
Development and application of a keyword-based
knowledge map for effective R&D planning

Byungun Yoon • Sungjoo Lee • Gwanghee Lee

Received: 24 January 2010 / Published online: 23 September 2010
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Abstract With the growing recognition of the importance of knowledge creation,

knowledge maps are being regarded as a critical tool for successful knowledge manage-

ment. However, the various methods of developing knowledge maps mostly depend on

unsystematic processes and the judgment of domain experts with a wide range of untapped

information. Thus, this research aims to propose a new approach to generate knowledge

maps by mining document databases that have hardly been examined, thereby enabling an

automatic development process and the extraction of significant implications from the

maps. To this end, the accepted research proposal database of the Korea Research Foun-

dation (KRF), which includes a huge knowledge repository of research, is investigated for

inducing a keyword-based knowledge map. During the developmental process, text mining

plays an important role in extracting meaningful information from documents, and network

analysis is applied to visualize the relations between research categories and measure the

value of network indices. Five types of knowledge maps (core R&D map, R&D trend map,

R&D concentration map, R&D relation map, and R&D cluster map) are developed to

explore the main research themes, monitor research trends, discover relations between

R&D areas, regions, and universities, and derive clusters of research categories. The results

can be used to establish a policy to support promising R&D areas and devise a long-term

research plan.
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Introduction

The evaluation of public research and development (R&D) programs has been highlighted

since the 1980s when the concept of strategic research management was introduced (Hayashi

2003). Since R&D programs can facilitate individual projects, their evaluation is an important

aspect of management in a research and innovation system. In addition, scientific collabo-

ration is also a critical issue in scientific activity because open innovation becomes one of the

widespread success factors to realize technological and economical benefits. In the field of

bibliometrics, the evaluation of R&D programs and scientific collaboration has been a focal

theme of research because a wide range of documents can be analyzed to investigate the

trends in R&D, as well as the relationships between companies and researchers in R&D

networks (Moed et al. 1991). Bibliometric assessments are economical, non-invasive, and

simple to implement, permitting updates and rapid inter-temporal comparison with more

quantitative data (Abramo et al. 2009). Thus, a wider use of bibliometrics to evaluate the

quality and efficiency of research activities is realized in areas of scientific investigation that

are well represented by articles in international journals (Van Raan 2005). The rapid growth

in science and technology enhances the popularity of bibliometrics by causing an exponential

increase in the number of academic papers (more than 500,000 per year) and patents (Moon

2005). However, while greater accessibility and a large range of databases have enhanced the

usability of available information, little attention has been paid to screening, classifying, and

interpreting information (Yoon 2008). In order to stimulate innovative activities at both the

national and firm levels, the accumulated information on science and technology should be

analyzed and mined to discern meaningful patterns in such activities. As a result, refined

knowledge can support a decision-making process for conducting R&D projects, thereby

leading to the discovery of promising research themes.

In general, information on science and technology, such as academic research, has been

disseminated in the form of patents or papers. Therefore, a process for generating scientific

and technological knowledge is dependent mainly on mapping meaningful knowledge that is

extracted from quantitative data with regard to patents and papers. Knowledge maps can be

defined as a visual form to help grasp the characteristics and implications of a large amount of

information by analyzing the types of information and patterns. Basically, such practical

needs are overwhelming in R&D management because many patents and papers (unstruc-

tured data) need to be transformed into well-structured data, thereby allowing researchers to

apprehend the historical trends in research and plan long-term R&D projects. Although

useful information, such as keywords, citations, and co-authoring, can be examined, the level

and the quality of mapping have still remained primitive. Thus, in this paper, a knowledge

map for R&D refers to a map that captures the overall trend in research activities by ana-

lyzing comprehensive information that is obtained from R&D proposal databases.

