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Abstract: Risk perception is important in organizational and societal governance contexts. This
article presents a high-level analysis of risk perception research using Web of Science core collection
databases, scientometrics methods and visualization tools. The focus is on trends in outputs, geo-
graphical and temporal trends, and patterns in the associated scientific categories. Thematic clusters
and temporal dynamics of focus topics are identified using keyword analysis. A co-citation analysis
is performed to identify the evolution of research fronts and key documents. The results indicate
that research output is growing fast, with most contributions originating from western countries.
The domain is highly interdisciplinary, rooted in psychology and social sciences, but branching into
domains related to environmental sciences, medicine, and engineering. Significant research themes
focus on perceptions related to health, with a focus on cancer, human immunodeficiency virus, and
epidemiology, natural hazards and major disasters, traffic accidents, technological and industrial
risks, and customer trust. Risk perception research originated from consumer choice decisions, with
subsequent research fronts focusing on understanding the risk perception concept, and on developing
taxonomies and measurement methods. Applied research fronts focus on environmental hazards,
traffic accidents, breast cancer and, more recently, e-commerce transactions and flood risk. Based on
the results, various avenues for future research are described.

Keywords: risk perception; perception of risk; perceived risk; scientometrics; bibliometrics; VOSviewer;
CiteSpace

1. Introduction

Risk perception concerns the intuitive, commonsensical notions people form about
risks. In contrast to being a result of analytic thought, rooted in logical connections and
factual evidence, people form these perceptions based contextual cues, their personal
experiences, social communication, and cultural traditions [1]. As such, risk perceptions
are the result of an experiential system of thinking, which is affective and associative, and
uses concrete images, metaphors, and narratives to quickly obtain a holistic notion about an
issue. This experiential mode of thinking is oriented towards immediate decision making
and action [2]. Judgments based on such perceptions are strongly influenced by various
heuristics and biases, such as the availability, representativeness, affect and anchor and
adjustment heuristic. Consequently, risk perceptions often do not align well with factual
evidence about the likelihood or severity of the risks [1].
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There has been a significant academic interest in the risk perception phenomenon. Early
work focused on advancing the theoretical understanding of the phenomenon itself [3–6].
This s led to the understanding that risk perceptions are influenced by contextual factors
such as an individual’s familiarity with the risk source, the (perceived) personal control
over the phenomenon or activity, whether the risk is voluntarily accepted, or the trust in
organizations controlling and managing the risk [1]. A very extensive body of more applied
work has investigated public risk perceptions related to specific phenomena or activities, such
as natural disasters [7,8], climate change [9,10], health and food safety [11,12], and road [13,14],
maritime [15], and air transportation [16].

Other work has considered risk perception from risk management and governance
perspectives. A key controversy in this debate has been whether risk managers should
account for public perceptions, or if they should be exclusively guided by scientific or
technical knowledge [17–19]. For instance, Pidgeon [20] and Cross [21] present a series
of arguments for and against the consideration of public perceptions in risk management
decision making. Building on extensive work, Renn et al. [22] propose a risk governance
framework in which the role of risk perception depends on a meta-classification of the
risk in terms of complexity, uncertainty, and ambiguity. In complex risk problems, risk
perception is not explicitly accounted for, and decision making is made by domain experts
from authorities, industry, or academia. However, understanding risk perception is seen
as important for uncertain risk problems to develop appropriate risk communication
strategies in a reflective stakeholder discourse, and essential for ambiguous risk problems
to serve as a basis for a wider societal discourse.

Given the very extensive literature on risk perception, various review articles have
been published, highlighting different aspects of the research domain. Several authors
focus their reviews on perceptions about specific risks among certain populations or in a
specific country. For instance, Larsman et al. [23] reviewed research on adolescents’ risk
perceptions related to risk behavior with long-term health consequences. Ngo et al. [24]
made a systematic review of the role of risk perception in attitudes to blood transfusion.
Lee et al. [25] synthesized the literature on risk perception among women with high-
risk pregnancies. Taylor et al. [26] reviewed research on perceptions of climate risk and
adaptation in the United Kingdom. Other authors have reviewed methodological aspects
of risk perception [27], or related risk perception to other safety principles, e.g., linking risk
perception and safety culture in a disaster risk reduction context [28].

Notwithstanding the significant progress made in this domain of research and the
value of presenting narrative reviews, overviews, and meta-syntheses of specific topics in
the risk perception literature, there currently is no systematic, comprehensive, data-driven
analysis of the complete risk perception research domain. Such a high-level analysis is,
however, useful to obtain insights regarding issues such as the evolution of the research
domain, including overall patterns and trends in scientific outputs, geographic and tem-
poral distributions of research activity, and the prevalence of attention to risk perception
in various scientific disciplines and fields. Furthermore, a high-level analysis can provide
insights into significant research themes, and trends in topics which have received more
recent attention. Finally, the delineation of clusters facilitates identification of key contribu-
tions within these, i.e., documents that have made the most significant impact within the
research domain. Such systematized knowledge can be very helpful for scholars (especially
early career researchers) in the area of risk perception to get an idea of the key literature to
read. This can also serve educational purposes, by highlighting key themes and literature
for course instructors or for self-guided learning purposes. Finally, it can be helpful for
researchers to identify new research directions, e.g., by understanding what are hot topics.

While there are various types of narrative reviews [29], these are generally not useful
for obtaining systematic high-level insights into very broad knowledge domains, due
to the very large number of documents published within these. Scientometric analysis
techniques represent an alternative approach to obtaining such broad insights as described
above. These techniques use quantitative and statistical measures of reference and citation
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information of published literature to obtain insights into structural and narrative patterns
and trends in a given research domain. These often apply visualization techniques to
facilitate interpretation and knowledge creation [30]. Several scientometric analyses have
been performed on various risk, safety, and health-related research areas, such as disaster
risk [31], risk communication [32], safety culture [33], safety climate [34], safety and
security [35], phytoremediation of heavy metals [36], technostress in the workplace [37],
technology and occupational health [38], and global health [39]. Other analyses focus on
identifying core safety journals [40] or on analyzing the contents of specific journals [41,42].

Considering the above, the aim of this article is to obtain systematic insights in the
risk perception research domain using various scientometric analysis techniques and tools.
Overall publication trends, patterns in geographical and temporal distributions of research
activity and contributing scientific disciplines, clusters of research themes, trends in focus
topics, and key documents within such clusters, are analyzed.

The remainder of this article is organized as follows. In Section 2, the data retrieval
strategy and obtained dataset is described, and the applied scientometric methods are
briefly outlined. The results of the analysis, providing insights in the above stated research
objectives, are given in Section 3. A discussion is given in Section 4, while Section 5
concludes the article.

2. Research Process: Research Questions, Data, and Methods
2.1. Research Process and Research Questions

The detailed research process implemented in the current work is illustrated in
Figure 1. There are four main steps: formulating questions, data retrieval, application
of specific scientometric methods and tools, and presentation and interpretation of results.
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The overall research aims described in the introduction are formulated here as the
following research questions about the risk perception domain, in line with step one of
Figure 1:

RQ1. What are the overall publication trends in terms of research output?
RQ2. What geographic and temporal patterns can be observed at the country level?
RQ3. What scientific categories are strongly represented?
RQ4. What thematic clusters can be identified based on the author keywords?
RQ5. What is the temporal evolution of topics within these thematic clusters?
RQ6. What are the research clusters based on document co-citation?
RQ7. What are the key documents within the dominant research clusters?

