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Abstract Information visualization and data visualization are often viewed as similar, but
distinct domains, and they have drawn an increasingly broad range of interest from diverse
sectors of academia and industry. This study systematically analyzes and compares the
intellectual landscapes of the two domains between 2000 and 2014. The present study is
based on bibliographic records retrieved from the Web of Science. Using a topic search and a
citation expansion, we collected two sets of data in each domain. Then, we identified
emerging trends and recent developments in information visualization and data visualization,
captivated in intellectual landscapes, landmark articles, bursting keywords, and citation
trends of the domains. We found out that both domains have computer engineering and
applications as their shared grounds. Our study reveals that information visualization and
data visualization have scrutinized algorithmic concepts underlying the domains in their
early years. Successive literature citing the datasets focuses on applying information and data
visualization techniques to biomedical research. Recent thematic trends in the fields reflect
that they are also diverging from each other. In data visualization, emerging topics and new
developments cover dimensionality reduction and applications of visual techniques to
genomics. Information visualization research is scrutinizing cognitive and theoretical
aspects. In conclusion, information visualization and data visualization have co-evolved. At
the same time, both fields are distinctively developing with their own scientific interests.
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Introduction

The term information visualization refers to computer generated interactive graphical
representations of information (Chen 2010). It aims to convey unclear and abstract ideas to
its audience in a visually intuitive and effective way, so that the users can be stimulated for
new insights (Thomas and Cook 2005). The field of information visualization has emerged
from multidisciplinary research fields such as human—computer interaction, computer
science, graphics, visual design, and psychology. A diverse range of domains such as
scientific research, data mining, and drug discovery is employing information visualization
as a critical component (Bederson and Shneiderman 2003). Thomas and Cook (2005) argue
that visual representations and interaction techniques allow users to intuitively see,
explore, and understand large amounts of data. Within this context, we can view infor-
mation visualization as the study of interactive visual representations of abstract data to
reinforce human cognition. Data visualization, often regarded as a sub-domain of the
former, is the science of visual representation of “data” (Friendly 2008). Data visualization
also pursues to make people understand the significance of data by placing it in a visual
context such as statistical graphics and graphical display so that the users can make
comparison or determine causality (Tufte 1983). Tukey (1977) argues that a visual rep-
resentation is valuable when it forces us to recognize what we never expect to see. Patterns,
trends, and relationships that might go unrevealed in raw data can be recognized easier
within a set of visualization techniques and software. Information visualization and data
visualization may be viewed as different fields. Figure 1 displays Google Trends when
given information visualization (blue dotted line) and data visualization (red line) as search
queries. The height of each line represents a frequency of each query appearing in web
documents such as news headlines during a specific year. It is obvious that data visual-
ization has been receiving more attention from people than information visualization. In
addition, it may indicate that these two domains are distinctively regarded by people.
By the definitions, it is evident that these two domains share some characteristics and
discriminate each other from a few perspectives. First of all, both of the domains are
concerned with the visual representation in order to communicate values which underlie
data (Chen et al. 2008). Intuitive and effective visualizations might help users in analyzing
and reasoning about data and evidence. It makes complex data more apprehensible and
usable. This shared goal of the domains can be categorized into functional visualization
and aesthetic representation. Gaviria (2008) argues that the former aims to convey a
message or clarify patterns hidden under the surface of the data by symbols and metaphors
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Fig. 1 (Color online) Google trends on the topics of information visualization (blue dotted line) and data

visualization (red line). The height of each line indicates a frequency of each query appearing in web
documents such as news headlines in a specific year
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Fig. 2 Foamtree visualizations of search results on information visualization (/eff) and data visualization
(right) with Carrot based on the first 100 Web search results

that users can understand better, whereas the latter is more concerned with generating a
subjective impression of a dataset by eliciting a cognitive or emotive response from the
user. Therefore, information visualization and data visualization can be regarded as both an
art and a science. What makes these fields distinct from each other depends on what they
handle to convey messages to their audience. That is, information visualization primarily
deals with abstract or non-spatial data whereas its counterpart focuses on processing and
displaying numeric or statistical input. Chen (2010) distinguishes information visualization
from data or scientific visualization, based on the following concerns: (1) is the raw data
numerical or spatial? and (2) if the data is not quantitative in nature, what does transform it
to something that is numerical and visual? He argues that creatively transforming such
non-spatial data to intuitive and meaningful graphical representations is of fundamental
importance of information visualization (Chen 2010). Therefore, the difference between
the domains is that in information visualization the spatial representation is generated
whilst it is given in data visualization.

Major topics in both domains are shown in Fig. 2. The two visual representations,
known as FoamTree, were generated by Carrot search' based on the top 100 search results
from the Web, given information visualization and data visualization as queries. As
depicted in the figure, two domains are cross-referencing to each other and also having
their own interests. For instance, “information design”, “research”, and functional aspects
of information visualization represented as “interactive” are among the leading topics in
information visualization, whereas data visualization focuses more on “data visualization
tools”, “visualization software”, and aesthetics of data visualization described as “beauty
of data visualization”. The commonly occurring clusters are “visualization and analysis”,

! http://search.carrotsearch.com/carrot2-webapp/search.
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“beauty of visualization”, and “interactive”. It indicates that both information visualiza-
tion and data visualization aim to support users to intuitively navigate underlying data
within a visual context. In doing that, the beauty of visual representations is of importance
in both domains. In addition, the concept of interactivity is regarded as fundamental in
information visualization and data visualization.

The motivation of the present study lies in our intention to identify the similarity and
difference between the domains in a quantitative manner. Toward that end, we explore and
compare the intellectual landscapes of information and data visualization research. The-
matic patterns, landmark articles, and emerging trends and new developments of the
domains are identified. In particular, our comparative study is guided by a computational
approach implemented in CiteSpace, a visual analytic system for illustrating emerging
trends and critical changes in scientific literature (Chen 2006; Chen et al. 2012, 2014a, b;
Kim and Chen 2015). We also employ a dual-map overlay technique (Chen and Ley-
desdorff 2014) to expand the present study to the investigation of citation patterns at a
disciplinary level. In the paper that follows, we aim to quantitatively address following
research questions:

e What are the shared contexts between information visualization and data visualization?
e How are emerging trends and recent developments of the domains different from each
other?

The rest of the study is organized as follows. We survey preceding literature and
introduce the methodology of our study. Then, the intellectual structures of the fields are
described and compared. Finally, findings and implications from our investigation are
discussed.

Related work

Previous literature has investigated research trends in information visualization and data
visualization. Herman et al. (2000) study graph visualization and navigation techniques as
used in information visualization. They survey literature from various venues such as
Graph Drawing Symposia and Journal of Graph Algorithms and Applications and intro-
duce recent techniques of the domain such as spanning trees, 3D layout, and clustering.
Mehlan et al. (2013) also examine various data visualization techniques used in environ-
mental proteomics including parallel plots, microcharts, heat maps, stream graphs, tree
graphs, tree maps, and so on. They manually select related works based on their prior
domain knowledge and provide detailed explanations on each data visualization technique.
Another school of researchers scrutinizes a variety of applications of information and data
visualization techniques to other sciences. Kersten-Oertel et al. (2013) explore the state of
the art techniques of data visualization employed in mixed reality image guided surgery
(IGS). They retrieve 87 publications with the terms “reality” or “virtuality” in the titles
along with terms related to surgery. Then, the authors introduce visual analytic systems for
clinical use in the operating room. Faisal et al. (2013) present a systematic review of the
literature on information visualization techniques within a context of personal healthcare.
They present five major application themes of information visualization in healthcare such
as treatment planning, examination of patients’ medical records, representation of pedi-
grees and family history, communication and shared decision making, and life manage-
ment and health monitoring. Faisal and colleagues regard information visualization as the
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interactive visual representation of data generated by computer-supported tools. Some
articles explore the deployment of information visualization and data visualization into
social sciences. Orford et al. (1999) analyze a list of works on information visualization
within the context of social sciences. This study reveals that there is no concerted finding in
social sciences, compared to natural sciences. They conclude that the future of visual-
ization in social sciences is likely to be similar as in the past, but more diffusing and
ephemeral. Other researchers have focused on investigating research trends in information
visualization evaluation. Lam et al. (2011) conduct an extensive review of over 800
visualization publications collected from EuroVis, InfoVis, and VAST conferences as well
as IVS journal. They survey evaluation research in information visualization and propose
seven evaluation scenarios which can be classified into process and visualization. Isenberg
et al. (2013) systematically review 581 papers from ten years of IEEE Visualization
conference publications to investigate the state and historic development of evaluation
practices. This study reveals that there was a steady increase in evaluation methods that
include UX testing. However, these preceding studies cover only a fraction of the pub-
lished articles in identifying emerging trends and recent developments in information
visualization and data visualization. In addition, to our knowledge, there has been little
concerted effort to quantitatively understand the similarity and difference between infor-
mation visualization and data visualization.