Many researchers have proposed the concept of knowledge maps and a variety of

methods for drawing them. In R&D management, knowledge maps have been developed to

implement a policy in relation to budgeting for national research agendas or devise a

strategy for acquiring new technology. However, traditional approaches for generating

knowledge maps are subject to limitations in various aspects. First, the existing processes

for developing knowledge maps are dependent mostly on the synthesized opinions of
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experienced experts, resulting in inefficiency and possibly low quality. The adoption of a

bibliometric approach will be an appropriate remedy for this limitation because a large

amount of data can be analyzed in a systematic manner, covering a broad spectrum of

information on a specific subject of interest. Second, traditional approaches that develop

knowledge maps by applying bibliometric information have a tendency to utilize citation

relationship or predefined keywords. However, since the approaches are subject to the size

or depth of personal knowledge or network of authors, new methods to develop a

knowledge map need to analyze the contents of documents in order to reflect real rela-

tionship among papers, research proposals and patents. Text mining can be a potential

technique to generate a knowledge map on the basis of content analysis. Third, most of the

existing knowledge maps concentrate on the visualization of a static relationship among

researchers or knowledge itself. Thus, the trends of visual forms that can present dynamic

changes of research activities have been hardly investigated. In particular, despite their

important roles in providing meaningful implications, valuable indices have scarcely

received attention from researchers. Fourth, while patent and paper databases are actively

analyzed, research proposal databases have been underutilized despite their potentially

high value. Since most research proposals generally consist of natural-language forms, the

handling of unstructured data is demanding in terms of effort and cost. Finally, conven-

tional research has failed to propose sophisticated knowledge maps that are dedicated to

R&D and can provide valuable information on research activities. A considerable body of

literature emphasizes the strategic and practical use of knowledge maps. Thus, concrete

processes and methodologies should be proposed and implemented in practical projects for

drawing various types of knowledge maps that would help researchers anticipate promising

R&D subjects from research proposal databases through bibliometric analysis.

This paper aims to suggest a method for drawing a keyword-based knowledge map that

uses the research proposal database of the Korea Research Foundation (KRF), which

supports the research of academicians through funding from the Korean government. Since

the database consists of a wide range of documents, keyword-based knowledge maps—a

newly proposed methodology—will be developed through a text mining technique that

extracts keywords from documents and characterizes research through keywords. In par-

ticular, various types of knowledge maps are designed to elicit strategic implications for

selecting promising research projects and supporting them from a funding perspective.

The paper is organized as follows. In ‘‘Background’’ section, a literature survey of

knowledge maps, bibliometric analysis, and text mining is presented to clarify the relevant

theoretical and practical background. Then, in ‘‘Keyword-based knowledge map’’ section,

the research framework of this paper is explained in terms of the concept, process, and

methodology for analysis. In ‘‘Illustrations’’ section, the results of the analysis are illus-

trated to depict how the proposed approach can be implemented; this is accomplished by

presenting illustrative knowledge maps and indicators. Finally, in ‘‘Conclusions and future

research’’ section the implications and limitations of current research and issues for further

research are discussed.

Background

Knowledge maps

Undoubtedly, useful tools for facilitating knowledge activities will affect the possibility of

success in the implementation of knowledge management systems (KMS). Many areas of
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research aim to advance the understanding of concept formation and utilization in per-

ception and improve ontology design, optimization, and usage for knowledge-sharing

activities (Goldstone and Kersten 2003; Gruber 1995). In particular, concept maps that

were proposed by Novak add a visual means to communicate knowledge structures for

sharing and consensus finding (Novak 1998). A knowledge map is a representative tool or

technique that enables visualizing knowledge and relationships in a clear form so that the

relevant features of the knowledge can be precisely highlighted (Vail 1999). It is a method

designed not only to elicit the knowledge that a decision maker faces, but also to combine

probabilities associated with various factors in order to obtain a final probability (Browne

et al. 1997). Therefore, knowledge maps can play a key role in creating a more effective

KMS; developing advanced knowledge maps has become an important issue in the

knowledge management domain (Herl et al. 1999; Maule 1997). Traditional knowledge

maps usually adopt mathematical and statistical methods to generate maps on the basis of

papers, textbooks, and reports (Pritchard 1969). However, the range of data for mapping

has been extended to citations, authors, titles, indices, and so on. The most recent trend in

knowledge mapping is the application of text mining, which allows automatic tagging and

various types of mapping. Thus, co-word maps, citation maps, and co-authorship maps

have been developed to enhance the usefulness of knowledge maps.