The search strategy, data retrieval process, and resulting dataset are described in
Section 2.2. The applied scientometric techniques and tools to answer the above research
questions are briefly outlined in Section 2.3. The results and their interpretation are
presented in Section 3.

2.2. Data Retrieval Strategy and Resulting Dataset

To obtain a high-quality dataset of articles in risk perception research, Web of Science
Core Collections (WOSCC), the world’s largest and most comprehensive scientific database,
was applied as in the second step of Figure 1. WOSCC is the most comprehensive across
scientific disciplines, while having a very high quality of the data included in the database.

The following search strategy was applied in the WOSCC database on 27 November 2020.
Title = (“risk perception” or “perception of risk” or “perceived risk”).
Document type = (Article or Review).
Data retrieval date: 27 December 2019.
A title-based search strategy was applied because an exploratory search using the title,

abstract, and keywords as search fields resulted in too many articles of low relevance to the
targeted knowledge domain. Title-based search strategies are commonly used in analyses
of wide research domains. Only original research articles and review articles are retained,
because these documents contain the most significant scientific progress, or summarize
knowledge on specific topics within the domain that can be very influential. The timespan
covered in the search is from 1900 to 2019 (inclusive).

The resulting dataset contains 2759 articles, which can be considered as the core
scientific body of knowledge on risk perception. Table 1 shows key descriptive information
of this dataset obtained by the R package Bibliometrix [43]. The results indicate that risk
perception research spans from 1964 to 2019, with 1184 different journals contributing to
the domain’s research literature. A total of 8521 authors have contributed to the domain.
With only 335 single-authored documents, by far the most articles are written by multiple
authors. Correspondingly, a rather high collaboration index of 3.39 was found. The average
number of citations per document is 27.54. This high number shows that risk perception
research on average has a high impact in the academic literature.

2.3. Applied Scientometric Methods: Techniques and Tools

The third step in Figure 1 concerns the application of specific methods to obtain answers
to the above formulated research questions. Scientometrics was first defined by Nalimov and
Mul’chenko as the application of quantitative methods to research on the development of
science as an informational process [44]. Scientometric methods analyze research documents
in a quantitative manner and are often used alongside visualization techniques to enable an
interpretation of the results [45]. An overview of common scientometric analysis techniques
and mapping tools is given in [30]. Below, the scientometric methods applied to answer the
research questions of Section 2.1 are briefly described and contextualized.
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Table 1. Descriptive information of the dataset on risk perception research.

Description Results

Number of documents 2759
Number of unique sources 1184

Number of unique ‘keywords plus’ 4728
Number of authors’ keywords 5091

Period covered 1964–2019
Average citations per document 27.54

Number of unique authors 8521
Number of author appearances 10,133

Number of authors of single-authored documents 292
Number of authors of multi-authored documents 8229

Number of single-authored documents 335
Average number of documents per author 0.324
Average number of authors per document 3.09

Average number of co-authors per document 3.67
Collaboration index 3.39

Number of journal articles 2604
Number of conference articles 95

Number of review articles 60

2.3.1. Scientific Outputs: RQ1 to RQ3

Research outputs are important scientometric indicators to reflect the research activity
and performance from different perspectives. To answer RQ1, the annual number of risk
perception articles was determined to indicate the temporal research activity, from which
global trends are derived using regression analysis.

RQ2 was answered by determining the number of articles originating from the dif-
ferent countries/regions in the world. For this categorized dataset, further metrics were
calculated to provide insights in the temporal activity of different geographical areas, and
to assess how impactful research from different regions is. For this purpose, the average
publication year and average number of citations per paper were determined for the articles
of all considered countries/regions.

To answer RQ3, the journal categories of the articles according to WOSCC were
mapped on the global science map overlay [46]. This map shows the different scientific
disciplines in a clustered manner, where related disciplines are grouped closer together.
Hence, this map acts as a high-level visual overview of the structure of the complete
scientific body of knowledge. By mapping the journal categories associated with the
risk perception research dataset, insights were obtained about which disciplines actively
contribute to this domain of knowledge. The mapping was performed using VOSviewer, a
visualization tool which implements the visualization of similarities approach [47].

2.3.2. Keyword-Based Thematic Clusters and Temporal Evolution: RQ4 and RQ5

Keywords supplied by authors of the risk perception publications can be regarded
as the topics in focus in the articles. In the current research, the frequency of occurrence
of author keywords each year, and the co-occurrence of keywords were analyzed. This
provides insights in hot topics and thematic clusters within risk perception research.

In scientometrics research, co-word analysis was first introduced by Callon et al. [48]
to map the dynamics of science [49]. Co-word analysis has since been combined with word
frequency analysis. Thus, not only can the thematic structure of topics in a research domain
be revealed, but also the temporal dynamics of topics within these thematic clusters [30].

In this work, co-keyword analysis was applied to analyze the relations between each
keyword. These keyword networks were visualized using VOSviewer [47] and clustered
into different groups based on the keywords co-occurrence strength. A statistical analysis of
the average year of occurrence of frequently occurring keywords was used as an overlay of
these thematic clusters to depict temporal evolutions in the academic focus on these topics.
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2.3.3. Research Clusters and Key Documents: RQ6 and RQ7

In scientometrics research, cited references are considered to be indicative of the
intellectual base of a certain domain [50]. This intellectual base can be obtained through a
document co-citation analysis of the references of citing articles [51]. Document co-citation
analysis was first proposed by Small [52] as a new method to measure the relationship
between two documents. Two documents are co-cited if they appear together in the
reference lists of a given article. Co-citation analysis rests on the premise that co-cited
documents are associated with one another in some way. The co-citation information in a
set of articles can be used to represent research clusters within a given domain, because
articles focusing on similar themes will likely cite partially the same articles. The more
frequently an article is cited within a given cluster, the more it can be regarded as a key
scientific contribution to the development of that cluster [30]. Since document co-citation
analysis has been introduced to the scientific community, it has been widely used to unravel
the structure and intellectual basis of different research domains [53–55].

In this paper, document co-citation analysis was conducted using CiteSpace software
(developed by Prof. Chaomei Chen from Drexel University) [56], which is regularly used
alongside VOSviewer (developed by Nees Jan van Eck and Ludo Waltman from Leiden
University) to obtain consolidated analyses of scientific domains of study [30,32], and was
applied to generate the document co-citation network and to visualize clusters. CiteSpace
software was also used to identify the key documents within the top five clusters, which
were considered as the key intellectual basis of those clusters. The clusters were labeled
based on the terms extracted from the titles of the citing paper with most references to the
articles in the clusters. This was done using the Log-likelihood ratio (LLR). These dominant
citing papers can be regarded as the research front of risk perception in that cluster [57].
The average publication year of the clusters was also determined to show the evolution of
risk perception.

3. Results

In this Section, the results of the scientometric analyses are shown and interpreted.
Section 3.1 focuses on the scientific outputs (RQ1 to RQ3), while Section 3.2 presents results
about the keyword-based clusters and hot topics (RQ4 and RQ5). Section 3.3 presents the
analyses for the research clusters and key documents based on co-citation analysis (RQ6
and RQ7).

