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Abstract: What are the current trends in intelligence research? This parallel bibliometric analysis
covers the two premier journals in the field: Intelligence and the Journal of Intelligence (JOI) between
2013 and 2022. Using Scopus data, this paper extends prior bibliometric articles reporting the
evolution of the journal Intelligence from 1977 up to 2018. It includes JOI from its inception, along
with Intelligence to the present. Although the journal Intelligence’s growth has declined over time, it
remains a stronghold for traditional influential research (average publications per year = 71.2, average
citations per article = 17.07, average citations per year = 2.68). JOI shows a steady growth pattern
in the number of publications and citations (average publications per year = 33.2, average citations
per article = 6.48, total average citations per year = 1.48) since its inception in 2013. Common areas
of study across both journals include cognitive ability, fluid intelligence, psychometrics–statistics,
g-factor, and working memory. Intelligence includes core themes like the Flynn effect, individual
differences, and geographic IQ variability. JOI addresses themes such as creativity, personality, and
emotional intelligence. We discuss research trends, co-citation networks, thematic maps, and their
implications for the future of the two journals and the evolution and future of the scientific study
of intelligence.

Keywords: bibliometric analysis; scientometrics; intelligence

1. Introduction

The scientific study of intelligence has a long and important history of empirical and
theoretical contributions. The field of intelligence research has always been multidisci-
plinary, as cognitive abilities have shown extensive networks of correlations with numerous
other phenomena commonly studied across scientific disciplines including psychology, ed-
ucation, cognitive science, and neuroscience (Hunt 2010; Jensen 1998). A large proportion of
studies have been published in the journal Intelligence, founded in 1977; however, studies
also appear in journals that span the scientific enterprise. Founded in 2013, the Journal of
Intelligence (JOI) has become a recognized journal that focuses on the study of intelligence
alongside the journal Intelligence. Thus, to uncover the evolution of intelligence research,
it is important to examine the research that is published in each of these influential journals
to understand not only how intelligence research has evolved to date, but also where it
might be going in the future.

This study is an extension of prior bibliometric studies done by Wicherts (2009), Pesta
(2018), and Pesta et al. (2018). Wicherts (2009) reported the evolution of research in the
journal Intelligence from its inception in 1977 until 2007. Pesta (2018) then updated Wicherts’
work including publications in Intelligence between 2008 and 2015. Subsequently, Pesta
et al. (2018) conducted a thematic analysis of article keywords in Intelligence between
2000 and 2016. The first two studies were published in Intelligence, and the latter was
published in JOI. Building on these efforts, this paper includes bibliometric analysis of
the open access journal JOI since its inception in 2013, as well as the journal Intelligence
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over the same period. Prior bibliometric work of the journal Intelligence focused on
the extent to which keywords were predictive of the number of citations and research
influence. In our analysis, we focused on the dynamic nature of the field and examined the
relationships among several bibliometric components within the journals, informing the
evolution of the field. This study tracks the evolution of how both journals’ contributions
have increased and influenced the wealth of knowledge about the scientific study of
intelligence in education, psychology, and multidisciplinary fields. Our work combines
previous approaches to bibliometric analysis of the journal Intelligence reporting the relative
influence of documents published in Intelligence and JOI based on number of citations and
author- and journal-level impact metrics. Additionally, we provide a description of the
evolution of themes over the past 10 years and current trends in the field using keyword
analysis and a discussion of the 10 most-cited documents in each journal.

To understand the publication and thematic trends in the field of intelligence in the
last decade, we addressed the following research questions for JOI and Intelligence:

What are the patterns of publications and citations?
Who are the leading and most influential researchers?
What are the most cited papers?
What are the co-citation patterns?
What are the overall thematic trends?
What are the current thematic trends?

2. Materials and Methods

Bibliometric analysis is a scientific mapping strategy to identify the primary streams
of research over a given time, context, and fields (Van Eck and Waltman 2007). To make
a fair comparison, we considered only articles published within the same time frame.
Using the database Scopus, we compiled all the publications from both journals between
1 November 2013, and 31 December 2022. This period starts with JOI’s first volume,
published in December 2013, and with Intelligence Volume 41, issue 6. We included
periodical publications and special issues as both types of publications contribute to the
field of intelligence conceptually and empirically. Separate databases were created for each
journal. Each database included 31 columns containing information about authors’ names,
document titles, keywords, abstracts, type of document, authors’ affiliations, total citations
in Scopus, publication date, and reference list. We cleaned the resulting datasets using
R code for metatag extraction and citation reference management (Aria and Cuccurullo
2017). This R function segmented each document’s reference list into three additional data
columns containing the first author’s last name and year, title, and journal.

Keyword lists often contain synonyms and non-standard words that are used to
describe the same topic. To consolidate the trends in keywords, we used Pesta et al.’s
(2018) coding book to classify related keywords. Pesta et al. (2018) created umbrella
terms or categories to group commonly used keywords and synonyms across similar
studies. For example, the term “g-factor” was used to categorize other terms like “g”,
“general mental ability” and “general cognitive ability.” To correctly classify the number
of keywords, we standardized spelling to American English for convenience and reduced
plurals to their singular form. For instance, words like “ageing, behaviour, and modelling”
were replaced for equivalents “aging, behavior, and modeling”. To classify keywords, we
created a mapping algorithm using the Pandas and NumPy libraries on python (Harris
et al. 2020). For each publication, the algorithm looked at the list of keywords from each
article and compared the keywords with the list of categories and synonyms created by
Pesta and colleagues. For each keyword matching a category, the keyword was replaced
with the corresponding category. If there was no match after checking all synonyms, the
algorithm retained the old keyword. We borrowed 36 pre-established categories and added
11 new categories (see Supplemental Materials). For instance, the new categories included
terminology sets such as creativity (creative thinking, innovate, creative achievement,
creative aptitude) and artificial intelligence (AI, machine learning, computational modeling,
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deep learning, brain–computer interface). To prevent the occurrence of duplicates, only one
main category was preserved per article. For example, an article containing the keywords
personality-intelligence interface; academic achievement; school performance; latent interaction
effect; fluid intelligence; five factor model; personality was reduced to include only personality;
education; latent interaction effect; and fluid intelligence.

