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Abstract: This research takes the academic articles in the Web of  Science’s core collection database as a corpus 
to draw a series of  knowledge maps, to explore the relationships, connectivity, distribution, and evolution among 
their keywords with respect to smart cities in the last decade. Beyond just drawing a text cloud or measuring their sizes, we further explore 
their texture by identifying the hottest keywords in academic articles, construct links between and among them that share common keywords, 
identify islands, rocks, reefs that are formed by connected articles—a metaphor inspired by Ong et al. (2005)—and analyze trends in their 
evolution. We found the following phenomena: 1) “Internet of  Things” is the most frequently mentioned keyword in recent research articles; 
2) the numbers of  islands and reefs are increasing; 3) the evolutions of  the numbers of  weighted links have fractal-like structure; and, 4) 
the coverage of  the largest rock, formed by articles that share a common keyword, in the largest island is converging into around 10% to 
20%. These phenomena imply that a common interest in the technology of  smart cities has been emerging among researchers. However, 
the administrative, social, economic, and cultural issues need more attention in academia in the future. 
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1.0 Motivation 
 
In the era of  the information explosion, processing infor-
mation into knowledge for better management and deci-
sion making has become necessary. Many ongoing efforts 
explore the issues of  knowledge in various fields, such as 
library and information science (LIS), business administra-
tion, industrial production, public health, public policy, 
and smart cities. Being roused by this wave, many research 
interests have also emerged in knowledge management 
(KM) as a collectively scientific discipline. 

The study of  KM has three interrelated aspects: meth-
odology, ontology, and sociology. Methodologies of  KM 
include codification, classification, tag clouds, knowledge 
map construction, visualization, text mining, and topolog-
ical analysis. Some will be discussed further and employed 
later in this paper. In addition to methodology, the ontol-
ogy of  KM consists of  organized knowledge of  specific 
knowledge domains explored by various methods, while 
the sociology of  KM, combining with epistemology and 
axiology, concerns social, cultural, organizational, and po- 

litical factors associated with successful implementation of  
knowledge management.  

Although the scope of  KM ontology has been increas-
ing, it is far from complete. As Hjørland (2008) suggests, 
knowledge organization (KO) should not be limited to a 
narrow meaning restricted to document description, in-
dexing, classification, and organization. Rather, KO has a 
broader meaning related to how knowledge is socially or-
ganized and how individual sciences are organized. He 
claims that KO in the narrow sense cannot develop a fruit-
ful body of  knowledge without considering KO in the 
broader perspective. The claim also holds true in the terri-
tory of  KM. 

Among the various booming subjects in KM, we found 
that there are relatively few articles discussing the knowledge 
management of  smart cities. Being a prevailing topic, smart 
cities, including smart transportation, smart public health 
and safety, smart education, and smart governance, etc., has 
attracted interest from many cities, researchers, scholars, en-
gineers, industries, and businesses. Most of  those works fo-
cus on developing frameworks, strategies, innovative tech- 
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nologies and devices, and application systems for construct-
ing smart cities. Far fewer articles study the KM of  smart 
cities, which propose conceptual visions, suggest frame-
works and models, and identify key factors for building up 
smart city knowledge bases (e.g., Boyer 2016; Biloslavo and 
Zornada 2004; Brachos et al. 2007). Only a handful of  arti-
cles discuss the sociological aspects of  KM in smart cities 
(e.g., Meijer and Bolívar 2016; Jennex and Zakharova 2006). 
As far as we know, no research exists on keyword distribu-
tion in academic research articles.  

To remedy this, we will use the academic articles in the 
Web of  Science core collection database as a testbed to 
explore the relationships, connectivity, distribution, and 
evolution among their keywords associated with smart cit-
ies, published in the last decade. The remainder of  this pa-
per is organized as follows: In section 2 we briefly review 
some related work; in section 3 we introduce the methods 
used in this research, including definitions, the analysis 
process, and the database used; and in section 4 we present 
the results. Finally, in section 5 we draw conclusions. 
 
2.0 Related work 
 
2.1 The character of  knowledge 
 
Knowledge has many properties, including dispersion, 
evolution, reusability, and guidance. Knowledge to accom-
plish a job is dispersed through various organizations and 
staff  in different disciplines. Therefore, it needs coopera-
tion among persons from different departments or even 
outside experts. Knowledge sharing and communication is 
a key factor for completing a task successfully (e.g., Liu et 
al. 2019, Ahmed et al. 2019). Knowledge also evolves. In 
other words, knowledge has a dynamic nature and cannot 
be static. It continually changes with human experiences, 
technology advancement, knowledge explication, re-
searchers’ perspectives, and social interactions (Mclnerney 
2002). Moreover, many tasks are repeated with minor var-
iations in different contexts. The knowledge from previous 
tasks can be reused and adapted for new cases. New em-
ployees can learn from the experiences of  similar cases 
completed previously by other colleagues so that the task 
at hand can be carried out correctly, efficiently, and effec-
tively. If  knowledge of  typical experiences is recorded in 
an understandable format for transferal to new staff, it will 
largely improve the work quality of  an organization. The 
study of  knowledge has also attracted researchers’ atten-
tion so that the current situation and front edge of  re-
search can be identified for guiding future work. For ex-
ample, Scharnhorst et al. (2016) captured how knowledge 
and knowledge systems of  UDC changed over time and 
raised some further questions for future work.  

The knowledge of  smart cities has all the properties 
mentioned above. Articles bearing knowledge are published 
in academic journals, conference proceedings, and maga-
zines. Keywords provided by authors emerge, are repeated 
and reused, change, and evolve. Thus, studying the know-
ledge concerning smart city keywords should reveal the cor-
responding phenomena of  these properties through the 
construction of  knowledge maps with capabilities of  visu-
alization and text analytics.  
 