The concept of knowledge maps has been suggested to provide the ‘‘big picture’’ of

science; this emphasizes the importance of computers for constructing multi-dimensional

maps (Doyle 1961). A typology for demonstrating the intellectual structure of science has

been devised to describe patterns of scientific papers (Price 1965) and track fast-changing

research areas that are the focus of special funding efforts by using scientometric journal

mapping (Leydesdorff et al. 1994). In particular, a science map that covers all subject areas

of science has been generated on the basis of citation information (Griffith et al. 1974) and

at the level of the Institute for Scientific Information (ISI) categories using the aggregated

journal–journal citation matrix (Leydesdorff and Rafols 2009).

Citation network analysis is a powerful tool to examine the process of creation and

transfer of knowledge through scientific publications, and a bibliometric map can identify

influential terms and theories associated with the terms (Calero-Medina and Noyons 2008).

In addition, the University of California San Diego (UCSD) Basemap of Science was

drawn based on 7.2 million papers and over 16,000 journals and proceedings from

Thomson Reuters’ Web of Science and Elsevier’s Scopus database (Klavans and Boyack

2007) and a patent map that investigates the relationship between science and technology

has been intensively studied (Boyack and Klavans 2008).

While the above studies dealt with a network of subjects, other papers tackled clusters

of research areas. The topic clusters were created by applying a co-word analysis to the

keywords in the citing publications (Noyons 1999) and a super cluster of the biomedical

area was proposed to explain the evolution of biomedical technology and fuse several

subjects pertaining to technology (Aaronson 1975).

Many studies visualize bibliometric information to evaluate a geographic region’s

performance in a research field (Noyons et al. 1998) and grasp the ontology and taxonomy

of knowledge (Borner et al. 2007). In particular, Garfield applied multi-dimensional

scaling (MDS) in order to group various research areas into clusters, thereby producing an

atlas by analyzing biochemistry and molecular biology (Garfield 1963). White and his

colleagues showed that a self-organizing map (SOM) and MDS are able to yield useful

outputs more effectively than traditional methods (White et al. 1998). Author maps were

proposed to clarify the relationships between authors through co-author analysis (Chen and

Paul 2001) or citation networks (Small 1977). Authorlink was implemented on the basis of

806 B. Yoon et al.

123



Pathfinder networks and CAMEOs, providing information on co-citations (White et al.

2000; Chen 1999; White 2001).

Although the use of knowledge maps varies according to their objectives, their main

application can be summarized as follows. First of all, knowledge maps can be used to

search for potential domain knowledge in a specific research area. They are very useful in

monitoring a tipping point or paradigm for conducting research and forecasting new

technology. They also can be applied to visualize the current status of research fusion and

integration across technologies and industries (STEPI 2003). The National Institute of

Science and Technology Policy (NISTEP) of Japan developed three types of science maps

(relation map, individual research area map, and correlation map) by analyzing scientific

information extracted from patent and journal databases (NISTEP 2007).

Bibliometric analysis and text mining

The approaches currently in use for R&D planning can be assigned to two categories: peer

review and bibliometric techniques (Abramo et al. 2008). While in peer review, judgment

is entrusted to a panel of experts that synthesizes a judgment based on the examination and

appraisal of parameters, such as quality and socioeconomic impact; bibliometric tech-

niques are based on indicators that are elaborated from data that can be found in publi-

cation databases. Recently, some researchers have demonstrated that bibliometric

techniques provide useful information that can counterbalance shortcomings and mistakes

in peer judgment, such as distortions arising from subjectivity in assessments (Aksnes and

Taxt 2004). In addition, the techniques prove to be efficient at guaranteeing low direct

costs and notable savings with regard to time, enabling rapid updating and inter-temporal

comparison (Narin and Hamilton 1996). In various studies, bibliometric data have been

applied to assess research performance and anticipate promising research areas, particu-

larly for the natural and life sciences, because scientific progress is generally achieved by

researchers who study research topics by building upon the work of other scientists (Narin

1976; Van Raan 1996). Considerable research has applied bibliometric analysis to assess

the scientific basis of research (Van Raan and Van Leeuwen 2002) and investigate trends in

R&D activities in specific industries such as biotechnology and nanotechnology (Perry and

Rice 1998; Murray 2002; Yoshiyuki et al. 2009).

