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Fig. 1: Fields of study at different levels in 3,240 VIS papers across the past 32 years. From LO to L3, granularity increases.
“Trend” indicates the proportion of papers falling into a field of study against the total number of papers published in that year.
The highest proportion for each field of study is highlighted. “Total” indicates the total number of VIS publications falling into
a field of study. One paper may contain more than one field of study at the same level, and one field of study may have multiple
parent fields. For example, Pattern Recognition belongs to both Computer Science and Psychology.

Abstract—The IEEE VIS Conference (VIS) recently rebranded itself as a unified conference and officially positioned itself within
the discipline of Data Science. Driven by this movement, we investigated (1) who contributed to VIS, and (2) where VIS stands
in the scientific world. We examined the authors and fields of study of 3,240 VIS publications in the past 32 years based on data
collected from OpenAlex and IEEE Xplore, among other sources. We also examined the citation flows from referenced papers
(i.e., those referenced in VIS) to VIS, and from VIS to citing papers (i.e., those citing VIS). We found that VIS has been becoming
increasingly popular and collaborative. The number of publications, of unique authors, and of participating countries have been
steadily growing. Both cross-country collaborations, and collaborations between educational and non-educational affiliations, namely
“cross-type collaborations”, are increasing. The dominance of the US is decreasing, and authors from China are now an important
part of VIS. In terms of author affiliation types, VIS is increasingly dominated by authors from universities. We found that the topics,
inspirations, and influences of VIS research is limited such that (1) VIS, and their referenced and citing papers largely fall into the
Computer Science domain, and (2) citations flow mostly between the same set of subfields within Computer Science. Our citation
analyses showed that award-winning VIS papers had higher citations. Interactive visualizations, replication data, source code and
supplementary material are available at https://32vis.hongtaoh.comand https://osf.io/zkvjm.
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1 INTRODUCTION

The IEEE VIS Conference (VIS) is the longest-running and the most
influential conference in the field of Visualization and Visual Analyt-
ics (hereafter collectively called Visualization). It started in 1990, in
response to the NSF report of Visualization in Scientific Computing
[25, 16]. This marked the beginning of the event as well Visualization
as an academic field. The first conference had 52 full papers con-
tributed by 118 unique authors from five countries, namely the US,
Germany, Australia, France and Canada. During the past 32 years,
VIS has become an international arena: up until 2021, around 6,300
unique authors from 42 countries scattered in all continents across the
globe (except for Antarctica) have contributed over 3,200 full papers.
Thirty years of history gives us a vantage point to reflect upon the past
and think about the future of visualization research.

The visualization community has already started self-reflection.
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The present unified field of Visualization is a result of several phases
of self-transformations. Three sub-conferences, namely Scientific Vi-
sualization, Information Visualization, and Visual Analytics, jointly
appeared under the umbrella of VISWeek in 2008 and then IEEE VIS
in 2013 [6, 18]. The unification did not stop at the name level; it soon
was expanded to the research and organizational level. In 2021, af-
ter three years” work, VIS introduced an Area Model where six areas
were chosen to represent common research topics in the three subfields
and various domain-specific areas [16, 1]. This allowed papers to be
submitted and reviewed together rather than separately [16]. Visual-
ization is now one unified scientific field at all levels: name, research,
and organization. Self-reflection was not only done by the organiz-
ing body but also by researchers in the community. Publication meta-
data [18], subject matter [43], figures and tables [6], author genders
[34, 30], publication exploration systems [35, 42], and keywords [19]
have been the foci of these endeavors. We now have a dataset con-
taining past VIS papers DOIs [18], and a repository of all figures and
tables in past publications [6]. We now know that female participation
in VIS has been rising [34, 30], that geospatial analysis is an impor-
tant subject matter in recent VIS papers [43], and how keywords in
VIS publications evolved and interacted [19].