2.2 Visualization 
 
Visualization, one of  the most popular approaches, acts as 
a collaboration catalyst to capture the big picture of  dis-
persed knowledge for sense making and knowledge shar-
ing (Eppler 2013). While many word cloud visualization 
tools deal with individual words, Heimerl et al. (2014) took 
it a step further to develop a prototypical system, called 
Word Cloud Explore, that employs linguistic knowledge 
about the words and their relationships for text analysis, 
such as multiword expression identification, term statistics, 
co-occurrence highlighting, and provision of  linguistic in-
formation.  

Many processes for classifying raw text-based materials 
and interpreting the visualized result are still manual. For 
example, Toronto 311, a non-emergency service in a smart 
city, maintained an online knowledge base composed of  
21,000 web pages. However, these web pages were un-
structured texts, and thus, not machine-readable and diffi-
cult to reuse. To recognize the knowledge requirements of  
the city government, Allahyari et al. (2014) manually ana-
lyzed and identified ten knowledge patterns extracting 
from more than 500 Toronto 311 web pages according to 
their importance and frequency. In another example unre-
lated to smart cities, Scharnhorst et al. (2016) employed a 
color-coding scheme to visualize complex networks of  
category systems of  Wikipedia and Universal Decimal 
Classification (UDC) so their differences could be com-
pared using human eyes. 

“Map” is a geographical term, which we borrow to de-
scribe objects in knowledge maps. Ong et al. (2005) men-
tioned that a knowledge map had an ocean-and-island met-
aphor, and the size of  an island provided an estimate of  
the number of  articles contained in a category. However, 
they did not explore this issue further. In this article, we 
take a similar analogy from geographers and geologists. 
Not only is the metaphor of  islands referenced and their 
sizes are measured, but also the texture of  islands is further 
explored by studying the evolution trend of  the hot key-
words, the strength of  connectivity among articles, and the 
coverage of  the biggest rock formed by completely inter-
connected articles over the islands.  
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2.3 Knowledge mining and mapping 
 
Knowledge mining is a family of  methods used to reveal 
the structure of  knowledge embedded in a mass of  unor-
ganized documents by constructing relationships of  the 
co-citation or co-occurrence of  tags, which can be words 
appearing in titles, abstracts, keyword lists, or full texts.  

Many knowledge-mining techniques exist. Medelyan 
(2018) illustrates five common approaches to disclose the 
internal structure of  unorganized materials, namely, word 
spotting, rules for pattern matching, text categorization, 
topic modelling, and thematic analysis. Cheng et al. (2018) 
summarize knowledge-mining techniques into two catego-
ries: statistical analysis-oriented, such as k-means and k-nn 
(Chemchem and Drias 2015), and knowledge discovery-
oriented, such as machine learning (Ong et al. 2005).  

A knowledge map results from knowledge mapping. 
The layout of  a knowledge map may be arranged in a se-
quential line-by-line form, a tree, a circle, or a complex net-
work. Concepts or words of  knowledge may be organized 
by alphabetical order, occurrence frequency, or sematic 
proximity in different fonts, sizes, weights, colors, and 
places for readers to easily capture the whole structure and 
perform tasks, such as searching, browsing, impression 
formation, recognition, and matching (Bateman et al. 
2008; Gambette and Véronis 2010; Rivadeneira et al. 2007; 
Heimerl et al. 2014).  

Knowledge mapping is an essential subfield of  know- 
ledge management and has been applied to many fields. It 
assists public and private organizations and academic and 
research communities understand the whole picture of  scat-
tered knowledge retained in different departments or places 
with the purpose of  making strategic plans, transferring 
knowledge and learning experiences, inspiring brainstorm-
ing, and stimulating new knowledge. For example, by ana-
lyzing the number of  papers downloaded from the arXiv in 
the “artificial intelligence” (AI) section through 18 Novem-
ber 2018, Hao (2019) classified the research history of  AI 
into three major trends. To cope with rapid growth and ever-
changing knowledge in the field of  smart production, 
Cheng et al. (2018) discussed and suggested the application 
of  knowledge mapping in production management, while 
Su and Jiang (2007) applied it to assisting fuel pump design. 
Su and Jiang (2007) suggested a product design task-ori-
ented knowledge organizing method. Liu, et al. (2009) de-
veloped a virtual collaboration platform for enterprise 
knowledge construction by allowing members to tag their 
documents, and then asked a domain expert to draw a do-
main knowledge map based on tags collected from mem-
bers’ contributions.  

The research on knowledge maps of  smart cities is very 
rare and needs to be a dedicated topic. Balaid et al. (2016) 
systematically reviewed the development status of  know- 

ledge mapping. He concluded that the study of  knowledge 
mapping was still in an early stage, and a large portion of  
existing research only covered very limited disciplines. In the 
field of  smart cities, this observation is also true, where 
Mora, Deakin and Reid (2018) remains a singular work. 
They mapped a network structure of  publications in the 
field of  smart cities in the period from 1992 to 2012 by com-
bining co-citation clustering and text-based analysis. They 
identified five major thematic tracks in the publications con-
cerning smart cities, namely experimental, ubiquitous, cor-
porate, single, and holistic. Their work is closely aligned with 
ours, in that we also are interested in drawing a knowledge 
map of  smart city research, analyzing its evolution in the last 
decade and identifying hot topics. However, some major de-
partures differentiate the two studies, including timespan, in-
clusion of  tags, article selection criteria, research methods 
and findings. We will further compare their work with ours 
in Section 5.1. 
 
3.0 Method 
 
3.1 Definition 
 
A knowledge map is an application of  graph theory that 
studies the topology of  nodes and links. Knowledge map-
ping has two kinds of  nodes: articles and keywords. Thus, 
there are also two kinds of  links: single and composite 
links. A single link is established between two articles based 
on a common keyword. A composite link is composed of  
one or more simple links between two articles. In other 
words, while many simple links may exist between two ar-
ticles due to sharing many common keywords, there is at 
most one composite link between two articles.  