3.1. Scientific Outputs
3.1.1. Annual Trends (RQ1)

The annual trend of the risk perception research domain is shown in Figure 2. Accord-
ing to the dataset obtained in Section 2.2, the first article on risk perception was published
in 1964. It is entitled “Perceived risk and consumer decision-making—the case of telephone
shopping”, authored by Claster D.S. in the Journal of Marketing Research. Thereafter, no
article on risk perception was published until 1967.

The global trends of the annual number of publications and the cumulative number
of publications shows exponential growth. After an initial period with a low number of
publications from 1964 until ca. 1990, there was a steady increase from 1990 to ca. 2000. Since
2003, there has been a fast and significant growth which persisted until the end of the study
period. In the period from 2003 to 2019 (17 years), 80.9% of the articles (2231 in total) were
published, in contrast to the 19.1% (528 in total) in the period from 1964 to 2002 (34 years).
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3.1.2. Geographic Distribution (RQ2)

Figure 3 shows the global geographic distribution of the risk perception research. It
shows that there are 104 countries/regions from which the 2759 risk perception articles
originate. The most productive countries/regions, defined here as those with more than
20 articles, are listed in Table 2. For these countries/regions, additional metrics are listed as
well, in particular the average publication year and the average number of citations.
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only non-western country with a large productivity in risk perception research. With a total
of 216 articles, it is ranked third in total research productivity.

Among these highly productive countries/regions, the People’s Republic of China,
South Korea, Italy, Japan, Spain, and Mexico have more recently become active in the
research domain. Sweden, the United States of America, and Switzerland were active
earlier on. In terms of impact, research from Sweden, the United States of America, and
Taiwan has been most impactful, with very high average citation rates of the articles. From
the highly productive countries, research from Mexico, Japan, the People’s Republic of
China and South Korea is, at the time of research, significantly less impactful. However, it
should be borne in mind that these countries have more recently become active, and that
their scientific impact may increase in the future.

Table 2. Top 20 countries/regions in risk perception research: activity and research metrics.

No. Country/Region Continent NP APY AC

1 USA N. America 1033 2008.40 38.37
2 UK Europe 291 2010.13 25.13
3 China Asia 216 2015.56 8.96
4 Australia Oceania 128 2012.32 23.96
5 Canada N. America 123 2010.04 19.98
6 Germany Europe 121 2012.12 20.07
7 France Europe 114 2010.69 14.95
8 The Netherlands Europe 95 2010.29 28.57
9 Spain Europe 94 2013.13 12.68

10 Italy Europe 84 2013.56 15.99
11 South Korea Asia 70 2015.26 9.81
12 Taiwan Asia 70 2012.57 34.44
13 Norway Europe 65 2010.35 25.08
14 Sweden Europe 65 2007.72 41.45
15 Switzerland Europe 64 2009.92 27.00
16 Brazil S. America 43 2011.74 10.74
17 Japan Asia 43 2013.51 7.91
18 Mexico N. America 35 2013.11 5.97
19 Belgium Europe 27 2009.00 20.19
20 Israel Asia 26 2011.92 18.96

Note: NP = number of publications; APY = average publication year; AC = average citations per article.

3.1.3. Scientific Categories (RQ3)

Each journal from the Web of Science Core Collection is classified into different
scientific categories, which provide insight into what scientific disciplines contribute to the
research in the journals. Aggregation of these classifications over the complete dataset of
the risk perception articles provides insights into the scientific categories concerned with
this research domain.

Figure 4, created using VOSviewer [47], shows the distribution of categories of risk
perception on the global science categories map presented in [58]. These global scientific
categories are further grouped in five clusters, which provide further insights in the active
scientific domains. These are: #1 ‘Biology & Medicine’, #2 ‘Chemistry & Physics’, #3 ‘Ecology
and Environmental Science & Technology’, #4 ‘Engineering & Mathematics’, and #5 ‘Psychol-
ogy & Social Sciences’. Table 3 contains the most frequently found scientific categories in risk
perception research, defined here as categories associated with more than 50 articles. The table
contains the average publication year and the average number of citations, which provide
insights into the temporal trends and the scientific impact of these different categories. The
clusters to which the scientific categories belong are also shown in the table.
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Table 3. High productive categories in risk perception research (NP > 50).

No. Scientific Category Cluster NP APY AC

1 Public, Environmental & Occupational Health 5 663 2008.46 29.97
2 Environmental Sciences 3 211 2011.98 18.78
3 Psychology, Multidisciplinary 5 179 2007.22 26.30
4 Social Sciences, Interdisciplinary 5 161 2010.31 25.82
5 Mathematics, Interdisciplinary Applications 4 131 2006.12 64.21
6 Social Sciences, Mathematical Methods 5 129 2005.78 65.64
7 Business 5 122 2004.26 60.03
8 Environmental Studies 5 99 2013.11 18.96
9 Psychology, Clinical 5 99 2009.47 33.18

10 Transportation 5 96 2010.82 24.81
11 Oncology 1 93 2007.56 31.05
12 Social Sciences, Biomedical 5 91 2007.15 34.43
13 Economics 5 88 2006.25 15.42
14 Geosciences, Multidisciplinary 3 83 2014.73 16.75
15 Substance Abuse 5 83 2010.39 15.41
16 Management 5 81 2007.98 36.56
17 Water Resources 3 81 2015.30 13.31
18 Medicine, General & Internal 1 78 2008.13 24.67
19 Health Policy & Services 5 77 2010.38 18.99
20 Psychology, Applied 5 76 2008.55 24.36
21 Infectious Diseases 1 73 2010.55 18.81
22 Psychology, Social 5 73 2005.37 37.07
23 Meteorology & Atmospheric Sciences 3 71 2015.44 27.79
24 Ergonomics 5 70 2007.91 43.10
25 Nursing 1 70 2011.43 13.24
26 Engineering, Industrial 4 67 2007.97 34.10
27 Operations Research & Management Science 4 62 2007.19 59.15
28 Multidisciplinary Sciences 1 60 2010.30 83.58
29 Psychiatry 5 59 2009.54 21.39
30 Communication 5 55 2012.56 20.13
31 Psychology 5 51 2006.22 45.45

According to these results, risk perception research primarily receives contributions
from the ‘Psychology & Social sciences’ scientific domain (cluster #5). Within this, the
scientific category ‘Public, environmental & occupational health’ has the highest activity,

https://figshare.com/s/410dac07d2655224e86a
https://figshare.com/s/410dac07d2655224e86a
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with 663 articles (24.03% of the total dataset) classified in this category. Within this cluster,
it is followed by the category ‘Psychology, multidisciplinary’ (179, 6.49%), ‘Social sciences,
interdisciplinary’ (161, 5.84%), and ‘Social sciences, mathematical models’ (122, 4.75%).
The second most prevalent scientific domain is ‘Ecology and Environmental Science &
Technology’ (cluster #3), in which the scientific categories ‘Environmental sciences’ (211,
7.65%), ‘Geosciences, multidisciplinary’ (83, 3.01%), and ‘Water resources’ (81, 2.94%) show
the greatest activity. The third most active scientific domain is ‘Biology & Medicine’ (clus-
ter #1), with the scientific categories ‘Oncology’ (93, 3.37%), ‘Medicine, general & internal’
(78, 2.83%), and ‘Infectious diseases’ (73, 2.65%) being the main contributors. The fourth
most contributing scientific domain is ‘Engineering & Mathematics’ (cluster #4), in which
‘Mathematics, interdisciplinary applications’ (131, 4.75%), ‘Engineering, industrial’ (67,
2.43%), and ‘Operations Research & Management Science’ (62, 2.25%) are most significant.
The cluster ‘Chemistry & Physics’ (cluster #2) is the least active clusters, with none of its
scientific categories having more than 50 associated articles.

