educational content element
[10], [19]. The concept-based approach requires the instructors to
decompose the domain knowledge into fine-grained concept level,
link the concepts to each other, and index them with educational
contents [19]. Although fine-grained domain models provide great
precision in delivering personalised learning, the granularity of the
domain model increases the complexities in authoring the domain
model, and increases the difficulty for the instructors to compre-
hend and master the way of authoring domain model [19], [20].

In concern of such issue of complexity, this study applied the topic
based approach for constructing the domain model in the proposed
student modelling system. Topic-based approach was introduced
by Sosnovsky and Brusilovsky [21], namely topic-based knowl-
edge modelling. The topic-based approach structures the domain
model based on the way an instructor structures the body of the
domain knowledge into course curricula [19]. In Sosnovsky and
Brusilovsky [21], the topic-based domain model of the system
only consisted of 22 topics for C programming languages, while
the concept-level domain model had several hundred concepts.
Such approach is much simpler to be understood and applied by
instructors. The significant difference between the topic-based
approach and the concept-based approach is that each educational
activity contributes to only one topic in topic-based approach,

while it is linked to multiple concepts in the concept approach [21].

Inspired by the works of QuizGuide, the following section pre-
sents how this study incorporated the topic-based approach into
the proposed students’ knowledge modelling system for modelling
the knowledge level of an individual learner.

2.2. Fuzzy Set Theory

Fuzzy set theory is formalized by Prof. Lotfi A. Zadeh in 1965
[13], to mathematically represent uncertainty and lexical impreci-
sion of the linguistic variables. Let X be a linguistic variable repre-
senting the universe of discourse, with elements namely linguistics
values, x;. Each element of x; represents particular imprecise con-
cepts as fuzzy sets. Take example of a linguistic variable namely
difficulty level, it could be defined with the linguistic values of
‘easy’, ‘moderate’, and ‘difficult’. These values are vague in na-
ture, but could be defined precisely using fuzzy set theory [22].
To define whether the particular elements of X belong to a set A,
degree of membership with range of [0, 1] was formulated using
membership function zx(x;) as shown in Equation (1).

1, x, istotallybelongtoset A

p,(x)=10<p,(x) <1, x ispartlyinsetA
)

0, x, istotallynotbelongtoset A

u,(x)—-[0.1]

Various past studies reported the use of the fuzzy set theory to
model the knowledge level of an individual learner. For example,
FuzKSD [23] used fuzzy cognitive map to represent the knowl-
edge of the learners for various concepts in a particular domain.

Meanwhile, DEPTH [11] and TRAM [24] used a fuzzy inference
system to inference knowledge of the learners.

2.3. Visual Analytics

According to the definition introduced in the call for papers of the
1st International Conference on Learning Analytics and Knowl-
edge 2011 (https://tekri.athabascau.ca/ analytics/), learning ana-
Iytics involve the measurement, collection, analysis and reporting
of data about learners and the corresponding contexts, in order to
understand and improve learning and the corresponding learning
environments. According to the study by Ruipérez-Valiente et al.
[14], there are two approaches of applying learning analytics into
educational systems. One of the approaches is through visual ana-
Iytics that presents the data about learners and relevant learning
contexts using various types of visualizations and reports, such as
reports for students, activities and performance in a given period
and so forth. [25].

ALAS-KA [14] is one of the various past studies that followed the
visual analytics paradigm. It is a visual analytics module that ex-
tends the supports of learning analytics in the Khan Academy
platform, which reports visualization and recommendations for the
entire class as well as individual student. These include the visu-
alization of the affective states for the class group, total time dis-
tribution for each user in different activities and so forth. Other
works include GLASS [26] that presents the most active events
and learners in the system and CAMera [27], a tool for monitoring
and reporting learners’ learning behaviour to aid self-regulated
learning.