There are still, however, some aspects of VIS that we do not know.
Perhaps the most fundamental question facing VIS: where does it
stand in the landscape of science overall? As of 2022, VIS officially
positioned itself within the field of Data Science [16], and most VIS
papers were contributed by Computer Scientists [30]. However, the
remaining questions include: What fields is VIS drawing upon (e.g.,
Which papers do VIS papers cite?), and where can we see its influ-
ences (e.g., Which papers cite VIS papers?)? Apart from the position
of VIS in science, we also know little about our authors beyond their
genders [34, 30]. In the introduction to VIS 2022 and 2021, the offi-
cial conference website mentioned that “The conference will convene
an international community of researchers and practitioners from uni-
versities, government, and industry to exchange recent findings ...”.
The question is, which countries are our authors from, and what is the
proportional distribution of different types of author affiliations? Time
adds more complexity: are there any temporal changes in answers to
the above questions? Addressing these questions has significant im-
plications for VIS as well as for the field of Visualization because we
are not able to get a complete picture of who are contributing to VIS,
which giants’ shoulders does VIS stand on, and which fields VIS is
influencing, until we examine authors from different aspects than their
genders, and citation flows among referenced (i.e., those referenced in
VIS) , VIS and citing (i.e., those citing VIS) papers.

To address these questions, we collected, merged, cleaned, filled,
and aggregated data on VIS authors and publications from various
sources. We analyzed country or region (hereafter collectively called
country) origins of, affiliations of, and collaborations among authors.
We also looked into the fields of study of VIS publications and those of
their referenced and citing papers. Based on these data, we built an in-
teractive visualization (https://32vis.hongtaoh.com) where
viewers can explore temporal trends in fields of study of VIS papers,
and the flow of citations based on fields of study.

Our data show that VIS has been growing steadily in terms of the
number of accepted papers, authors, and participating countries. We
found that even though the number of participating countries has been
increasing, VIS authors are concentrated in a few countries. The dom-
inance of US authors is decreasing, and the number of contributors
from China has been rising. We found that the popularity of cross-
country collaboration has been constantly increasing. These collabo-
rations, however, are concentrated in a few countries. Although the
ratio of collaborations between educational and non-educational affil-
iations has been growing (with some fluctuations), the ratio of authors
from non-educational affiliations has been declining, both within the
US and globally. In terms of fields of study, we found that VIS publica-
tions mostly concern Computer Science. Similarly, VIS publications
were mainly built upon and had their impacts on Computer Science
and Mathematical studies. We also found that citations moving in and
out of VIS papers mostly flew between a small group of (sub)fields

within Computer Science.

In sum, the contributions of our study are as follows. First, we of-
fer insights into the role VIS is playing in today’s scientific landscape
and also analyze VIS authors from different perspectives than previ-
ous studies [34, 30]. In addition, our dataset complements those of
[18] and [34, 30], helping make more complete data for future scien-
tometric analyses of VIS publications. Lastly, we contribute a work-
flow through which future researchers may obtain relevant data and
conduct similar analyses on other fields. Our results may also inform
the general public of the major trends in science development over the
past three decades, albeit only in a subdomain of Computer Science.

2 BACKGROUND

Earlier works that treated visualization publications as their subjects of
concern were inspired by InfoVis 2004 Contest [17, 13], which chal-
lenged participants to visualize the history of InfoVis. The contest
data consisted of 614 InfoVis publications and their over 8,500 ref-
erences [20]. Eighteen submissions from six countries participated.
Authors and research areas were the foci of some of the contest pa-
pers we found [41, 22, 23, 11, 40]. Similar approaches were applied to
visualize VIS authors [9], citation motivations in InfoVis papers [42],
and research topics in TVCG papers [21].

These works illustrated the importance of publication metadata,
which paved the way for scientometric analysis. Another attempt of
collecting comprehensive paper metadata in the field of Visualization,
i.e., vispubdata.org [18], was completed twelve years later, when VIS
was 25 years old. The dataset contained cleaned publication data of
VIS papers from 1990 to 2016. Data for 2017-2020 were added later.
This work inspired many subsequent scientometric analysis studies
[34, 30, 6] and visualization designs [44, 38]. Specifically, based on
[18], scholars collected tables and figures in past VIS publications [6],
and analyzed VIS author genders and collaborations [30, 34]. They
found that female participation in VIS had been constantly rising but
gender gaps remained. For example, female authors were less likely
to be the last authors [34], and gender balance at VIS was predicted to
be achieved only half a century later [30].