In this present study, we aim to investigate and compare the intellectual landscapes of
information visualization and data visualization. To this end, we identify thematic patterns,
landmark articles, and emerging trends of the domains. In addition, we employ citation
indexing to expand the current study to thematically relevant research so that we could
identify a more comprehensive landscape in information and data visualization research.

Methodology

This section introduces how we collect the datasets and analyze emerging trends and recent
developments of information and data visualization research. Figure 3 displays the
research process.

Data collection

The present study aims to investigate and compare the intellectual landscapes, thematic
patters, landmark articles, and emerging trends in information and data visualization
research. To this end, we collected four datasets of bibliographic records, namely,
“Infocore”, “Infoexy”, “Datacere”, and “Datacy,”, from the Web of Science, using a topic
search and a citation expansion. The datasets obtained by the topic search are referred as
the core datasets while the expanded ones represent a broader context of the core (Chen
et al. 2014b). It is possible that the topic search do not include relevant articles if querying
terms used for the topic search do not appear in the fields such as titles, abstracts, and
keywords.2 We assume that if an article cites at least one of the core records, then the
article is thematically related to the topics (Chen et al. 2012). This citation expansion
method supports our goal to explore much broader literature influencing emerging trends in
the domains. A data collection method proposed by preceding literature (Chen et al. 2012,
2014a, b; Kim and Chen 2015) is employed as follows. The datasets are retrieved by a

2 In this article, keywords refer to both author keywords and ISI keyword plus.
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Fig. 3 Research procedure

topic search in the Web of Science from 2000 to 2014 inclusively. The search query for
each domain is as follows: “information visual*” and “data visual*”. The wildcard “*”
captivates relevant variations of a word such as “information visualisation”, “data visu-
alizing”, etc. Queries returned 1019 (Info.u.) and 1524 (Data.y.) records of original
research articles and review articles as of 31 March 2015. Then, through the citation
expansion, we collected articles and reviews citing the core literature. In both core and
expanded datasets, we excluded conference proceedings since the Web of Science’s
coverage of conference proceedings is not adequate for our purposes. Instead of including
partially represented conference proceedings, we chose to exclude them. On top of this,
documents without keywords do not contribute to the subsequent analysis of keywords. Of
all 23,795 records, however, 835 documents (3.5 %) do not have any keywords. We argue
that this gap is not very significant. Finally, we have 286,736 keywords and they are not
preprocessed to check and merge semantically similar keywords. Table 1 describes the
brief statistics of the datasets.

Figure 4 illustrates a set diagram of the core datasets. As depicted in the figure, the
overlapping records between two datasets are 67 which take only 6.6 % of Info.,. and
4.4 % of Datay.. It indicates that information visualization and data visualization have
been regarded as distinct domains in academia. We argue that this characteristic of the
datasets helps us investigate domain-specific intellectual landscapes and research trends.

Figures 5 and 6 depict the yearly number of published papers retrieved by the topic
search and the number of papers per year citing the literature in information visualization
and data visualization respectively. As shown in the figures, both of the domains have
received increasing attention from the community over time.

Exploring the intellectual landscapes in information visualization and data
visualization

In this scientometric study, the intellectual landscapes of the domains are depicted by a
network of a variety of entities such as publication statistics, cited references, and dual-
map overlays. Particularly, we focus on document co-citation networks and networks of
co-occurring keywords to explore past and present trends in information and data
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Table 1 Brief statistics of the datasets

Dataset Duration Total Articles Reviews Authors Refs. Keywords
Infocore 2000-2014 1019 1000 19 3414 36,108 8454
Infoey, 2000-2015 4740 4349 391 18,045 236,343 50,570
Dataore 2000-2014 1524 1463 61 6240 47,362 14,352
Data,,, 2000-2015 16,512 14,930 1582 86,385 900,114 213,360
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Fig. 5 Yearly number of published articles in InfoViz (left) and DataViz (right) retrieved by topic search
from the Web of Science
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Fig. 6 Yearly number of citations to InfoViz (left) and DataViz (right) retrieved by citation expansion from
the Web of Science
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visualization research. The key features of our investigating the intellectual landscapes in
the domains are threefold: (1) highly cited articles, (2) articles with citation bursts, and (3)
frequently occurred keywords (Chen et al. 2014b). Measuring an article’s impact on a
domain by counting the cumulative frequency of citations may not properly capture its
significance if the manuscript only receives intensive attention during a specific span of
time. To address this issue, we employ Kleinberg’s (2002) burst detection algorithm which
models a burst of activity with certain features rising sharply in frequency. If an article has
a strong surge of citation from others during a particular moment in time, then the article
can be regarded as having an increasing attention to the underlying work. It overcomes the
limitation of just considering the cumulative number of received citations as a measure of
an impact of an article. For the purpose of the study, we employ CiteSpace. CiteSpace is a
scientometric software to generate and analyze networks of co-cited references based on
bibliographic records retrieved from the Web of Science (Chen 2006). The input for the
software is a collection of scientific literature relevant to a specific topic. This tool com-
putationally captivates and visualizes thematic patterns and emerging trends from the
collected dataset. In addition, CiteSpace provides a visual representation called a dual-map
overlay which depicts citation patterns at a domain level (Chen and Leydesdorff 2014). We
use the dual-map representations to explore how far information visualization and data
visualization diverge from each other in the global perspective.

Scientometric landscapes from the core datasets

Categorical trends of literature

A subject category of an article is one of the evidence showing a thematic concentration of
the writing. We begin with examining which categories are the most popular in the lit-

erature of Info.o. and Data... In doing so, we aim to captivate overarching research
themes in the core datasets at a disciplinary level. Tables 2 and 3 list the Web of Science

Table 2 Statistics of the literature in Info.,. in the Web of Science category

Rank | WoS category No. of records Percentage  of
records
1| Computersience sofware engincering ) 47105
2 Computer science information systems 167 16.389
3 Information science library science 107 10.500
4 Computer science artificial intelligence 106 10.402
5 Computer science theory methods 98 9.617
6 Computer science interdisciplinary applications 55 5.397
7 Computer science cybernetics 45 4.416
8 Engineering electrical electronic 35 3.435
9 Medical informatics 33 3.238
10 | Ergonomics 30 2.944

(1) Dark gray—the same categories with the same ranks in both datasets, (2) medium gray—the same
categories with different ranks in each dataset, (3) light gray—categories that only appear in one dataset but
not in the other
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Table 3 Statistics of the literature in Data,,,. in the Web of Science category

Rank | WoS category No. of records Percentage of
records
1 197 12.952
2 Computer science artificial intelligence 178 11.703
3 Computer science interdisciplinary applications 171 11.243
4 Computer science information systems 134 8.810
5 Biochemical research methods 125 8.218
6 Statistics probability 114 7.495
7 Mathematical computational biology 104 6.838
8 Computer science theory methods 98 6.443
9 Biotechnology applied microbiology 96 6.312
10 | Engineering electrical electronic 91 5.983

(1) Dark gray—the same categories with the same ranks in both datasets, (2) medium gray—the same
categories with different ranks in each dataset, (3) light gray—categories that only appear in one dataset but
not in the other

subject categories assigned to each record of the datasets. Each category is ranked by the
number and proportion of articles out of the total number of literature. In the tables, the
total numbers of records are slightly different from the statistics described in Table 1. It is
due to the fact that a bibliographic record can be assigned to multiple categories in the Web
of Science. In each table, categories are colored differently: (1) dark gray: the same
categories with the same ranks in both datasets, (2) medium gray: the same categories with
different ranks in each dataset, and (3) light gray: categories that only appear in one dataset
but not in the other.