These results indicate that risk perception research is highly interdisciplinary, where
the scientific basis has roots in psychology and social sciences, but with links to mathematics
and domain-specific knowledge, mainly from medicine and environmental sciences. Focus
is on the individuals’ perceptions and how these are mediated and gain relevance in social
groups. To support analyses of these perceptions, mathematical models are applied. As
objects of risk perceptions, i.e., the types of issues about which people’s perceptions are
studied, medical and environmental topics are most prevalent, although there is also
research on food safety, transportation, business, nuclear technology, and chemistry.

To support the statement that the research domain is highly interdisciplinary, the
Stirling-Rao diversity index was calculated. This provides insight into the level of in-
terdisciplinarity of a research domain by accounting for the distance between scientific
categories by giving a greater weight to pairs of articles in more distant categories [59]. The
risk perception research domain contains 179 different categories, resulting in an overall
diversity index of 0.818. This confirms that the domain is highly interdisciplinary, where
knowledge from different domains is integrated to create new research results.

Focusing again on Table 3, it is seen from the average publication year that the
objects of risk perception research in earlier research focused on ‘Business’, ‘Economics’,
‘Oncology’, ‘Medicine, general & internal’, and ‘Ergonomics’. Thereafter, the focus shifted
to ‘Substance abuse’, ‘Infectious diseases’, ‘Transportation’, ‘Nursing’, and ‘Environmental
studies’. Most recently, risk perception research has shifted attention to ‘Geosciences,
multidisciplinary’, ‘Water resources’, and ‘Meteorology & atmospheric sciences’. In terms
of research impact, the scientific categories in risk perception research associated with the
highest number of citations are ‘Multidisciplinary sciences’, ‘Social sciences, mathematical
methods’, and ‘Mathematics, interdisciplinary applications’. This shows that impactful risk
perception research relies heavily on the application of mathematical analysis to process
population data on risk perceptions.

3.2. Thematic Clusters and Hot Topics (RQ4 and RQ5)

Keywords provide important information about articles, as they represent the core
content and focus of the presented work. As outlined in Section 2.3.2, an analysis of
the frequency of occurrence of keywords and their co-occurrence was used to determine
clusters of high research activity. Additionally, insights in the temporal evolution of
research focus topics were obtained.

Thematic clusters of author keywords are shown in Figure 5, and the temporal evolu-
tion of the keywords within these is shown in Figure 6. Both figures were obtained using
VOSviewer [47]. Table 4 lists frequently occurring keywords (defined here as keywords
occurring over 50 times), the cluster with which they are associated, and the average year
in which they appear in the articles. In these figures, author keywords matching the search
terms shown in Section 2.2 (‘risk perception’, ‘perception of risk’, and ‘perceived risk’) are
excluded from these results because all articles in the dataset are associated with these.
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These clusters provide insights in broad themes on which risk perception research
focuses. Cluster #A (red in Figure 5) is related to ‘Medical issues and health’. Earlier work
in this cluster focused on the susceptibility of women to cancers (breast and ovarian cancer),
addressing family history and health beliefs, and prevention. More recent work in this
thematic cluster focuses on anxiety, fear, exposure, and impacts, e.g., in terms of quality
of life. Most recently, meta-analysis is an active research focus. Narratively, this cluster
is strongly related to Cluster #1 ‘Biology & Medicine’ in the mapping of risk perception
research on the global science map, see Section 3.1.3, especially with the scientific categories
‘Oncology’ and ‘Medicine, general & internal’.

https://figshare.com/s/c2e624d549bfb8a084cf
https://figshare.com/s/3995bf7901b6f3b2aad2
https://figshare.com/s/3995bf7901b6f3b2aad2
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Cluster #B (green in Figure 5) is associated with ‘Natural hazards and major disasters’.
Early work in this cluster focused on information on hazards, probability, and uncertainty,
in the context of communication needs and decision making. The topics in this research
cluster appear to follow societal developments, events, and focus issues, with, e.g., terror-
ism, earthquakes, natural hazards, climate change, and flooding being topics of societal
attention over the last decade. Referring to Section 3.1.3, this thematic cluster links well
with Cluster #3 ‘Ecology and Environmental Science & Technology’ and in particular with
the scientific categories ‘Environmental sciences’ and ‘Geosciences, multidisciplinary’.

Cluster #C (blue in Figure 5) focuses on ‘Traffic accidents’. The central topic in this
cluster is behavior, with early attention given to unrealistic optimism and age. After-
wards, the attention shifted to alcohol, personality, gender differences, drug use, and
cannabis. Throughout the cluster, the focus is on the younger age group in the general
population of drivers, as indicated by keywords such as youth, students, adolescents, and
parents. Considering the analysis of Section 3.1.3, this cluster is mostly associated with
Cluster #5 ‘Psychology and Social sciences’, in particular the categories ‘Transportation’
and ‘Behavioral sciences’.

Cluster #D (yellow in Figure 5) addresses ‘Technological and industrial risks’. Central
topics here are attitudes and beliefs, where social amplification of risk is linked to public
perceptions. With a geographical focus primarily on the United States of America and, to a
lesser extent, Japan, early focus domains are nuclear waste and environmental risks, with
more recent attention to food safety and pollution. Compared to the results of Section 3.1.3,
this cluster spans across Cluster #2 ‘Chemistry and Physics’, with categories ‘Nuclear
science & technology’ and ‘Engineering, chemical’ and Cluster #1 ‘Biology & Medicine’
and with category ‘Food science & technology’.

Cluster #E (pink in Figure 5) concerns ‘Customer trust and acceptance’. Important
keywords here are trust, quality, intentions, perspective, involvement, customer satisfaction,
and loyalty. Recent work in this cluster appears to focus on information technology,
purchase intentions, and online security. This cluster is mostly associated with Cluster #5
‘Psychology and Social sciences’ of Section 3.1.3, with categories such as ‘Psychology,
multidisciplinary’, ‘Psychology, applied’, and ‘Business’.

Cluster #F (cyan in Figure 5) focuses on ‘Epidemiology and public health’. Early
keywords here are transmission, epidemic, influenza, population, and community, with
an apparent large focus on Hong Kong, probably due to the outbreak of the severe acute
respiratory syndrome (SARS) between 2002 to 2004. More recent keywords in this thematic
cluster are surveillance, responses, vaccination, and vigilance. Referring to Section 3.1.3,
this cluster is mostly associated with the science cluster #1 ‘Biology & Medicine’, and in
particular the category ‘Infectious diseases’.

Finally, Cluster #G (light purple in Figure 5) is denoted ‘Human Immunodeficiency
Virus’, after the central keyword hiv. Early keywords here are gay men and sexual behavior,
later shifting to condom use, infection, education, and knowledge. Compared to Clusters
#A to #F, it appears that this cluster has become less active in recent years. Considering the
results of Section 3.1.3, this cluster is mostly associated with Cluster #1 ‘Biology & Medicine’.