3. Topic-Based Student Modelling System

This section presents the works of designing and developing a
students’ knowledge modelling system based on the instructor-
oriented topic-based approach and with visual analytics applied
for modelling and reporting the knowledge of an individual
learner. The proposed students’ knowledge modelling system was
designed in structural design of a topic-based system as illustrated
in Fig. 1. There are five important components, which are the
domain model, goal model, content model, overlay student model,
and visualization analytics model.

authoring Content

Model
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Domain Student | Goal
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Fig. 1: Structural design of topic-based students’ knowledge modelling

Analytics
system.
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3.1. Topic-Based Domain Model

This study designed the domain model of the proposed system
using the topic-based approach, namely topic-based domain model.
As illustrated in Fig. 2, the domain model represented the knowl-
edge of a particular domain by structuring the elementary ele-
ments, namely Topics in the domain knowledge, in the form of
nodes. The nodes were organized based on the curricula of a par-
ticular course domain, which was provided by the instructor. For
each module structured in a course domain, it is denoted as m,
while each of the topics structured under the module is denoted as
n.
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Fig. 2: Topic-based domain model
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3.2. Topic-Based Goal Model

The purpose of having a topic-based goal model in the proposed
system is to represent the instructional objectives dedicated by the
instructors. The ultimate goal of instructional objective is to elimi-
nate the gap between the knowledge level of the expert of a do-
main and the individual learner [16]. Consequently, to gain better
insight of the knowledge level of the individual learners, we util-
ized the Revised Bloom’s Taxonomy as metrics of instructional
objectives to indicate the dedicated learning progress, learning
outcomes, and learning objectives. There are six categories of
cognitive processes dimension in the revised taxonomy, which are
the categories of Remember, Understand, Apply, Analyse, Evalu-
ate and Create. Each category represents different cognitive skills
that require different degree of cognitive processing in learning.
The topic-based overlay student model of the proposed system
associated the domain model with the goal model. In accordance
to every topic in the domain model, the student model further
structured the knowledge level of individual learner based on the
six categories of cognitive processes dimension. Considering the
potential mass scale of a domain model, for example, dozens of
topics were listed in particular curricula of a course domain, the
representation of the cognitive processes dimension was simpli-
fied to only five levels, namely Bloom Levels in order to reduce
the storage consumption of the goal model (as shown in Fig. 3).
These five levels were named as Level 0, Level 1, Level 2, Level 3,
and Level 4, which corresponds to the fuzzy set of ‘Bloom Level’.
As shown in Table 1, these levels represent different extents of the
cognitive processes dimension in term of the six categories in the
revised Taxonomy. By default, the goal model is initialized by
assigning default value of zero to each Bloom Level.

Bloom Level

Fig. 3: Topic-based goal model

Table 1: Different extents of bloom levels in topic-based goal model

Eeon Extensions of bloom levels
levels
Level 0 This level represents the cognitive processes dimension in
which is likely in the category of ‘Remember’
This level represents the cognitive processes dimension in
Level 1 which is mostly in the category of ‘Remember’ and likely in
the category of “’Understand’
This level represents the cognitive processes dimension in
Level 2 which is mostly in the category of ‘Understand’ and likely in
the category of ‘Apply’
This level represents the cognitive processes dimension in
Level 3 which is mostly in the category of ‘Apply’ and likely in the
categories of ‘Analyse, Evaluate, and Create’
This level represents the cognitive processes dimension in
Level 4 which mostly in the categories of  Analyse, Evaluate, and
Create’

3.3. Topic-Based Content Model

A set of assessments was used for assessing the data about the
knowledge level of an individual learner, and thus the topic-based
content model served as the connection between the configura-
tions of assessments, the topics enlisted in the domain model, and
the dedicated instructional objectives, Bloom Level. Take example
of a sequence of Topics that is structured based on particular cur-
riculum of a course. For assessing the knowledge level of individ-
ual learners, several assessments were conducted throughout the
course, whereby each assessment was denoted as Quiz, and each
Quiz consisted of a sequence of individual Questions. For every
Questions in each Quiz, they are varied in terms of difficulty level
in answering them, and the maximum marks that the individual
students could score. In addition, following the topic-based con-
tent organisation, each Question was associated with one of the
course Topics, and with one of the Bloom Levels. The associations
with both Topics and Bloom Level are indicated using dash line in

Fig. 4.
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Fig. 4: Topic-based content model

3.4. Topic-Based Overlay Student Model

The topic-based overlay student model of the proposed system
represented the knowledge level of individual learners in a par-
ticular domain. The student model was designed to be associated
with the domain model and goal model (as shown in Fig. 5). In
other words, the knowledge levels of individual learners were
structured based on the set of topics in the domain model, and
further classified into corresponding bloom level.