As shown in Tables 2 and 3, “Computer science software engineering” is the only
subject category ranked at the same position in both records (rank #1). In addition, five
additional categories relevant to computer science and engineering are assigned to both
domains’ articles (see medium gray colored rows in each table). It indicates that compu-
tational techniques and applications are the main research themes in both domains. How-
ever, categorical distributions of the records show different patterns. As observed in the
third column of Table 2, “Computer science software engineering” is the dominant cate-
gory in Info.qe (47.1 %), and the categories from rank #1 to rank #5 take up more than 84 %
of the entire records. Contrary to this, the subject categories in Data,,. are almost equally
distributed (see the % of records column in Table 3). We argue that Data,. is evolving into
a variety of applications such as biomedicine, statistics, etc. while Info,,. largely focuses on
computational aspects and human—computer interaction (“Ergonomics”).

Keywords as indicators of emerging trends and new developments

Tables 4 and 5 describe the top seven keywords with the strongest bursts. As shown in the
tables, a variety of issues in the domains has received an intensive degree of attention from the
community. Based on the beginning years of bursts, research trends in the domains can be
grouped into two phases. It is obvious that Info... and Data... scrutinize algorithmic con-
cepts underlying the domains during the first phase as represented in such words “algo-
rithms”, “data mining”, “neural networks”, and “volume rendering”. Then, two domains
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Table 4 Top 7 bursting keywords in Info.ore

Phase Keywords Burst Begin End 2000-2014

Phase-1 || Algorithms 2.927 2000 2004 |
Visual data mining 3.682 2002 2005 —

Phase-2 || Collaboration 2.943 2007 2009 fa—
Visual analytics 2.970 2008 2009 -
Visualization 3.148 2009 2009 -
Social networks 3.047 2013 2014 i
Analytics 2.874 2013 2014 -

start to digress from each other during the second phase. In this phase, Info.,,. focuses on
analytic perspectives and social networks whereas “dimensionality reduction” is among the
leading research theme in Data .

Document co-citation networks

Figures 7 and 8 visualize the comprehensive research landscapes in Info.,, and Dataqye.
The topologies consist of 100 highly cited articles within a given slice of time in each
dataset. Each node represents a cited reference. The size of a node is proportional to its
cited frequency. References with citation bursts are rendered with rings in red. Landmark
articles cited more than or equal to 50 times are labeled in black. The more references the
clusters have, the higher rankings they are given. The color legend at the top indicates that
cooler colors are closer to the year of 2000 whereas hotter ones represent close years to
2014. Referring to the color, we can keep track of the thematic trends and temporal
developments in Info.,. and Dataggre.

Landscape of information visualization (Info.,,.)

It is evident that cluster #0 has a high concentration of nodes with citation bursts, which
indicates that it is the most recently formed cluster. Considering both the size of member
nodes and citation bursts to references, clusters #0 and #1 are the emerging ones in the
domain with most of the recent publications. We assume that this is because this domain is
relatively new and still developing. We focus on these clusters for further analysis. Table 6
summarizes the clusters in terms of the number of references included, labels extracted
from titles and abstracts, and average year of cited articles.

The largest cluster, #0 interaction, contains 178 references and the mean year of
publications is 2002. As discussed in Introduction, the interactive nature is one of the most
fundamental themes in information visualization research. This cluster’s another label by
TFIDF is “wordle” which is a word cloud generation tool. This technique gives greater
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Table 5 Top 7 bursting keywords in Datagore

Phase Keywords Burst Begin End 2000-2014

Phase-1 || Data mining 4915 2000 2005 ||
Exploratory data analysis 3.489 2000 2005 | o
Neural networks 3.370 2000 2000 | o e
Volume rendering 3.155 2001 2005 ———

Phase-2 || Dimensionality reduction 3.875 2008 2011 —
Framework 4.348 2011 2014 —
Exploration 3.529 2011 2012 —

Fig. 7 (Color Online) Timeline visualization (Info.eye)

prominence to words which frequently appear in the given text. Users can adjust their
outputs in a visually appealing way with different fonts, layouts, and color schemes. This
observation indicates that investigating the concept of interaction is the most important and
recent in Info.q .

The second largest cluster is #1 recent advance containing 105 articles with the average
year of 2002. The most active citer to the cluster is Liu et al. (2014) titled “a survey on
information visualization: recent advances and challenges”. In this review, Liu and
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Fig. 8 (Color Online) Timeline visualization (Dataqy.)

Table 6 Brief summary of the emerging clusters in Info.ge

Cluster No. of refs. Label® Ave. year of citees
TFIDF LLR MI
0 178 Wordle Interaction Interaction constraint 2002
105 Error Recent advance Exploring flow 2002

? Cluster labeling techniques—LLR log-likelihood ratio, MI mutual information

colleagues argue that empirical methodologies, user interactions, visualization frame-
works, and applications are the main themes fast-rising in the domain.

Landscape of data visualization (Data,,.)

Figure 8 displays the timeline representation derived from Data y.. As shown in the figure,
there are a few recently emerging clusters. Cluster #1 has a high concentration of nodes in
the light of citation bursts. Clusters #0 and #2 appear to have recent publications. Again,
we argue that it is due to the fact data visualization is relatively new and still emerging. We
focus on these clusters for further analysis. Table 7 summarizes the clusters.

The largest cluster, #0 systematization, contains 165 publications and the average year
of references is 1993. As discussed in the section “Categorical trends of literature”,
implementing visual techniques into biomedicine and other domains is one of the major
research trends in Data,... This observation is also justified by cluster #2. It indicates that
the application of visualization technique to the domain of biomedicine is the emerging
trend and recent development in Data.gye.

The second largest cluster, #1 adaptive nonlinear manifold, has a high concentration of
nodes with citation bursts. Nonlinear dimensionality reduction is an essential step in the
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Table 7 Brief summary of the emerging clusters in Data.oe

Cluster No. Label® Ave.
of year
refs. TFIDF LLR MI of citees
0 165 Frequency-based Systematization Bioinformatic 1993
visualization progress
1 133 Pattern recognition Adaptive nonlinear Spatial quantile 1995
manifold
2 81 Systems biology Omics data Processing 2005

? Cluster labeling techniques—LLR log-likelihood ratio, MI mutual information

field of pattern recognition (Yin and Huang 2010). As discussed in the section “Keywords
as indicators of emerging trends and new developments”, dimensionality reduction is one
of the emerging research themes for effective data processing and visualization.

References with surging citation

The emerging trends and new developments in sciences can be captivated by manuscripts
receiving surging citations during a particular span of time. A citation burst indicates that
the scientific community has paid or is paying intensive attention towards the underlying
work (Chen et al. 2014b).

Landmark articles in Info,.

Table 8 lists the top 20 references with the strongest citation bursts in the Info,.. dataset.
Papers are categorized into two phases, based on the beginning years of bursts. In intro-
ducing these references, we first selected papers with the strongest bursts (colored gray in
the table) from articles that started to burst at the same time. Then, we excluded an article
if it is a review paper, since we assume that they do not affect thematic patterns and
emerging trends in the domain. We also do not introduce later articles published by same
authors and handbooks in the domain. Five references selected in this way are summarized
in Table 9.