Articles are loosely connected, like an island, if  they are 
directly or indirectly connected by composite links. The 
size of  an island is the number of  articles of  it. In an is-
land, one may find rocks, where articles share a common 
keyword. At the same time, there may be a lot of  singular 
articles without any common keywords with other articles. 
The singular articles are called reefs and are not considered 
islands. Formal definitions of  these concepts are given as 
follows. 

Let D be a set of  articles p1, p2, …, denoted as D = {p1, 
p2, …}, the frequency of  a keyword k in D, freq(k, D), is the 
number of  occurrences of  k in P. It is noted that there are 
no duplicated keywords in an article. In other words, freq(k, 
D) also indicates the number of  articles in D that share a 
common keyword k. Furthermore, let article pi have key-
words Ki = {ki1, ki2, …}, and pj have Kj = {kj1, kj2, …}. If  
there is a keyword 𝑘, where 𝑘𝜖𝐾௜  and 𝑘𝜖𝐾௝ , ie., pi and pj 
share a common keyword 𝑘, pi and pj are linked with respect 
to k, and a simple link L(pi, pj, k) is established. A composite 
link CL(pi, pj) between articles pi and pj is a composition of  
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all the simple links between them. The weight of  a compo-
site link CL(pi, pj) is denoted as WL(pi, pj); that is the number 
of  simple links between pi and pj. CL(pi, pj) is also called the 
“strength” between pi and pj, since it is the number of  com-
mon keywords of  pi and pj. The stronger the strength CL(pi, 
pj) is, the more the common keywords. Two articles pi and pj 
are “loosely connected” if: 1) there exists a simple link L(pi, 
pj, kw) directly connecting them; or, 2) there exists simple 
links L(pi, pv, kw), and L(pj, pv, ku), where pi and pj are indirectly 
connected via pv through possibly different keywords kw and 
ku. However, when kw = ku, it is said that pi and pj are 
“strongly connected.” The connectivity of  an article p, con(p), 
is the number of  composite links to other articles, while the 
weighted connectivity of  an article p, wcon(p), is the total 
number of  links to other articles. An “island” is a set of  
loosely connected articles, while a “rock” is a set of  strongly 
connected articles. It is noted that a rock is a complete 
graph, where all the elements of  the rock are linked to each 
other. The size of  an island or a rock is the number of  arti-
cles belonging to it. The “coverage” of  a rock on an island 
is defined as the size of  the rock divided by that of  the is-
land. A reef  is a singular article that has no link, or common 
keyword, to any other articles. The size of  a reef  is always 1. 
In Figure 1, article p1 has keywords K1 ={a,b,c,d,e,f,g}, article 
p2 has keywords K2={a,g,w}. Thus, there are two links L(p1, 
p2, a) and L(p1, p2, g) between p1 and p2. Furthermore, the com-
posite link CL(p1, p2) is composed of  L(p1, p2, a) and L(p1, p2, 
g) with weight WL(p1, p2) = 2. Meanwhile, the composite link 
CL(p1, p3) has weight WL(p1, p3) = 1, since there is only one 
link between them. As a result, the connectivity of  p1 is 

con(p1) = 5 with weight wcon(p1) = 7. In Figure 1, p2, p7, p8, and 
p9 are strongly connected as a rock with a size of  four, since 
they share a common keyword w and form a complete 
graph. Meanwhile, p2 and p3 are loosely connected, although 
they do not have any common keywords, but they share dif-
ferent keywords, say a and b, with p1. In this way, p1, p2, p3, p4, 
p5, p6, p7, p8, and p9 are loosely connected as an island with a 
size of  nine. The coverage of  rock p2, p7, p8, and p9 on the 
island is 0.44%. There is another island formed by p10 and 
p11 with a size of  two. There is a reef  p12 that does not share 
any keywords with any other articles. It is noted that a reef  
is not taken as an island.  
 
3.2 Analysis process 
 
To study the evolution of  knowledge associated with a topic 
of  interest, which is represented by an exact keyword or key-
words, there are three stages: construction and enumeration 
of  knowledge maps, analyses of  temporal knowledge maps, 
and interpretation.  
 
3.2.1 Construction and enumeration of  knowledge 

maps 
 
In this stage, articles and their keywords are retrieved, and 
maps are constructed and enumerated based on a given 
keyword KW, which is the core concept on which the study 
focuses. We take KW as an initial keyword to retrieve all 
the articles Dt whose titles or keywords contain KW from 
a journal database in a certain time interval t, say one year. 

 

Figure 1. Explanatory diagram of  a knowledge map 
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The journal database may cover several consecutive time 
intervals. Knowledge maps are constructed for each time 
interval, such that a temporal evolution can be analyzed.  

Since KW will appear in every article under this situa-
tion, all the articles will be connected and form a single big 
stone island due to the common keyword KW. It turns out 
to be a trivial problem. Thus, the given keyword KW 
should be removed from data set Dt, and it can be thought 
of  as the scope of  the study. Then, the frequency for each 
remaining keyword, the simple and composite links be-
tween pairs of  articles, the degree and their weights can be 
constructed and enumerated. Finally, islands, rocks, and 
reefs are identified, and their numbers are enumerated. 
The detailed procedure is illustrated below. 
 
1.  For a given keyword KW, retrieve all the articles whose 

titles or keywords contain KW from a journal database 
during a certain time period, which can be divided into 
several time intervals. Let Dt be the set of  articles re-
trieved from time interval t. 