To assess the impact of each journal, we used global and local metrics. We extracted
global metrics from three external bibliographic index sources: Scopus, Clarivate, and
ScimagoJR (the largest bibliometric databases ranking scientific journals). Common global
metrics include journal impact factor, cite score, and h-index. Local metrics were derived
from the downloaded data. We analyzed the data using the R package Bibliometrix 4.1 (Aria
and Cuccurullo 2017; version 13 January 2023). Basic bibliometric elements including num-
ber of publications, citation trends, most influential researchers, and keyword frequency
were identified in each journal database using the summary function and complemented
with Scopus metrics. Summary local metrics only account for items in the database. In this
case, metrics are calculated on the collection of documents published by each journal and
do not reflect author publication metrics outside of JOI and Intelligence.

To assess author influence, we considered the local h-index, g-index, and m-index. The
local h-index is the number of h publications with at least h citations within each journal
database. For example, an author with an h-index of 10 in JOI has at least 10 documents
with at least 10 citations in that journal. To assess the g-index, all articles in each database
were ranked in decreasing order of total citations. Then, we squared the rank of each article.
The g-index was the largest square rank number, such that the top g articles received,
together, at least g2 citations. The g-index advantage over the h-index is that it gives
credit both to documents with high citations (highly influential) while maintaining the
contributions of less cited documents (Egghe 2006). The local m-index is the authors’ local
h-index divided by the total number of years an author has actively published in the journal.
To examine the most influential articles, we ranked and discussed the most cited documents
in both journals.

To establish relationships among authors, references, and keywords, we performed
network analysis and visualization of networks to represent relationships using the func-
tions biblionetwork and thematicmap. These functions allowed us to select the common
classification item in the dataset to (a) use the reference column to produce the co-citation
network, (b) count the keywords list and produce a co-occurrence network, and (c) com-
bine keywords, authors, and papers to produce a thematic map. Patterns of co-citation
inform the extent to which prior research has influenced publications in Intelligence and
JOI between 2013 and 2022. To analyze thematic trends, we visualized keyword frequency
over time and produced the co-occurrence network for keywords across publications. Co-
occurrence networks helped us link keywords commonly used across different papers (Liu
et al. 2015). The thematic map function constructs relationships among keywords, papers,
and authors to establish the development stage of each topic in the field. We used the
VOSviewer application to visualize network data exported from Bibliometrix.

3. Results

We retrieved and downloaded bibliometric data for a total of 1101 documents from
Intelligence (n = 712) and JOI (n = 389). Impact metrics, number of publications, citations,
authors, keywords, and references position Intelligence as the premier venue for publi-
cations in the field between 2013 and 2022. Table 1 shows a summary of each journal’s
characteristics according to the database compiled. The impact factor shows the relative
influence of a journal based on the number of publications and citations. It is measured
by the total number of citations in the current year divided by the number of documents
published during the previous two years. For 2022, Intelligence had an impact factor of
3.613, whereas JOI reported 3.176 according to ScimagoJR. Similarly, the Cite Score metric
indicates the total number of citations received by a journal in the last four years of publish-
ing activity divided by the number of documents published in that period. For the most



J. Intell. 2023, 11, 35 4 of 21

recent period assessed in Scopus (2018–2021), Intelligence had a Cite Score of 5.5 and JOI
had a Cite Score of 4.

Table 1. Summary of Intelligence and JOI publication bibliometric data.

Description Intelligence JOI

Journal Metrics
Impact Factor (Clarivate Analytics) 3.613 3.176
Cite Score (Scopus) 5.5 4.0
Global h-index (ScimagoJR) 98 18
Local h-index (since 2013) 49 22
Local g-index 74 34
Local m-index 4.45 2
Total Citations 12,605 2520
Core information about data 2013–2022
Documents 712 389
Annual growth rate 18.08 46.85 1

Document average age 5.83 years 3.47 years
Average citations per document 17.07 6.48
Average citations per year per document 2.68 1.48
References 34,729 24,285
Authors keywords 1548 1327
Authors
Total authors 1411 878
Unique authors of single-authored documents 79 61
International co-authorships 37.78% 27.60%
Author Collaboration
Single-authored documents 132 85
Documents per author 0.50 0.44
Co-authors per document 3.34 2.81
Document Types
Article 641 322
Editorial 10 13
Letter 3 3
Note/errata 27 27
Review 31 24

1 For the year 2013, starting on November 1st, only 4 documents were published in JOI and 13 in Intelligence.
This is the baseline to calculate publication growth.

3.1. Publication and Citation Trends

Since 2013, Intelligence has published 712 articles (six volumes per year) and at-
tracted 1411 authors. JOI has published 389 articles (four volumes per year) and attracted
878 authors. Figure 1 shows citation and publication trends for the two journals between
2013 and 2022. Overall, Intelligence published the most documents per year (M = 71.2,
SD = 31.85), with an average of 17.09 citations per document. JOI shows a steady and
accelerated growth pattern in the number of publications, with an average annual growth
rate of 46.85%. This growth was influenced by the lower number of publications during
the year 2013 (n = 4) and the subsequent increase during the following years. These gaps,
however, have narrowed over time. Intelligence shows a publication rate of 18.08% over
the period of analysis, and this trend is due to a greater number of publications during the
years 2014 (n = 125) and 2015 (n = 107), which then reduced to less than 82 articles each
subsequent year. JOI has had, on average, 33.2 publications per year (SD = 22.06) with an
average of 6.48 citations per document since its inception in 2013. Following this growth
trend, JOI’s number of publications surpassed Intelligence during 2021 and 2022.
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3.2. Most Productive and Influential Authors

To list the most productive and influential authors, we ranked each journal’s list
of authors using the number of publications, local g-index, and h-index for all papers
published between November 2013 and December 2022. The g-index is the largest square
rank number such that the top g articles ranked from higher citation to lower citation
received together at least g2 citations. In other words, the g-index is the largest perfect
square number equal or smaller to the summation of total citations. For example, Robert
Sternberg has 156 citations in JOI; ranked in descending order by number of citations, out of
19 articles, his 12th publication squared is equal to 144, which is the perfect square smaller
or equal to the total citation count of 156 (122 = 144 < 156). The local h-index was calculated
separately for each author while considering the h number of publications with at least h
citations in each journal. This index is also independent of an author’s global h-index based
on total publications and citations in other journals throughout their scholarly career. For
example, Andreas Demetriou publishes in Intelligence and JOI. Overall, this researcher has
a global Scopus h-index of 27 (22 h-index adjusted for self-citations) for 107 documents and
2502 citations in his entire career. However, in our analysis, Demetriou has a local h-index
of 9 for 12 publications in Intelligence and a local h-index of 4 for six publications in JOI.

