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Abstract: This study proposes a new knowledge map, the integrated knowledge map, which is a 
combination of individual knowledge maps. Learners draw their own knowledge maps to reflect their 
learning activities. Our system collects the individual knowledge maps from many learners and 
integrates them to generate an integrated version of their knowledge map. We apply the graph 
analysis method to extract important keywords from the knowledge map. The results of the analysis 
are helpful for teachers to determine whether students could retain the important keywords that were 
introduced into their memory. We conducted surveys that asked course managers to evaluate the 
effectiveness of the integrated knowledge map, and received positive responses.  
 

 
Introduction 
 

Cognitive processing in learning plays important roles in enhancing performance. Cognitive learning tools, 
particularly the concept map, enhance the awareness and comprehension of important concepts, ideas, and 
relationships, as found by several studies (e.g., Crandell et al, 1996). The effects of concept maps in various learning 
settings were investigated in educational psychological research and the studies (e.g., Clariana et al, 2013) indicated 
that a concept map makes learners aware of learning objects. Concept maps also promote cognitive learning 
performance and strategies (Fiorella & Mayer, 2017). The number of nodes and links in concept maps enhances the 
awareness and utterances of discussion productivity such as information integration and interpersonal communication 
(Yamada et al, 2016) in collaborative learning settings. Using data from the learning processes of concept maps can 
be useful in visualizing and understanding the process as well as the context, in order to develop a learning model 
(Hsiao & Brusilovsky, 2012). This viewpoint is popular in the field of learning analytics research, which aims to 
contribute to the improvement of education. 

As the similar cognitive tool, knowledge map should be mentioned as learning tool. Knowledge map focuses 
on the construction of knowledge relationships such as linking among information (Crampes et al, 2006), more than 
concept map that focuses on cognitive learning behaviors such as construction of map by oneself (Lee and Segev, 
2012). Lee and Segev (2012) indicated that knowledge map is effective on the promotion of idea generation. Shaw 
(2010) indicated that knowledge map is effective on both learning performance and the enhancement of self-efficacy 
and satisfaction for novice learner, in programing education setting. Considering the effects of the concept and 
knowledge map mentioned above, integration of the mapping tool with the input-based system could promote its 
effects on learning, and be a powerful tool for investigating the process of comprehension as an approach to learning 
analytics. This study focuses on the knowledge map construction and aims to develop the visualization tools that 



aggregate the knowledge map construction logs, in order to enable teachers and learners improve teaching and learning 
methods. The system developed in this research uses the knowledge map construction logs on the knowledge map 
system “BR-Map” which is the knowledge map tool integrated with e-Book viewer (Yamada et al, 2018). In this paper, 
we especially focus on knowledge maps which are drawn by learners using the “BR-Map” system. A knowledge map 
is used for the purpose of understanding of learners’ situations (Zhong et al, 2015), development of learning/teaching 
strategy, a reflection of own learning, enhancement of learning (Wu et al, 2015) and so on. Some researches aim to 
generate a knowledge map from learning materials (Huang et al, 2017).  Watson et al (2016) explored a new evaluation 
strategy of the individual knowledge map. In contrast, our approach analyzes an integrated knowledge map instead of 
evaluating each knowledge map individually. Through the feedback of analytics results, teachers can understand 
learners’ situation in a classroom level or course level how the learners got knowledge over lectures. 
 
 
Integration of Knowledge Maps 
 
 The knowledge map is a network in which keywords learned are arranged as nodes, and the relationships 
between the nodes are connected using arrows. This section discusses how to create “an integrated knowledge map” 
from individual knowledge maps created by many learners. An integrated knowledge map shows how course contents 
are organized and remembered by learners. This information is important for both teachers and learners to reflect their 
teaching and learning activities. In this section, we introduce the e-Book system and BR-Map tool, followed by the 
integration and analytics strategy of knowledge maps. 
 
e-Book System and BR-Map 
 
 The BR-Map (Yamada et al, 2018) is a concept map system based on logs on the e-Book viewer, “BookRoll.” 
In our study, we used the BR-Map system as a tool for creating the knowledge map. First, a learner reads an e-Book 
on BookRoll. Next, the learner highlights keywords or sentences which he/she finds interesting, considers to be 
important, or finds difficult. The highlighted words or sentences become candidates for nodes in the BR-Map system. 
Finally, the learners create their own knowledge map by arranging nodes and drawing link nodes as shown in  
Figure 1. The BR-Map tool suggests candidates for nodes so that a learner can easily arrange new nodes on the canvas 
to form a knowledge map.  
 