Morse et al. (2000) propose a visual taxonomy for evaluating information visualization
systems. To address the lack of evaluation criteria for visual representation, the authors
create a new visual taxonomy which is domain-independent and allows testing of the
visualization in isolation from the rest of the systems. Feteke (2004)’s writing introduces a
visual analytic tool called InfoVis Toolkit. The system aims to simplify the management of
rich data structures and the creation and extension of various visualizations. Ellis and Dix
(2007) examine a large number of clutter reduction methods and propose a taxonomy
which can be used as a guide to match techniques to specific problems in display.
Cleveland and McGill (1984) aim to establish a scientific foundation of information
visualization for systematic data analysis and representation, examining a theory called
graphical perception. The authors provide a guideline for grounded graph construction. Yi
et al. (2007) frame seven categories of interaction techniques in information visualization:
(1) select, (2) explore, (3) reconfigure, (4) encode, (5) abstract/elaborate, (6) filter, and (7)
connect. The implication of the study is that the proposed categories can be used in
designing, deploying, and evaluating interaction techniques.
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Table 8 Top 20 references with strongest citation burst in Infoge

Phase References Burst Begin End 2000-2014
Phase-1 ||Card et al. (1999) 18.5834( 2000 20060 | |—
'Ware (2000) 9.1484| 2000 2005 | |o—
Schneiderman (1998) 5.0212| 2000 2005 | |o——
Chen (1999) 4.5637|| 2000 2005 || m—
Tufte (1990) 4.5569| 2000 2007 | | o
Robertson et al. (1993) 4.4051ff 2000 2001 ||
Robertson et al. (1991) 3.6873|| 2000 2003 || e
Spence (2000) 3.6992| 2002 2005 ——
Morse et al. (2000) 3.8901| 2003 2007 ———
Leung et al. (1994) 3.9304| 2004 2008 —
Phase-2 (ITufte (1990) 3.6474| 2007 2008 -
Fekete (2004) 4.0649(| 2008 2009 -
Isenberg (2007) 3.8152| 2008 2012 —
Ware (2004) 8.0773| 2009 2012 —
Ellis et al. (2007) 4.1019(| 2010 2014 —
Cleveland et al. (1984) 4.9463| 2011 2014 —
Segel (2010) 3.8566| 2011 2014
Tory (2005) 3.7391|| 2011 2014 —
Yi et al. (2007). 4.0176( 2012 2014 —
Elmgqvist et al. (2011) 3.7151}| 2012 2014 —

The exploration of the landmark literature from the Info..,. dataset reveals that there has
been concerted effort to build up a science of information visualization. In other words, the
collection of articles which have strong citation bursts have tried to establish scientific
foundations in various aspects of information visualization such as elemental taxonomy,
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Table 9 References with the

strongest citation bursts (Info References Phase  Citation burst

core)

Strength  Begin ~ End

Morse et al. (2000)

Fekete (2004)

Ellis and Dix (2007)
Cleveland and McGill (1984)
Yi et al. (2007)

3.8901 2003 2007
4.0649 2008 2009
4.1019 2010 2014
4.9463 2011 2014
4.0176 2012 2014

[NSIEN ST S R S

and perceptual theory. Furthermore, we found that the concept of interactivity is of fun-
damental importance to the field. This argument coheres with the finding from the section
“Landscape of information visualization (Info...)”. It is also acknowledged that the
community has tried to integrate a variety of visual techniques and data structures into a
single framework.

Landmark articles in Data,,,.

Table 10 lists the top 20 references with the strongest citation bursts in Data.o.. We
applied the same selection criteria clarified in the section “Landmark articles in Info.q..”
and discuss four papers. The selected literature is summarized in Table 11.

Toronen et al. (1999) investigate an unsupervised neural network learning algorithm
called self-organizing map (SOM) and deploy it into analyzing yeast gene expression.
Inselberg and Dimsdale (1990) present a methodology for visualizing analytic and syn-
thetic geometry, employing the concept of parallel coordinates which induces a non-
projective mapping between N-dimensional and two-dimensional sets. Shannon et al.
(2003)’s article proposes a system called Cytospace where large databases of protein—
protein, protein-DNA, and genetic interactions are processed and visualized with expres-
sion profiles, phenotypes, and other molecular states. Tenenbaum et al. (2000) suggest an
approach to solving the problem of dimensionality reduction in human brain research,
measuring local metric information to learn the underlying global geometry of a dataset.

It is often acknowledged that researchers working with massive datasets often confront
the problem in finding the meaningfully small number of relevant features latent in their
original dimensions. The influential manuscripts in data visualization have proposed novel
approaches seeking an important class of data manifolds. Research trends identified by
bursting keywords in the first phase (see Table 5) and emerging clusters (see Table 7)
support this observation. On the other hand, a neural network was the algorithm receiving
strong attention during the first phase of Data,,. as addressed in the section “Keywords as
indicators of emerging trends and new developments”. The surging citation to the literature
is also consistent with that finding. Finally, we found that the application of data visual-
ization techniques to biomedicine and other fields are emerging trends and recent devel-
opments in the domain.

Dual-map overlay
The dual-map overlay, proposed by Chen and Leydesdorff (2014), presents the disciplinary

concentrations of given articles through their citation paths. The global base map depicts
the interconnections of over 10,000 scientific journals and these journals are grouped into
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Table 10 Top 20 references with strongest citation burst in Datae

Phase References Burst Begin End 2000-2014

Phase-1 ||Card et al. (1999) 3.2746|| 2000 2005 | | e
Ripley (1996) 3.1160|| 2000 2004 || o
Toronen et al. (1999) 3.1449| 2002 2004 —
Swayne et al. (1998) 3.0141{| 2002 2003 -
Inselberg et al. (1990) 3.3895|| 2003 2006 ——
Kohonent (1997) 3.1301f] 2003 2005 f—

Phase-2 ||Duda et al. (2001) 3.7706| 2007 2010 —
Shannon et al. (2003) 3.4787|| 2010 2014 ——
Yin (2008) 3.1486| 2010 2011 -
Card et al. (1999) 3.6331|| 2011 2014 —
Jolliffe (2002) 3.5664( 2011 2014 —
van der Maaten et al. (2008) 3.2457|| 2011 2014 —
Gehlenborg et al. (2010) 2.8707|| 2011 2014 —
Tenenbaum et al. (2000) 4.5767|| 2012 2014 —
Venna et al. (2010) 4.0443| 2012 2014 —
Lee et al. (2007). 3.4448| 2012 2014 p—
Krzywinski et al (2009). 3.2522|| 2012 2014 p—
Belkin et al. (2003) 3.0017| 2012 2014 p—
Torgerson (1952) 2.9525|| 2012 2014 —
Rauber et al. (2002) 2.8566| 2012 2014 —

regions that represent publication and citation activities at a domain level (Chen et al.
2014a). Given a dual-map overlay, we can identify patterns of how specific domains (citing
articles) are influenced by other domains (cited literature). Figures 9 and 10 display the
dual-map overlays of Info... and Data.... The left clusters, i.e., research front, represent
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Table 11 References with the
strongest citation bursts

(Data,.) Strength  Begin  End

References Phase  Citation burst

Toronen et al. (1999)
Inselberg and Dimsdale (1990)
Shannon et al. (2003)
Tenenbaum et al. (2000)

3.1449 2002 2004
3.3895 2003 2006
3.4787 2010 2014
4.5767 2012 2014

NN = =

where the literature in each dataset publishes, while the right ones, i.e., intellectual base,
indicate where they cite. Regions are marked by common terms found in the underlying
journals. The thickness of lines is proportional to a z-score-scaled frequency of citation.

As displayed in the figures, there are six main stream citation paths in Info... and five
dominant citation relationships in Data.y.. Table 12 briefly summarizes these paths with
citing and cited region names. The relationships are sorted by the z-scores in descending
order where the values are rounded to the nearest thousandth. Each row is colored in
grayscale by the same color of the corresponding path shown in the dual-map overlays. As
described in Table 12, it is evident that the domain the most frequently covering Info.e
and Data., is “mathematics, systems, mathematical” and the literature is mostly affected
by “systems, computing, computer”. We also found that the discipline “molecular, biol-
ogy, genetics” affects Data.q.. more than Info.,.. These findings cohere with the thematic
trends of publications identified by the subject category assignment, scientometric land-
scapes, and landmark literature of the domains.