The work by Sarvghad et al. [30] looked very similar to ours as we
both examined VIS authors and research areas. A closer examination
revealed that we were different. [30] analyzed collaborations from
the perspectives of authors’ research areas, genders, and institutions,
whereas we focused on collaborations based on author country origins
and the types of their affiliations. Besides, [30] inferred fields of study
from authors’ affiliations whereas our fields of study classification was
directly derived from each paper itself. That being said, our study
corroborated some major findings in [30] but from different angles.

Apart from authors, keywords were an important element in pub-
lications. Co-word analysis was applied to keywords in VIS pub-
lications from 1990 to 2015 [19]. Key themes among VIS papers,
the relationships among these themes, and how keywords emerged
and evolved were examined. It was found that pre-defined keywords
provided on the Precision Conference System had mainstream topics,
whereas topics extracted from keywords in original VIS PDFs did not.
Similar work was conducted earlier for CHI publications [24].

Some scientometric studies on visualization and related fields, for
example, InfoVis [14], CSCW [7], CHI [3] and IndiaHCI [12], instead
of focusing on one or two aspects, did a comprehensive overview of
their fields of interest.

3 DATA COLLECTION AND PROCESSING

In this section, we detail how we collected and processed data on VIS
papers. All data collection was completed in early June of 2022.

3.1 DOl collection

Our study analyzed full papers of VIS published between 1990 and
2021. In the following, we describe how we identified their DOIs.

We obtained from vispubdata.org [18] the DOIs and titles of 3,394
VIS papers published from 1990 to 2020. Following the practice of
[6], we only included conference and journal publications and case


https://32vis.hongtaoh.com

Data Merging,
Cleaning & Filling

O
Q
—
[N
>
Q
Q
=
(0]
«Q
Q
=
o
=)

Crossref (API)

s

VIS Paper
Concepts :

Concepts Data

Cited Paper
Concepts

v

Concept ID

Level

Score

# of Authors
Author Position

Author Name

Author Affiliation
Affiliation Type

Citing Paper
Opentlex |{ |

Citing Paper
Authors
Cited Paper
Authors

|EEE Xplore
i (Manual) H
VIS 2021

Affiliation Country

*

Author Affiliation
H Type & Country H
/ Classifiers o

Author Data ¢
Merged
Author Data
A

/ ‘ Google Scholar ’

Publication Year

DOls
(1990-
2021)

AN

VIS Authors :
VIS Paper
Meta

Vispubdata >
(1990-2020)

J/ .
|IEEE Xplore -
\> > Paper Deit

VIS 2021
Q Vispubdata ’

Title

Vispubdata
Author Data

v )

# of References

# of Citations

Fig. 2: Data processing pipeline. We started from Vispubdata and VIS2021 to get the paper DOIs, with which we obtained data on relevant
papers from OpenAlex and IEEEXplore. We then merged and cleaned data and filled in missing data. Some of the paper data, for example,
whether a paper is a cross-country or a cross-type collaborative paper, came from author data. The final outputs were three major data files:

authors, concepts, and paper meta.

study papers whereas excluded posters, panels, and keynote docu-
ments (i.e., those with the paper type of “M” as coded in [18]). We
excluded these publications because (1) neither IEEEXplore [15], a
digital library containing papers published by IEEE and its partners,
nor Vispubdata [18] had complete data on them. For example, both
sources lacked posters from 2017 and 2019; and (2) they differ qual-
itatively from full papers. After this exclusion, we had 3,073 papers.
We found no duplicates in their titles but found one paper with an in-
valid DOI (10.0000/00000001) which we removed from further anal-
ysis. The final result of this step was 3,072 paper DOIs from Vispub-
data [18].