Table 4. Frequent keywords in risk perception research (≥50).

No. Keyword Cluster Occurrences Avg. Pub.
Year No. Keywords Cluster Occurrences Avg. Pub.

Year

1 meta-analysis A 63 2013.70 25 prevalence C 93 2012.40
2 awareness A 51 2013.25 26 drug use C 80 2011.36
3 smoking A 54 2012.61 27 adolescents C 139 2011.28
4 impact A 156 2012.40 28 personality C 58 2011.16
5 predictors A 58 2011.59 29 behavior C 409 2011.02
6 health A 208 2011.54 30 fear C 62 2010.32
7 exposure A 65 2010.85 31 alcohol C 53 2010.08
8 prevention A 149 2010.73 32 children C 53 2010.08
9 women A 179 2009.58 33 accident C 57 2009.77
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Table 4. Cont.

No. Keyword Cluster Occurrences Avg. Pub.
Year No. Keywords Cluster Occurrences Avg. Pub.

Year

10 breast cancer A 126 2009.52 34 unrealistic
optimism C 82 2006.93

11 family history A 70 2008.59 35 united states D 108 2012.22
12 susceptibility A 61 2006.26 36 beliefs D 89 2011.79
13 climate change B 79 2015.80 37 gender D 87 2011.00
14 vulnerability B 76 2014.03 38 attitudes D 298 2010.75
15 management B 134 2013.76 39 benefits D 64 2010.38
16 performance B 54 2012.87 40 e-commerce E 54 2014.04
17 hazard B 85 2011.89 41 intentions E 73 2013.90
18 communication B 222 2011.87 42 acceptance E 54 2013.57
19 decision making B 205 2011.86 43 perspective E 59 2012.81
20 experience B 88 2011.82 44 trust E 148 2012.13
21 preferences B 51 2011.65 45 determinants E 80 2011.75
22 information B 156 2011.52 46 responses F 58 2013.10
23 uncertainty B 65 2011.09 47 population F 61 2011.92
24 judgments B 78 2010.17 48 knowledge G 238 2011.49

49 infection G 64 2011.14
50 hiv G 157 2007.99
51 sexual behavior G 50 2006.74

3.3. Research Clusters and Key Documents (RQ6 and RQ7)

Referring to Section 2.3.3, CiteSpace [56] was applied in this Section to perform a
co-citation analysis and to determine research clusters based on the co-citation information.
The co-occurrence of certain references in a set of articles presents another approach to
group research in clusters, providing insights into different patterns in the research domain.
The highly cited documents in these clusters can be regarded as the intellectual basis of the
subdomains of risk perception research, and were extracted from this network.

In total, 21 clusters were identified in risk perception research based on the network
clustering method. The largest connected component of the reference co-citation network
contained 10 of these 21 clusters and is shown in Figure 7. Modularity Q and silhouette
metrics were applied to evaluate the quality of the clustering results. Modularity Q
measures the extent to which a network can be divided into independent modules, with
values ranging from 0 to 1. A higher modularity implies a well-structured network. The
silhouette value of a cluster ranges from −1 to 1 and indicates the uncertainty which needs
to be considered when interpreting the nature of the cluster. A value of 1 represents a
perfect separation from other clusters [57,60]. For the presented analysis, the modularity
Q is 0.7359, while the mean silhouette value is 0.7979. These numbers indicate that the
resulting network clustering is of good quality.

To determine the basic content of references in each cluster, the Log-likelihood ratio
(LLR) method was applied to extract noun phrase from the titles of the citing article in
Figure 7. As mentioned in Section 2.3.3, the name of the clusters provides insight into the
research front of the cited references, while the highly cited references can be regarded as
the intellectual base of the matched cluster. In the figure, the node sizes are proportional
to the number of citations of a publication, while the colors of the links between articles
indicates the year when two documents were first cited together. The size of the cluster
label is proportional to the number of cited publications in the cluster, while the color shade
of the cluster indicates the average publication year of the references. The analysis results
of the co-citation analysis for the five largest clusters are shown in Table 5. The top five
highly cited references in the top five co-citation clusters are shown in Table 6.
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Table 5. Top five largest clusters in risk perception based on co-citation analysis.

ID Size Silhouette Mean Year LLR Title Terms LLR Cited Sources Selected Citing
Paper

α 79 0.686 2002
Emotion-based model,

technological Stigma; cognitive
appraisal

Risk Analysis, Psychological Science,
Health, Risk & Society [61]

β 77 0.899 2011 Flood Risk, rural household, flood
experience

Natural Hazards, Global Environmental
Change, Journal of Environmental

Management
[62]

γ 74 0.837 1987 Traffic accident, self-perceived
risk, health-care workers reaction

American Journal of Public Health,
Accident Analysis & Prevention, Risk

Analysis
[63]

δ 59 0.795 1986 Environmental Hazard, superfund
site, nuclear waste

Coastal Zone Management, Risk Analysis,
Environmental Science & Technology [64]

ε 57 0.818 1993
Cross-national comparison,

Western Europe, different societal
group

Risk Analysis, Journal of Cross-Cultural
Psychology, RISK: Health, Safety &

Environment
[19]

Note: Size = number of publications in the cluster; mean year = the average publication year of the references in the cluster; LLR Title
terms = terms in the title based on the Log-Likelihood Ratio; selected citing paper = papers which cited more papers from the cluster. The
clusters of the document citation network are named based on the citing paper.

The landscape and time evolution of the clusters shows that in the early years of risk
perception research, the research front was associated with ‘η Consumer-choice decision’,
with 1973 the average publication year of cited references. After a period of less research
activity, this shifted in the 1990s to method-oriented research fronts associated with ‘ζ Tax-
onomic analysis’ and ‘κ Conjoint measurement’. More applied oriented research fronts
associated with references from the 1990s focused on ‘γ Traffic accident’ and ‘δ Environ-
mental hazard’. Around the year 2000, the research front focused on meta-analysis of risk
perception ‘ε Cross-national comparison’, and in the later 2000s a methodological research

https://figshare.com/s/4e23324dbeec0b872cc3
https://figshare.com/s/4e23324dbeec0b872cc3
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front ‘α Emotion-based model’ emerged. In the early 2000s, the application-focused front
on ‘θ Breast cancer’ is identified, with later topic-driven research fronts in the 2010s arising:
first ‘ι e-commerce transaction’ and then ‘β Flood risk’.

Referring to Tables 5 and 6, the largest cluster has 79 cited references and a silhouette
value of 0.686, indicating it has a relatively large overlap with other clusters. The cluster is
labeled as ‘α Emotion-based model’ based on the LLR. The most active citer to the cluster is
Peters et al. [61], citing seven articles from the cluster. The work focuses on emotions, affect,
worldviews, and risk perceptions in the generation of technological stigma. The work in
this cluster draws heavily on work published in Risk Analysis, including the work by Slovic
et al. [65] and Sjöberg [5].

The second largest cluster contains 77 references with a silhouette value of 0.899, indicat-
ing it is relatively separated from other clusters. Based on the LLR analysis, it is labeled ‘β
Flood risk’, and represents the most recent research front. Its most active citer is Lawrence
et al. [62], who cited eight references from the cluster. The cited references in this cluster are
dominated by articles published in Risk Analysis, and focus on natural hazards [66], responses
in multihazard environments [67], flood mitigation behavior [68], and protective action [69].