Student Model

Topic mn

Fig. 5: Topic-based overlay student model

Qualitative measures were applied to indicate the degree of which
the individual learners know about the particular topics in particu-
lar bloom levels. The values of the qualitative measures were cor-
responded to the fuzzy set of ‘performance level’ that represented
the output of the fuzzy inference system used to estimate the
knowledge level of individual learners. The values were formed
by three terms (unknown, known, learned) and three quantifiers
(slightly, partially, and completely). Together there are seven
terms to describe the knowledge level that individual learners
acquired - completely unknown, slightly known, partially known,
completely known, slightly learned, partially learned, and com-
pletely learned.
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3.5. Visual Analytics Model

To ease the interpretations and comprehensibility of the student
model generated by the proposed system, the visual analytics
component was incorporated into the proposed system. The visual
analytics generated relevant visualizations and reports based on
the data modelled and analysed by the proposed system The visu-
alizations and reports make the reading of student model be more
meaningful to the instructors.

This study applied several design rules into the visual analytics

component, which was in reference to the work by Ruipérez-

Valiente et al. [14]. The rules are listed as follows:

o Applying colours meaningfully. Different tones of black colour
were applied to illustrate different aspects of the visualization
contexts. For example, from performance level of Completely
Unknown to Completely Learned, we applied the colour of light
grey to black to indicate them.

o Divide the visualizations into comprehensive modules according
to their semantics, whereby we divided the visualization ana-
Iytics into three parts representing different contexts of the pre-
sented visual information.

o Use the same standard for all visualizations.
There are two parts in the visual analytics model of the proposed
system. The first component, namely Content Visualization, pre-
sented visual information about the topic-based domain model and
content model, such as table list of the topics in the course, histo-
gram of the Topics that is related with the Questions, etc. These
visualizations and reports served as a tool for instructors to review
the curricula focus of the course and evaluate the needs of shifting
focus in accordance to the performance of the students in the
course
The second component presented the learning outcomes and learn-
ing progress according to the Revised Bloom’s Taxonomy in term
of a group of individual learners, namely Class Visualization, and
in term of an individual learner, namely Individual Visualization.
The visualizations and reports in Class Visualization presented the
knowledge level of a group of individual learners in average and
served as tool for the instructors to review the instructional strate-
gies of the course from a wider view of perspective. In addition,
the average performance presented in Class Visualization could be
used as a mean to compare the performance of an individual
learner, which was presented in Individual Visualization. Mean-
while, Individual Visualization displayed the strength and weak-
ness of an individual learner in learning particular topics of the
course, and mastering certain cognitive skills described through
bloom levels.

4. Fuzzy Knowledge Inference System

In this study, the fuzzy set theory was utilized to design and de-
velop a Mamdani fuzzy inference system for estimating the
knowledge level of an individual learner. The proposed fuzzy
inference system follows Mamdani type inference processes in-
cluding fuzzifying crisp inputs into fuzzy input variables, match-
ing the fuzzy input variables to the fuzzy output variables based
on the fuzzy rules, assigning degree of membership to the given
fuzzy output variable, and transforming the fuzzy output variable
into crisp output using defuzzification technique. The defuzzifica-
tion technique used in the proposed fuzzy inference system is
Centre of Gravity (CoG) method (as shown in Equation (2)),
whereby x as the values of fuzzy output variables, #(x) as their
degrees of membership in relation to the fuzzy output variable, A,
and a and b are counters.

> 1, (9 - X
cog =22 )
RIS

The proposed fuzzy inference system consists of two rule bases
(as illustrated in Fig. 6). The top rule base is named as Revised
Bloom’s Taxonomy Evaluation, which is to inference the bloom
level that a Question is related to. The bottom rule base, namely
Students’ Performance Level Evaluation, is for inferring the
knowledge level of individual learners in accordance to the Bloom
Level, the difficulty level of answering, and the normalized scores
that a student obtained for that particular Question. The inputs
required to activate the proposed fuzzy inference system are re-
corded in the topic-based content model.