170 full papers presented at VIS2021 were not part of [18]. We
collected their titles from the official website of VIS2021. We found
no duplicates in these titles. Using the package of habanero [31], we
obtained these papers’ DOIs from Crossref [8] based on title queries
backed up by manual data collection from IEEEXplore if automation
failed (See Supplementary Material Methods 1.1 for details.). We in-
spected the DOIs of these 170 VIS2021 papers and found all of them
were valid. Thus far, we had 3,242 (3,072 + 170) VIS papers.

3.2 Data collection

After identifying the papers to study, the next step was to collect rele-
vant data on them. Given the motivation behind our study, we needed
information on VIS papers from these aspects: (1) VIS authors, and
(2) fields of study of VIS, referenced, and citing papers. For authors,
we needed author names, positions, and affiliations. For referenced
and citing papers, we wanted numbers of counts, paper titles, and
fields of study. Neither IEEEXplore nor Vispubdata [18] had com-
plete information on all these variables, so we collected the data from
OpenAlex [28] as they offered much richer data on author affiliations
and fields of study. Other outlets such as PubMed, Web of Science,
Scopus, Crossref, and Google Scholar did not offer the metadata we
wished to collect. For detailed accounts on how we ended up choos-
ing OpenAlex, refer to Supplementary Material Methods 1.2. Table 1
shows availability of key features on different academic databases.
Among all 3,242 papers, we were able to identify 3,240 of them in
OpenAlex through a combination of title and DOI queries, whereas
2 papers, namely 10.1109/VISUAL.1990.146412 and 10.1109/VI-
SUAL.2003.1250379, did not exist in the OpenAlex database. We
excluded these two publications from our following analyses. In sum,
our collection consisted of 3,240 VIS full papers published from 1990
to 2021, including data on their authors, fields of study, and paper

Table 1: Availability of key features on popular scholarly databases.
“Fields” stands for Fields of Study.

Free Author  Cit. Ref. Fields Maintained APL

WoS
Scopus
PubMed
JSTOR
Crossref
Google
Semantic
MAG
OpenAlex

AN N N N NN
NN X %X %X %X % N\ N\
AN NN N T YN
NN N XN % x NN
NN X %X %X %X % NN
AN N N N N N NN
AN N NI N NN NN

metadata. Examples of variables we had are shown in Fig. 2.

3.3 Data merging, cleaning, and filling

For author data, we relied on IEEEXplore and OpenAlex, coupled with
Vispubdata [18] for cross-validation. From IEEEXplore, we collected
author information, including the number of authors, author position,
author name, IEEE author ID, and author affiliations. From OpenAlex,
we collected the same data (except for IEEE author ID), plus author
affiliation type and affiliation’s alpha-2 (ISO 3166) country code (e.g.,
US, CN, DE, etc). We compared the number of authors for each paper
in the two datasets and found IEEEXplore was incorrect in one pa-
per (DOI: 10.1109/TVCG.2008.157): it listed five authors, but there
were only four when we checked the PDF. Also, IEEEXplore did
not contain information about the paper of 10.1109/VIS.1999.10000.
We fixed these errors and updated IEEEXplore author data. Among
12,423 authors in the dataset obtained from IEEEXplore, only 337
(2.7%) contained more than one affiliation. For consistency and sim-
plicity, we only included their first affiliation in our analyses.

We merged the IEEEXplore and OpenAlex author data based on ex-
act matching of DOI and fuzzy matching of author names. We merged
the two datasets for two reasons: 1) IEEEXplore missed affiliation
information for 167 authors, some of which could be found in Ope-
nAlex dataset; and 2) We could cross-validate author affiliations in
both datasets if necessary. We then compared the number of authors
for each paper in our merged dataset with the DBLP [10] author in-
formation collected by [18]. We identified 17 instances where the two
datasets disagreed. We checked the original PDFs of these 17 publica-
tions and found our merged author data were incorrect in 4 papers and



DBLP was incorrect in 13 papers. We updated our merged dataset with
correct author data. The final merged author data consisted of 12,428
authors. Note that “authors”, unless we specify they are “unique au-
thors”, might be duplicates. For example, if one author is present in
10 VIS publications, we consider them as 10 authors. This is because
we were more interested in author country origins and affiliations than
authors per se. Deduplicating authors did not make sense in our study
because authors may change their affiliations.