The third largest cluster spans 74 articles with a silhouette value of 0.837, indicating a
relatively large overlap with other clusters. It is labeled ‘γ Traffic accident’ based on the
LLR analysis. The most active citer to the cluster is DeJoy [63], who focused on optimism
bias among young drivers in traffic accident risk perception. He cited 10 references
from the cluster. The cited sources are mostly associated with Cluster #5 ‘Psychology &
Social Sciences’ of the scientific documents of Section 3.1.3. Key journals here are Health
Psychology and Journal of Health and Journal of Behavioral Medicine. Highly-cited
references in this cluster focus on risk perceptions and risk behaviors [70], the process of
precaution adoption [71], and optimism related to health problems [72]. Other highly cited
references in this cluster address perceptions and behavior related to AIDS [73,74]. This
cluster is interesting in that the research front is associated with traffic accidents, while
the underlying intellectual basis originates from psychological and behavioral research
and uses insights from medically focused research. This clearly shows that risk perception
research is truly interdisciplinary, where knowledge from disparate domains is used to form
hypotheses and serves as justification to develop new domains of scientific understanding.

The fourth largest cluster contains 59 members and a silhouette value of 0.795, indicat-
ing it rather strongly overlaps with other clusters. It is labeled as ‘δ Environmental hazard’
through the LLR analysis. The most active citer to the cluster is Burger and Gochfeld [64]
(1991), who cited 12 references from the cluster. This article focuses on risk perceptions
among fishermen concerning fishing for specific species in a so-called superfund site, which
is a marine area suspected to be contaminated by mercury. The intellectual basis for this
cluster originates from Risk Analysis and Science, with key references to highly-cited foun-
dational papers focusing on the risk perception in the psychometric paradigm [6,75] and
the social amplification of risk framework [76]. This research front is an example of how
fundamental theories of risk perception are used as a basis for developing understanding
of topic-specific risk perceptions, here focused on environmental hazards.

The fifth largest cluster contains 37 articles and has a silhouette value of 0.818, indicat-
ing a rather strong overlap with other clusters. Based on the LLR analysis, the cluster is
labeled ‘ε Cross-national comparison’. The most active citer in this cluster is Sjöberg [18],
who performed an empirical study of perceptions related to radiation and nuclear power
hazards in Western Europe. He cited 13 references from this cluster, mostly from Risk
Analysis. These include the work by Flynn et al., on the relation between induvial traits
and environmental health risks [77], by Slovic on the issue of risk perception and trust
in democratic societies [78], and by Marris et al., who performed a critical analysis of the
psychometric paradigm to risk perception [79]. Based on the empirical results and insights
in theoretical underpinnings of the risk perception concept, Sjöberg highlights deficiencies
of the psychometric and cultural theory paradigms, suggesting an alternative explanatory
model of the perceived risks of nuclear power in his study [6].
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Table 6. Top five highly cited references in the top five clusters according to Table 5.

Citations Author Year Title Source Cluster Reference

68 Slovic P 2004 Risk as Analysis and Risk as Feelings: Some Thoughts about Affect, Reason,
Risk, and Rationality Risk Analysis α [65]

58 Brewer NT 2007 Meta-analysis of the relationship between risk perception and health
behavior: The example of vaccination Health Psychology α [80]

50 Loewenstein
GF 2001 Risk as feelings Psychological Bulletin α [81]

41 Sjoberg L 2000 Factors in Risk Perception Risk Analysis α [5]

35 Slovic P 2000 The Perception of Risk Risk Analysis α [82]

53 Wachinger G 2013 The Risk Perception Paradox—Implications for Governance and
Communication of Natural Hazards Risk Analysis β [66]

43 Lindell MK 2008 Households’ Perceived Personal Risk and Responses in a Multihazard
Environment Risk Analysis β [67]

32 Bubeck P 2012 A Review of Risk Perceptions and Other Factors that Influence Flood
Mitigation Behavior Risk Analysis β [68]

29 Lindell MK 2012 The Protective Action Decision Model: Theoretical Modifications and
Additional Evidence Risk Analysis β [69]

28 Hayes AF 2013 Introduction to Mediation, Moderation, and Conditional Process Analysis: A
Regression-based Approach Risk Analysis β [83]

12 Weinstein ND 1993 Correct and incorrect interpretations of correlations between risk perceptions
and risk behaviors Health Psychology γ [70]

12 Weinstein ND 1987 Unrealistic optimism about susceptibility to health problems: Conclusions
from a community-wide sample Journal of Behavioral Medicine γ [72]

10 Becker MH 1988 AIDS and behavioral change to reduce risk: a review American Journal of Public Health γ [73]

10 Prohaska TR 1990 Determinants of Self-Perceived Risk for AIDS Journal of Health and Social Behavior γ [74]

9 Heimer CA 1988 Social structure, psychology, and the estimation of risk Annual Review of Sociology γ [84]

9 Weinstein ND 1988 The precaution adoption process Health Psychology γ [71]

43 Slovic P 1987 Perception of risk Science δ [6]

14 Kasperson RE 1988 The Social Amplification of Risk: A Conceptual Framework Risk Analysis δ [76]
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Table 6. Cont.

Citations Author Year Title Source Cluster Reference

68 Slovic P 2004 Risk as Analysis and Risk as Feelings: Some Thoughts about Affect, Reason,
Risk, and Rationality Risk Analysis α [65]

5 Kraus NN 1988 Taxonomic Analysis of Perceived Risk: Modeling Individual and Group
Perceptions Within Homogeneous Hazard Domains Risk Analysis δ [75]

4 Weinstein ND 1984 Why it won’t happen to me: Perceptions of risk factors and susceptibility Health Psychology δ [85]

4 Covello VT 1988 Risk Communication, Risk Statistics, and Risk Comparisons: A Manual for
Plant Managers Risk Analysis δ [86]

20 Flynn J 1994 Gender, Race, and Perception of Environmental Health Risks Risk Analysis ε [77]

18 Slovic P 1993 Perceived Risk, Trust, and Democracy Risk Analysis ε [78]

16 Kraus N 1992 Intuitive Toxicology: Expert and Lay Judgments of Chemical Risks Risk Analysis ε [87]

14 Slovic P 1992 Perception of risk: Reflections on the psychometric paradigm Social Theories of Risk ε [88]

12 Marris C 1997 Exploring the “Psychometric Paradigm”: Comparisons Between Aggregate
and Individual Analyses Risk Analysis ε [79]

12 Teigen KH 1988 Societal risks as seen by a Norwegian public Journal of Behavioral Decision Making ε [89]
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4. Discussion
4.1. Interpretation

As a basis for discussion, Table 7 summarizes the main findings of the analyses,
answering the research questions listed in Section 2.1.

Analysis of the annual trend of the outputs in the risk perception research domain in
Section 3.1.1 shows that the domain has witnessed fast-accelerating growth, especially over
the last two decades. This indicates a growing interest in risk perception of a wide range of
risk issues as a research topic. Nevertheless, this growth should be contextualized in a wider
development in academic publishing, where publication rates have dramatically increased
in the entire scientific enterprise [90]. Similar trends of a fast increase in publication outputs
have been observed in other risk and safety related scientometric analyses [30]. Hence, it is
not entirely clear if the increased output in risk perception is due to its increased importance
in societal decision making, or due to internal dynamics of the academic enterprise.

