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Abstract
Computerised testing and diagnostics are critical challenges within an e-learning envi-
ronment, where the learners can assess their learning performance through tests.
However, a test result based on only a single score is insufficient information to provide a
full picture of learning performance. In addition, because test results implicitly include
information about the underlying subject concepts and their relationships to each other,
this paper proposes a more effective method for analysing test results by providing a
concept map (CM) to facilitate learners’ understanding of their learning performance. An
innovative approach, not explored in previous studies, is proposed to automatically
construct a personalised CM. A CM-smart extraction and explicit diagnosis (CM-SEED)
learning system has been developed to diagnose learning barriers and misconceptions
and to supply relevant suggestions and guidance for remedial learning. This study exam-
ined 90 students from two classes at a university and assigned one class to be the
experimental group and another class to be the control group. The results indicated that
the students who used the CM-SEED learning system had superior perceptions regarding
their learning; furthermore, they accomplished superior learning achievement that dis-
played statistical significance. Consequently, the study concluded that CM extraction in a
test-based diagnostic environment can lead learners to enhanced learning performance.

Introduction
Rapid advances in computer and network technology have rendered computerised testing and
diagnostics, a current topic of interest in e-learning (Tsai & Chou, 2002). Researchers have
attempted to develop more effective computerised tests, such as diagnostic tests for mathematical
skills (Manning & Dix, 2008) and adaptive tests for learner self-assessment (Huang, Lin & Cheng,
2009), and have further indicated that computerised diagnosis is more valuable and beneficial to
learners (Chu, Hwang & Huang, 2010; Hwang, Hsiao & Tseng, 2003; Hwang, Tseng & Hwang,
2008). A learning system can perceive learners’ barriers and misconceptions and provide guid-
ance and suggestions for remedial supplements to improve the learners’ performance; the era of
learning systems that can provide more effective computerised diagnoses has arrived.
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A test is a conventional method for assessing the learning statuses of learners. However, consid-
ering only a single score cannot offer meaningful information for improving learning perfor-
mance; in fact, it can lead to reducing learner motivation (Chu et al, 2010; Hwang, 2007; Hwang
et al, 2008). By contrast, learners have benefited more when test results can be analysed and
advice for improvement offered (Hwang, 2003). Some information is implicit in the test sheet
(Cheng, Lin, Chen & Heh, 2005), such as subject concepts and their prerequisite relationships
and importance to each other; they can be extracted to construct a concept map (CM), which is
a prevalent tool to effectively marshal and organise concepts and their relationships into a mean-
ingful structure (Wu, Hwang, Milrad, Ke & Huang, 2012), for analysing and mirroring the
learner’s test results. Several previous studies have been conducted on automatic CM construc-
tion, as shown in the literature review section; however, few studies have considered the topic of
a CM that can support personalised learning.

This study attempted to manage the aforementioned challenges by first proposing an innovative
approach to automatically constructing a personalised CM and by further developing a comput-
erised testing and diagnostic-learning system, the CM-smart extraction and explicit diagnosis
(CM-SEED) learning system. This study aims to analyse test results for CM construction to facili-
tate learners’ understanding of their learning statuses by elucidated details and to diagnose
learning barriers and misconceptions by supplying guidance and applicable suggestions for reme-
dial learning.

Literature review
Computerised learning diagnosis
In an e-learning environment, a critical task is to diagnose learning barriers and misconceptions
and then to improve learning performance. For learners, having learning guidance and assistance
available as they encounter learning problems is crucial to improve learning quality (Hwang et al,

Practitioner Notes
What is already known about this topic

• Computerised testing and diagnostics can develop effective learning diagnoses to
improve learning performance.

• A test result based on only a single score is insufficient information for learning
improvement.

• Concept map organises concepts and their relationships in a meaningful structure,
which is a reference for guiding learning.

What this paper adds

• An innovative approach is proposed for automatic concept map construction by
extracting the implicit information in the test sheets.

• A learning system named CM-SEED has been developed for computerised testing and
diagnostics.

• An experimental study was conducted to investigate the effects of the CM-SEED learn-
ing system on students’ perceptions and learning achievement.