Collectively, the top 10 authors in Intelligence account for ~22.5% of total publications
and ~24% of total citations. Intelligence attracts influential and productive researchers
who have published at least 14 articles in the last 10 years with at least 214 citations. In
JOI, the top 10 authors represent 17.7% of total publications and 31.74% of total citations.
Table 2 shows a summary of the most productive and influential researchers in the field of
intelligence. Intelligence attracts influential and productive researchers who have published
at least 11 articles in the last 10 years with at least 214 citations. In this citation-based rank,
Ian Deary is the most cited author in Intelligence with a total of 23 articles and 655 (5.2%)
citations between 2013 and 2022. For JOI, R. has a total of 19 publications and 156 citations.
In this regard, a more accurate measure of an author’s productivity is the fractionalized
number of publications, which accounts for the total number of publications divided by
the total number of co-authors. In JOI, R. Sternberg has 12.75 fractionalized publications,
being the first author in all of them. In Intelligence, the researcher with the highest record
of fractionalized publications is Gilles Gignac with 14.75 publications. Self-citation was
common for authors in both journals. Self-citation averages varied by author; I. Deary
(Intelligence) and R. Sternberg (JOI) used self-citation more frequently than other authors.
However, the number of local self-citations did not affect the ranking, as the majority of
citations referred to work published before 2013 and outside Intelligence and JOI.
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Table 2. Most influential and productive authors.

Journal Local
g-Index * Author Total

Papers
First

Author
Fraction
Papers

Local
h-Index

Local
m-Index

Global
h-Index **

Adjusted
h-Index

Self-Cite **

Total
Citations

Average
Citations

Average
Self Cites

Percent
Journal

Cites

INT 23 Deary IJ. 23 4 6.78 13 1.3 152 144 655 28.48 13.09 5.2%
INT 23 Gignac G. 23 18 14.75 13 1.3 31 29 551 23.96 5.09 4.4%
INT 20 Te Nijenhuis J. 20 10 5.38 12 1.091 23 21 432 21.60 5.05 3.4%
INT 20 Lynn R. 24 7 9.77 11 1 40 38 429 17.88 8.42 3.4%
INT 16 Greiff S. 16 1 4.53 8 1 31 26 274 17.13 9.13 2.2%
INT 14 Wilhelm O. 14 1 4.05 10 1 38 35 257 18.36 7.43 2.0%
INT 13 Coyle TR. 15 13 10.12 9 0.9 23 19 191 12.73 6.33 1.5%
INT 13 Colom R. 13 0 4.05 7 0.7 44 41 182 14.00 6.77 1.4%
INT 12 Demetriou A. 12 7 3.44 9 0.9 27 22 277 23.08 10.50 2.2%
INT 11 Spanoudis G. 11 0 3.77 8 0.8 22 18 214 19.45 8.18 1.7%
JOI 12 Sternberg RJ. 19 19 12.75 8 0.8 94 88 156 8.21 15.95 6.2%
JOI 9 Wilhelm O. 9 2 3.13 5 0.625 38 35 91 10.11 10.67 3.6%
JOI 8 Schubert AL. 8 3 2.40 6 0.75 15 14 127 15.88 3.38 5.0%
JOI 6 Forthmann B. 6 3 1.73 3 0.75 14 11 46 7.67 2.50 1.8%
JOI 6 Greiff S. 6 2 1.87 3 0.333 31 26 48 8.00 1.67 1.9%
JOI 6 Demetriou A. 6 5 1.94 4 0.571 27 22 57 9.50 9.67 2.3%
JOI 6 Schmitz F. 6 3 2.04 5 0.625 19 18 76 12.67 7.17 3.0%
JOI 6 Ziegler M. 6 3 2.65 4 0.4 31 28 82 13.67 8.00 3.3%

JOI 6 Frischkorn
GT. 6 2 1.95 5 0.625 10 9 89 14.83 5.00 3.5%

JOI 6 Van der Maas
HLJ. 7 2 1.40 4 0.4 46 45 171 24.43 3.86 6.8%

* Articles are ranked based on the g-index = top g articles with g citations in the database. ** Global and
adjusted h-indexes are used for comparison of authors’ influence outside Intelligence and JOI. INT = the journal
Intelligence.

3.3. Co-Citation Patterns in JOI and Intelligence

Co-citation patterns indicate existing networks articulating conceptual trends and
collaborative communities in a field (Boyack and Klavans 2010). In a co-citation network,
links are created using an article’s reference list. When two documents are cited together,
they are linked with a line, and each document becomes a node in the network. Multiple
associated co-citations create clusters that can be interpreted as the body of knowledge
influencing current research. Figures 2 and 3 show the co-citation patterns of authors that
were cited by papers published in Intelligence and JOI, respectively, between 2013 and 2022.
The clusters represent the most common sources that have influenced Intelligence and JOI
publications. The co-citations in Intelligence included three main clusters of articles. Cluster
one (red) included 14 articles related to models, theories, and components of intelligence.
Cluster two (green) included 11 articles with common themes revolving around the Flynn
Effect, spearman’s g-factor, and the relationship between g and cognitive tasks. Cluster
three (blue) included five articles by Richard Lynn related to the study of geographic, ethnic,
and racial differences in intelligence. The co-citation pattern does not account for author’s
self-citation, and the size of the node and proximity reflect how frequently two articles are
cited together.

The JOI co-citation network showed six sparsely connected clusters. All the clusters
revolved around the foundational work of primarily Carroll (1993) and secondarily Cattell
(1987). These co-citations are mainly related to models and theories of intelligence such
as the Cattell–Horn–Carroll model of intelligence, Ackerman’s (1996) Theory of Adult
Intellectual Development, and Sternberg’s (1985) Triarchic Theory of Intelligence. The
green cluster included seven articles focused on the relationship between intelligence and
other constructs such as academic achievement, personality, and motivation. The red
cluster included articles about memory retrieval, speed of information processing, and
the relationships of IQ, skin color, and geographic variables. The blue cluster included
co-citations on the relationship between intelligence and education.