Node Integration 
 

Each learner creates his/her own knowledge map using the BR-Map tool. The words in the nodes of the BR-
Map are automatically extracted from the e-Book system by referring to the areas highlighted by the learner. Ideally, 
each node should have one word (keyword) to represent a knowledge point. However, some nodes have a sentence (a 
set of words) because a learner sometimes highlights a sentence in the textbook. For example, one learner highlighted 
the sentence, “Cybersecurity is the protection of computer systems,” and another highlighted the keyword 
“Cybersecurity.” These highlights are distinguished as different nodes in an integrated knowledge map. Therefore, we 
have to perform a text mining process to identify the same keywords in sentences. There are two steps in determining 
the nodes in the integrated knowledge map. 
1. Morphological analysis 
2. Integration of nodes with similar words 

 
Figure 1: Example of BR-Map 



Morphological Analysis 
 
 As mentioned above, a node sometimes has a sentence that contains some keywords. Besides, meaningless 
words and abstract nouns (e.g. human, this, etc.) are also included in the sentences. To extract meaningful keywords, 
we focus only on proper nouns in this study. We morphologically analyze the sentences in order to extract proper 
nouns. Morphological analysis is a method of decomposing the words into the smallest units where a word does not 
change or is not utilized.  

We used MeCab (Kudo, 2006), an open source morphological analyzer, along with mecab-ipadic-NEologd 
(Sato et al, 2016), a dictionary used to extract proper nouns only from sentence nodes. The mecab-ipadic-NEologd is 
the customized dictionary for MeCab that includes a lot of new words and compound nouns based on Web pages 
written in many languages. In addition, we create a list of words that are excluded from the analysis.  
  
Integration of Nodes with Similar Words 
 
 Similar words should be combined at the same node in an integrated knowledge map. Due to the extraction 
error of keywords (e.g., “password” and “passwor”) and orthographical variants (e.g., “Password” and “password”), 
it is possible for different nodes to be generated separately even if the nodes have the same meaning. To avoid such 
node separation and to integrate nodes with similar meanings, we measure the similarity of words based on the 
normalized Levenshtein distance (NLD). NLD (s, t) is a measure of the similarity between two strings, s and t, which 
takes into account the length of the string. The distance is defined as the minimum number of operations required to 
transform one string into the other string, divided by the length of the longer string. There are three kinds of operations: 
deletions, insertions, and substitutions. For example, the normalized Levenshtein distance between “test” and “chest” 
is calculated as follows. 
 

NLD test, chest  = 
2 (one substitution (“t” to “h”) and one insertion (“c”))

5 (the length of "chest")
 = 0.4 
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Link Separation and Integration 
 
 As a result of node integration, each node has one word. As the next step, we analyze the links between nodes, 
and separate or integrate them according to the condition of connected nodes. We define the four types of link 
conversion strategies as follows (see Figure 2 for the examples of links). 
A) A link from a sentence node to a single word node in the original knowledge map 

New links are drawn from nodes of words in a sentence node to a single word node. 
B) A link from a single word node to a sentence node in the original knowledge map 

New links are drawn from a single word node to nodes of words in a sentence node. 
C) Links from a single word to nodes of similar words in the original knowledge map 

A new link is drawn from a single word node to a node of similar words combined. 
D) Two or more words are included in a sentence node in the original knowledge map 

New links are drawn between nodes of words in a sentence node. 
 

Integrated Knowledge Map 
 
 After node integration and link separation/integration, we acquire a reconstructed knowledge map of each 
learner. The reconstructed knowledge maps of all learners are finally combined to create the integrated knowledge 
map. Figure 3 presents an example of the creation of integrated knowledge map. In the integrated knowledge map, a 
link between nodes is represented as a weighted link. If two or more learners establish the same link between a certain 
combination of words, the weight of the link is increased based on the number of learners.  
 