Of the cited domains, publication venues receiving intensive citations during a specific
span of time are listed in Tables 13 and 14. Evidently, the literature in Data.q. is influ-
enced by more various domains than Info.. The publication venues with surging citations
in Data.qr include computer science, information visualization, statistics, and graphics
engineering whereas Info... is mostly affected by research published in widely recognized
venues in information visualization.

Emerging trends and recent developments in a broader context

In this section, we extend the present study to investigating intellectual landscapes of
published literature influenced by the core datasets. It is argued that the citation expansion
allows us to explore the shared contexts and domain-specific themes of the disciplines in a
much comprehensive way. To this end, we integrated core datasets with expanded ones and
relabeled them as Info.,, and Data.,, for the rest of the study.

Investigation of bursting keywords

The investigation of the datasets obtained by the citation expansion gives an understanding
of how the core literature has influenced successive research. Keyword co-occurrence
networks are displayed in Figs. 11 and 12. We let the links between nodes transparent. In
Info,,,,, keywords on biomedicine start to appear and burst, forming a distinct cluster from
general keywords. Compared to this, biomedical keywords in Data., co-occur with ones
in information studies. We assume that researchers in Info., distinguish the application of
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Table 12 Citation trends in Info., and Data.. at a domain level

Dataset Citing domain Cited domain z-score
Mathematics, systems, mathematical Systems, computing, computer

Mathematics, systems, mathematical Psychology, education, social

Psychology, education, health
Psychology, education, health Psychology, education, social
Molecular, biology, immunology Molecular, biology, genetics
Mathematics, systems, mathematical Molecular, biology, genetics

Systems, computing, computer

Molecular, biology, immunology Molecular, biology, genetics
Mathematics, systems, mathematical Systems, computing, computer
Mathematics, systems, mathematical Molecular, biology, genetics

Physics, materials, chemistry Chemistry, materials, physics

Table 13 9 Journals and conferences with citation bursts (Infogq.)

Phase Journal/conference Burst Begin End 20002014

Phase-1 |[Readings in Information

L 22.3851|| 2000 2006
Visualization

IEEE Symposium on Information

LT 17.4958|| 2000 2006
Visualization

Proceedings of Information

Visualization '99 8.0107) 2000 2005

Designing the User Interface 6.781|| 2001 2007

Phase-2 |[IEEE Symposium on Visual

Analytics Science and Technology 6.0124) 2008 2009

IEEE Symposium on Information

LT 19.4805| 2012 2014
Visualization

IEEE Symposium on Visual

.04 2012 2014
Analytics Science and Technology 8.0436 0 0

CHI 2010 8.0281|| 2012 2014

CHI 2008 7.6903| 2012 2014

information visualization to biomedicine from the preceding stream research, whereas the
application is regarded as an extension of data visualization research in the counterpart
community.
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Table 14 9 Journals and conferences with citation bursts (Dataoye)

Phase Journal/conference Burst Begin End 20002014

Phase-1 ||STAM Journal on Scientific and

Statistical Computing 6.4280) 2000 2005 | e

IEEE Symposium on Information

. I 4.7992( 2000 2005 || om——
Visualization

Journél qf the American Statistical 5.8286] 2001 2004 —
Association

IEEE Computer Graphics and

L 4.5839| 2001 2003 —
Applications

Self-Organizing Maps 10.8472|| 2002 ‘ 2006 ——

Journal of Computational and

Graphical Statistics 6.0443) 2002 2005 —

Computational Statistics 4.7500| 2002 2005 ——
IEEE Transactions on Computers 4.3602|| 2002 2006 ——
Phase-2 |[PLoS ONE 13.3335| 2012 2014 —

Then, we extracted the top 20 keywords with the strongest bursts from the expanded
datasets (see Tables 15, 16). They show bipartite bursting trends having several years of
pause between phases. With a few exceptions such as “cluster” (Info.,;,), “information-
retrieval” (Info..p), “data visualization” (Datay,), “data mining” (Data.yp), “database”
(Datacyp), and “information resource” (Datacyp), most of the dominant keywords during
the first phase of Info.,, and Data.,, are from the field of biomedicine. It indicates the
deployment of information and data visualization techniques is the major research theme in
expanded data visualization studies. In addition to that, it is obvious that information
visualization is mostly employed by molecular biology research whereas genomics uses
techniques from data visualization in modeling gene expression and DNA sequence. In
phase-2, information visualization research has affected a wider range of topics such as
“computer graphics”, “management”, “social media”, and “electronic tongue” than data
visualization.

Intellectual landscapes
Document co-citation network in Info,,,

Figures 13 and 14 display topology view and timeline visualization of the co-citation
network from Info.,,. The topologies consist of 200 highly cited articles within a given
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Fig. 12 Keyword co-occurrence network from Datac,, (keyword threshold: 300 times)

slice of time in each dataset. The edges are processed as transparent. Landmark articles
cited more than or equal to 150 times are labeled in black. The manuscripts by Card,
Schneiderman, Herman, and Thomas are still influential in the broader context. The most
impacting article is by Sofia et al. (2001) on employing information visualization
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Table 15 20 Bursting keywords in Infoey,

Phase Keywords Burst Begin End 2000-2015

Phase-1 ||Escherichia-coli 25.3059|| 2001 2006 ——
Protein 16.3327|| 2001 2007 || e e
s-Adenosylmethionine 10.0154|| 2001 2006 P—
Lysine 2 9.9207|| 2001 2005 ——
Pyruvate formate-lyase 9.5703|| 2001 2005 ——
Anaerobic ribonucleotide reductase 8.5371|| 2001 2007 ——
Activating enzyme 8.0448( 2001 2007 ——
Iron—sulfur center 7.9160{ 2001 2005 ——
Electron-paramagnetic-resonance 6.2284|| 2001 2007 —
Biotin synthase 5.8789|| 2001 2004 —
Cluster 5.7090|| 2001 2005 ——
Radical mechanisms 10.1094|[ 2002 2006 ——
Biosynthesis 6.3286|| 2002 2007 ——
Information-retrieval 5.3847|| 2002 2008 P——
Crystal-structure 6.7024|| 2004 2008 ———
Protein—protein interactions 5.3428|| 2005 2009 PR

Phase-2 ||Computer graphics 7.2612|| 2012 2013 —
Management 5.7650|| 2012 2015 —
Social media 8.3863|| 2013 2015 -
Electronic tongue 6.8881|| 2013 2015 —

techniques to discover a novel protein superfamily. References which have close linkage
with this manuscript also receive intensive citations. This observation is consistent with the

finding from the investigation of bursting keywords.
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Table 16 20 Bursting keywords in Data,y,

Phase Keywords Burst Begin End 2000-2015

Phase-1 |Data visualization 26.3725|| 2000 2004 | | —
Data mining 13.0723| 2000 2005 || em—
Gene expression 11.8781|f 2000 2008 || o—
Saccharomyces-cerevisiae 17.0809| 2002 2006 —
Microarray 24.6587|| 2003 2007 —
Sequence 14.5957|| 2003 2006 —
Gene-expression 11.0185|| 2003 2006 a—
Messenger-RNA 10.7802|| 2003 2007 —
Galaxy:center 10.5628|| 2003 2008 —
Infrared:stars 8.8014| 2003 2008 —
Functional genomics 27.1472|| 2004 2008 —
Mouse 21.0223| 2004 2007 —
Resource 18.3577|| 2004 2007 a—
Database 13.3774| 2004 2005 -
Thaliana 13.1200| 2004 2008 —
Biology 12.5103|| 2004 2006 —
Information resource 9.2435| 2004 2008 —
Transcriptomes 9.3928|| 2005 2007 —

Phase-2 |RNA-seq 15.4237| 2013 2015 -
Connectivity 8.8701|| 2013 2015 -

Considering both the size of member nodes and citation bursts to references, clusters #0
through #5 are the emerging ones in the broader context. Table 17 summarizes these
clusters.