3.4. Most Cited Works between 2013 and 2022

The number of citations often correlates with an article or a researcher’s popularity
and influence in a field (Chan and Grill 2022). We examined the 10 most-cited articles in
each journal to understand what types of publications received more attention between
2013 and 2022. Table 3 shows a summary of article author, title, type of article, and citations.
A notable difference between the two journals was in the article type. When comparing
the two journals, with one exception—a response about criticism on the role of expert
performance (Ericsson 2014)—most articles published in Intelligence documented data-
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driven studies: six empirical studies and two meta-analyses. The articles published in
JOI included four conceptual studies, four empirical studies, a review, and a commentary
article. Of the twenty articles, seven articles (six in JOI and one in Intelligence) focused on
the use of models in intelligence and existing debates on their factorial structure (Beaujean
2015; Cucina and Byle 2017; Eid et al. 2018; Gignac 2016; Morgan et al. 2015; Van Der Maas
et al. 2017; van der Maas et al. 2014). Two articles in Intelligence focused on the relationship
between creativity and intelligence (Benedek et al. 2014; Karwowski et al. 2016). In JOI,
two articles addressed the personality–intelligence relationship and academic achievement
(Bergold and Steinmayr 2018; Rammstedt et al. 2018).
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Hambrick et al. 2014. Deliberate 
Practice. Is that all it takes to be-
come an expert? 

203 Empirical 
Kyllonen and Zu. 2016. Use of re-
sponse time for measuring cogni-
tive ability 

59 Review 

Figure 3. Co-citation network of articles cited in JOI. Author names are represented in the format
of last name and first and/or second initial. For example, sternberg r. j. 1985 indicates publication
in the Scopus database led by Robert J. Sternberg published in 1985 about the Triarchic Theory of
Intelligence, which is commonly co-cited with Gardner’s (2011) theory of Multiple Intelligences. Size
of text and node represent relative level of prominence in the network.
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Table 3. Most cited articles in Intelligence and JOI between 2013 and 2022. Citation count taken on 13
January 2023 through Scopus.

Article Citations Type Article Citations Type

Benedek et al. 2014.
Intelligence creativity and
cognitive control

372 Empirical
Morgan et al. 2015. Are fit
indices biased in favor of
bi-factor models

109 Empirical

Roth et al. 2015. Intelligence
and school grades.
Meta-analysis

255 Meta-analysis
Van Der Maas et al. 2017.
Network models for
cognitive development

78 Theoretical Conceptual

Hambrick et al. 2014.
Deliberate Practice. Is that
all it takes to become an
expert?

203 Empirical
Kyllonen and Zu. 2016. Use
of response time for
measuring cognitive ability

59 Review

Condon and Revelle. 2014.
The international cognitive
ability resource

178 Empirical
Beaujean. 2015. John
Carroll’s views on
intelligence

54 Theoretical Conceptual

De Keersmaecker and Roets.
2017. Fake news incorrect
but hard to correct

159 Empirical
Cucina and Byle. 2017. The
bifactor model fits better
than higher order models

54 Empirical

Basten et al. 2015. Where
smart brains are different.
Meta-analysis

157 Meta-analysis
Van Der Maas et al. 2014.
Intelligence is what
intelligence tests measure.

50 Comment

von Stumm and Plomin.
2015. Socioeconomic status
and the growth of
intelligence

145 Empirical

Bergold and Steinmayr. 2018.
Personality and intelligence
interact to predict academic
achievement.

41 Empirical

Karwowski et al. 2016. Is
creativity without
intelligence possible?

136 Empirical

Eid et al. 2018. Bifactor
models for predicting
criteria by general and
specific factors.

38 Empirical

Gignac. 2016. The
higher-order model imposes
a proportionality constraint

123 Empirical

Sternberg. 2019. A theory of
adaptive intelligence and its
relation to general
intelligence

37 Theoretical conceptual

Ericsson. 2014. Why expert
performance is special and
cannot be extrapolated.

117 Response

Rammstedt et al. 2018.
Relationships between
personality and cognitive
ability: a facet-level analysis

37 Empirical

Two meta-analyses (Intelligence) and a review (JOI) synthesized research on intelli-
gence. Basten et al. (2015) focused on individual differences and brain function. Roth et al.
(2015) investigated relationships between intelligence, school achievement, and potential
moderators. Kyllonen and Zu (2016) synthesized existing literature on the role of response
time and cognitive ability. In 2014, Intelligence published a special issue on the debate
and research about expertise and ability. Two articles from this issue ranked among the
most cited articles: Hambrick et al. (2014) critiqued the work of Ericsson et al. (1993) and
provided evidence on how deliberate practice is not the only construct explaining expert
performance. In the same issue, Ericsson (2014) responded to some of the criticisms of the
1993 article.

Finally, four unrelated articles (three in Intelligence and one in JOI) addressed separate
topics of interest to the field. Condon and Revelle (2014) evaluated the psychometric
properties of the International Cognitive Ability Resource, an open-access instrument to
measure intelligence globally. von Stumm and Plomin (2015) used latent growth models
to assess the IQ gap between low SES and high SES children. De Keersmaecker and
Roets (2017) presented experimental results on the relationship between ability level and
adjustment of views regarding fake news. Finally, Sternberg (2019) proposed a theory of
adaptive intelligence and its role on human survival as a species.

3.5. Keyword Analysis and Thematic Trends

Aside from the number of citations, keyword frequency is another popular and in-
formative indicator of the main themes of interest in a research field. Table 4 shows a
summary of keyword frequency using Pesta et al.’s (2018) categories. Excluding the general
term intelligence, there were similarities in the themes of study shared by the two journals.
For example, common top ten keywords in JOI (23.75% of documents) and Intelligence
(40% of documents) included cognitive ability, fluid intelligence, working memory, general
intelligence, education, and psychometrics. However, the journals differed in the frequency
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that these topics were addressed. For example, the top 30 keywords in Intelligence made
up 77% of the articles, while JOI top 30 keywords only covered 41.15% of total articles. The
first keyword category in JOI was creativity, covering 3.62% of published articles and for
Intelligence, intelligence–cognitive ability appeared in 8.6% of articles.

Table 4. Keyword frequency for Intelligence and JOI.