Analyse,
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[ Rule Base 2: Student’s Performance Level Evaluation ]

Student’s
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Fig. 6: Fuzzy inference system to inference knowledge level

The top rule base is designed based on past research works that
used the original Taxonomy to design a stereotype student model
[12], whereby we modified it to be using Revised Bloom’s Tax-
onomy. It receives four crisp inputs that describe the degree to
which different categories of cognitive processes dimension, ‘Re-
member’, ‘Understand’, ‘Apply’, and ‘Analyse, Evaluates, and
Create’ were involved in a particular Question. Each input is
ranged with values between 0 and 1, whereby 0 is referred as
‘none’ and 1 is referred as ‘mostly’ (as shown in Fig. 7(A)).

None Maybe Mostly
1
T =Z
H X X
3 0 Y - .
] 02 0.4 06 08 1
(A) Cognitive Processes Categories
Level 0 Level 1  Level 2 Level 3 Level 4
-y
82
BE
020 i } }
= 0 02 0.4 06 08 1
(B) Bloom Level
Low L_O“V Average I.hgh igh
el Average Average
e 2
3 E
nao
= 9 02 0.4 0.6 0.8 1
(C) Score Level
Very Easy Moderate  Difficult ~ Very
. e o Easy Difficult
B =
Z
g2
g50 J
= 1 4 7 10
(D) Difficulty Level
(1) Completely Unknown (5) Slightly Learned
(2) Slightly Known (6) Partially Leamed
(3) Partially Known (7) Completely Learned
(4) Completely Known
5 £ o\ \/ \ \ / \/
g & n)\< @V ey @ \y< @Yy © ){ Q]
f =) \ A A\
e \ \
52’0 '/\ ANA JANA [\ |
0 2 4 6 8 10
(E) Performance Level

Fig. 7: Fuzzy variables — (A) Cognitive Processes Categories; (B) Bloom
Level; (C) Score Level; (D) Difficulty Level; (E) Performance Level.
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The fuzzy output variable of the top rule base is named as Bloom
Level with fuzzy five sets — Level 0, Level 1, Level 2, Level 3,
and Level 4 (as shown in Fig. 7(B)). The variable of Bloom Level
is ranged with values between 0 and 1 to indicate different extents
to which the cognitive processes dimension that a particular Ques-
tion was set to test the knowledge level of individual learners (as
described in Table 1). To inference the bloom levels, the top rule
base is based on nine fuzzy rules (as shown in Fig. 8), which we
deducted in reference of the past research work [12].

(1) IF Remember is ‘none’ AND Understand is ‘none’
AND  Apply is ‘none’ AND  Analyse, Evaluate and Create is ‘none’
THEN Bloom level is “level 0

(2) IF Remember is ‘maybe’ AND Understand is ‘none’
AND  Apply is ‘none’ AND Analyse, Evaluate and Create is ‘none’
THEN Bloom level is “level 0"

(9) IF Analyse, Evaluate and Create is ‘Mostly’
THEN Bloom level is “level 4°

Fig. 8: Example of fuzzy rules used to inference bloom levels

Taking the fuzzy output variable of Bloom Level as one of the
inputs to the bottom rule base, the bottom rule base inference the
knowledge level of individual. Other inputs received are the nor-
malized scores that individual learners obtained for particular
questions (as shown in Fig. 7(C)) and the difficulty of answering
the question (as shown in Fig. 7(D)). The output of the bottom
rule base is the knowledge level of individual learners, namely
performance level with fuzzy sets - completely unknown, slightly
known, partially known, completely known, slightly learned, par-
tially learned, and completely learned (as shown in Fig. 7(E)).
Details about these input variables of score level and difficulty
level, and the output variable of performance level could be seen
in previous work [3].

For the bottom rule base, as we extended our previous work with
addition fuzzy input variable of bloom level, the bottom rule base
inferred students’ knowledge level through a set of 125 fuzzy rules
(as shown in Fig. 9). The output of the bottom rule base, which
represented the knowledge level of individual learner, is recorded
into the topic-based overlay student model.