 
Centrality for Finding the Important Nodes 
 
 We introduce the idea of PageRank (Page et al, 1999; Langville & Meyer, 2011), which is based on the 
centrality of graph theory. Moreover, we extend that idea to represent the number of links among words. The centrality 
algorithm provides helpful information for understanding the relationships between words that have strong 
connections with each other.  

We apply the centrality algorithm to an integrated knowledge map to calculate the importance of each node 
(word) wi ∈ w. w is called the ranking vector. Taking into account the total number of links drawn in the reconstructed 
knowledge maps of all learners, a row-normalized adjacency matrix M = (mij)i, j=1

n  is modified. mij  represents the 

transition probability from word i to j. n denotes the number of nodes. When a node has no link to any other nodes, 
the matrix M is not stochastic. Such a node is called a dangling node. In such cases, a stochastic matrix is one of 
transition probabilities for a Markov chain. In other words, all elements have a non-negative value, and all the row 
values sum up to one. For the ranking vector to converge, we must ensure that the matrix M is stochastic. Therefore, 
we define the stochastic matrix H by 
 

H = M + 
aeT

n
1  

 
where e is a column vector of all ones and a is a column vector defined by 
 

                     ai = 
1    Node i is a dangling node.               
0    otherwise                                         

2  

 
Furthermore, in order to guarantee that the ranking vector w converges to a single stationary distribution vector, we 
define the irreducible row-stochastic matrix G as  
 

G = dH + 1-d E 3  
 

where E = 
eeT

n
 and d (0 ≤ d ≤ 1)  is a parameter that blends the two factors. d  is called the damping factor. An 

eigenvector corresponding to the eigenvalue 1 is estimated through successive iteration in (Eq. 4). The eigenvector is 
the ranking vector w. 



w 𝒌 𝟏  = w k G 4  
 

In this study, the two matrices H and E are constructed to calculate the importance of each node (word). On 
the one hand, the matrix H represents the probability that learners establish relationships between words. The more 
learners draw links between nodes, the higher the probability of forming strong relationships. The determination of 
the matrix is based on the structure of an integrated knowledge map. On the other hand, the matrix E represents 
random links, regardless of the structure of an integrated knowledge map. In addition, the damping factor, d , 
determines how important the structure of an integrated knowledge map is. d is usually set to be 0.85. 
 
 
Experiment 
 
Subjects and Course 
 
 We conducted the experiments during the university education course. The main themes of the course were 
basic skills, laws, and ethics related to cybersecurity. The titles and contents of the course covered over an eight-week 
period are as follows. 
 Introduction: Recent topics and cases related to cybersecurity 
 Safety Setting (1): Protecting the information 
 Safety Setting (2): Strategy for cyber security that individuals can apply 
 Ethics: Research ethics and information ethics 
 Cryptography: Advanced topics of cryptography and information security 
 Law: Security law 
 Copyright: Preparedness for using copyrighted materials 
 Social Science: Attack on a person, anonymity in information service 
The course was conducted over eight weeks from April to June 2018. Participants of this course included 153 first-
year students. After completing the final lecture, we asked the learners to create knowledge maps for the purpose of 
reflecting what they had learned over the eight weeks. The learners created 222 original knowledge maps in total.  
 