@ Springer



Scientometrics (2016) 107:123-165 147

=
LS Rma o:
Ve o .
Timespan: 2000-2015 (Slice Lenglh 1) b L]
e R e a0 0089 e
b o
..
. (-
Fig. 13 Document co-citation network in Info.,
=)

CiteSpace, v. 3.9.R8 (64-bit)
Ly E5015 100112 o £
P Materiai 11415
Timesan 3000.2013 (Sice Lenginet
Selection Criteria: Top 200 per shce
et Ne 1735, E110275 (Demaiy=0.0089)
Momlnya 06758
o Sinouete=0 143

>

#0 visual analytic

#1 radical mechanism

#2 theory

#3 complex network
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#8 graph visualization
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#22 dashboard
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#26 histological change
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#28 involving cysteine

#29 reusable software asset

Fig. 14 Timeline visualization in Infoey,

The largest cluster, #0 visual analytic, contains 313 cited articles and the average year
of publications is 2002. This cluster is also labeled as information visualization novice by
TFIDF. It indicates that designing and developing visual components for cognitive and
instructional support is among the leading topics in the broader context.
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Table 17 Brief summary of the emerging clusters in Infoe,

Cluster No. of Label Ave.
refs. year
TFIDF LLR MI of citees
0 313 Information Visual analytic Analyzing mutual information 2002
visualization
novice
1 249 Reaction Radical mechanism Auxiliary iron—sulfur cluster 1999
2 189 Data exploration Theory Arabidopsis thaliana 1995
3 185 Community structure Complex network Choreographic information 2000
4 149 Essential science Scientific domain Bibliometric investigation 1997
structure
5 125 Electronic tongue Space explorer Adaptive privacy-preserving 1997

visualization

Clusters #1, #2, and #5 consist of references on applying information visualization to
biomedicine. As discussed above, the deployment of theory and practice in information
visualization into biomedical research is the prominent research trend.

The fourth largest cluster is #3 complex network containing 185 cited references with
the average year of 2000. Complex networks often occur in real-world graphs modelling
systems. In complex networks, the detection of community structure is to identify a
homogeneous set of entities. The study of complex networks is currently an emerging and
active area of scientific research. Cluster #4, labeled as scientific domain by LLR, contains
149 articles. Scientometrics is the quantitative study of science. It aims to understand the
structure and dynamics of a research topic or a scientific field. Information visualization
enables complex networks and intellectual structure of science to be intuitively commu-
nicated to their audience.

Document co-citation network in Data,,,

Figures 15 and 16 illustrate intellectual landscapes from Data,p,. Landmark articles cited
more than or equal to 300 times are labeled in black. In Fig. 15, the writing by Tenebaum
is still influential in the broader context (see Fig. 8). Delorme and Makeig (2004) and Su
et al. (2002) are among the most influential manuscripts. They receive 2420 and 971
citations respectively. Delorme and Makeig (2004) develop a graphic user interface to
explore electrical activity in the brain. Su et al. (2002) investigate human and mouse
transcriptomes with data visualization. This observation is consistent with the finding from
the investigation of bursting keywords. In Figs. 15 and 16, we let these two nodes invisible
since the size of the nodes hinders from recognizing the entire structure.

As depicted in Fig. 16, a variety of topics are emerging in the broader context of data
visualization. It is obvious that clusters #0, #1, #2, #3, #4, #10, and #12 are leading the
research trends. Table 18 summarizes these clusters.

The largest cluster, #0 application, contains 219 references and the mean year of
publications is 1995. In data visualization, most of the algorithms aim to find a true
projection of data from a high-dimensional space for multivariate data exploration and
knowledge discovery. As discussed in sections “Keywords as indicators of emerging
trends and new developments” and “Document co-citation networks”, dimensionality
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Fig. 16 Timeline visualization in Data.y,
reduction is of importance in data visualization research (see Tables 5, 7). The investi-

gation into the cluster indicates that data processing is also among the leading topics in the
broader context.
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Table 18 Brief summary of the emerging clusters in Datacy,

Cluster No. of Label Ave. year
refs. of citees
TFIDF LLR MI
0 219 Manifold Application Hierarchical finite 1995
mixture model
190 Gene expression Complexities Cancer tissue sample 2001
2 164 Oscillation Effect Canonical correlation 2000
analysis
3 137 Genome Drug discovery Molecular evolution rate 2001
process
4 131 Metabolomic Metabolomic Relationship 2003
10 40 Sequencing Eukaryotic Functional motif 2008

microorganism

12 32 Systems biology Systems biology Hierarchical aggregation 2006

The third largest cluster is labeled as effect by LLR. It consists of 164 cited articles and
the average year of citees is 2000. Oscillation pattern analysis and canonical correlation
analysis are descriptive spatio-temporal statistical methods. They are often employed by
systems biology research. With the exception of cluster #0, therefore, the dominant
research theme in the broader context is the application of data visualization techniques to
biomedical research. These clusters are younger than the former, meaning they are recently
formed. These clusters cover a variety of research topics such as modelling gene
expression, metabolic process, and microorganism.

Landmark articles with strong citation bursts
Influential manuscripts in Info,,,

Table 19 lists the top 50 references with the strongest citation bursts in Info.,,. We discuss
four articles described in Table 20.

Sofia et al. (2001)’s study uses information visualization techniques to discover a novel
protein superfamily with over 600 members named Radical SAM. The sequence similarity
relationships in the superfamily are visualized, using the mBE measure of cluster cohesion
to filter a dendrogram produced by hierarchical clustering of a distance matrix. Walsby
et al. (2002b) employ information visualization methods to investigate an anchoring role
for Fe—S clusters. Rzhetsky et al. (2004) propose a visual analytic system which integrates
tasks such as automated selection of relevant articles and information extraction, infor-
mation visualization, and generation of specialized knowledge bases. Moreland et al.
(2005) propose a new software toolkit-MBT which is designed for protein analysis and
visualization.

The investigation of the landmark literature from the Info,,, dataset reveals that suc-
cessive research of the core literature has made concerted effort to apply information
visualization techniques to discovering novel knowledge in biomedicine. It is also argued
that that the community has tried to integrate a variety of visual techniques into a single
system. This observation coheres with the findings from sections “Investigation of bursting
keywords” to “Intellectual landscapes”.
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Table 19 50 Articles with strongest citation burst in the broader context of InfoViz

Phase References Burst Begin End 2000-2015

Phase-1 ||Card et al. (1999) 29.0447|| 2000 2006 || —
Ware (2000) 14.3399(| 2000 2005 || e—
Chen (1999) 8.0122f 2000 2005 || e—
Cheek et al. (2001) 18.9041|| 2001 2006 || m—
Ollagnier-de-Choudens et al. (2000) 12.9162| 2001 2004 || oo
Duin et al. (1997) 11.6591|| 2001 2004 || s
Ollagnier et al. (1997) 11.3737|| 2001 2006 —
Cosper et al. (2000) 10.1923|| 2001 2005 || o—
Miller et al. (2000) 9.4906|| 2001 2007 || —
Bui et al. (1998) 9.0675|| 2001 2005 || o
Lieder et al. (1998) 8.5951|| 2001 2006 || m—
Bui et al. (1999) 7.6792|| 2001 2005 || o
Henshaw et al. (200) 7.6261|| 2001 2005 || om—
Guianvarc'h et al. (1997) 7.6261| 2001 2005 || om—
Kiilzer et al. (1998) 7.4658|| 2001 2005 || omm—
Bradford (1976) 7.0574| 2001 2004 || o
Sofia et al. (2001) 19.3604( 2002 2006 —
Frey (2001) 15.8627|| 2002 2007 —
Marquet (2001) 11.2621|| 2002 2006 —
Walsby et al. (2002a) 10.3787|| 2002 2005 —
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Table 19 continued