Implications for practice and/or policy

• The results indicated that the CM-SEED learning system provided students with supe-
rior perceptions regarding their learning.

• The students using the CM-SEED learning system had superior learning achievement
that displayed statistical significance.
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2003). For instructors, adjusting teaching methods and materials according to learners’ personal
situations can increase the teaching quality (Cheng et al, 2005).

Previous researchers have demonstrated the effects of a computerised diagnosis on the improve-
ment of learning performance. Superior academic performance resulted from learned concepts
and their weights were considered in an algorithm to identify missing concepts (Jong, Lin, Wu &
Chan, 2004). An expanded knowledge for web-based thematic learning resulted from offering
appropriate guidance upon diagnosing online behaviours (Huang, Liu, Chu & Cheng, 2007).
Enhanced learning performance resulted when the relationships among concepts and test items
were modelled in an approach to diagnose learning problems (Hwang, 2007). A positive effect on
learning achievement resulted from diagnosing the learning behaviours in portfolios through a
system (Jong, Chan & Wu, 2007). Learning performance enhancement resulted from diagnosing
learning problems and providing applicable suggestions through a system (Hwang et al, 2008).
Enhanced learning motivation resulted from providing a diagnosis of prior knowledge (Lin, Lin &
Huang, 2011).

Previous studies have sought to provide more effective learning diagnoses. Hwang et al (2003)
presented a novel approach to diagnose science-learning problems and to offer applicable advice.
Cheng et al (2005) employed a clustering algorithm to distinguish learning groups according to
similar misconceptions. Chen and Bai (2009) applied fuzzy rules to infer learning barriers. Chu
et al (2010) considered that one concept contains multiple knowledge levels containing various
difficulties. Su, Lin, Tseng and Lu (2011) utilised the rule-based inference approach to diagnose
learning problems and provide remedial suggestions in scientific-inquiry learning. Lin and
Huang (2013) proposed a fuzzy model using a multiple attributes decision-making technique to
diagnose prior knowledge. Panjaburees, Triampo, Hwang, Chuedoung and Triampo (2013) used
a novel technique to present concept weights for each test item and a learning-preference style
for each learner. In addition, previous studies have been conducted that integrate the opinions
of multiple experts on learning-diagnosis enhancement (Hwang, Panjaburee, Triampo & Shih,
2013a; Panjaburee, Hwang, Triampo & Shih, 2010; Wanichsan, Panjaburee, Laosinchai,
Triampo & Chookaew, 2012). These studies have revealed the importance of providing diagnostic
information to individual students based on their learning status.

CMs and automatic constructions
Novak and Gowin (1984) defined the CM, in which nodes express concepts and directional links
express node relationships; CMs are arranged in a top-down hierarchy from high-level to low-
level. For instructors, the CM is a reference for designing materials (Chen, Kinshuk, Wei & Chen,
2008). For learners, CM is a reference for guiding learning (Tseng, Sue, Su, Weng & Tsai, 2007).
It is also a graphical tool for helping learners understand concept relationships from viewing a
summary, thereby reducing information overload and learning disorientation (Chen et al, 2008).

Previous studies have recognised CMs as an effective knowledge-construction tool (Hwang, Kuo,
Chen & Ho, 2014) and as a successfully employed concept in the field of e-learning, including
web-based learning, collaborative learning, mobile and ubiquitous learning, and game-based
learning. For example, Hung, Hwang, Su and Lin (2012) have valuably indicated that a well-
designed CM has promising potential for enhancing learning performance when integrated into
a learning system. Hwang (2003) used the CM as a learning suggestion provision by analysing
materials and test results to benefit learners. Hwang, Shi and Chu (2011a) used the CM in
collaborative, ubiquitous learning to enhance learning motivation and improve learning achieve-
ment. Hwang, Wu and Ke (2011b) used the CM to organise observations of mobile learning for
enhancing learning attitude and improving learning achievement. Liu (2011) showed the posi-
tive effects of using a CM in English writing to facilitate personalised and cooperative learning. Wu
et al (2012) used the CM in real-time assessment and feedback to promote learning achievement
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and learning attitude. Hwang, Yang and Wang (2013b) used the CM in game-based learning to
improve learning achievement and reduce cognitive load. Yang, Hwang, Hung and Tseng (2013)
used the CM for printed-book reading in ubiquitous learning to improve learning achievement.
Hwang et al (2014) used the CM for guiding learners towards more effective learning methods to
enhance web-based problem-solving performance.