Intelligence JOI

Rank Words Count Percent Rank Words Count Percent

* Intelligence 255 16.47% * Intelligence 113 8.52%

1 Intelligence–Cognitive
Ability 133 8.59% 1 Creativity 48 3.62%

2 Psychometrics–Statistics 80 5.17% 2 Intelligence–Cognitive
Ability 45 3.39%

3 Education 66 4.26% 3 Personality 39 2.94%
4 Geography–Race–Ethnicity 61 3.94% 4 Education 34 2.56%

5 Children–Child
Development 58 3.75% 5 Psychometrics–Statistics 33 2.49%

6 Brain–Neuroscience 56 3.62% 6 Children–Child
Development 31 2.34%

7 g Factor 56 3.62% 7 g Factor 24 1.81%
8 Flynn Effect 52 3.36% 8 Working Memory 21 1.58%

9 IQ–Achievement–Aptitude
Test 49 3.17% 9 Emotional Intelligence 20 1.51%

10 Working Memory 49 3.17% 10 Mental Speed 20 1.51%

11 Fluid Intelligence 48 3.10% 11
IQ–Achievement–

Aptitude
Test

19 1.43%

12 Income–Status–SES 48 3.10% 12 Fluid Intelligence 18 1.36%
13 Memory–Cognition 39 2.52% 13 Individual Differences 15 1.13%
14 Sex/Gender Differences 35 2.26% 14 Reasoning 15 1.13%
15 Genes/Evolution 34 2.20% 15 Memory–Cognition 14 1.06%
16 Adult–Aging 30 1.94% 16 Modeling 14 1.06%

17 Crystallized Intelligence 29 1.87% 17 Complex Problem
Solving 13 0.98%

18 Health 29 1.87% 18 Attention 12 0.90%
19 Personality 29 1.87% 19 Adult–Aging 11 0.83%
20 Creativity 27 1.74% 20 Executive Function 10 0.75%
21 Modeling 24 1.55% 21 Genes/Evolution 10 0.75%
22 Elementary Cognitive Task 23 1.49% 22 Wisdom 10 0.75%
23 Mental Speed 22 1.42% 23 Assessment 9 0.68%
24 Raven’s 19 1.23% 24 Brain–Neuroscience 9 0.68%

25 Expertise 18 1.16% 25 Elementary Cognitive
Task 9 0.68%

26 Genes and Environment 18 1.16% 26 Flynn Effect 9 0.68%
27 Longitudinal 16 1.03% 27 Longitudinal 9 0.68%
28 Ability Tilt 15 0.97% 28 Metacognition 9 0.68%
29 Politics 15 0.97% 29 Crystallized Intelligence 8 0.60%
30 Artificial Intelligence 14 0.90% 30 Factor Analysis 8 0.60%

Cumulative 1192 77% Cumulative 546 41.15%

In addition to keyword frequency, trend analysis provides a visual display of how the
most popular research themes in the field have evolved over time (see Figure 4). Intelligence
had a peak in publications related to cognitive ability, the Flynn effect, psychometrics, and
working memory between 2013–2015. However, there was a consistent decline in these
major themes during 2019–2020. The study of intelligence related to geography, race, and
ethnicity continued to decline through 2022 in both journals. General, crystallized, and
fluid intelligence were recurring themes for Intelligence and JOI from 2016 to 2021. The
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study of personality, creativity, and general intelligence continues to be a trend in JOI,
whereas working memory, g-factor, and mental speed have plateaued.
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keywords in each journal. Only common keywords were represented with the same type of line
and marker (intelligence–cognitive ability, education, psychometrics–statistics, working memory,
fluid intelligence).

We selected 2019–2022 as our preferred period to evaluate the current top 30 keywords
in each journal, as such tendencies may inform the direction of the field. To determine
current trends in intelligence, we used co-occurrence networks to identify what themes are
often published together. This type of network allowed us to build links between articles
published during the same period through common keywords. To further examine the role
of keywords in research trends, we used thematic mapping to examine the relevance and
development of the top 30 keywords used between 2019–2022. A thematic map scores and
classifies the co-occurrence network keyword clusters across four quadrants (Aria et al.
2022; Liu et al. 2015). The scores include measures of density and centrality. Centrality
(x-axis) determines the extent of popularity or relevance of a theme. It is a composite
score equivalent to the number of direct connections between the main node and other
nodes in the same cluster (betweenness centrality) and the closeness of a node with all
other nodes in the network (closeness centrality). For example, a paper keyword connected
with multiple keywords directly and indirectly will have a higher degree of centrality,
therefore more popularity. Density (y-axis) explains the level of development of a topic. It
is equivalent to the proportion of actual connections between one node divided by all the
potential connections in the network. The upper-left quadrant contains niche topics (low
centrality–high density), which are highly specialized areas of research, usually reflecting a
small number of publications closely associated by their keywords and high number of
citations. The upper-right quadrant contains motor themes for the structure of the research
field (high centrality–high density). Motor themes are the core topics that are both highly
popular and frequently cited, indicating persistent interest and development in the field.
The lower-right quadrant includes basic topics (high centrality–low density) that are highly
popular but have not been fully developed or so-called hot topics. Several researchers work
on these themes, but they do not accrue many citations. The lower-left quadrant contains
emerging or declining topics (low centrality–low density). Usually, they are less cited and
less popular topics. In the network, these topics are relatively peripheral and could be
considered emerging topics if they are novel, or declining topics, indicating the field is
moving in other directions.
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Figure 5 shows the co-occurrence networks. Intelligence has a cohesive network
with six interconnected clusters. A link is built between two different articles using the
same keyword. The size of nodes is relative to the frequency of the keywords in the
cluster. Central clusters stemming from intelligence–cognitive ability (nine nodes, frequency
11 articles), education (six nodes, six articles), working memory (four nodes, five articles),
g-factor (four nodes, thre articles). Peripheral themes included personality (three nodes,
three articles) and the Flynn effect (two nodes, four articles).
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Figure 6 shows the corresponding thematic map for the previous network, indicating
the relevance of research themes. The map represents 58 articles grouped in six clusters.
Core topics comprised the two clusters of education and working memory. The education
cluster with words such as IQ–achievement–aptitude tests and ability tilt included seven
articles (see Cave et al. 2022; Coyle 2022a; Wai et al. 2022; Zisman and Ganzach 2022). Work-
ing memory included seven articles and was connected with fluid intelligence, reasoning,
and attention (Burgoyne et al. 2022; Demetriou et al. 2022; Erceg et al. 2022; Tourva and
Spanoudis 2020). The keyword intelligence–cognitive ability had the most direct connec-
tions with other nodes and is one of the basic clusters in research in Intelligence. However,
it ranked low in centrality because the direct nodes were not highly associated with other
nodes. Therefore, the centrality of the node is high, but the centrality of the cluster is aver-
aged down. Basic themes included psychometrics and statistics, memory–cognition, and
sex–gender differences (see Coyle 2022b, Geary 2022; Laureys et al. 2022; Otero et al. 2022).
A highly niche theme included g-factor, mental speed, and Spearman’s Law (see Coyle
2022a; Feraco and Cona 2022; Tatel et al. 2022). Peripheral declining themes included the
Flynn effect and general cognitive ability (see Gonthier and Grégoire 2022) and personality
(see Ganzach and Zisman 2022; Rusche and Ziegler 2022).