Among other methods, text mining is regarded as a novel and exceptional technique for

enhancing the applicability of bibliometric analysis. Text mining can be defined as a

process to automatically extract information and discover patterns from documents (Dixon

1997). Since documents in a textual format have no structured data fields, it is very difficult

to efficiently analyze such textual information. Thus, the first step of text mining is to

define key features of documents in order to transform unstructured textual information

into structured information. In short, text mining puts a set of labels on each document;

further, discovery operations are performed using the labels. The technique is particularly

notable because it can cluster similar documents (Dhillon and Modha 2001) or classify

newly generated documents into a category (Sebastiani 2002). A more intelligent appli-

cation of text mining involves identifying the subjects of documents and summarizing their

content (Clifton 2004). The scope of subjects in text mining is very broad. First, documents

are automatically classified into a predefined class. For this, k-nearest neighbor (k-NN)

techniques are applied to text classification (Cohen and Hirsh 1998; Yang 1994) and

machine learning is utilized for the automatic classification of documents (Sebastiani

2002). Furthermore, a corpus-based method applies text mining techniques on a corpus of

web pages to automatically create web directories and organize them into hierarchies
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(Yang and Lee 2004). Second, documents are grouped into several clusters on the basis of

the similarity of content. K-means and hierarchical clustering algorithms are adopted for

such clustering (Dhillon and Modha 2001). While such text clustering algorithms utilize

the vector space model, recent methods are proposed to apply the sequences of frequent

words or meaning (Li et al. 2008). In particular, SOMs are adopted to improve the per-

formance of the process (Kohonen 1995) and a graph-based approach to document clas-

sification allows for a much more expressive document encoding than the more standard

bag-of-words approach (Jiang et al. 2010). Finally, the structuring of documents in an

unstructured format is a recent research trend that employs mathematical models of

machine learning (Hsu and Chang 1999). Automatic tools for assisting engineers or

decision makers are suggested to facilitate text segmentation, summary extraction, feature

selection, cluster generation, and topic identification (Tseng et al. 2007). Furthermore, a

method to extract data from a web page in HTML has been studied in the web-based

environment (Hammer et al. 1997) and online forums hotspot detection and forecast using

text mining approaches are conducted by automatically analyzing the emotional polarity of

a text (Li and Wu 2010). The technique is applied to not only database management and

the Web environment but also foresight exercises and the automated curation of scientific

literature through biomedical text mining (Santo et al. 2006; Lourenco et al. 2009).

Keyword-based knowledge map

Concepts and types

The database of the National Research Foundation (NRF), which is chosen as the main

database in this paper, is composed of a large number of research proposals that are

submitted to its academic research support program. The research proposals include

abundant information on the objectives, background, research ideas, and references of the

proposed studies. Although the documents include a large amount of content that is

dedicated to technology analysis, it is very difficult to investigate all the information of a

document. Thus, quick navigation and summary of documents is critical to successful

analysis in R&D management. The keywords that are extracted from content in documents

are a powerful vehicle to efficiently manage a given amount of information and be able to

translate sophisticated research ideas into real outputs of R&D. Therefore, the development

of knowledge maps based on keywords is influential because critical R&D databases that

have not been analyzed can be applied to generate meaningful knowledge maps; moreover,

the process of developing knowledge maps can be automatically accomplished with

minimal manual intervention. While traditional knowledge maps focus on gathering the

domain knowledge of experts, keyword-based knowledge maps adopt a systematic

approach that visualizes the information in a computerized manner through text mining. To

this end, a document needs to be transformed into keyword vectors that are composed of

the frequency of occurrence of each keyword in the document. The keyword vectors of

documents are applied to examine the trends, relationships, and clusters of technologies

through graphs, statistical analysis, and indices.

From the basic concepts, five types of knowledge maps are developed in this research:

core R&D maps, R&D concentration maps, R&D trend maps, R&D relation maps, and

R&D cluster maps. The objective of a core R&D map is to derive state-of-the-art R&D

subjects by visualizing the importance of the subjects. R&D concentration maps aim at

examining the concentration ratio of specific R&D areas through Herfindahl’s index (HI).
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R&D trend maps present emerging/declining R&D subjects. R&D relation maps and

cluster maps simultaneously can offer concrete links as well as groups featuring similar

R&D activities. Since R&D knowledge has not been effectively managed and there are few

methods for supporting technology management activities, a keyword-based knowledge

map has great potential to provide intelligent knowledge for R&D planning and valuation.

Process

As mentioned above, this research aims at presenting a new approach to create five types of

knowledge maps by visualizing information in the research proposal-document database.