2.  For each time interval t 
2.1  Extract the set of  keywords Ki for each article pi 

from Dt. 
2.2  Transform synonyms, the original compound 

nouns of  abbreviations, acronyms, and initials 
into standard keywords in lowercase letters. 

2.3  Remove the given keyword KW from all the Ki. 
2.4  Let K be the union of  all the keywords in Dt;  
 i.e., K = Ki ∪ Kj ∪ … = {ki1, ki2, …} ∪ {kj1, kj2, 

…} ∪ … 
2.5  For every keyword k∈ K associated with Dt, 

count its frequency freq(k, Dt). 
2.6  For every pair of  articles p1 and p2, make a simple 

link L(pi, pj, k) between them if  they share a com-
mon keyword k. 

2.7  For every pair of  articles p1 and p2, make a com-
posite link CL(pi, pj) between them if  any simple 
link L(pi, pj, k) exists. 

2.8  For every article p∈ Dt, count its degree deg(p) and 
weighted degree wdeg(p). 

2.9  Identify islands, count the number of  islands and 
the size of  each island of  Dt. 

2.10  Identify number of  reefs of  Dt. 
2.11  For every island, identify internal rocks with re-

spect to different keywords; count the number of  
rocks and the size of  each rock. 

 
3.2.2 Analysis of  temporal knowledge maps 
 
After constructing and enumerating a temporal series of  
knowledge maps within the scope of  a given keyword KW, 
several analyses can be performed: 
 

– What keywords have the highest frequency? Do they 
change over the course of  time? 

– How many islands and reefs do the articles form? 
– What are the sizes of  the islands from the largest to the 

smallest? Are any trends evident? 
– What is the relationship between the largest island and 

rock? Can one find the largest rock in the largest island? 
– What is the highest strength (weighted link) between 

two articles? 
 
3.2.3 Interpretation 
 
Finally, one may interpret the results of  the analysis in 
terms of  domain knowledge. For example, if  the scope of  
interest is “smart city” (the given keywords), some inter-
pretations and queries may be made as follows. 
 
– What are the hottest terms? Do they change over the 

course of  time? 
– What terms are emerging? What terms are fading out?  
– Are there competing groups within the interested topic? 
 
3.3 Datasets and software 
 
In present research practices, researchers consult academic 
databases and use various tools for their research work. 
Many databases, such as Web of  Science, Scopus, Crossref, 
ArXiv, etc., collect academic articles. Additionally, many 
tools, such as VOSViewer, CiteSpace, HistCite, SciMAT, 
Sci2, etc., visualize and analyze the relations among articles 
in databases (Chen 2017). Although they possess friendly 
user interfaces, convenient analysis functions, and colorful 
visual windows for dynamic layouts, they are general-pur-
pose software tools, insufficient to support analyses where 
particular characteristics of  specific disciplines need cus-
tomized considerations. For instance, in this paper, instead 
of  using a fixed selection criterion, we must choose differ-
ent percentages of  keywords as the hottest keywords in 
different time periods due to different total numbers of  
articles and keywords in different years. 

We used the Web of  Science core collection database 
(https://clarivate.com/products/web-of-science/web-
science-form/web-science-core-collection/) as a testbed, 
which collects articles mainly from academic journals and 
conferences. Web of  Science provides two methods to ac-
cess their databases. The authorized users either visit their 
web pages or gains access through API to download re-
trieved articles with their titles, authors, publication names, 
year of  published, organizations, and other auxiliary infor-
mation after specifying an interested database, search 
words, timespan, and citation indices. In our research, ar-
ticles with the keywords “smart city” and published in the 
period from 2009 to 2018 were selected. Keywords in aca- 
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demic articles are semi-structured, freely provided by the 
authors, and composed of  an indefinite number of  single 
or compound nouns. Individual articles and keywords are 
two study units, as shown in Figure 1, for further analysis 
using the process described in Section 3.2. 
 
4.0 Results 
 
4.1 Graphical knowledge maps of  islands 
 
As mentioned above, knowledge maps can be presented in 
graphical figures or textual lists. In this subsection, we pre-
sent graphical knowledge maps of  the years 2009 and 2018 
in Figures 2 (a) and (b), respectively. Each dot represents an 
article. Each link denotes that there are common keywords 
between the two linked articles, while its thickness repre-
sents its strength or weight, i.e., the number of  common 

keywords. Note that singular nodes, having no common 
keyword with any other articles, are not shown in the figures. 
Figure 2(a) is relatively simple to read and understand, as 
there are only thirteen articles in three islands. In this case, 
all the weights of  the links are equal to one. However, Figure 
2(b) is quite messy. There is a big black “rock” and several 
smaller black “rocks” in the biggest island, while some much 
smaller islands line the lower left. Although some thicker 
links can be seen in the figure, it is almost impossible to 
identify and count them by visualization only.  
 
4.2 Frequency and coverage 
 
In early years, few articles mentioned smart cities (Figure 
3(a)); however, the numbers have increased dramatically in 
the last decade. Figure 3(b) shows that the number of  ar- 
ticles with keywords quickly increased in the last decade 

 

Figure 2. Knowledge maps of  year 2009 (a) and 2018 (b). 

 

Figure 3. Number of  articles since 1985 (a), and since 2009 (b). 
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except for a slight decrease in 2018. We will further analyze 
the evolution in the last decade in the remainder of  this 
paper. It is noted that not all the articles provide their key-
words. Also, the number of  keywords, where duplicate 
keywords in different articles are counted only once, fol-
low a similar trend; however, it drops earlier in the year 
2016 (Figure 4). Although the number of  both articles and 
keywords being used by the authors dropped in the last 
few years, at this moment it is hard to say whether they will 
continue to decrease in the near future. 