Manual CM construction is a complex task. An unskilful learner has difficulty in positioning
concepts, a time-consuming and costly activity, for CM organisation (Chen et al, 2008; Tseng
et al, 2007; Zubrinic, Kalpic & Milicevic, 2012). Generally, CM construction relies on domain
experts (Chen et al, 2008; Lee, Lee & Leu, 2009). Therefore, automatic CM construction has
become an interesting topic to researchers (Bai & Chen, 2008; Chen & Bai, 2010). Tseng et al
(2007) applied association rules and fuzzy set theory to learners’ test records. Bai and Chen
(2008) applied fuzzy rules and fuzzy reasoning techniques to learners’ test records and, later,
applied association rules to certain conditions (Chen & Bai, 2010). Lee et al (2009) applied the
Apriori algorithm to CM construction. Chen and Sue (2013) overcame the drawbacks of Lee et al
(2009) and Chen and Bai (2010) through data-mining techniques by considering more condi-
tions. In addition, previous studies have focused on automatic CM construction from text (Chen
et al, 2008; Qasim, Jeong, Heu & Lee, 2013; Zubrinic et al, 2012).

CM extraction in a test-based diagnostic environment
The CM-SEED learning system achieves CM extraction in a test-based diagnostic environment, in
which the underlying test concept is like a SEED that grows up into the CM in the form of the test
result. This section depicts the system architecture, CM construction model (CMC) and system
implementation. The CMC model is the proposed innovative approach for an automatic CM
construction that can support a personalised CM.

System architecture
Figure 1 illustrates the CM-SEED architecture, in which the instructors access their side through
the instructor interface; by contrast, the learners access their side through the learner interface.

The instructor side consists of three modules, as follows:

• Course management module: To manage the related course-subject materials, determine the
concept targets and the prerequisites and hierarchies of their relationships, and store those in
the course material database.

• Test-sheet management module: To manage questions and their items for test sheet develop-
ment, determine the related implicit information and store those in the test item database. The
related implicit information is as follows: the score and concept weights for each question and
the degree of importance of each test sheet.

• Teaching diagnosis module: To review the CM resulting from learners of a whole class and
review the concept structure of the test sheets.

The learner side consists of three modules, as follows:

• Course examination module: To take and examine the test sheets, provided by the instructor
and stored in the test item database, and store the test results in the learning portfolio database.

• Learning diagnosis module: To review the resulting CM, whether from a single test sheet or
multiple test sheets, and obtain the remedial materials prepared by the instructor and stored in
the course material database.

• Learning portfolio module: To review the test results of completed test sheets from past exami-
nations stored in the learning portfolio database.
The CMC model supports, in particular, the teaching diagnosis and learning diagnosis modules,
as detailed in the following section.
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CM construction model
Figure 2 illustrates the CMC model, comprised of implicit-information extraction and CM
generation.

Implicit-information extraction
Based on test sheets that included the implicit information stored in the test sheet management
module, three equations, as shown in the Appendix, were used to extract such information as the
degree of relationship between any two concepts (Equation A1), the degree of understanding of
the concept by the learner (Equation A2) and the degree of understanding of the relationship
between any two concepts by the learner (Equation A3).