(1) IF Bloomlevelis “levei 0’ AND difficulty level is ‘very easy’
AND scorelevelis ‘low’
THEN performance level is ‘completely unknown’

(2) IF Bloomlevelis ‘level° AND difficulty level is ‘very easy’
AND scorelevel is “low average’
THEN performance level is ‘slightly unknown’

(125)IF Bloomlevelis ‘level 4 AND difficultylevelis “very difficult’
AND score levelis ‘high’
THEN performance level is ‘completely learned’

Fig. 9: Example of fuzzy rules used to inference knowledge level

5. System Implementation and Discussion

To demonstrate the implementation of the proposed topic-based
students’ knowledge modelling system, a case study was con-
ducted with the cooperation of an instructor for an undergraduate
course. The undergraduate course had 174 enrolled students and
all were new to the course. For this case study, only one of the
modules in the course with seven topics in total was taken into
consideration. Throughout the lectures of the module, the instruc-
tor conducted three assessments with to evaluate students’ learn-
ing progress and learning outcomes of the class in accordance to
the dedicated instructional objectives. All assessments were given
in the form of paper and pencil. The total duration of the lectures
of the module was 8 weeks. First assessment was conducted after
three weeks of lectures to evaluate the knowledge level of the
class for the first four topics in the module, while the second as-
sessment was conducted after three weeks of conducting the first

assessment to evaluate the knowledge level of the class on another
three topics. On the 8" week, a third assessment was conducted as
mid semester examination to evaluate the knowledge level of the
class for most of the topics in the module.

The purpose of conducting assessments was to evaluate the
knowledge level of various topics in a module. In other words,
each question in the assessments was set to test the knowledge
level of the class on one topic of the module. Moreover, each
question in an assessment was configured with different maximum
marks that the students could score. The maximum marks were
used to normalize the marks the students obtained for each ques-
tion, in order to ensure the consistency of the input of the scores
achieved by the students. The instructor could also indicate the
difficulty level in answering each question using a scale with
range of 1, which meant “very easy”, to 10, which meant “very
difficult”. In addition, the instructor could rate the degree to which
that particular question was set to test the knowledge level on
particular category of cognitive processes dimension, with values
ranged from 0, which meant “not related”, to 1, which meant
“mostly related”.

Take example of a question in the first assessment that has total
marks of 4 marks, the instructor justified that question was to test
students’ knowledge level for the Topic 1 of the module in the
cognitive processes category of ‘Understand’. For this question,
the instructor selected value of 1 for the category of ‘Understand’
to indicate this question was mostly involved the category of ‘Un-
derstand’, while other categories were rated as 0, as other catego-
ries were not related. Meanwhile, the instructor also rated the dif-
ficulty level of the question was 3 out of 10. These configuration
regarding the assessments and assessment questions were col-
lected and recorded in the topic-based content model.

After the instructors marked the assessment answers of the class
for each assessment, the marks were also collected and recorded in
tabular form. The table of marks was pre-processed, including
checking for missing values, normalizing the data range and trans-
forming the data representation. The purpose of pre-processing
was to ease the process of knowledge inference and to enhance the
system performance.

Meanwhile, no intervention on teaching was conducted during the
lectures based the results of assessments. Subsequently, the in-
structor intended to visualize the learning progress and learning
outcome of all students throughout all assessments.

For initialization, the proposed system assigned default value,
which is completely unknown, for each bloom level in every topic
structured in the topic-based overlay model. Subsequently, the
system initialized the topic-based goal model by default. Next, we
inputted the relevant data into the proposed system for construct-
ing the topic-based domain model and topic-based content model.
With all relevant data entered, the proposed system activated the
fuzzy inference system to infer the knowledge level of each Stu-
dent A and updated the record in the topic-based overlay student
model. At the end of the system execution, the proposed system
generated the required visualizations and reports using the compo-
nent of visual analytics, to ease the interpretations and comprehen-
sibility of the student model outputted by the proposed system.
The following sub-sections presented several examples of visuali-
zations and reports generated by the proposed system..