JOI’s keyword network had three cohesive central clusters and three isolated clusters
(Figure 7). Creativity, personality, and intelligence-cognitive ability formed the largest clus-
ter (10 nodes, 34 articles); followed by education and metacognition (9 nodes, 35 articles);
and artificial intelligence (3 nodes, 8 articles). These three clusters showed high frequency
in the number of articles using the keyword and the number of links between nodes.
Additionally, there were multiple links between education and creativity, and education
and intelligence-cognitive ability. The three isolated peripheral clusters included working
memory (2 nodes, 4 articles), cultural intelligence (2 nodes, 3 articles) and item guessing
(2 nodes, 2 articles).
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The thematic map for JOI showed a relatively high level of centrality for the creativity
and education clusters. However, these clusters were only found in the basic quadrant,
indicating high popularity but low level of development of topics using the keywords cre-
ativity, intelligence, personality, and wisdom (see Beghetto and Madison 2022; Childs et al.
2022; Massie et al. 2022; Suh and Ahn 2022) and education, metacognition, psychometrics-
statistics, and emotional intelligence (see Forthmann et al. 2022; Hofer et al. 2022; Józsa
et al. 2022; Novikova et al. 2022). An emerging topic was artificial intelligence blended
with bias and assessment (see Andrews-Todd et al. 2022; Bernardo et al. 2022; Pásztor
et al. 2022). No articles were ranked in the core (motor) topic’s quadrant. This journal also
showed three separate niched clusters indicating only few researchers used the keywords
working memory and executive function (see Panesi et al. 2022; Rosas et al. 2022) cultural
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intelligence and the g-factor (Alifuddin and Widodo 2022; Sternberg 2022; Sternberg et al.
2022), and items carelessness and guessing (Antoniou et al. 2022; Sideridis and Alahmadi
2022). Figure 8 shows the thematic map of keywords in JOI.
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4. Discussion

By analyzing data such as publication counts, citation counts, and co-authorship
networks, bibliometric analysis can help researchers and institutions to identify key players
and influential publications, as well as areas in which more research is needed. This
bibliometric analysis informs the evolution of the field of intelligence over the past decade
as established by trends in the most important publication venues. We expanded the
work of Wicherts (2009) and Pesta (2018), published in Intelligence, and Pesta et al. (2018),
published in JOI. We added the comparison in JOI after its introduction to the field and
implemented network analysis and thematic mapping to dissect the relationships among
researchers, publications, citations, and topic trends.

4.1. Journal Reputation and Growth

Studies by Wicherts (2009) and Pesta (2018) focused on the most influential authors
and articles based on citation number and rank. Wicherts’ analysis evaluated the extent
to which articles published in Intelligence attracted high citation counts and found that
only 3.1% of published articles were not cited at the time of his analysis. For Wicherts, a
reduced number of uncited documents was a sign of the high reputation of Intelligence
in the field. To date, only 8.5% of articles published in Intelligence have not been cited.
This relative increase in the number of uncited articles can be attributed to three potential
causes: (a) more recent publications need more time to be cited, (b) the explosion of
publications during the last decade makes it more difficult for articles to reach an audience
to be considered for citation, and (c) the inception of JOI as a venue for intelligence research
gives the research audience more options to cite articles. Being an open-access journal,
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JOI has the advantage in attracting readership as it lacks the obstacle of paywalls. While
JOI has been active for only a decade, the journal has rapidly attracted influential authors
and has enjoyed a positive reception from the field. Comparatively, JOI has surpassed the
number of Intelligence publications per year since 2021 and continues to grow at 2.69 times
the growth rate of Intelligence. However, this growth has not been matched by the number
of citations received by JOI. The volume of uncited documents composes about 30% of
total publications. The performance of both journals on average citations per article per
year remains relatively close at present. Based on bibliographic databases, JOI’s impact
has grown steadily, as reflected in the journal impact factor and cite scores across Clarivate
Analytics, Scopus, and ScimagoJR. Therefore, we expect that the growth will continue over
the years to come, but confirmation will require further study.

4.2. Productive and Influential Researchers

Several of the authors featured in Wicherts’ and Pesta’s separate analyses continue to
make noteworthy contributions to the field. Our analysis indicated that Ian Deary, Roberto
Colom, Richard Lynn, Jan te Nijenhuis, and Andreas Demetriou continue to rank among
the top 10 authors publishing in Intelligence. JOI has attracted multiple publications from
researchers such as Robert Sternberg, Han van der Maas, Andrew Conway, Samuel Greiff,
and Oliver Wilhelm. It is important to highlight that while the h-index is an indicator
of influence, it fails to explain an author’s general productivity and impact, as it does
not account for collaborations with multiple authors or the extent to which each author
contributed to a publication. For both journals, we faced the challenge of comprehensively
accounting for author collaborations. For example, Demetriou and Spanoudis shared
five papers together. Using traditional metrics, both researchers would receive the same
amount of credit based on their publications and citations. Another challenge is the use of
self-citation. To adjust for the influence of self-citation, we used the adjusted h-index, which
removes all self-citations from an author’s global h-index score. Nevertheless, self-citation
was common in both journals, with top first authors Ian Deary losing 8 h-points and Robert
Sternberg 6 h-points. Overall, Intelligence’s top authors had their h-index reduced between
2 and 8 points, while JOI authors lost between 2 and 6 points.