The IEEEXplore portion of the merged author dataset missed af-
filiation information for 181 authors. We filled in these missing data
based on author descriptions and email addresses in the original pa-
per PDFs, author profiles on IEEEXplore, and open web search. For
papers where we were uncertain of our conclusions, we requested via
email from original authors information regarding their affiliations at
the time of publication. When we were manually collecting affiliation
data, we filled in the author affiliation type and country origin follow-
ing OpenAlex’s criteria. We also corrected the errors we noticed in
author names, author affiliations, and affiliation country codes. After
this procedure, 66 authors still missed affiliation information. Ope-
nAlex had this information, which we manually validated and found
two errors in author affiliation and one error in author name. After
correcting these errors, we used OpenAlex’s data to fill in the missing
affiliation data. Up until this stage, we made sure all 12,428 authors
had complete affiliation information.

These merged author data, however, were incomplete in author af-
filiation type and affiliation country code. Among 12,428 authors,
2,498 (20.1%) missed affiliation type and 2,328 (18.7%) lacked coun-
try information. There were also problems for observations that were
complete in these two variables: the available data from OpenAlex
on affiliation type and country codes were based on affiliation strings
provided by OpenAlex. These strings, however, were slightly different
from those on IEEEXplore. Therefore, even for rows where affiliation
type and country data were complete, we were not 100% sure that they
were correct information for the actual authors. Fortunately, IEEEX-
plore provided affiliation information for 99% of all authors; the rest
were added through our above mentioned data merging and filling pro-
cedure. Since IEEEXplore is the official data source on VIS authors,
we regarded their data as reliable.

To automatically infer affiliation type and country code from af-
filiation names offered by IEEEXplore, we utilized classifiers. We
assumed that OpenAlex’s classifications of affiliation type and coun-
try codes based on affiliation strings were mostly accurate, and they
were: we randomly selected 100 observations where OpenAlex data
were complete and we concluded that the mappings were 99% correct
for affiliation types and 98% correct for country codes. We built two
separate multiclass text classifiers with logistic regression [27] based
on author data in 3,240 VIS papers, 39,817 unique referenced papers,
and 60,272 unique citing papers. After deduplication, we obtained
73,199 feature-label pairs for affiliation type classification and 75,706
pairs for country code classification. We randomly split the data into
the training set (80%) and the test set (20%). The affiliation type clas-
sifier reached a test set accuracy of 92.4% (precision, recall and F1
scores were almost the same). This accuracy increased to 95.0% if
we only considered binary classification, i.e., education versus non-
education. The country code classifier reached a test set accuracy of
93.1%, which was almost the same for precision, recall, and F1 scores.
We applied these two classifiers to our author affiliation data obtained
from IEEEXplore. After predictions were completed, we randomly
selected 100 rows and checked the prediction accuracy. 99 out of 100
predicted country codes were correct. The prediction for affiliation
type was 95% correct. If we only considered a binary classification,
the accuracy was 99%. The reason why country code predictions were
nearly perfect was that many affiliation names on IEEEXplore already
contained country information.

3.4 Data aggregation

From Vispubdata [18], we collected for each paper its title, DOI, and
publication year. We also obtained conference track information, i.e,
InfoVis, SciVis, VAST, and Vis. Distribution of publication counts

among conference tracks before VIS2021 can be found in Fig. 3 (a).
Note that this figure does not include VIS2021 publications because
starting from 2021, VIS no longer distinguishes between these tracks.
We used “VIS” as an umbrella term to indicate publications in all these
four tracks and also the VIS2021 papers.