5.1. Content Visualisation

The visualizations and reports generated by the Content Visualiza-
tion presented the information regarding the curriculum of the
course, and the configuration of the assessments and assessment
questions. Take example of the configuration of the assessments in
the case study, Fig. 10 showed the histogram of the topics that are
related to the assessment questions. The histogram shows that the
instructor evenly evaluated the knowledge level of class on every
topic in the module, except for the Topic 5 and Topic 7. Based on
this diagram, the instructor could reflect on the tendency of testing
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the knowledge level of the class on topics of the module, and thus
gaining more insight about configuring assessments.

Distribution of Topics in All Assessments

Quzl @ Quzz @ Qual

Fig. 10: Histogram of topics that are related to the assessment questions

Another similar diagram is showed in Fig. 11, but the focus of this
histogram was on the Bloom Levels that the instructors set on the
assessment questions for evaluating the knowledge level of the
class. The histogram shows that most of the questions are related
to Bloom Level 3, which was tend to test the students’ knowledge
level in the category of "Apply" and likely in the categories of
"Analyse"”, "Evaluate”, and "Create. On the other hand, Bloom
Level 0 and Bloom Level 1 are not tested throughout all assess-
ments conducted during the lectures of module. Although the
histogram shows imbalance in setting up the questions for testing
the knowledge level in particular cognitive process categories,
however, if the instructional objectives set by the instructor were
mainly focused on evaluating the category of ‘Apply’ or even
higher categories, such tendencies matched with the dedicated
instructional objectives. Hence, through this histogram, the in-
structor could review whether the configuration of assessments
matched with the dedicated instructional objectives.

Distribution of Bloom Level in All Assessments

Quzl @ ouzz @ Quil

Fig. 11: Histogram of Bloom Levels that are related to the assessment
questions.

The example diagrams of Content Visualization showed that it
served as a tool for instructors to review the focus of the course,
the configurations of assessments, and the instructional strategies
of the course. Furthermore, the instructor could evaluate and ana-

lyse the needs of shifting the focuses or the instructional strategies.

5.2. Class Visualisation

Through Class Visualization, various visualization and reports
were generated to present the knowledge level of the class in aver-
age and the average performance level is displayed in percentage
value. Fig. 12 illustrates the overall performance level of all stu-

dents for all topics and all assessments conducted in the case study.

The chart shows that 44% of the students performed in the cate-
gory of ‘Completely Unknown’, while only 23% of the students
performed in the category of ‘Completely Learned’. The instructor
could gain a wider view of the knowledge level of the class
through this chart.

anooy

—
—

Fig. 12: Average performance level of the class in percentage for all topics
throughout all assessments.

Furthermore, the Class Visualization could present visual informa-
tion about the knowledge level of the class in accordance to the
Bloom Levels through pie charts. Take example of the perform-
ance of the class in both Bloom Level 2 and Bloom Level 3 (as
illustrated in Fig. 13), the percentage of average performance level
of ‘Completely Unknown’ in Bloom Level 3 (46.16%) is slightly
lower than the Bloom Level 2 (49.22%). Meanwhile, the percent-
age of ‘Completely Learned’ and ‘Partially Learned’ in Bloom
Level 3 (27%, 17.70%) is higher than the Bloom Level 2 (16.08%,
7.47%). The pie charts aided the instructors in comparing the
knowledge level of the class in between of various cognitive proc-
ess categories, and further evaluate the effectiveness of the in-
structional strategies.

Bloom Level 2 Bloom Level 3
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Fig. 13: Average performance level of the class in accordance to the
Bloom Levels.

In addition, the instructor could review the growth in knowledge
level of the class throughout all assessments. As shown in Fig. 14,
the column bar presented the growth in average performance level
of the class for all topics throughout all assessments. In this case
study, first assessment covered first four topics of the module, the
second assessment covered another three topics, and the third
assessment covered most of the topics. This chart illustrated that
the knowledge level of the class in terms of Completely Unknown
is 48.51% and 59.54% in first two assessments, and at the third
assessment, the percentage dropped to 35.06%. Meanwhile, in
terms of Completely Learn, a growing trend of the knowledge
level is shown throughout three assessments, whereby from 6.55%
to 37.64%. This chart illustrated the gaining of knowledge level of
the class for all topics in the module. For detailed insight of the
learning of each topic, the Class Visualization could present simi-
lar growth chart in terms of single topic. With the visualization of
the growth in the knowledge level of the class, the instructor could
review the effectiveness of particular instructional strategies and
the learning materials provided to students, and lead to improving
the quality of the course, and the gaining of knowledge among the
students.