Thus, a process for drawing a keyword-based knowledge map should be implemented in a

stepwise manner as follows. First, the proposal documents of interest need to be collected

from the database. Second, since the format of documents is unstructured without data

fields, the data therein should be transformed into structured data (keyword vectors). For

this, keywords are extracted by calculating the occurrence frequency of words and

excluding peripheral words such as conjunctions and articles. The keyword vector of each

document is composed of binary value of extracted keywords. Third, keyword vectors of

proposals which are classified into a research category are aggregated to scrutinize rela-

tionships across R&D areas by summing the values of data fields (keywords). If the

number of extracted keywords is n, keyword vector has n dimensions. The aggregated

keyword vector also has n dimensions and the kth data field of it has the sum of values in

the kth data field of all keyword vectors. Fourth, the proposed knowledge maps are gen-

erated to help researchers investigate promising R&D subjects, trends, relationships

between R&D activities, and the similarity of R&D subjects. Thereafter, the interpretations

from various knowledge maps should be discussed in detail. Figure 1 describes the step-

wise process to develop a keyword-based knowledge map.

Development of keyword-based knowledge map

Core R&D map

Promising R&D subjects should be derived to prioritize a lot of research ideas and effectively

allocate research budgets. The core R&D map assists policy makers and researchers in

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Collect relevant documents 

Transform documents into keyword vectors 

Aggregate keyword vectors 

Generate five types of keyword-based KM 

Fig. 1 Process of the proposed
approach
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understanding the principal research themes and investing research capabilities and R&D

funds towards such influential subjects. To this end, important keywords from all the col-

lected documents are extracted through text mining; on the basis of the set of keywords, the

documents are transformed into keyword vectors. The keyword vectors should be aggregated

according to the predefined research categories to analyze influences and trends of research

subjects over research areas. The list of keywords and their occurrence explain which

research theme plays a critical role in a given research area, thereby providing definitive

information on influential and up-to-date research themes. The core R&D map positions the

promising R&D subjects at the central part of the map; in contrast, less important subjects are

located at a peripheral part of the map. For this reason, the maximum value of occurrence

frequency of keywords is put in the center of the map and the minimum value of it occupies the

outside edge of the map. The nearer a R&D theme is positioned to the center of the map, the

more crucial the related R&D projects generally are. In addition, the core R&D areas of a

country need to be compared to those of other countries. Thus, the proposed core R&D map

presents the characteristics of research activities by comparing the focuses of both interna-

tional and domestic research.

R&D trend map

The historical trends of research are examined to enable researchers to forecast and prepare

promising future research themes. While the core R&D map focuses on the currently

important research subjects, the R&D trend map presents emerging and declining key-

words by examining the frequency of each keyword over time. Since a keyword vector of a

paper consists of binary value of keyword occurrence, the number of a keyword in

aggregated keyword vectors indicates the number of papers in a research theme. Basically,

this process is based on the change in frequency and growth rate of keywords and produces

a list of the main keywords and their changing patterns with regard to the frequency. This

knowledge map visualizes the fluctuation of the frequency of occurrence of all keywords

on a two-dimensional space that presents the growth rate of each keyword as well.

Moreover, the trends of research activities of a country are investigated by comparing them

with international trends.

R&D concentration map

If researchers in a research area have studied just a few research subjects intensively, a

broad spectrum of research subjects cannot be covered. The R&D concentration map

applies the HI to calculate the degree of concentration of research areas. The index can be

calculated by an equation as follows.

HI ¼
X

S2
i

Here, Si denotes the ratio for the ith subject that the number of the subject is divided by the

total number of all subjects and HI can be calculated by summing the squares of the Si

values. Thus, if subjects have high ratios such as 0.9 or 0.8, HI obviously approaches the

upper limit, indicating that in this case, the research areas are concentrated with several

research subjects. Since the index is generally an indicator for investigating the level of

competition across subjects, it can be used to measure the extent of research concentration.

Table 1 depicts the concentration level of a research subject-area based on HI.

810 B. Yoon et al.

123



R&D relation map

R&D relation maps are of three types according to the objects of analysis: research relation

map, regional relation map, and institute relation map in a specific area. The maps aim at

investigating the similarity of research areas as well as the relationships across regions/

universities, thereby catalyzing open innovation through active research collaboration.