Phase References Burst Begin End 2000-2015
Fontecave et al. (2001) 10.1507|| 2002 2007 S—
Hewitson et al. (2002) 9.3537|| 2002 2006 —
Ugulava et al. (2001a) 8.8126|| 2002 2005 —
Ollagnier-de-Choudens et al. (2002b) 8.6813|| 2002 2005 —

Sanyal et al. (1994) 8.5221|| 2002 2005 a—

Ugulava et al. (2001b) 7.5235| 2002 2005 —

Fabrikant et al. (2001) 7.3071|| 2002 2007 —

Walsby et al. (2002b) 8.2733|| 2003 2005 —

Ollagnier-de-Choudens et al. (2002a) 7.9042|| 2003 2007 —

Ugulava et al. (2002) 7.0652( 2003 2007 —

Frey et al. (2003) 11.5888|| 2004 2007 —

Jarrett (2003) 10.6754( 2004 2007 —

Berkovitch et al. (2004) 10.5411|| 2004 2007 —

Layer et al. (2003) 8.5501f 2004 2007 —

Jenssen et al. (2001) 8.3272|| 2004 2007 —

Rzhetsky et al. (2004) 18.6260|| 2005 2008 —
Phase-2 ||Moreland et al. (2005) 10.0234( 2008 2011 —

Ware (2004) 12.4933|| 2009 2012 —

Frey et al. (2008) 8.6123|| 2010 2012 —

Vey et al. (2011) 7.8418|| 2011 2014 —

Stasko et al. (2008) 7.7145| 2011 2014 —

Yan et al. (2011) 7.5994| 2011 2012 -
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Table 19 continued

Phase References Burst Begin End 2000-2015
Grove et al. (2010) 7.1686| 2011 2014 —
Riul Jr. et al. (2010) 14.5788|| 2012 2014 —
Cobo et al. (2011) 9.5084|| 2012 2014 —
Aigner et al. (2011) 8.8844| 2012 2014 —
Andronis et al. (2011) 8.2255|| 2012 2014 —
Blei et al. (2003) 7.6844| 2012 2014 —
Munzner (2009) 7.6491| 2012 2014 —
Del Valle (2010) 7.1313|| 2012 2014 —

Table 20 Articles with surging

. References Phase Citation burst
citations (Info_, )

P

Strength Begin End

Sofia et al. (2001)

Walsby et al. (2002b)
Rzhetsky et al. (2004)
Moreland et al. (2005)

19.3604 2002 2006

8.2733 2003 2005
18.6260 2005 2008
10.0234 2008 2011

N = = =

Influential manuscripts in Data,,,

Table 21 shows the top 50 articles with surging citations in Data.,,. We discuss 10 articles
described in Table 22.

Velculescu et al. (1995) propose a method called serial analysis of gene expression
(SAGE). The proposed method provides a broadly applicable means for the quantitative
cataloging and comparison of expressed genes in a variety of normal, developmental, and
disease states. A 2001 paper by Lander et al. aims to produce and make freely available a
draft sequence of the human genome. Various statistical analyses are conducted and
reported with various charts (e.g., frequency chart, 3D frequency chart, scatter plot, pie
chart, line chart, etc.). Eisen et al. (1998) propose a system used for cluster analysis of
genome-wide expression data from microarray hybridization. Su et al. (2002) analyze the
human and mouse transcriptomes, investigating gene expressions from 91 humans and
mice. To illustrate methods of extracting knowledge form the data, they employ data
visualization techniques. Rhee et al.’s article published in 2003 investigates an online
organism database called Arabidopsis Information Resource (TAIR). TAIRs SeqViewer
supports various functions such as nucleotide view (shows 10 kb of sequence), close up
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Table 21 50 Articles with strongest citation burst in the broader context of DataViz

Phase References Burst Begin End 2000-2015

Phase-1 ||Velculescu et al. (1995) 13.4274( 2000 2006 || m—
Lander et al. (2001) 23.2995|| 2001 2006 || smm—
Schena et al. (1995) 17.8931|| 2001 2000 || mm———
Venter et al. (2001) 17.8911|| 2001 2006 [R—
Lockhart et al. (1996) 16.8352|| 2001 2000 || o——
Scherf et al. (2000) 14.5765|| 2001 2000 || eom———
Eisen et al. (1998) 38.1939|| 2002 2006 ——
Rabow et al. (2002) 22.9156| 2002 2007 ———
Brazma et al. (2001) 21.3195| 2002 2006 pr—
Penterman et al. (2002) 15.2917| 2002 2007 e ——
Tusher et al. (2001) 14.0306( 2002 2007 J—
Su et al. (2002) 109.3584( 2003 2008 —
Chinwalla et al. (2002) 18.4255|| 2003 2008 ——
Rhee et al. (2003) 46.8372|| 2004 2008 —
Sumner et al. (2003) 35.9021| 2004 2007 —
Kaul et al. (2000) 21.6963| 2004 2008 ——
Roessner, et al. (2001) 20.3127| 2004 2008 ——
Roessner et al. (2000) 18.7853|| 2004 2008 ——
Fiehn et al. (2000) 17.5907| 2004 2008 ——
Fiehn (2002) 17.1450| 2004 2008 ——
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Table 21 continued

Phase References Burst Begin End 2000-2015

Raamsdonk et al. (2001) 15.351| 2004 2007 —
Zhang et al. (2004) 33.6849| 2005 2009 —
Su et al. (2004) 21.7271| 2005 2007 f—
Binoemail et al. (2004) 16.9301|| 2005 2008 f—
Zimmermann et al. (2004) 15.9069| 2005 2008 ——

Phase-2 |Salomonis et al. (2007) 16.8535|| 2008 2011 —
Tao et al. (2008) 21.8191|| 2010 2013 —
Asuncion et al. (2007) 13.7073|| 2010 2011 —
Gehlenborg et al. (2010) 29.5472|| 2011 2013 —
Maris et al. (2010) 20.3707|| 2011 2015 —
'Wicks et al. (2010) 14.7330| 2011 2013 —
Sugiyama (2007) 19.9878|| 2012 2015 —
Langmead et al. (2009) 15.8380( 2012 2015 —
Luck (2005) 15.8193| 2012 2015 —
Thorvaldsdottir et al. (2013) 108.5528|| 2013 2015 -
Li et al. (2009b) 38.9412| 2013 2015 -
Li et al. (2009a) 34.6253| 2013 2015 -
Tautenhahn et al. (2012) 32.7960| 2013 2015 -
Robinson et al. (2011) 31.1043| 2013 2015 -
Pérez et al. (2007) 22.5490| 2013 2015 -
Oostenveld et al. (2011) 22.4635|| 2013 2015 -
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Table 21 continued

Phase References Burst Begin End 2000-2015
Polich (2007) 20.4386| 2013 2015
Davis et al. (2013) 19.6801| 2013 2015
McKenna et al. (2010) 19.2065| 2013 2015
Kanehisa et al. (2012) 17.9089| 2013 2015
ENCODE Project Consortium (2012) 17.6698| 2013 2015
Vaas et al. (2012) 16.9759|| 2013 2015
Francisco et al. (2012) 15.3296| 2013 2015
Hunter (2007) 13.9839| 2013 2015
Anders et al. (2010) 13.9645| 2013 2015
'Ijab!e 22 Articles with surging References Phase  Citation burst
citations (Dataexp)