Table 7. Summary of the main findings in response to the research questions of Section 2.1.

Question Theme Key Results

RQ1 Publication trends Low productivity between 1964 until ca. 1990, from then onwards exponential
increase.

RQ2a Geographic patterns
Publications originate mainly from western countries, with the USA, UK,
Australia, Canada, and Germany leading contributors in terms of overall

productivity. China is is the leading non-western country.

RQ2b Temporal patterns
Sweden, USA, and Switzerland were dominant in earlier years of the research
domain. China, South Korea, and Italy are more recently active. Research from

Sweden and the USA are most highly impactful.

RQ3 Scientific categories
Most research originates from the ‘Public, environmental & occupational

health’, ‘Environmental sciences’, and ‘Psychology, multidisciplinary’
categories.

RQ4 Thematic keyword clusters

Keywords are clustered in ‘Medical issues and health’, ‘Natural hazards and
major disasters’, ‘Traffic accidents’, ‘Technological and industrial risks’,

‘Consumer trust and acceptance’, ‘Epidemiology and public health’, and
‘Human Immunodeficiency Virus’.

RQ5 Temporal evolution of keywords
Across the thematic clusters, recent keywords are ‘climate change’,

‘e-commerce’, ‘vulnerability’, ‘intentions’, ‘management’, ‘acceptance’,
‘meta-analysis’, and ‘awareness’.

RQ6 Co-citation clusters
The largest co-citation clusters are ‘Emotion-based model’, ‘Flood risk’, ‘Traffic

accidents’, ‘Environmental hazard’, and ‘Cross-national comparison’, with
‘Flood risk’, and ‘e-commerce transaction’ the two most recent ones.

RQ7 Key documents The top five highly cited references in the largest co-citation clusters are listed
in Table 6.

In terms of the geographical distribution of the research outputs shown in Section 3.1.2,
most of the risk perception research originates from western countries. The recent strong
increased research output from the People’s Republic of China is an exception to this, and
there are small numbers of research outputs distributed across the globe. Considering that
risk perceptions are rooted in personal experiences, social communication, and cultural
traditions [1], this focus on western societies may be a weakness. Considering the early recog-
nition that risks are mediated in different ways across disparate cultural traditions [91,92],
the relative dearth of risk perception research in nonwestern cultural traditions may imply
that current theories and approaches are not well suited for understanding risk perceptions in
cultures with fundamentally different social traditions, world views, or knowledge systems.

The analysis of scientific categories (Section 3.1.3) shows that risk perception is a
highly interdisciplinary research domain. It is rooted strongly in the ‘Psychology & Social
sciences’ scientific domain, with multidisciplinary-oriented scientific categories such as
‘Psychology, multidisciplinary’ and ‘Social sciences, interdisciplinary’ being strongly repre-
sented. Of the scientific clusters associated with phenomena or activities concerning which
risk perceptions are studied, the dominant clusters are ‘Ecology and Environmental Science
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& Technology’ and ‘Biology & Medicine’, indicating that most risk perception research is
associated with natural hazards, pollution, epidemics, health, and specific diseases.

In terms of the thematic clusters on which risk perception research has focused in the
study period (Section 3.2), it appears that the domain orients itself largely towards issues
of contemporary societal relevance. Medical and health issues are continued concerns, but
the focus within those seems to shift. For instance, before 2010 there was a focus on the
Human Immunodeficiency Virus, whereas cancer-related risk perceptions are continuously
studied, and epidemics appear to get more focus following a major outbreak such as the
SARS crisis in East Asia. Societally impactful events such as natural hazards and terrorism
have gained significance during the last two decades, with the focus on extreme weather
events such as flooding, climate change, and earthquakes. Developments in technology
also appear to be a major driver for risk perception research with, for instance, the recent
focus on online commerce, information technology, and security. Finally, traffic-related risk
perceptions appear to be an ongoing focus area.

Considering the research fronts (Section 3.3), it is evident that risk perception origi-
nated from a practical need to understand customer perceptions. Thereafter, there has been
a focus on theoretical and methodological progress, which appear to have been less active
in more recent times. In contrast, more recent research fronts have been mostly on applied
research issues, addressing perceptions related to particular issues of societal concern.

4.2. Future Research Directions

As observed in Section 4.1, risk perception research in is very focused on western
societies. The need for future risk perception research on nonwestern societies and knowl-
edge systems, and the importance of cross-cultural comparisons, is argued as well for
other culturally mediated phenomena, such as safety culture [93]. Future research in this
direction may lead to new conceptual and theoretical insights, advancing the fundaments
of risk perception research. It can also be important in the context of contemporary de-
velopments and future risks. For instance, in the context of climate change and increased
shipping activities in the Arctic, shipping risks represent uncertain and ambiguous risks
in a risk governance context, in which risk perceptions are important to consider [94]. In
the Arctic, indigenous communities with substantially different worldviews, relying on
different knowledge systems, may form perceptions in a different manner and mediate
them in other ways in their decision-making processes. Understanding this from a risk
perception viewpoint may lead to better risk governance.

The severity of impact is commonly found to be the most important risk dimension
for forming risk perceptions [1,18]. Given this, it is interesting to compare the dominant
patterns in past risk perception research to the current major global risks. According
to The Global Risks Report 2020 [95], the top 10 most impactful risks are as follows:
(1) climate action failure, (2) weapons of mass destruction, (3) biodiversity loss, (4) extreme
weather, (5) water crises, (6) information infrastructure breakdown, (7) natural disasters,
(8) cyberattacks, (9) human-made environmental disasters, and (10) infectious diseases.

Of these, it is noteworthy that some risks which have been highlighted as serious global
threats have not received as much scientific attention as others. For instance, while risk
perceptions of nuclear waste were in focus, especially in the USA, in earlier research, themes
around nuclear or biochemical weapons, or risks related to autonomous weapon systems,
are not a large focus topic. Likewise, biodiversity loss is not detected as significant thematic
clusters in the analysis of Section 3.2, although ‘Ecology and Environmental Science &
Technology’ is a main scientific cluster within risk perception research. Nevertheless,
biodiversity loss has been known to be very important global challenges for a long time [96].
It would be interesting in future research to understand why risk perception research has
not much focused on biodiversity loss, and to perform more work on advancing the
understanding of related topics.

Risk perceptions related to new technologies are likely to be an important area of
future work. As seen in the results of Sections 3.2 and 3.3, technological risks have been
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in focus for a long time. However, the technologies in focus have changed over time
with, e.g., early focus on nuclear technology and waste, and more recently on information
technology and online security. With the increased interconnectivity of technical systems,
digitalization, and automation, and other future technology developments [97], new risks
emerge. Some risk perception work in this direction has recently been undertaken related,
for example, to cybersecurity risks [98] and risks of automated vehicles [99]. This may be a
fruitful direction for future research, and also for maritime transportation, in the context of
risk governance of future autonomous vessels [100].