Figure 1: Architecture of concept map-smart extraction and explicit diagnosis

Figure 2: Concept map construction model

Effects of CM extraction with test-based diagnosis 5

© 2015 British Educational Research Association

Effects of CM extraction with test-based diagnosis 653

VC 2015 British Educational Research Association

wanhp
高亮

wanhp
高亮

wanhp
高亮



Note that a test question usually contains more than one concept. When the instructor develops
the test questions, the relationships between concepts are extracted from all test questions that
contain more than one concept by taking the weight assigned to each concept and the score of
each question into account. For example, if a question contains two concepts, it is used to extract
the relationship between the concepts; that is, the weights of the concepts and the score of the
question are used to calculate the degree of relationship between them. After the learners com-
plete the test sheet, their comprehension degrees on individual concepts and the relationships
between concepts are calculated based on the test result (i.e., the test score gained) of each
question and the weights of the concepts in the question. An illustrative example is provided in
the Appendix to show the detail of the process of calculating the learners’ comprehension degrees
using the equations. Note that Equation A2 is used to calculate the concept comprehension
degrees of individual learners by taking the scores of the questions they have correctly answered
and the weights of the concepts in the questions. Therefore, the number of learners who have a
pro understanding of certain relationships does not affect the calculation results.

For a single test sheet, the following factors are considered for the degree of relationship between
any two concepts: (1) the number of concepts in a question, (2) the importance of the question
in a test sheet, (3) the frequency of two concepts contained in a question; and, for multiple test
sheets an additional factor is taken into account and (4) the importance of the test sheet among
test sheets. Similar factors are considered for the degree of understanding of the concept and
concept relationships.

CM generation
Based on the extracted implicit information, an algorithm, as shown in the Appendix, is used to
generate two types of CMs: one is a standard CM (based on Equation A1 and Equation A2) and
another is a learner CM (based on Equation A2 and Equation A3).

For a standard CM, the concepts are connected when they have a relationship; for a learner CM,
the concepts are connected when the learner acquires a relationship to them. Accordingly, such
connections can be tagged with a value (using Equation A1 for a standard CM and Equation A3
for a learner CM); also, all concepts can be tagged with a value (using Equation A2).

Next, two thresholds are set to determine the three learning statuses for the concept, as shown in
Figure 2, in which green means the learner has experienced successful learning, yellow means
the learner has achieved a partial understanding and red means the learner has failed to learn.

System implementation
Figure 3 shows the screenshot for choosing single or multiple test sheets for automatically
constructing a CM. When learners complete examination test sheets, the results are stored in the
learning portfolio to be reviewed at a later time. A valuable function is that the learners can
choose either a single test sheet to display its resulting CM or choose multiple test sheets to display
an integrated CM for an advanced learning diagnosis.

After the learners choose the test sheets, the personalised CM is constructed for an advanced
learning diagnosis of the learning barriers and misconceptions, as shown in Figure 4, in which
the left displays the learner CM and the right displays the remedial learning materials. No longer
giving only a single score, the test results are analysed as a CM by the CMC model; the resulting
CM uses alert lights to facilitate the learners’ understanding of their learning statuses, the
concepts involved and the concepts’ relationships to each other, each provided in greater detail
than was possible before the use of this technique. In addition, the CM-SEED learning system can
supply appropriate, related materials as remedial learning suggestions when the learners click the
concept node.
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Moreover, the learners can switch to a standard CM for comparing the concept structure and to
facilitate an understanding of the loss of concept relationships, as shown in Figure 5a. The CM
constructed from a single test sheet can help learners understand their learning statuses for
formative evaluation based on a view of the partial scope, whereas the integrated CM constructed
from multiple test sheets can help learners understand their learning statuses through an evalu-
ative summary based on a view of the whole scope, as shown in Figure 5b.

Finally, the CM-SEED learning system can also provide the instructor assistance from the CM, such
as a review of the concept structure of the test sheets and a review of the learning performance of

Figure 3: Screenshot of choosing completed test sheets for automatic concept map construction

Figure 4: Screenshot of learner concept map and remedial learning materials
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the learners for a whole class. Consequently, instructors can increase their teaching quality to
improve the learning quality for the learners.

Experimental study
To evaluate the effectiveness of the CM-SEED learning system and its employment of the pro-
posed innovative approach for automatic CM construction, an experiment was conducted in a
C-programming course at a university. One of the objectives of the selected course was to help
students pass the C-programming certification through a professional examination.