It will be very interesting to know which keywords are 
most commonly mentioned and examine the evolution of  
them. For being manageable, the number of  hot keywords 
should be limited. In this research, due to different 
amounts of  articles in different periods, different criteria 
are needed to select keywords for a meaningful compari- 

son. In this research, the number of  articles with keywords 
in the first half  of  the decade is relatively smaller than that 
of  the second half. It calls for different criteria to choose 
keywords from the first and last halves of  the decade for 
identifying “hot” keywords and their associated trends. As 
a rule of  thumb, the keywords that occurred more than 
once each year in the first half  are chosen, while more than 
five times in the second half  of  the decade. As a result, the 
number and percentage of  hot keywords increased in the 
first half  of  the decade from seven (4.00%) to 122 (9.8%), 
while the number of  hot keywords in the second half  var-
ied from twenty to ninety-five, and their percentages are 
kept in the range between 1% to 2%. The hot keywords in 
the year 2013 were chosen by both of  criteria of  the first 
and second half  of  the decade. The gap between these two 
criteria is 8.27% (Figure 5). 

 

Figure 4. Numbers of  keywords. 

 

Figure 5. Percentage of  hot keywords against all keywords. 
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As an illustration, Table 1 shows the evolution in major 
hot keywords, whose frequencies are in the top three high-
est in any year of  the last decade. The percentages below 
the frequencies are quotients of  frequencies divided by the 
number of  articles with keywords of  their corresponding 
years. Thus, we call the percentages “coverages.” In this 
way, we identify the thirteen major hottest keywords, 
namely: IoT, big data, cloud computing, sustainability, 
smart grid, ICT, urban development, smart growth, GIS, 
tourism, ubiquitous computing, smart planet, and u-city.  

The second column of  Table 1 indicates the properties 
of  these keywords, where “T” means technology that 
smart cities employ, while “V” means values that smart cit-
ies pursue. There are seven keywords with “T” and six with 
“V.” Although they seem roughly equal, but as a matter of  
fact, keywords concerning value is overwhelmed by those 

concerning technology in terms of  frequency. For exam-
ple, in 2018, keywords with “T” cover 32.9%, while key-
words with “V” only cover 4.48% of  the articles with key-
words.  

The hottest keywords shifted yearly. In the first two 
years, they were “smart growth,” while in the second two 
years they were “smart grid.” The frequencies of  the hot-
test keywords in the first four years were relatively small. 
During the years 2013 to 2018, “IoT” (Internet of  Things) 
held the position of  the hottest keyword with a trend of  
increasing frequencies and percentages against the num-
bers of  articles with keywords. 

Figures 6 and 7 illustrates the evolving trends of  the 
thirteen hottest keywords in terms of  frequencies and their 
coverage in the corresponding years. Figure 6 shows that 
the differences between the frequencies of  the top and 

years  2009 2010 2011 2012 2013 2014 2015 2016 2017 2018 
number of  articles 
with keywords  36 55 88 163 338 608 1036 1702 2104 1517 

IoT T 
   9 34 56 106 245 340 288 

   5.52% 10.06% 9.21% 10.23% 14.39% 16.16% 19.98%

big data T 
    4 16 46 83 96 70 

    1.18% 2.63% 4.44% 4.88% 4.56% 4.61% 

cloud 
computing T 

   5 8 21 41 73 47 48 

   3.07% 2.37% 3.45% 3.96% 4.29% 2.23% 3.16% 

sustainability V 
 3 3 3 9 18 19 31 47 48 

 5.45% 3.41% 1.84% 2.66% 2.96% 1.83% 1.82% 2.23% 3.16% 

smart grid T 
  11 18 21 29 53 76 61 44 

  12.50% 11.04% 6.21% 4.77% 5.12% 4.47% 2.90% 2.90% 

ICT T 
    10 12 14 29 8 28 

    2.96% 1.97% 1.35% 1.70% 0.38% 1.85% 

urban development V 
  3     16  7 

  3.41%     0.94%  0.46% 

smart growth V 
4 9  10 5 6  8  7 

11.11% 16.36%  6.13% 1.48% 0.99%  0.47%  0.46% 

GIS T 
2 4   6 9 8 15  6 

5.56% 7.27%   1.78% 1.48% 0.77% 0.88%  0.40% 

tourism V 
  3  3  6 9  6 

  3.41%  0.89%  0.58% 0.53%  0.40% 

ubiquitous computing T 
3   5 2  6    

8.33%   3.07% 0.59%  0.58%    

smart planet V 
  3        

  3.41%        

u-city V 
 4         

 7.27%         

Table 1. Thirteen major hottest keywords. 
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second hottest keywords grew bigger and bigger. They can 
be classified into four groups. IoT, the only one member 
in the first group, obviously dominates the others. Some 
other keywords, such as “smart growth,” had high cover-
age in the early years, but quickly shrank later. Big data, 

cloud computing, sustainability, smart grid, and ICT can 
be treated as the second group, which remain their most 
coverages between 1.5% and 5%. Among them, “sustain-
ability” is the only value-oriented keyword and has had in-
creasing coverage in recent years, while the others are tech- 

 

Figure 6. Frequencies of  keywords. 

 

Figure 7. Coverage of  keywords w.r.t all the articles. 
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ology-oriented and have flat or dropping tendencies. Ur-
ban development, smart growth, GIS, and tourism com-
prise the third group. Their frequencies and coverages are 
relatively smaller but still mentioned recently. The fourth 
group, consisting of  ubiquitous computing, smart planet, 
and u-city seems to have vanished. It is noticeable that 
most of  the keywords in groups three and four are value-
oriented. In other words, in earlier years, researchers fo-
cused their efforts from exploring the meaning of  smart 
cities to enriching the value of  cities. Gradually, the focus 
shifted to technology-related issues for making smart cities 
a reality. Following the same idea, the evolution of  any key-
word can be explored. In the future work, researchers may 
further vary the definition of  hot keywords and get differ- 

ent sets of  them so that their evolution patterns can be 
further explored. 
 