Strength Begin  End

Velculescu et al. (1995) 1 13.4274 2000 2006

Lander et al. (2001) 1 23.2995 2001 2006

Eisen et al. (1998) 1 38.1939 2002 2006

Su et al. (2002) 1 109.3584 2003 2008

Rhee et al. (2003) 1 46.8372 2004 2008

Zhang et al. (2004) 1 33.6849 2005 2009

Salomonis et al. (2007) 2 16.8535 2008 2011

Tao et al. (2008) 2 21.8191 2010 2013

Sugiyama (2007) 2 19.9878 2012 2015

Thorvaldsdottir et al. (2013) 2 108.5528 2013 2015

view (shows a 40 kb region surrounding a gene), and genome view (shows the five Ara-
bidopsis chromosomes). Zhang et al. (2004) develop a web-based tool called GOTree
machine (GOTM), employed for analyzing and visualizing an array of genes. GOTree
Machine generates a tree-like structure to navigate through the Gene Ontology Directed
Acyclic Graph for given gene sets. A 2007 paper by Salomonis and colleagues presents a
software suite called Gene Map Annotator and Pathway Profiler (GenMAPP). A new mode
of data visualization for supporting analysis of complex data, including time-course, single
nucleotide polymorphism (SNP), and splicing, is introduced. Tao et al. (2008) propose a
new subspace selection algorithm which is designed for pattern classification and data
visualization. Especially, they scrutinize the geometric mean for subspace selection.
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Sugiyama (2007) proposes local fisher discriminant analysis (LFDA), a new linearly
supervised dimensionality reduction method. Thorvaldsdéttir et al. (2013)’s study proposes
Integrative GenomicsViewer, supporting not only the exploration of array-based and next-
generation sequencing data but the integration of clinical and phenotypic data. It also
provides various visual components such as reference genome selector, search box, zoom
bar, chromosome ideogram, genomic coordinates, data tracks, and reference gene track.

In the broader context of data visualization research, we identified that there are two
main streams of dominant trends. First, the collection of articles has focused on proposing
integrated visual analytic systems with an aim of biomedical knowledge discovery. They
employ a variety of visual components for the effective modelling and navigation of
biomedical entities and mechanisms. Second, there is concerted effort to improve the
capability of data visualization by finding the true dimensions of dataset. These arguments
are consistent with the findings in the previous sections.

Discussion
Shared context of the domains

The quantitative investigation of the intellectual landscapes, landmark articles, bursting
keywords, and citation trends in information and data visualization research reveals fol-
lowing shared contexts between the domains. First, computational techniques and appli-
cations, and mathematics are the main research themes in both fields. On top of that, it is
obvious that information and data visualization research has scrutinized algorithmic con-
cepts underlying the domains, particularly during the first phase as represented by a set of
keywords such as “algorithms” (Info.ye), “data mining” (Info.oe, Datacyr), “neural
networks” (Data.y), and “volume rendering” (Data.y.). Second, there are a few
emerging research themes in the domains. We argue that this is because both domains are
relatively new, still emerging, and developing. Third, the most influential discipline to the
domains is “systems, computing, computer”. In Info., and Data.y,, successive research
citing the core literature covers a variety of topics within the context of biomedicine. The
exploration through the expanded datasets indicates that the application of information and
data visualization techniques to the investigation of biomedical and biochemical data has
been receiving increasing attention from the community. Introducing visual analytic
approaches to tackling challenges in those studies are of significant and widely recognized
concerns. It is also acknowledged that the community has aimed to integrate a variety of
visual representations and data structures into a single system. Based on these findings, we
contend that information visualization and data visualization have co-evolved.

Divergent themes, trends, and developments

The bursting keywords in Info,,, and Data,,,. indicate that two domains started to digress
from each other during the second phase. In this phase, Info.,. focuses on analytic per-
spectives whereas “dimensionality reduction” is among the leading research theme in
Data,.. This diverging trend is also justified by the investigation of the landmark articles
since the manuscripts with citation bursts in Data.,,. have proposed novel approaches
finding the small number of relevant features hidden in high-dimensional dataset. The
emerging clusters in Data. are consistent with this observation. On the other hand, the
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exploration of the landmark literature in Info.,. reveals that there has been concerted
effort to establish a scientific ground of the domain. This finding is supported by the fact
that the collection of articles with surging citations has scrutinized fundamental and
cognitive aspects of information visualization such as elemental taxonomy and perceptual
theory. In addition, we identified that the concept of interactivity is of fundamental
importance to the field. In the broader context, successive research digresses from each
other, although the deployment of visual techniques into biomedicine and biochemistry is
the common research theme (see Tables 15, 16). In particular, information visualization is
employed to analyze biomolecules whereas data visualization targets studying genomics.
In addition, researchers influenced by information visualization seem to distinguish the
application of information visualization to biomedicine from the general information
research, whilst the application is regarded as an extension of data visualization in the
counterpart research. In the meantime, there were few overlaps in bursting keywords,
emerging clusters, and landmark articles between Info.,, and Data.,. To sum up, infor-
mation visualization and data visualization are developing with distinct concerns.

Conclusion

In the present study, we aimed to answer the motivational question, “How is information
visualization similar with or different from data visualization?” Toward that end, we
investigated and compared the bursting keywords, intellectual landscapes, thematic pat-
terns, and citation trends. Based on the findings from the study, we articulate that infor-
mation visualization has co-evolved with data visualization and they are developing with
distinctive interests at the same time. For example, both of them have topics such as
computational techniques, algorithms, and mathematics in common. In addition, both
domains have special interests in applications to biomedicine and biochemistry. While
investigating scientific grounds and concepts such as interactivity and cognitive aspects is
more prominent in information in visualization than in data visualization, developing and
improving data processing techniques has been addressed more frequently in data visu-
alization than information visualization.

There may be alternative ways to study this topic from different perspectives, for
instance, based on a content analysis, a survey of domain experts, or a demographic study
of researchers. On the one hand, qualitative approaches provide valuable insights. On the
other hand, quantitative approaches have advantages such as having a relatively higher
reproducibility and lower cost for conducting studies at a larger scale, especially as the
number of publications in information visualization and data visualization is fast-growing.

The methodology of the present study provides advantages in answering those questions
as follows. First, we comprehensively collected the datasets to be analyzed. Conventional
domain analysis studies tend to cover only a fraction of published articles in the literature.
The combination of topic search and citation indexing in our method provides a systematic
way to broaden the coverage of a knowledge domain, thus provides a much broader context
to compare overlapping domains such as information visualization and data visualization.
Second, we investigated the two domains from a multi-faceted point of view. Bursting
keywords, document co-citation networks, emerging thematic patterns, and citation trends
were identified and compared in this study. In particular, we used the concept of burstness.
For instance, an article’s citation count is a significant indicator reflecting its impact on a
community. However, we cannot identify the paper’s influence or density of that impact

@ Springer



Scientometrics (2016) 107:123-165 159

during a particular span of time if only considering the cumulative measure. Instead, we
argue that the concept of citation and keyword bursts is much more convenient in
understanding the advent and decline of scientific trends. Finally, the analytic tool used in
the present study enabled us to explore time-specific research trends in the domains.
Similar questions may arise to differentiate how other scientific fields differ. To this end,
the scientometric approach and tool employed in the present study can support compre-
hensive data collection and scalable data analytics. In addition, one can conduct domain
analysis of his/her concern as frequently as needed without prior domain knowledge.

There are also several challenges despite the fact that there are several methodological
advantages in our scientometric analysis. First, it is still likely that the topic search does not
include thematically relevant literature if a set of terms used for the topic search do not
appear in the titles, abstracts or keywords. Generally, the vocabulary mismatch problem
presents a challenge for keyword-based search (Deerwester et al. 1990). Second, the Web
of Science as our source of data may have underrepresented publications in conference
proceedings in these areas. Additional sources such as Scopus are recommended for future
refinements of this type of analysis. Unfortunately, at the time of the study, we did not have
access to the counterpart data from Scopus. In generating the intellectual landscapes, we
selected 100 and 200 highly cited references within the core and the expanded contexts
respectively. This approach can be strengthened if we choose cited articles based on more
refined criteria such as h-index. It may be worth a separated study of the theoretical
implications of using h-based or top-100 or other conceivable selection criteria. We also
plan to apply the scientometirc approach to much comprehensive papers that cover a
various type of publication materials.
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