Evaluation of Knowledge Map 
 

We administered a questionnaire to the course managers, who designed the course and provided the lecture 
materials, in order to evaluate the effectiveness of the integrated knowledge map. The integrated knowledge map 
shows the relationships between the contents of each lecture. There is a trade-off between readability of the content 
and the number of nodes. In order to evaluate the level of readability, we presented five kinds of integrated knowledge 
maps, which are visualized as different numbers of important nodes (Figure 4 and Figure 5) After that, we asked 
course managers to fill out the questionnaire. The size of the node is proportionate to its level of importance. A larger 
sized node represents an important node, which means that many learners drew links to/from the node. Additionally, 
the node’s color corresponds to the lecture that had learning materials in which the word was frequently used. 
Furthermore, the thickness of the link connecting the nodes represents the number of links that the learners drew. The 
thicker the link, the more times learners drew it.  
 Table 1 shows the questionnaire about the integrated knowledge maps and the responses. Each course 
manager answered each question according to the five-grade evaluation system. Q1~4 asked about the existence of 
nodes and links to evaluate whether the map correctly presented important keywords from the lectures. Q5 asked 
whether the importance of nodes calculated based on the centrality of the graph theory was aligned with the course 
managers’ perception. Q6 asked about the links connecting the nodes of different lectures. Q7 asked whether the 
course managers could recognize how learners acquired knowledge about the course so as to evaluate the convenience 
of the integrated knowledge maps. Q8 asked the course managers about their motivation behind using the integrated 
knowledge maps to understand their learners. Q9 asked about the optimum level of detail in visualization required for 
easiest understanding.  

We received both positive and negative results. The positive results were mainly about the basic matters of 
integrated knowledge maps such as the existence of nodes/links or the importance of nodes. The responses to Q1 and 
Q2 showed that nodes/links that course managers wanted to teach existed in the integrated knowledge maps. This 
result means that learners could recognize key contents over eight-week lectures. In addition, the answers to Q3 and 
Q4 showed that there are nodes/links that course managers did not consider to be existent in the integrated knowledge 



maps. The answers to Q5 showed that the nodes that were calculated to have high importance by the centrality 
algorithm were also considered to be important by the course managers. These results led to the positive answer to Q8 
which asked whether the course managers would like to use the integrated knowledge maps in their lectures. On the 
other hand, the question on the utilization of the integrated knowledge maps mainly received negative responses. The 
answer to Q6 showed that there is difficulty in recognizing the relationships between the contents of each lecture. 
Besides, the answer to Q7 suggested that it is sometimes difficult to really determine whether students understood the 
keywords. We infer that the results were attributable to the low readability of the integrated knowledge maps. In our 
future work, we are going to improve readability.  

We received the following answers to the questions on how the course managers would like to utilize the 
knowledge map. 

Figure 4: the Integrated Knowledge Map of All Nodes 
 



 To refer to the network when teachers and students review 
 Use the network to exchange opinions at the meeting held by the teachers who conducted the lecture after the 

course. 
 Using the integrated knowledge maps at the beginning of the lecture in order to help students understand the 

contents of the lecture. 
The answer to Q9 suggested that too many nodes resulted in a negative impression. Course managers desire a summary 
of the knowledge map rather than the entire information. We should determine a strategy on how to effectively 
summarize knowledge maps. 
 

(c) n=10 (d) n=20 

(a) n=3 (b) n=5 

 
Figure 5: the Integrated Knowledge Maps of the Top n Important Nodes at Each Lecture 

 



 
Table 1: Questionnaire about the Integrated Knowledge Maps 

 
 
Conclusion and Future Research 
 
 This study aimed to develop an integrated knowledge map and evaluate its effectiveness. We created the 
integrated knowledge map by combining the individual knowledge maps of each learner. The individual knowledge  
maps of learners are created by using BR-Map tool. The integrated knowledge map shows the relationships between 
the contents of each lecture. In order to evaluate the readability of the integrated knowledge maps, we administered 
questionnaires to course managers. From the results, it seems that the basic elements of the integrated knowledge map, 
such as the existence of nodes/links and the importance of the nodes are sufficient. On the other hand, from the answers 
to some of the questions in the questionnaire, it was difficult to understand the relationship between the contents of 
the lecture using the integrated knowledge map and to determine the students’ level of understanding. 

In future research, we are going to address the above limitations. First, the difficulty in understanding the 
relationship between the contents of lecture is due to the insufficient readability of the integrated knowledge maps.  

Therefore, we will develop an interactive visualization interface of the integrated knowledge maps. Second, 
it is difficult for teachers and course managers to determine the students’ level of understanding because the current 
knowledge map only provides the structure of the integrated knowledge map and the importance of each node. In 
addition to this information, the integrated knowledge map should be evaluated comprehensively, taking into 
consideration the results of the quiz. We are going to develop an improved system to support teachers and course 
managers. 
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