4.3 Knowledge islands 
 
Connected articles form knowledge islands. As mentioned 
earlier, if  two articles share any keywords, they are linked. 
Either of  them can further link to another article. Thus, 
consecutively linked articles form an island. The size of  an 
island is at least two articles. Any article that does not link 
to any another article becomes a reef. In the study con-
cerning smart cities, the numbers of  islands (Figure 8), 
reefs (Figure 9), and articles in islands (Figure 10) simulta-
neously increase. That means while the number of  islands 

 

Figure 8. Numbers of  islands. 

 

Figure 9. Numbers of  reefs. 
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increases yearly, the largest islands are bigger and bigger, 
and many new standalone keywords (reefs) also emerge. 
Figure 10 further shows that the gap between the numbers 
of  all the articles and articles in islands is exactly the num- 

ber of  reefs. Figure 11 also shows that the percentages of  
all the articles and articles in the largest islands against the 
total numbers of  articles with keywords converge to 
around 85% gradually. In other words, there is a space of  

 

Figure 10. The numbers of  all the articles and articles in islands. 

 

Figure 11. The percentages of  all the articles and articles in the largest islands against the total num-
bers of  articles with keywords. 
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around 15% for much smaller islands and reefs to keep the 
field of  smart cities growing. Figure 12 illustrates how the 
percentages of  number of  reefs out of  all the articles in 
corresponding years are also decreasing and converging to 
a range between 10% and 20%. 
 
4.4 Island size 
 
The size of  a knowledge island is the number of  articles 
on it. In the research field concerning smart cities, the sizes 
of  the largest islands are much larger than those of  the 
other islands. Thus, they are separately illustrated in two 
figures. In Figure 13, the sizes of  the largest islands and 
the number of  all the articles, which are shown on the pol-
ylines, dramatically increase in a similar trend except the 
last year. On the other hand, Figure 14 illustrates that the 
yearly sizes and numbers of  the second-, third-, and 
fourth-largest islands are stable and much smaller than 
those of  the largest islands. Furthermore, Figure 15 shows 
that the smaller the islands, the more numerous they are. 
We can imagine that the knowledge map of  smart city 
knowledge is composed of  an exceedingly large island, 
several much smaller islands, and a lot of  reefs. 
 
4.5 The strength of  links 
 
The weight, or strength, of  a composite link is measured 
by the number of  common keywords between two articles 

that the composite link connects. Table 2 depicts that 
numbers of  links associated with weight from one to ten 
during years 2009 to 2018. It shows that most of  the links 
are of  weight =1, and in the second half  of  the decade the 
number of  links with weight =2 are less than 3% of  those 
of  weight = 1. Furthermore, Figures 16(a)-(d) illustrate the 
evolutions of  the numbers of  links with weights from one 
to five. We find that they have a fractal-like structure. In 
other words, the relative structure of  evolution curves be-
tween weight = 1 and the others (Figure 16(a)) and is sim-
ilar to that between weight = 2 and weights = 3,4,5 (Figure 
16(b)). This phenomenon is also held between weight = 3 
and weights = 4,5 (Figure 16(c)). Their correlation coeffi-
cients between consecutive weight links are calculated in 
Table 3, which shows that they are highly correlated.  
 
4.6 Connectivity 
 
The connectivity of  an article measures how many other 
articles have common keywords with it. Figure 17 illustrates 
the yearly evolution of  the top three articles with the high-
est connectivity and the reef ’s connectivity. The yearly top 
three articles with the highest connectivity are very close, 
and their evolutionary trend is very similar to that of  the 
numbers of  articles. Since the connectivity of  reefs is zero, 
their evolution line lies in the x-axis. Figure 18 illustrates 
the number of  articles with respect to their connectivity. 
The number of  articles with connectivity less than twenty  

 

Figure 12. The percentage of  number of  reefs out of  all the articles. 
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Figure 13. The yearly evolution of  sizes (Y-axis) and numbers (on polylines) of  the largest islands comparing to the 
numbers of  all the articles. 

 

Figure 14. The yearly evolution of  sizes (Y-axis) and numbers (on polylines) of  the 2nd, 3rd, and 4th largest islands. 
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Figure 15. The relationship between numbers and sizes of  islands. 

 

 W=1 W=2 W=3 W=4 W=5 W=6 W=7 W=8 W=9 W=10 
2009 14          

2010 53 5 1        

2011 43 5 1        

2012 244 4 1 1 1      

2013 911 32 1 1 3      

2014 3330 100 3 3 1      

2015 7651 199 25 13 10 3 1 3  1 

2016 41056 801 27 5 3 5     

2017 63176 1470 70 7 5 4 2 1   

2018 36552 887 37 4 2      

Table 2. Numbers of  links associated with different weights. 

Comparison Correlation coefficients 
W=1 vs W=2 0.9953 

W=2 vs W=3 0.9632 

W=3 vs W=4 0.6274 

W=4 vs W=5 0.9518 

W=5 vs W=6 0.6307 

W=6 vs W=7 0.6125 

W=7 vs W=8 0.6475 

Table 3. Correlation coefficients between consecutive weight links.
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is less than six. It is noted that, in this research, be- 
yond the x-axis of  Figure 18, the number of  all the articles 
of  connectivity more than twenty is one.  