Participants
The 90 freshmen from two classes taught by the same teacher and coming from the department
of computer science and information engineering participated in the experiment. These two
classes were co-ed students: one class had 40 males and five females, and another class had 42
males and three females. One class was assigned to be the experimental group using the CM-SEED
learning system, whereas another class was assigned to be the control group using the conven-
tional learning system. The two classes were not affected by each other during the experiment.
Moreover, the conventional learning system has been employed in the selected university for
years and both groups of students were allowed to review the answer of the question they failed
to correctly answer and to obtain the relevant remedial learning suggestions. Therefore, the
control group was not disadvantaged in this study. By the end of the experiment, only 39 students
of the experimental group and 38 students of the control group had completed the experiment.

Measurements
A pretest involving the midterm examination and a posttest entailing the final examination were
developed by two domain experts: one is an experienced teacher who had taught the program-
ming course for more than 5 years and the other is an experienced programming engineer who
had performed many projects in the software industry during the previous decade. Both exami-
nations had a learning achievement based on a perfect score of 100, consisting of 45 multiple-
choice items. The pretest aimed to evaluate the students’ basic programming knowledge at the
beginning, and the posttest aimed to evaluate the students’ programming knowledge level at the
end.

Based on the technology acceptance model (Davis, 1989), a questionnaire was adopted for sur-
veying students’ perceptions and was developed by the two aforementioned experts, using the scale
proposed by Hwang et al (2011b) and Hwang et al (2013b) as a reference. The questionnaire

Figure 5: Forms of concept map: (a) standard concept map and (b) integrated concept map
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consisted of four dimensions containing 21 items: six items stood for “system quality,” six items for
“perceived ease of use,” five items for “perceived usefulness,” and four items for “satisfaction/
intention.” Each item was based on a 4-point Likert scale, from 4 (strongly agree) to 1 (strongly
disagree). The Cronbach’s α values of the four dimensions were 0.95, 0.96, 0.96 and 0.95,
respectively, showing a high reliability.

Procedures
Figure 6 shows the procedures of the learning activity lasting 18 weeks. First, two classes were
assigned to be the experimental group and the control group. In the first 8 weeks, all students had
150 minutes per week to learn the prerequisite programming knowledge because they possessed
limited fundamentals. Next, two groups used the computerised testing and diagnostic-learning
system, in which the experimental group used the CM-SEED learning system and the control
group used the conventional system. In the 9th week, all students were asked to take a 100-
minute midterm examination as the pretest for assessing their prerequisite knowledge about
programming before using their respective group’s diagnostic system. The test results of the
midterm examination were also adopted for the learning diagnosis.

In the following 8 weeks, all students needed to take three test sheets developed by the two experts
and had 150 minutes per week to use their respective group’s system for learning diagnosis. The
major difference between the two groups was their manner of reviewing the test results. For the
control group, the students could review only the correct answer of a question they had answered
incorrectly to obtain the relevant remedial learning materials. By contrast, the students in the
experimental group could review their learning statuses, as mirrored on the extracted CM con-
structed by the CM-SEED learning system, and to obtain further remedial learning materials. In
their final (ie, 18th) week and after having used their respective group’s diagnostic system, all
students were asked to take a 100-minute final examination as the posttest for assessing the level
of their knowledge about programming. Finally, all of the students completed the developed
questionnaire for surveying their learning perceptions.

Figure 6: Experimental procedures
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Results
An independent sample t-test was performed to determine whether there was a statistically
significant difference in learning achievement and perceptions between the experimental group
and the control group.

Learning achievement
Table 1 shows the t-test results of the pretest for the two groups, in which the means were 65.79
for the experimental group and 63.32 for the control group, and the standard deviations were
9.72 for the experimental group and 10 for the control group. No statistically significant differ-
ence was found between the means of two groups on the pretest (t = 1.1, p > 0.05); ie, both the
experimental and control groups had statistically equivalent prerequisite knowledge about pro-
gramming. Additionally, an analysis of the homogeneity of the within-class regression coefficient
(F = 0.4, p > 0.05) showed that the two groups passed the homogeneity test, meaning that they
exhibited no statistical difference.