While author productivity reputation matters for journals, the top-ten list lacked gen-
der, geographic, and racial representation. Both journals’ rankings were male-dominated,
with JOI including only one female author, Anna-Lena Schubert. Intelligence did not
have female authors in its list. Most researchers represented North America and Europe
(only 10 countries accounted for nearly 60% of articles with the 1st corresponding author).
Perhaps this is an opportunity for the intelligence research field to encourage and support
more diverse researchers on numerous dimensions to publish in these journals and join the
international community of researchers that study intelligence.

4.3. Most Cited Papers

Identifying the most cited papers is a traditional practice in bibliometric studies. It
helps to outline the topics and methodological strategies that influence a field. Wicherts
(2009) identified the most important papers and topics between 1970–2009. His work
highlighted topics such as working memory (Conway et al. 2002; Kyllonen and Christal
1990), the debate of the factor structure of g (Gustafsson 1984), emotional intelligence
(Mayer et al. 1999; Mayer and Salovey 1993), child development and intelligence (Fagan
and McGrath 1981), the relationship between brain functioning–size and intelligence (Haier
et al. 1988; Willerman et al. 1991), and individual differences (Deary et al. 2000). Pesta (2018)
identified similar trends between 2009 and 2017 (see Colom et al. 2008; Johnson et al. 2008;
Karama et al. 2009; McGrew 2009; Oberauer et al. 2008). From that period, there was also
research on geographical variations in IQ (Lynn et al. 2009; Lynn and Meisenberg 2010), the
relationship between creativity and intelligence (Jauk et al. 2013; Nusbaum and Silvia 2011),
and achievement tests and intelligence (Deary et al. 2007; Koenig et al. 2008). Our findings
reflect persistent trends in these topics among the most cited articles in Intelligence. One
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difference, perhaps, is the inclusion of large-scale assessments as well as novel statistical
techniques contributing to better model estimates to measure intelligence. For example,
von Stumm and Plomin (2015) provided evidence of SES gaps using a longitudinal sample
of twins including 14,853 children. Gignac (2016) used 12 simulated matrices to test the pro-
portionality hypothesis for a higher-order factor versus the bi-factor model of intelligence.
The wealth of intelligence research accumulated over the last 40 years has also allowed
for synthesis of the research corpus. A meta-analysis supported the positive relationship
between intelligence and school performance (Roth et al. 2015). Another meta-analysis
focused on the biological basis of intelligence through the study of brain images; these
authors argued, among other things, that the frontal and parietal brain regions are impor-
tant for human intelligence (Basten et al. 2015). The relationship between creativity and
intelligence is another classic topic that makes it to the most-cited paper list. The most cited
article in Intelligence (Benedek et al. 2014) argued that the relationship between creativity
and intelligence can be explained by executive abilities such as updating, shifting, and
inhibition. In the same journal, Karwowski et al. (2016) conducted eight studies to test the
relationship between intelligence and creativity, arguing that intelligence is necessary but
not sufficient to explain creative thinking.

Interestingly, while new in the field, JOI had its own share of all-time classic themes.
The most cited articles in JOI investigated the factor structure of intelligence. Using Monte
Carlo simulations to test the relationship between fit indices and bi-factor, multifactor, and
hierarchical models of intelligence, Morgan et al. (2015) suggested the need for conceptually
and theoretically driven interpretations of models, rather than just following data-driven
interpretations. In 2014, a commentary article on the mutualism models as an alternative to
latent models applied an index scoring structure and the role of environmental variables
to measure and explain intelligence (van der Maas et al. 2014). A conceptual article
discussed how using mathematical and mechanistic network models could potentially
reconcile the divide between cognition and intelligence research (Van Der Maas et al. 2017).
Specifically, the researchers proposed “a new unified network model of general intelligence
that incorporates four basic explanations: mutualism between basic cognitive processes
during development, multiplier effects through the environment, sampling in manifest test
scores, and centrality of key processes such as working memory.” (p. 13). Beaujean’s (2015)
conceptual article argued for the bi-factor model as John Caroll’s true view on intelligence.
Then, in 2017, Cucina and Byle (2017) found evidence supporting the bi-factor model using
an historical archive of 58 datasets and 1.7 million test-takers. Research for and against the
factor structures of intelligence highlights once more that the field of intelligence continues
to hold different viewpoints, and unified understandings and shared models may allow us
to strengthen our understanding. Additionally, some scholars attest that a strong empirical
argument in favor of one model over the other is also lacking. Researchers have reported at
times conflicting findings, with several demonstrating through simulations that the bi-factor
model results in a marginally better model fit than the higher-order model (Cucina and
Byle 2017; Eid et al. 2018). However, model fit differences were, in many cases, negligible
and did not change conclusions in absolute terms. For those reasons, as well as the fact that
the relative statistical and practical advantages of each model may be context-dependent,
Carroll (1993) continues to be highly influential.

While researchers in Intelligence addressed creativity, two studies in JOI addressed
the role of personality. Bergold and Steinmayr (2018) investigated the moderator effect
of personality traits on the relationship between intelligence and academic achievement
on two samples of 11th graders, concluding that achievement was highly correlated with
intelligence when levels of conscientiousness were also high. Another study introduced a
novel facet-level application to test the relationship between components of intelligence
and personality (Rammstedt et al. 2018). The researchers concluded that the relationship is
in fact nuanced, and global models may fail to depict the relationship accurately.

Two articles in Intelligence and one article in JOI broke with traditional topics and
attempted to connect intelligence research with current topics. Condon and Revelle’s (2014)
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paper documented the reliability and validity of a public-domain measure of cognitive
ability and established precedence for using public-domain measures in the field. De
Keersmaecker and Roets (2017) studied the role of cognitive ability on the impact of
false information. They found that the degree to which people correct their judgments
depends on their cognitive ability. In JOI, Sternberg (2019) argued for a Theory of Adaptive
Intelligence, emphasizing intelligence’s role for the common good and human collective
survival as a species.

Finally, all empirical papers used only quantitative methods. Most studies had a
female-dominated sample (anywhere from 50.3% to 77.7% female). These two findings
suggest an opportunity for diversifying samples for the study of intelligence, which may
be addressed in part by implementing inclusive and multiple methodological perspectives.
Regarding participant sampling, the field could also improve in the inclusion of underrep-
resented populations as in psychology and education research (Cole 2009; Rad et al. 2018).