Quizl @ Guiz? @ Quizl

Quiz 1 (%) Quiz 2 (%) Quiz 3 (%)
Completely Unknown 8 954

Slightly Known

Partially Known

Completely Known

Slightly Leamed

Partially Learned

Completely Leamed

Fig. 14: Growth in average performance level of the class in percentage
for all topics throughout all assessments.

The example diagrams of Class Visualization presented the visu-
alizations and reports that the instructors could utilize for review-
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ing the instructional strategies of the course, the learning outcomes
and learning progress of the class from a wider view of perspec-
tive.

5.3. Individual Visualisation

The purpose of having Individual Visualization is for the instruc-
tor to review and evaluate the performance of a particular individ-
ual learner, in comparison to the average performance of the class.
The visualizations and reports aid the instructor to gain better
insight about the learning status of the class by detailing the per-
formance of the class into individual level. The visualizations and
reports displayed for Class Visualization, similarly presented in
Individual Visualization with context shifted into particular indi-
vidual learner.

Take a student, Student A in the case study as example, several
visualizations and reports of Individual Visualization were pre-
sented in the following. An example of the scores and perform-
ance level achieved by Student A for one of the assessments is
illustrated in Fig. 15. The scores and performance level are dis-
played in tabular form for ease of reading, and with additional
details on the configuration of each assessment question, the in-
structor could gain detailed information about the performance of
Student A in that particular assessment.

Quiz Scores in Quizzes

Mark Allocation  Scores  Related Topics Bloom Levels  Difficulty Levels Performance Level
Tor evel 2 rally L

Top . artially L

Top € jally Les

Topic 3 ially Les

Fig. 15: Individual scores and performance level in one of the assessments

Besides the table of scores and performance achieved by Student
A, Individual Visualization also presented how Student A per-
formed for all topics throughout all assessments in average and in
comparison of the average knowledge level of the class (as shown
in Fig. 16). The average knowledge level of Student A is pre-
sented as column chart, while the average knowledge level of the
class is presented as line chart. The diagram shows that Student A
performed majority in the level of Completely Learned (55.56%).
In comparison with the average knowledge level of the class, the
performance of Student A is better, as the average knowledge
level of Student A in term of Completely Unknown (11%) is
lower than the average knowledge level of the class (44%), while

Completely Learned (55.56%) is higher than the average (23.88%).

Through this diagram, the instructor could know that Student A is
well performed throughout the lectures of module.

Average Performance Level of Individual Student in Percentage For All Topics in All Assessments

........................ O Average Prform:

L] - emance Level (%) in Class Mean
Fig. 16: Individual average performance level in percentage for all topics
throughout all assessments.

In case of the instructor intends to evaluate the growth in knowl-
edge level of Student A, Individual Visualization could present the
growth chart of the knowledge level of Student A for all topics
throughout all assessments (as shown in Fig. 17). As shown in the
diagram, Student A performed in terms of Completely Unknown
(40%) in second assessment, however, at the third assessment, the

Student A showed the gaining of knowledge level, and decreased
the corresponding percentage to zero, while increasing the per-
formance level in term of Completely Learned from 20% to 88%.
Through the diagram of growth chart, the instructor could gain
insight of the learning progress of Student A throughout the lec-
tures of module.

s
o
an an
an n
I.“
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Fig. 17: Individual growth in knowledge level for all topics throughout all
assessments.