Since the concept of relationship in the proposed relation maps is based not on information

exchange but on the similarity of keywords among research subjects, the maps need a

similarity matrix that is composed of the cosine values of pairs of research areas (regions

and universities in the regional and institute relation maps, respectively) and that should be

constructed to generate a network. The similarity across objects is based on the aggregated

keyword vectors, which allow the maps to visualize the relationships across the objects. In

general, network analysis provides various useful indices such as degree centrality and

betweenness centrality. In this paper, degree centrality is adopted to examine which

research areas play a central role in the network, and betweenness centrality can be applied

to derive intermediary research areas that connect pairs of related research areas.

R&D cluster map

Generally, a classification is irregularly revised by adding a new concept to the original

classification, as a result of which the ensuing classification is disorganized and confusing.

Thus, the current research classification of the KRF has a drawback in that several sub-

categories are classified within an incorrect category, which compromises the coherence

and consistency of the classification. Therefore, the classification can be modified by

grouping similar subcategories based on the degree of similarity. In addition, the process

can yield a new classification of R&D whereby related R&D subjects are grouped within a

category to enable policy makers to balance the allocation of R&D budgets. For this

reason, the keyword vectors of research proposals in subcategories are aggregated, and the

similarity matrix among subcategories is constructed through calculating cosine values of

them. Then, hierarchical clustering is employed to derive new categories of research by

investigating relevant number of clusters. The outputs can be elaborated to modify an

existing research classification system. R&D cluster maps visualize the relations between

keyword-based clusters and the original classification.

Illustrations

Data

The main data source is the research proposal database of the KRF that contains 225,234

research proposals across 92,701 programs, which cover a specific time period ranging

Table 1 Level of concentration
for various values of the HI

Type Range of HI Level of concentration

Perfect competition 0–0.2 Very high

Monopolistic competition Around 0.2 Medium–high

Oligopoly 0.2–0.7 Low–medium

Monopoly 0.7–1 Very low
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from 2002 to 2006. The classification of R&D in the database consists of eight categories

that are divided into subcategories. In order to analyze the documents of the collected

proposals, keywords should be available from the documents. The process of extracting

keywords can be conducted in two ways: expert-based and computer-based approaches.

Basically, text mining plays the role of extracting important keywords from documents by

investigating the frequency of occurrence of each word. In this paper, a text-mining tool is

applied to derive several significant keywords; then, an individual keyword is added to the

whole set of keywords. Ultimately, keyword vectors of the proposal documents are stored

in a database by calculating the frequency of occurrence of all keywords. Consequently,

this database includes seven important data fields: year, institution, region, category,

subcategory, acceptance decision, and keywords. Although all R&D areas can be selected,

this study has chosen the ‘management’ research area to illustrate the proposed approach

for developing a keyword-based KM because the R&D area has a large number of pro-

posals; moreover, keywords of the documents are comprehensive and unique enough that

the proposed approach seems to be suitable for this area. Thus, 1,920 research proposals

related to the ‘management’ research area are collected for drawing the KM.

Core R&D map

The ‘management’ category that this study examines consists of 22 subcategories, such as

marketing and finance. After the frequency of occurrence of research subjects is calculated,

five highly ranked subcategories (management information systems, marketing, finance,

human/organization management, and international management) are derived. In this

paper, the core R&D map in the subcategory of management information systems (MIS) is

illustrated. In Fig. 2, ten keywords of importance are positioned on the core R&D map on

the basis of their frequency of occurrence. As a result, the ‘technology adoption model,’

‘customer relation management,’ ‘e-commerce,’ and ‘knowledge management’ are deci-

sive research themes. These subjects are critical components in successfully implementing

management information systems. However, in the international research community,

general research themes such as information technology, information system and knowl-

edge management are conspicuous in the core R&D map. Thus, specific and unique

Fig. 2 Core R&D map in the ‘MIS’ research area
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research areas such as ‘technology adoption model’ and ‘customer relation management’

are highlighted in the database of KRF because the Korean government emphasizes the

importance of applications and fusion of technology as well as customization of a service.

R&D trend map

The changing patterns of keywords in R&D proposals help researchers to understand

trends in research activities and provide information on changes in research subjects.