4.4. Thematic Trends

One of the main contributions of our work consists of standardizing and mapping
keywords on cumulative and relative frequency to identify the trends and directions of the
field. Pesta and colleagues (2018) used keyword analysis and focused on the association of
keywords, number of citations, and topic frequency over time on all articles published in
Intelligence between 2000 and 2017. Pesta concluded that keyword choice did not correlate
with the number of citations. Building upon their work, we expanded their original
codebook of common keywords and categories. We created an algorithm to map keywords
in papers to pre-established categories. This allows for easy and automatic replacement
and classification of themes. In Pesta et al. (2018) the top 10 keywords included g-factor,
psychometrics–statistics, education, IQ–achievement–aptitude test, race–ethnicity, working
memory, brain–neuroscience, nature–nurture, and children–child development. Regarding
overlap in our findings between 2013 and 2017, only one category differed between the
two studies. In our sample, the Flynn Effect replaced nature–nurture. This keyword
category was found in 52 papers. The top 10 categories in Intelligence accounted for 42.64%
of keywords. JOI top 10 keywords included creativity, personality, emotional intelligence,
and mental speed, accounting for 9.57% of all keywords. The large discrepancy in the use of
keywords and their varying proportions between the two journals suggests that JOI overall
attracts researchers with more variation in research agendas, and therefore, includes more
diverse topics according to keyword frequency. This finding was confirmed with the change
of the top 10 keywords over time. In JOI, creativity, personality, education, and emotional
intelligence have grown in use since 2019. Intelligence’s growth in keyword use centers
around intelligence–cognitive ability and psychometrics–statistics. Two declining trends
include fluid intelligence and geography–race–ethnicity. Another potential explanation
for the discrepancy between journals could be that Intelligence may have standardized
keywords or words that are unique to its contributors, whereas JOI may not necessarily
have a systematic record of keywords. This speculation requires further study. A strategy to
effectively address this issue involves unification of terminology between the two journals
to reduce confusion and incorporate nuanced contextual meanings of keywords.

JOI and Intelligence keyword networks and thematic maps in 2022 point to the di-
rections the field is currently taking. The most popular and frequently developed topics
in Intelligence are related to cognitive ability, working memory, g-factor, and education.
A novel trend is marked by publications studying the role of personality. These thematic
trends suggest that Intelligence may be a venue that has a well-established tradition,
with core topics, basic, and niche themes focused on well-defined historical and founda-
tional boundaries—hence the few node connections and relationships across topic clusters.
Nonetheless, Intelligence has made efforts to promote the discussion of the future of the
field in the light of trends such as advances in AI, genetics, and neuroscience. Intelligence
published a special issue in 2021 devoted to the future of intelligence research addressing
critical perspectives on definitions, models, measures, and the history of intelligence re-



J. Intell. 2023, 11, 35 17 of 21

search (see Coyle and Greiff 2021; Demetriou et al. 2021; Euler and Schubert 2021; Haier
2021; Koch et al. 2021; Neubauer 2021; van der Maas et al. 2021; Wai and Worrell 2021;
Wilhelm and Kyllonen 2021).

Compared to Intelligence, JOI seems to have moved away from debates and research
on race, ethnicity, and geographic differences as well as becoming less focused on tradi-
tional models of intelligence. Moreover, JOI has focused on current “hot” topics on other
science areas including creativity, emotional intelligence, and personality that were highly
interconnected among clusters during 2022. JOI has included discussion of the importance
of considering the most effective ways to communicate intelligence research given ongoing
historical challenges to the field (Wai 2020), and Intelligence has included discussion on
how fields that are focused largely on empirical science such as intelligence research may
not be easily integrated with more applied fields influenced by politics and values, such
as education (Wai and Worrell 2021). However, while JOI is open to novelty and popular
themes, it lacks a set of well-developed topics that serve as a core for the journal. One area
that favored JOI in recent publications was the inclusion of novel themes such as artificial
intelligence and machine learning to address old problems in the field such as the need
for psychometrically sound instruments and reduction of bias or by combining current
topics such as creativity with novel tendencies (Bernardo et al. 2022; Marrone et al. 2022).
JOI might leverage its potential as an open-access journal to reach greater audiences and
influence not only the field of intelligence, but also expand through other multidisciplinary
avenues. At the same time, better ensuring that hot topics are integrated and empirically
tested against widely established historical findings remains critical. Some of the challenges
to the field, and perhaps some directions to JOI, were hinted in the journal’s opening
editorial article by Hunt and Jaeggi (2013). A special issue addressing new directions in the
light of the findings presented in this study may be potentially useful.

5. Limitations and Conclusions

This bibliometric study provides valuable insights into the trends and challenges
of intelligence research. We identified key topics, authors, and journals that are driving
the field forward and identified areas where further research is needed. While carefully
crafted, this study has methodological limitations. Bibliometric analysis was restricted to
the availability of metadata and bibliometric information. By using the Scopus database,
our results may differ from other bibliometric databases such as the Web of Science, Google
scholar, or PubMed. We included all documents published between 2013 and 2022, as
they contributed to the number of publications and citations. A challenge of this inclusive
approach is that results cannot be discriminated by the types of publications (e.g., letters,
editorials, rebuttals, etc.). Additionally, by including special issues, it is possible that the
peer-review process might not be equivalent for special articles than for regular publications
(JOI in particular has numerous special issues). While we built upon prior bibliometric
studies to build a dictionary of categories and synonyms for the keywords, more work is
necessary to develop a comprehensive and accurate repository of common keywords that
are useful to disambiguate confusion among authors and readers. An important limitation
of this analysis, which regards the discussion of thematic issues and trends, is that the
most cited and popular papers are not necessarily about the most empirically supported
constructs. The replication crisis in psychology is an excellent illustration of how novel
topics can be exciting but may not necessarily hold up over time. Thus, focusing on the past
decade of intelligence research in two major journals is useful to track recent topics and
trends, but may not necessarily reflect what ideas actually survive the test of time based on
the broader body of evidence. At the same time, our paper illustrates the most exciting new
topics in the field of intelligence research in two overlapping yet distinct communities of
intelligence researchers as reflected in the journals Intelligence and JOI. The evolution and
future of intelligence research is important to track, and bibliometric analyses may be useful
to help understand both the past, present, and future of the scientific study of intelligence
and the scholars who compose the community of intelligence researchers around the world.
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