From OpenAlex, we collected each paper’s number of references
and citations. Based on title queries backed up by DOI queries, we
collected citation counts on Google Scholar, which were used (1) as
validation of citation data from OpenAlex and (2) in our citation anal-
yses. We were able to identify all 3,240 papers. From the official web-
site of VIS2022 [37], we obtained the historical information on award-
winning papers. We considered a paper as an award-winning one if it
received Best Paper Award, Honorable Mention Award, or Best Case
Study Award. We excluded Test of Time Awards because they are re-
leased more than ten years after the publication of the awarded paper.
Based on our author data, we decided for each paper, whether it is (1)
cross-type collaboration, i.e., collaborations between educational affil-
iations and non-education affiliations, (2) cross-country collaboration,
and (3) involving authors from the United States. These variables were
important in our analyses of collaboration patterns in VIS and also the
changing role of US authors.

To answer the question of “where VIS stands in science”, we need
to know (1) which topics VIS publications cover, (2) on which fields
VIS is built, and (3) which fields VIS is impacting. OpenAlex’s con-
cepts data included around 65,000 fields of study at various levels and
therefore are optimal for the present study. OpenAlex represented
fields of study as concepts. Concepts are hierarchical such that they
belong to different levels. Level O concepts such as Computer Science,
Mathematics, and Psychology do not have ancestors. L1-L3 represent
more granular fields; the larger the number, the more granularity. Note
that one concept may have multiple parents. For example, the L2 con-
cept of Visualization belongs to two LO concepts, i.g., Computer Sci-
ence and Engineering, and to three L1 concepts, i.g., Al, Data Mining,
and Mechanical Engineering. Also note that concept tagging is level-
independent. Therefore, for example, if a paper is tagged with the L2
concept of Visualization, it does not necessarily mean that this paper
has all (or even any) of Visualization’s parent concepts at L1. Detailed
statistics of these concepts are available in Table 2. Supplementary
Material Methods 1.3 has more information on OpenAlex concepts
tagging procedure.

Based on Fields of Study data from Microsoft Academic Graph,
OpenAlex trained a classifier that assigned concepts of different levels
to a paper [26]. Assigned concepts had associated scores in a way
that concepts of a higher score were a better representation of a paper.
Concepts with a score lower than 3.0 were not assigned. We collected
concepts data from OpenAlex for 3,240 VIS papers, 39,817 unique
referenced papers, and 60,272 unique citing papers.

4 RESULTS

We present major findings in this section. Figures were produced with
Altair [36], D3.js [5], and Seaborn [39].

4.1 General Trends

We found three trends: VIS is becoming more popular, impactful, and
collaborative.

The rise in popularity is evident in the increasing number of publi-
cations and unique authors. As Fig. 3 (b) shows, in the first conference
in 1990, there were 52 full papers. This figure grew to 170 in 2021.
With an acceptance rate of around 25% in all sub-conferences in the
past decade [18], this growth indicates that there have been an increas-
ing number of submissions to VIS. There was also an increase in the
number of unique authors as shown in Fig. 3 (c). In 1990, there were
118 unique authors, whereas this number grew to 670 in 2021, a 468%
jump. The growth of VIS popularity was also evident in the increas-
ingly diversified country origins of authors, which we discuss later.

As evident in Fig. 3 (d) and (e), the impact of VIS can be seen in
the increase in both the absolute number and proportion of citations
attributed to non-VIS publications. In 2021, VIS papers were cited
11,309 times by publications outside of the VIS community, almost
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Fig. 4: VIS author collaboration network. Each arc length indicates the
number of times a country or region appeared in a collaboration chord.
For example, if a paper involves five authors (three from US, one from
FR, and one from CN), then there will be three chords: US-FR, US-
CN, and FR-CN. The color of each chord is assigned randomly. The
top ten most collaborative countries are: US, Germany (DE), China
(CN), Austria (AT), UK (GB), France (FR), Canada (CA), Nether-
lands (NL), Switzerland (CH), and Australia (AU). These countries
were present in 98% of all the collaboration chords, and 71% of all
collaborations throughout the history of VIS occurred among these
countries.

doubling the number in 2011 (6,091). The proportion of citations at-
tributed to non-VIS papers also showed an upward trend. In the first
five years, this proportion fluctuated between 70% and 80%; since
1999, it had been above 80% and even above 90%. In 2021, it was
84%. The proportion of non-VIS papers in referenced papers, how-
ever, showed a slightly downward trend, indicating a growing trend
that VIS had been built upon past work in the community itself.