Table 2 shows the t-test results for the two groups on the posttest, where the means were 51.75
for the experimental group and 44.96 for the control group, and the standard deviations were
10.31 for the experimental group and 8.88 for the control group. A statistically significant
difference was found between the means of the two groups on the posttest (t = 3.1, **p < 0.01); ie,
both the experimental and control groups had statistically different levels of knowledge about
programming after the learning activity. Additionally, the Cohen’s d value for the posttest was
0.71, showing the larger effect size (Cohen, 1988).

As shown in Table 2, the experimental group had a higher mean than that of the control group
on the posttest, reaching a statistically significant level. Consequently, it was concluded that the
students using the CM-SEED learning system had significantly superior learning achievement
than did those using the conventional computerised testing and diagnostic learning system.

Students’ perceptions
Table 3 shows the t-test results for the two groups on the questionnaire, for which the experimental
group had a higher mean and a lower standard deviation than those of the control group regarding
the four dimensions of system quality, perceived ease of use, perceived usefulness and satisfaction/
intention. However, according to the four dimension results (t = 1.99, p > 0.05; t = 1.35, p > 0.05;
t = 1.91, p > 0.05; and t = 1.85, p > 0.05 respectively), the differences between the two groups
were not statistically significant. Additionally, the Cohen’s d values for the four dimensions were

Table 1: t-Test results of pretest

The number
of students Mean SD F t

Experimental group 39 65.79 9.72 0.4 1.1
Control group 38 63.32 10

Table 2: t-Test results of posttest

The number
of students Mean SD F t d

Experimental group 39 51.75 10.31 0.79 3.1** 0.71
Control group 38 44.96 8.88

**p < .01.
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0.47, 0.31, 0.42 and 0.42 respectively. Overall, the students using the CM-SEED learning system
showed superior learning perceptions to those using the conventional computerised testing and
diagnostic learning system but without achieving a statistically significant level.

Discussion and conclusions
Generally, tests play a crucial role in learner self-assessment. However, providing only single test
score result yields insufficient information. The implicit information of subject concepts and their
relationships to each other contained in a test sheet are of particular interest to researchers and
can be extracted to construct a CM.

Because giving only a single test score result is not helpful for learning, this paper proposes a more
effective method for analysing test results, in which a CM facilitates in greater detail the learners’
understanding of their learning statuses. In addition, because related work on automatic CM
construction was not to create a personalised CM, this paper proposes an innovative approach to
constructing a personalised CM automatically. Furthermore, this study developed the CM-SEED
learning system to diagnose learning barriers and misconceptions and supply guidance and
relevant suggestions for remedial learning.

To evaluate the effectiveness of the CM-SEED learning system, an experimental study was con-
ducted in a C-programming course of a university on 90 participants from two classes. One class
was assigned to be the experimental group and another class was assigned to be the control
group. Regarding learning achievement, the two groups showed no statistically significant dif-
ference when their prerequisite knowledge was tested before using the systems for learning
diagnosis; however, they showed a statistically significant difference when their knowledge levels
were tested after having used the diagnostic systems. In contrast to the control group, the experi-
mental group showed significantly superior learning achievement after the learning activity.
Regarding learning perceptions, the experimental group also showed a higher rating than that
of the control group regarding system quality, perceived ease of use, perceived usefulness and
satisfaction/intention but without achieving statistically significant level.

The experiment also collected feedback through students’ open responses. Most students in the
experimental group gave positive comments, describing the CM-SEED learning system as a valu-
able and powerful tool to diagnose their learning statuses. However, there were also negative
comments, such as the following: “Parts of the functions cannot be used rightly in other Brows-
ers,” “The constructed concept map should be shown more quickly” and “The questions students
answered wrong should be annotated on the constructed concept map.” This could be the reason
why the students’ rating of two systems did not reach a larger difference. Although the ratings
might be somewhat disappointing, the native comments have provided valuable information for
the researchers to improve the learning system in the future.