Another direction for future scholarship is to perform further in-depth reviews of the
risk perception literature, focusing on aspects arising from the current work. For instance,
as observed in Figure 3, much of the risk perception literature originates from western
countries. However, due to the limitations of the applied scientometric analysis methods,
no insights were obtained into the specific topics, themes, or focus issues of each country.
A narrative review could be performed to ascertain the patterns existing in the relation
between countries and research topics. A further direction for narrative reviews could
be a detailed analysis of (a subsection of) the literature in terms of societally relevant
frameworks. For instance, it could be investigated how the risk perception literature
relates to Sustainable Development Goals (SDGs) [101], or to the highest risks on a global
scale [95], where these high-level frameworks could be taken as a basis for interpreting
the risk perception literature. Acknowledging that understanding risk perceptions is
important, especially for large-scale problems characterized by complexity, uncertainty, and
ambiguity, such focused narrative reviews could contribute to responsible risk governance
in support of sustainable development. Narrative reviews of the work in specific thematic
keyword clusters identified in Section 3.2 would also be important to identify future
research directions in these themes.

A final future research direction relates to the finding of Section 3.1.1. While risk per-
ception research has seen a very significantly increased volume, it is not clear whether this is
because of internal dynamics of academic publishing, or whether this is because risk percep-
tions research is more often used. Research on whether risk perception research is actually used
in, for instance, patient communication in healthcare settings, or in societal risk governance
and decision making, and how the results can be used effectively, could be worthwhile.

4.3. Limitations of the Work

As a final point of discussion, it is important to reflect on several limitations of the
presented work. First, the analysis is based on the search strategy described in Section 2.2.
Choices in this search strategy, such as the use of the WOSCC database, the title-based search,
and the applied search terms, naturally affect what articles are found. Using other databases,
such as Scopus or SciFinder, or adopting an abstract-focused search with other search terms,
may lead to a somewhat different dataset. The language restriction to research published
in English may also lead to some blind spots in the analysis. For instance, it is plausible
that authors of some non-English speaking countries would prefer to publish in their native
languages, which can bias the results of Figure 3 concerning the geographic distribution of
the research activity. Differences in research traditions due, for example, to a preference of
publishing in books rather than in journals, could also result in some biases in the results.
Finally, the availability or scarcity of funding sources to perform work on risk perception may
differ significantly between countries, which can also contribute to the publication patterns
observed in Section 3.1.2.

A specific issue in the analyses of temporal evolutions of risk perception research such
as those presented in Sections 3.1.3 and 3.2, is that the average publication year is used as
a metric. Averages may hide significant information about the shape of the underlying
distributions, e.g., in cases where there is a large variance or skewness. Nevertheless, mean
values are commonly adopted in scientometric research to obtain high-level insights into
temporal trends, as they usually suffice to obtain insights in the narrative patterns of how
a research domain evolves [30].
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Another possible weakness of scientometric analyses is that they focus on total number
of citations to determine impact, and to detect patterns. A first limitation of this approach is
that there is a delay in the analyses, because it takes time before citations accumulate, so that
significant contributions are distinguished from others. This can be observed, for instance, in
Table 4, where the average citation rate of journals which only recently started to focus on risk
perception research are generally comparatively low. Another analysis where this may affect
the results somewhat is the temporal analysis of thematic clusters in Section 3.2, where more
recent topics are generally less frequently cited. Second, the focus on citation metrics as a
proxy for impact and significance of research contributions has been widely debated [102,103].
While citations are not necessarily indicative of research quality and are open to various types
of manipulation [104], they do provide high-level insight into how a research field develops
and what it concerns itself with. In this regard, it is important to note that a high number of
citations to an article does not imply it is correct, significant, or impactful beyond its academic
context. High citation metrics should, rather, be understood as simply having a large influence
on the development of a research domain.

Finally, while scientometric analyses are useful to obtain high-level insights into struc-
tural developments and patterns in a research domain, the techniques are not very suitable
to detect gaps in the research and cannot detect relatively recent developments. This is
because they rely on citation information as explained above. Other reviews methods,
such as critical reviews, meta-analyses, and systematic reviews, are more appropriate for
obtaining qualitative in-depth insights [29]. As indicated in the introduction, several such
narrative reviews have already been published about the subdomains of risk perception
research. The current work should be seen as complementary to those, while giving rise to
further avenues for reviews as discussed in Section 4.2.

5. Conclusions

In this article, a scientometric analysis of the risk perception research domain was
performed, which spanned from 1964 to 2019. Using various scientometric methods and
visualization tools, the focus was first on overall publication trends and geographical and
temporal patterns in research productivity. It was found that research volume has seen
an exponential increase, and since the early 2000s a very significant increase. The domain
is very strongly dominated by research from western countries, with the United States of
America by far the largest contributor. Recently, the People’s Republic of China has become
very active, as one of the few non-western countries with a significant research output. The
research impact varies significantly across countries, with Sweden and the United States of
America having largest research impact.

An analysis of the scientific categories and journals as knowledge carriers shows
that risk perception research is strongly rooted in ‘Psychology and Social sciences’, with
various multidisciplinary scientific categories contributing to the domain. Risk perception
is furthermore highly interdisciplinary. Mathematical methods are used to quantitatively
analyze factors in risk perceptions, and the risk issues addressed span a variety of scientific
domains, primarily from ‘Ecology and Environmental Science & Technology’ and ‘Biology
and Medicine’, with the most significantly contributing scientific categories including
‘Environmental sciences’ and ‘Oncology’. Nevertheless, the analysis of scientific categories
shows a very wide diversity in scientific categories corresponding to the diverse focus
issues about which risk perceptions are studied.

The analysis of the thematic clusters shows that there are seven major themes on
which risk perception research has focused. These concern ‘Medical issues and health’,
‘Natural hazards and major disasters’, ‘Traffic accidents’, ‘Technological and industrial
risks’, ‘Customer trust and acceptance’, ‘Epidemiology and public health’, and ‘Human
Immunodeficiency Virus’. The temporal evolution of topics within these shows that the
research follows contemporary societal concerns, which can be expected to continue in the
future. The themes addressed are largely in line with major global risks. Important risks



Sustainability 2021, 13, 13188 23 of 26

which, somewhat surprisingly, have not received much attention include risks related to
weapons of mass destruction and risks related to biodiversity loss.

Finally, a co-citation analysis revealed a temporal evolution of research fronts and
associated key documents, providing insight into the evolution of important research
contributions over time. This shows that an early focus in risk perception research was
related to consumer choice decisions (which is also the topic of the very first article on risk
perception). Thereafter, focus shifted towards understanding the risk phenomenon itself,
with theory building and a focus on developing appropriate taxonomies and measurement
methods. The results indicate that the emotion-based model is the latest significant theory-
focused research front. Other research fronts are associated with application-specific
and topic-specific risk issues. Here, an evolution can be seen from traffic accidents and
environmental hazards to cross-national comparisons of radiation risks and breast cancer.
Most recently, the research fronts have focused on risk perceptions related to e-commerce
transactions and flood risk.

Based on the results, acknowledging the limitations of the presented work, several fu-
ture research directions are given. These include the need to focus more on risk perceptions
in nonwestern societies because, as a culturally mediated phenomenon, different theoretical
approaches and knowledge may be needed. More focus could also be directed to large
scale global risks such as loss of biodiversity, and emerging risks such as cybersecurity and
risks associated with new technologies such as the increased automation in transportation
contexts. Furthermore, research on the effective use of risk perception research outputs
would be worthwhile. Finally, scientometric analysis provides additional pathways for
in-depth narrative reviews, which would provide further detailed insights into patterns
(e.g., specific focus themes in different countries, and publication trends in relation to the
Sustainable Development Goals), and avenues for future scholarship.
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