Highly ranked keywords in the MIS category are derived for 2002 through 2006, allowing

users to explore emerging and declining keywords. The quantitative criterion to decide

whether a keyword is included in the list of emerging or declining keywords is to measure

the growth rate of the geometric mean of the keyword occurrence frequency as follows.

growth rate ¼ ½fð1þ g1Þð1þ g2Þ � � � � � ð1þ gnÞg
1
n � 1� � 100

In this equation, gi refers to the growth rate from the ith year to the (i ? 1)th year

(n = 4). While in 2002 and 2003 ‘e-commerce’ was a major topic in the category, the

‘technology adoption model’ has emerged since 2004. In addition, traditional concepts

such as ‘B2B’ and ‘information system’ have disappeared over time; in contrast, the

‘technology adoption model’ and ‘ubiquitous computing’ are the focus of the most recent

research subjects. Although Fig. 3 visually shows the trends in R&D subjects over a time-

horizon, the aforementioned growth rate can present a clear distinction regarding emerging

or declining subjects. Thus, in Fig. 3, the labels of the objects in the right-hand side of the

graph have the value of the growth rate. Consequently, emerging keywords such as

‘ubiquitous computing,’ ‘expert system,’ and ‘technology adoption model’ reflect the up-

to-date trends in research in MIS, whereas research associated with information systems

and CRM is traditional or has lost impact in relation to the MIS research agenda.

When such trends of domestic research are compared to those of international research,

useful implications of research activities can be derived. International research has a

tendency to invest a lot of efforts in ‘ERP’, ‘ubiquitous computing’ and ‘CRM’ shown in

Fig. 3 Trends of keywords in the MIS-related subject (domestic research)

Development and application of a keyword-based knowledge 813

123



Fig. 4. While a research area related to ubiquitous computing has been emphasized in both

domestic and international research, more academic attention to ‘expert system’ from the

KRF database has been paid than in international research communities. In addition,

although ‘e-commerce’ is regarded as an outdated research area in Korea, many

researchers in international research communities still conduct related research.

R&D concentration map

Basically, a critical research avenue can influence a lot of subsequent research in a network

of research activities. If only a fraction of the research subjects that are included in a

research category are intensively studied, the degree of concentration of the research cat-

egory is relatively high, indicating that interest in the category is concentrated on only a few

subjects. Figure 5 depicts subcategories and the HI values of the various management-

related areas. Most research categories are ‘oligopolistic’ because academics mainly

research only a few popular subjects within each of those categories. The MIS research area

has the highest value of HI among those categories that are ‘oligopolistic.’ This category has

four subcategories: management computing processes, management information systems,

information technology management, and intelligent decision support system (DSS).

Among them, information technology management accounts for 64.92%, as a result of

which the MIS category can be characterized as an oligopolistic type. Even though most of

the categories are characterized as oligopolies, some categories can be characterized as

monopolistic competition or perfect competition. In particular, two categories (SCM and

field-specific management) manifest rather balanced distributions of subcategories.

From these results, a specific subject in a research category is focused on, indicating that

most of the researchers pay attention to only a few themes of the research category. The

MIS, general management, production management and sales/marketing categories are

oligopolistic categories because a few subcategories of subjects are intensively studied by

domain researchers. However, in SCM and field-specific management categories, the

interests of researchers are dispersed into a broad spectrum of subcategories because the

research themes are unique and valuable to tackle.

Fig. 4 Trends of keywords in the MIS-related subject (international research)
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R&D relation map

The process for developing an R&D relation map is based on the calculation of cosine-

based similarities across research categories. A similarity matrix is used to generate a

research network that consists of nodes (research categories) and links (relations). If a pair

of research categories exhibits more similarity than a cut-off value, the two research

categories are linked in a network. Since the cut-off value is critical for drawing an

accurate network, sensitivity analysis is executed to derive a proper cut-off value. In this

paper, the similarity matrix of 22 sub-categories in the ‘management’ category is con-

structed by aggregating the keyword vectors of research proposals in each subcategory.

Figure 6 shows the research network of the ‘management’ category. The ‘MIS’ and

‘strategic management’ categories play a central role in the network; on the other hand, the

‘technology management’ category facilitates links between pairs of categories, which

means that the category often resides in the linkages between other categories. This can be

clarified by calculating two indices, viz., the degree centrality and the betweenness cen-

trality. In Table 2, the list of highly ranked research areas with regard to degree centrality

and betweenness centrality is presented for the management category. The management

strategy/policy and MIS categories have high values for the two indices, indicating that

these two categories have a lot of relationships with other categories and simultaneously

intermediate such relations between pairs of categories. In particular, although the degree

centrality of the ‘technology management’ category is relatively low, its betweenness

centrality is highly ranked, showing that the category is a successful intermediary in the

research network.