Table 3: t-Test results of questionnaire

The number
of students Mean SD t d

System quality Experimental group 39 3.81 0.31 1.99 0.47
Control group 38 3.57 0.65

Perceived ease of use Experimental group 39 3.79 0.37 1.35 0.31
Control group 38 3.63 0.64

Perceived usefulness Experimental group 39 3.76 0.39 1.91 0.42
Control group 38 3.53 0.66

Satisfaction/intention Experimental group 39 3.78 0.38 1.85 0.42
Control group 38 3.55 0.67
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Consequently, the future topics of research generated by this study are as follows: (1) to adapt the
CM-SEED learning system to more platforms, (2) to enhance the performance of the CM-SEED
learning system and to add more functions to the system based on the students’ feedback and (3)
to conduct more experiments (e.g., different course subjects) to evaluate the effectiveness of the
CM-SEED learning system.

For those who intend to try out the proposed approach, the following question design procedure
is recommended:

(1) Determine the concepts to be evaluated.
(2) Put these concepts on the top row of a table.
(3) Develop questions by taking one or more concepts into account and put them on the leftmost

column.
(4) Check if all of the concepts are covered in the developed questions.
(5) Check if any of the concepts appears to be included in much fewer questions than other

concepts.
(6) Add new questions if needed.
(7) Determine the weights between the questions and the concepts by filling a “1” to “5” rating

in each <question, concept> cell of the table.
(8) Transfer the 1–5 ratings into the weights.
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A. Equations
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B. Notations

RD(Ci, Cj): the degree of relationship between concept Ci and Cj

UOC(Ci, Ls): the degree of understanding of concept Ci by learner Ls

UOCR(Ci, Cj, Ls): the degree of understanding of the relationship between concept Ci and Cj by
learner Ls

Tm: the mth test sheet

Qn: the nth question

IDTm : the degree of importance of test sheet Tm

PT Qm n : the perfect score of question Qn of test sheet Tm
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PT Q Lm n s : the gained score of question Qn of test sheet Tm for learner Ls

WT Q Cm n i : the weight of concept Ci of question Qn of test sheet Tm

C. Example

Assume that there are five questions and the concepts in the questions as well as the learners’
gained score for each question are listed in the following table.

Test sheet #m (Tm)

The degree of importance (IDTm ) For a single test sheet, IDTm = 1

For multiple test sheets, 0 1< ≤IDTm

Question (Qn)

Concept (Ci)
Perfect score

(PT Qm n )
Learner’s gained

score (PT Q Lm n s )C1 C2 C3 C4 C5

Q1 0.3 0.7 0 0 0 30 20
Q2 0 0 0.4 0.3 0.3 20 15
Q3 0.5 0 0.5 0 0 10 8
Q4 0.3 0.4 0 0.3 0 25 18
Q5 0 0 0 0.4 0.6 15 4

Weight ( WT Q Cm n i ) Total: 100 Total: 65

The degree of relationship between concept C1 and C2 in the test sheet Tm is calculated as follows:
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For the learner Ls, the degree of understanding of concept C1 in the test sheet Tm is calculated as follows:
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For the learner Ls, the degree of understanding of the relationship between concept C1 and C2 in the test
sheet Tm is calculated as follows:
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D. Algorithm

1. function Concept_Map_Generation (type) // type can be “Standard” or “Learner”
2. for i = 1 to all concepts do
3. for j = i + 1 to all concepts do
4. execute type.equation for type.value
5. // type.equation should be “Equation A1” for Standard or “Equation A3” for Learner
6. // type.value should be “RD(Ci, Cj)” for Standard or “UOCR(Ci, Cj, Ls)” for Learner
7. if type.value > 0 then
8. add a connection from concept Ci to concept Cj

9. tag type.value to this connection
10. end if
11. end for
12. execute Equation A2 for UOC(Ci, Ls)
13. tag UOC(Ci, Ls) to concept Ci

14. switch (UOC(Ci, Ls))
15. case UOC(Ci, Ls) ≥ threshold_pass : color concept Ci green
16. case threshold_fail ≤ UOC(Ci, Ls) < threshold_pass: color concept Ci yellow
17. case UOC(Ci, Ls) < threshold_fail : color concept Ci red
18. end switch
19. end for
20. end function
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