The instructor could also review the average performance level of
Student A in accordance to the Bloom Levels through pie charts.
Take example of the performance of Student A in the Bloom Lev-
els of Level 2 and Level 3 (as illustrated in Fig. 18), the percent-
age of average performance level of Completely Learned in the
Bloom Level 2 (66.67%) is higher than the Bloom Level 3
(44.44%). This showed that Student A gained more knowledge in
terms of Bloom Level 2 than in Bloom Level 3. Meanwhile, the
average performance level of Student A in terms of Completely
Unknown and Partially Learned in Bloom Level 3 (11.11% and
44.44%) is slightly higher than the Bloom Level 2 (0% and
33.33%). From the pie charts, the instructors could compare the
average knowledge level of Student A in various cognitive process
categories, and further evaluate the effectiveness of the instruc-
tional strategies to support the learning of Student A in various
cognitive process categories.

Bloom Level 2 Bloom Level 3

Partially

Completely
Learned

44.44%
Partially
Learned
44.44%

Fig. 18: Individual average performance level in accordance to Bloom
Level 2 and Bloom Level 3.

The example diagrams of Individual Visualization presented that
through visualizations and reports, the instructors could evaluate
the strength and weakness of an individual learner in learning
particular topics of the course, and certain cognitive skills as de-
scribed through bloom levels. Such visualizations and reports
could aid the instructors in customizing the learning materials and
instructional strategies to deliver personalised learning. Conse-
quently, the quality of the lectures of modules, and the effective-
ness of lecturing could be improved together with the increase of
gaining knowledge among the students.

In short, the implementation of the proposed topic-based students’
knowledge modelling system was presented through a real-world
case study. Take the case study as example, various relevant visu-
alizations and reports were presented to illustrate the way the in-
structor could utilize them for evaluating the learning status, learn-
ing outcomes, and learning progress of a group of individual
learners, or a particular individual learner. Consequently, the in-
structor could gain better insight about the lectures of module, the
assessment configurations, and the effectiveness of the lectures in
supporting the students in learning
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6. Conclusion

This paper presents the design and development of a topic-based
students’ knowledge modelling system that employed the fuzzy
set theory and visual analytics. The purpose of proposing such a
system is to contribute towards the efforts of adopting personal-
ised learning in practical education. The proposed system consists
of a topic-based domain model that is designed using the topic-
based approach, which is a friendlier approach for instructors. The
domain model consists of a set of topics that is structured based on
the curricula of a particular course domain. Moreover, a topic-
based overlay student model is used to structure and model the
knowledge level of individual learners in accordance to the set of
topics and the instructional objectives indicated by the instructors.
To infer the knowledge level of the individual learner, this pro-
posed system utilizes the fuzzy set theory by constructing a fuzzy
inference system. The proposed fuzzy inference system considers
various vague factors that may influence the inference of knowl-
edge levels, which include the assessment results. To illustrate the
modelled knowledge level in the proposed system, a visual ana-
lytics component was included to provide a wider range of possi-
bilities for interpretations and reading of the analytics outcomes.
By utilizing the visualizations and reports generated by the visual
analytics component, the instructors can monitor and evaluate the
knowledge level of each individual learner, and improve or tailor
the instructional strategies during teaching to improve the learning
of each individual learner.

The topic-based design of the proposed system is flexible in repre-
senting varies domain, and is easy to learn and comprehend by
instructors. Future studies may work on applying the proposed
system to model knowledge level of individual learners in other
domains. As the topic-based design of the proposed system is
simple and friendly to the instructors, future studies may design
and develop relevant authoring tools to aid the instructors in au-
thoring the domain model, configuring the assessments and as-
sessment questions.

The design of the proposed system separates the components for
modelling, reasoning, and reporting the knowledge level of the
students. Such design offers flexibility in applying various knowl-
edge modelling techniques, knowledge inference techniques, such
as Bayesian Networks and so forth as well as visual analytics
methods. Furthermore, such design is open for embedding or be
embedded into other components or systems. For example, the
proposed system may be incorporated into an adaptive learning
system, to provide personalised learning for individual learners
based on the knowledge level modelled by the proposed system.
The visual analytics components can also be expanded by includ-
ing more possible visualizations and reports by considering other
possible factors that might influence the inference of the knowl-
edge level. Possible factors include the duration taken to answer a
particular assessment question, the errors and misconceptions of
the individual learners towards the set of topics and so forth. With
additional factors considered to infer the knowledge level, the
instructors may explore and evaluate the knowledge level of indi-
vidual learners in other aspects as well.
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