The collaborative nature of VIS is evident in the increase in (1) the
average number of authors, and (2) the proportion of papers resulting
from cross-country and cross-type collaborations.

In the first ten years, VIS publications were contributed by on aver-
age two to three authors. In the next decade, i.e., from 2000 to 2010,
this number was between three and four. Starting from 2012, the av-
erage number of authors per paper had been constantly above four,
peaking at 5.3 in 2019. In 2021, this number was around 5. (See
Supplementary Material Results 2.1 for details.)

In the first conference in 1990, among 52 full papers, only 2 were
by authors from different countries as indicated by Fig. 3 (h): one was
a US-Germany collaboration and the other was between the US and
Canada. As demonstrated in Fig. 3 (f), in the first half of VIS history
(1990-2005), the yearly proportion of cross-country collaboration pa-
pers was always below 20%. After 2006, this figure remained above
20%; since 2014, above 30%. The most recent year, i.e., 2021, saw a
historical high: 45% of all papers were cross-country collaborations.
These collaborations, however, were highly concentrated, as can be
seen in Fig. 4. After deduplicating the collaboration pairs in each pa-
per such that if a paper had five authors (e.g., four from the US and
one from China), we assigned only one pair, namely “US-CN” to it,
we had 1,218 collaboration pairs with 2,436 nodes (i.e., collaborating
countries). The top 10 most active countries in cross-country collab-
oration, namely, the US, Germany, China, Austria, the UK, France,
Canada, Netherlands, Switzerland, and Australia, appeared in 1197
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(98%) pairs among all 1,218 pairs. Together, collaborations among
these most collaborative countries were responsible for 71% of all col-
laborations throughout the history of VIS.

Similar growth was observed in cross-type collaborations. As
shown in Fig. 3 (g), the proportion of cross-type collaboration fluc-
tuated between 10% and 30% in the first half of VIS (1990-2006).
In the years following 2007, this proportion was always above 20%,
peaking at 46% in 2018. Since then, the proportion has dropped a little
bit. In 2021, 32% of all publications were cross-type collaborations.

4.2 Country origin and types of author affiliations

In 1990, 118 unique authors from only five countries (Fig. 5 (a)) par-
ticipated in VIS; 108 (91.5%) of them were from the US (Fig. 5 (b)),
with the remaining ten authors’ country origins scattered in Germany
(4), Australia (3), France (2) and Canada (1). Beginning from the third
conference in 1995, the number of participating countries had always
been above ten, and since 2003, at least fifteen. Since 2008, this num-
ber fluctuated around twenty, peaking in VIS 2021 where there were
26 participating countries.

Although authors from diverse places participated, the majority of
them came from only a few countries. The top five sources of au-
thors, namely the US (53%), Germany (13%), China (8.2%), Austria
(4.2%), and Canada (3.5%) were responsible for 82.1% of all 12,428
authors. If we consider the top ten, which would add the UK, France,
Netherlands, Switzerland, and Australia, this figure jumped to 93%. In
terms of continents, almost all authors (98%) came from North Amer-
ica (56.4%), Europe (30.6%) and Asia (11.1%) as depicted by Fig. 5
(c). Throughout the past 32 years, only 3 authors came from Africa,
84 (0.7%) from South America, and 151 (1.2%) from Oceania.

There were some redistributions in country origins among top au-
thor sources. As shown in Fig. 5 (b), the dominance of the US has

been declining, and the number of authors from China has been in-
creasing. In terms of the cumulative number of authors, China is the
third-largest source, only after the US and Germany. If we look at the
number of authors in yearly terms, China overtook Germany in 2017 as
the second-largest author source and has remained in that place since
then. Taking into consideration the 258 authors from Hong Kong SAR
separately did not change the overall statistics: Mainland China is still
the third-largest author source in terms of the cumulative count and
has been the second-largest in terms of yearly counts since 2019.