A rock is composed of  articles sharing common key-
words. These articles link to one another and form a com-
plete graph. Different keywords will form different rocks. 
In other words, the number of  rocks is equal to that of  
keywords shared by different articles. The size of  a rock is 
measured by the number of  corresponding articles. There-
fore, the thirteen hottest keywords illustrated in Table 1 are 
the glue of  the thirteen largest rocks. However, the largest 
rock is usually not the article with the highest connectivity. 
Figure 19 compares the largest rock with the highest con-
nectivity, also shown in Figure 17. The difference between 
them is attributed to the other keywords that co-exist in 
the rock. Figure 20 shows the coverage of  the largest rock 

in the island where it is located. It seems that the range of  
the coverage may be kept between 10% and 20% in the 
future. Figure 19 shows that the largest rocks are not in the 
articles with the largest degrees. The coverages of  the big-
gest rocks in islands where they are located converge in the 
10% to 20% range (Figure 20).  
 
4.7 Summary of  findings 
 
“Smart city” is a buzzword in recent years, and the aca-
demic community is no exception. According to Clarivate 
Analytics’ Web of  Science database, the term “smart city” 
first appeared in 1985. However, only a few articles con-
cerning smart cities existed until around 2009. After that, 
the number of  articles has been dramatically increasing. By 
taking article keywords as pivotal tags to explore oceans of  

 

Figure 16. Numbers of  links with weights 1-5 (a), 2-5 (b), 3-5(c), 4-5 (d). 
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academic knowledge concerning smart cities from the year 
2009 to 2018, we find that the articles concerning smart 
cities indeed have enjoyed a booming period in the last 
decade, except a small drop in 2018. In other words, it is 
hard to judge whether the study of  smart cities has ma-
tured and will decline from now on, or whether it is just a 
little turbulence and will keep on growing in the future.  

The characteristics of  hot keywords in the first and sec-
ond half  of  the decade are quite different. They were cho-
sen if  they occurred more than two and five times in the 
first and second half  of  the decade respectively. In the first 
half  of  the decade, the percentage of  the number of  hot 
keywords against that of  all the keywords increased, but it 
stabilized to a range of  between 1% and 2%. Furthermore, 

 

Figure 17. The yearly evolution of  the top three highest and reef ’s connectivity. 

 

Figure 18. The relationship between the connectivity and number of  articles. 
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thirteen major hot keywords, namely IoT, big data, cloud 
computing, sustainability, smart grid, ICT, urban develop-
ment, smart growth, GIS, tourism, ubiquitous computing, 
smart planet, and u-city, were selected. The numbers and 
percentages of  keyword IoT, which was the hottest key- 
word in the last six years, far exceeded those of  the other 
hot keywords.  

A knowledge island contains many knowledge rocks. 
Since there are many keywords in an article, it can indi- 
rectly connect to other articles through different keywords, 
while articles sharing a common keyword are directly inter-
connected as a complete graph. In other words, a know-
ledge island is composed of  loosely connected articles, 
while strongly connected articles form a rock. It was found 

 

Figure 19. The comparison of  connectivity between the largest rock and article. 

 

Figure 20. The coverages of  the largest rocks in islands. 
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that over a decade the number of  islands increased from 
three to more than fifteen, and their sizes increased from 
thirteen to more than 1,200. The sizes of  the largest rock 
covered those of  islands where they are located are around 
10% to 20% for the articles about smart cities. Reefs are 
articles that share no keywords with other articles. As a re-
sult, an exceedingly large island, several much smaller is-
lands, and a lot of  reefs are present on the knowledge map 
of  smart city knowledge. 
 
5.0 Discussion 
 
5.1 Comparative study 
 
It is worth comparing our work with similar work done by 
Mora, Deakin and Reid (2018), as mentioned in section 
2.3. Although the two studies used different data sources, 
timespans, association tags, grouping approaches, and hot 
keyword selections to explore how the concept of  a smart 
city is intellectually structured, both have compatible and 
progressive findings. Both studies took English-language 
literature from scholarly databases as source articles, 
but Mora, Deakin and Reid searched eight databases, 
namely Google Scholar, Web of  Science, IEEE Xplore, 
Scopus, SpringerLink, Engineering Village, ScienceDirect, 
and Taylor and Francis Online, from 1992 to 2012, while 
we focused on Web of  Science from 2009 to 2018. Both 
studies involved selecting articles in which the term smart 
city is included in the title, abstract, keyword list, while 
Mora, Deakin and Reid also searched the body of  the text. 
As a result, Mora, Deakin and Reid had 2,273 source arti-
cles, and we had 7,647 in the last decade and 6,967 in the 
second half. The observation that research concerning 
smart cities has been dramatically increasing is supported 
by the two independent studies where the number of  arti-
cles considered in the present study from one database in 
the last five years is much larger than that by Mora, Deakin 
and Reid from various databases in twenty years. To group 
articles, the study authors took different tags; where Mora, 
Deakin and Reid used a subject-oriented co-citation ap-
proach, we used a frequency-oriented co-keyword ap-
proach. Although they used different approaches, the 
numbers of  islands (clusters) are very close, where Mora, 
Deakin and Reid got eighteen clusters, we found there 
were seventeen or eighteen islands in the last four years. 

Furthermore, both studies used different criteria to se-
lect distinct or hot keywords but still achieved some agree-
ment and implied the trend of  evolution. Mora, Deakin 
and Reid selected the top ten keywords in eighteen clusters 
and made a profile of  thirty-one distinct keywords, while 
we selected the top three keywords from each year in the 
last decade and came up with a list of  thirteen hot key-
words. There are four keywords, namely IoT, ICT, smart 

grid, and urban development, shown in both studies. On 
the other hand, hot keywords of  2018, namely big data, 
cloud computing, and sustainability, indicate the new trend 
of  research interests. Furthermore, both studies agree that 
technology-oriented articles are overwhelming in the re-
search community of  the smart city.  
 