R&D cluster map

The proposed R&D cluster map is useful to understand differences between the existing

classification of research and new clusters based on the similarity of keywords by visu-

alizing the relations regarding the classification and clusters. Figure 7 presents an example

Fig. 5 R&D concentration map in the management-related subject
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of an R&D cluster map in the ‘management’ research area. Clustering analysis is applied to

derive groups of subcategories, resulting in 12 clusters from 67 subcategories. Figure 6

shows that a category (such as production management or SCM) in the current classifi-

cation system can be subdivided into different subcategories. The result of the map will

enable the revision of an existing classification and help to reflect the real relations

between categories through content analysis.

Conclusions and future research

This research aims at developing a brand new knowledge map in relation to R&D in order

to support R&D management by analyzing the database of research proposals. To this end,

instead of using simple statistics related to research information, content analysis is con-

ducted to extract key research subjects. Thus, a keyword-based KM is generated by

constructing a similarity matrix of keyword vectors. In addition, various forms of keyword-

Fig. 6 R&D relation map in the ‘Management’ category

Table 2 List of highly ranked research areas with regard to centrality

Rank Degree centrality Betweenness centrality

Research area Value Research area Value

1 Management strategy/policy 28.571 Management strategy/policy 50.476

2 MIS 28.571 MIS 41.19

3 Production management 19.048 Technology management 39.095

4 Entrepreneurship/venturing 14.286 Financing 15.714

5 International management 14.286 Human resource management 15.238
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based KM are suggested, e.g., maps, networks, and graphs. The types of keyword-based

KM span the core R&D map, R&D trend map, R&D concentration map, R&D relation

map, and R&D cluster map. These KMs can assist researchers in identifying important

R&D areas, investigating relationships across various R&D areas, and understating the

trends and groups of R&D subjects.

The advantages of the proposed maps are as follows. First of all, although existing

bibliometric maps tend to analyze patents or academic papers in order to investigate the

trends of research activities, the keyword-based knowledge maps in this paper utilize

research proposals that are submitted to the NRF. Thus, the collected data to draw

knowledge maps on research are appropriate to examine the national interests on the trends

of promising research areas. Second, the proposed knowledge maps enable policy makers to

grasp the research status of universities and countries by visualizing the patterns and trends

of research activities. In particular, the maps can be used as fundamental data to allocate

R&D budgets in valuable research themes and promote specialized research programs.

Moreover, the knowledge maps are regarded as an effective method to balance the R&D

portfolio of countries by positioning existing research programs. Thus, the characteristics of

research focuses of a country can be compared to those of other countries. Third, the

proposed maps to use keywords and various indices such as HI and centrality measures can

present a new approach to process raw data (research proposals) and investigate the char-

acteristics of research activities. A visual form itself focuses on providing a big picture,

enabling qualitative analysis. However, since more implications can be derived from

quantitative data, such indices enable researchers to conduct detailed analysis.

However, this exploratory research is subject to several limitations. First, a process of

data cleansing was not clearly implemented. Although keywords were extracted exclu-

sively and collectively, clusters of words that had similar meanings were not integrated in

this research. Second, the hierarchy of keywords was not considered for generating key-

word vectors. Such a hierarchical structure might be critical for correctly analyzing rela-

tions between research areas. Third, while core R&D subjects, trends, and clusters of R&D

Fig. 7 R&D cluster map in the ‘Management’ category
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are presented, this paper does not identify concrete and promising R&D areas that might

contribute more to R&D management. Thus, future research should be conducted to

overcome the presented limitations. First, a methodology for constructing the ontology of

keywords needs to be suggested so that critical keywords can be extracted systematically.

Second, an automated process to build the ontology, extract keywords, and draw a KM

should be proposed as a practical tool. Finally, a function to monitor research trends and

forecast promising research subjects needs to be developed to support R&D project

selection. The results of this research can help researchers and policy makers to investigate

the trends in the R&D areas of interest and allocate research budgets to promising R&D

projects.
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