5.2 Categorization vs. classification 
 
It is worth mentioning that the characteristics of  knowledge 
maps are closer to categorization than classification based 
on Jacob (2004), who identified classification and categori-
zation by six systemic properties: process, boundaries, mem-
bership, criteria for assignment, typicality, and structure. Cat-
egorization processes entities using creative synthesis based 
on similarity and has a non-binding boundary. The criteria 
of  category assignment can be context-dependent or con-
text-independent; thus, the membership of  an entity is flex-
ible and can be associated with more than one category. 
There is no typical or representative member in a category 
since every member has its own different properties. The 
structure of  a category may be flat or hierarchical. On the 
other hand, classification arranges entities in a systematic 
process based on their characteristics using predetermined 
assignment criteria; thus, classes are mutually-exclusive and 
non-overlapping, and boundaries are fixed where an entity 
either is or is not a member of  a particular class. All mem-
bers of  a class are typically and equally representative. Clas-
ses can be hierarchically structured. In the case of  know-
ledge maps, we group articles collected in WoS using a single 
criterion of  assignment by connecting common keywords 
among them to form islands. If  we change the relationship 
based on common keywords to other relationships, such as 
common authors, references, etc., articles will be grouped in 
different ways. Thus, we create a knowledge map in a cate-
gorization process. Since every article in an island (category) 
has different numbers of  keywords associated with different 
frequencies, and different numbers of  link strength associ-
ated with different other articles, no article can be a repre-
sentative for other articles on the same island. Furthermore, 
the structure of  a knowledge map is flat, non-hierarchical. 
Thus, the properties of  process, criteria for assignment, typ-
icality, and structure coincide with those of  categorization. 
However, the other two properties, namely, membership 
and boundaries, behave like classification. When the crite-
rion of  assignment is given, and an article is once connected 
to an island, it will not change to any other island. Any two 
separated islands have no common keyword. In other 
words, any article either only belongs to an island or be-
comes a reef  by itself. The boundaries of  knowledge islands 
are fixed, and the islands are mutually exclusive. 
 

https://doi.org/10.5771/0943-7444-2019-6-418 https://www.inlibra.com/de/agb - Open Access - 

https://doi.org/10.5771/0943-7444-2019-6-418
https://www.inlibra.com/de/agb
https://creativecommons.org/licenses/by/4.0/


Knowl. Org. 46(2019)No.6 

Fen-Tyan Lin. Drawing a Knowledge Map of Smart City Knowledge in Academia 
437

5.3 Standardization of  keywords 
 
Keywords which were freely provided by the authors of  
articles need to be pre-processed in order to have a stand-
ardized analysis. A concept may be expressed in various 
terms or forms. For examples, “Internet of  Things” may 
also be expressed as IoT, Internet-of-Things, Internet-of-
Things (IoT), IoT(iot), etc. A reference table has to be built 
for integrating many synonyms into one. However, it is not 
necessary to define a limited set of  control words so that 
innovative keywords are possible. 
 
5.4 Future investigation 
 
Our future work has two parts. While possible research di-
rections for the academic community at large will be sug-
gested in section 6.0, in this section we will discuss the fu-
ture investigation of  the construction and exploration of  
knowledge maps to explore the texture of  a certain do-
main of  knowledge, which can proceed based on the ex-
perience gained in this study. Some proposed approaches 
are as follows: 
 
– measuring the distance between any two keywords: dis-

tance can be measured by the number of  articles in the 
shortest path between two keywords; it would be very 
interesting to find how many years it takes for two key-
words to become closer. 

– measuring the density of  an island: density can be meas-
ured by the ratio of  the total degree of  articles and/or 
keywords against that of  a complete graph; it would be 
interesting to find the relationship between the evolu-
tion of  densities and the cohesion of  a community of  
interest. 

– identifying patterns of  life cycles of  keywords: in this 
research, we find that some keywords in early years 
might be shrinking, disappearing or reviving, while oth-
ers might suddenly appear in a great amount and in-
crease dramatically; these phenomena might be affected 
by technology breakthroughs or socioeconomic issues. 

– calculating the entropy of  the distribution of  islands: 
the entropy can be a measurement of  the vitality of  a 
community of  interest a high entropy might imply a vi-
tal community in which there are many reefs or small 
islands with independent and creative ideas; on the 
other hand, a low entropy might imply that the commu-
nity has focused on a set of  specific topics.  

– exploring fractal-like structure: we have revealed in the 
present study that there is a fractal-like structure embed-
ded in the strengths of  composite links in terms of  their 
weights; this phenomenon deserves further exploration. 

 

6.0 Conclusion 
 
A Knowledge map is a powerful tool to capture the whole 
picture of  a certain knowledge domain. However, one may 
get various pictures if  different sources, timespans, associ-
ation tags, grouping algorithms, and categorization pro-
cesses are employed. In this article, we have explained how 
we explored and what we found. A comparison between 
this research and a similar but independent study was 
made, and the comparison shows that the collective find-
ings are compatible and progressive. 

The evolution shown by the knowledge maps not only 
illustrates the current situation of  the academic community, 
but also indicates possible future research directions for the 
academic community interested in the field of  smart cities. 
The results of  this research imply that the academic com-
munity may have reached a common consensus about the 
issue of  IoT recently. It may also signify the maturation of  
the topic of  smart cities. Additionally, keywords concerning 
the value of  smart cities for pursuing a better life and envi-
ronment are overwhelmed by those concerning technology. 
Since the issues of  smart cities have many facets, it is sug-
gested that issues concerning values of  smart technology, 
such as sustainability of  urban development, social equity 
and justice, economic growth, adaption of  climate change, 
etc., should be further explored in future research. Further-
more, although many scholarly databases collect published 
journal and conference papers, unpublished reports, and 
grey literature, many of  them do not provide or only provide 
limited metadata for further academic research. If  they can 
be downloaded more easily and made user-friendly, know-
ledge maps of  different sources, viewpoints, tags and disci-
plines can be drawn more quickly. It would be very benefi-
cial to accumulate holistic knowledge. 
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