Looking at the US involvement in VIS from another angle, however,
revealed that the US dominance still existed. As shown in Fig. 5 (d), in
the first five conferences, i.e., between 1990 and 1994, the proportion
of papers involving at least one US author had always been above 80%,
except for in 1993 when the proportion plunged to 69%. From 1995 to
2010, this number fluctuated between 60% and 70% and then dropped
to a historical low at 47.1% in 2011. The number then went back
again and has been between 50% and 70% ever since. In 2021, 58.8%
of all accepted papers involved at least one US author. In terms of
the cumulative count in the past 32 years, 64.9% of all 3,240 VIS
publications had US involvement.

Another important dimension of author affiliations is their types.
There are eight affiliation types as defined by OpenAlex, which were
based on the terminology set by the Research Organization Reg-
istry [29] (ROR). Fig. 5 (e) shows the proportional distribution of the
affiliation types for 12,428 VIS authors. Our data revealed that 77.1%
of the authors are affiliated with a university (i.e., marked as “edu-
cation”), with the remaining 22.9% of them scattered among compa-
nies (10.4%), facilities (8.7%), government (1.9%), healthcare (1.1%),
NGOs (0.5%), archive organizations (0.2%) and other types (0.1%).
Because of the dominance of educational affiliations and also because
of possible overlaps in the classification of non-educational affilia-



==-Cognitive psychology(r) Programming language(v) —

— Programming language(r)

Human-computer interaction(r) Human-computer interaction(v)

— Multimedia(r) Parallel computing(v) —

Artificial intelligence(r) Artificial intelligence(v)

e\

SRS - -Computer vision(v) [
Computer graphics (images)(r).-
YN X%

Comﬁx’fer graphics (images)(v) I

%
|:| Data mining(r) < &,
. Computer vision(r) & K Bl isalslia ()
|:| Data science(r)
— Computational science(r)

= Statistics(r)
— Parallel computing(r)

I Algorithm(r)

==-Machine learning(r)
== Geometry(r)

. Informatlon retrieval(r)

Data science(v) |:|

Machine learning(v) =
.Computational-science(v) ==
Information retrieval(v)

Algorithm(v) I

Theoretical computer science(v) D
D Theoretical computer science(r)
= World Wide Web(r)
= Spnipieel peleay
Comblnatoncs (r)

Fig. 6: Citation flows based on L1 fields of study. Left: Top 100 citation flows, or “pairs”

Software en n"é??‘:a
W, I |
Computatlongl b?olog?/

=

Human-computer interaction(c)

Human-computer interaction(v)
— Geometry(v)

Data mining(v)
Data mining(c)

-

I Data science(v) > -
< o

Data science(c)

\\N\» e
Computer graphics (images)(v). <~
S MO w0 —

=-Programming language(v)< Computer graphics (images)(c)

|:|Artiﬁcial intelligence(v) . L
NN

. Computer vision(v) = -

Artificial intelligence(c)

I:I-__I:

Information retrieval(c)

~

|:| Theoretical computerscience(v) =
Computer vision(c) [l
Information retrieval(v)

= World Wide Web(v)
— Distributed computing(v)

I Algorithm(v)
== Parallel computing(v)

= Machine learning(v)
— Combinatorics(v

Theoretical computer science(c) D

World Wide Web(c) O
Machine learning(c) =
Parallel computlng(c;
Computational science(c) ==
Algorithm(c) I

Geometrv(c) —

, from referenced papers, i.e., papers referenced

in VIS, to VIS papers; Right: Top 100 citation flows from VIS papers to citing papers, i.e., papers citing VIS. The letter after each concept
indicates the source: r means reference, v means VIS, and ¢ means citing papers.

tions, for example, some research centers could be either considered
as facility, nonprofit, or even company, we decided to collapse all non-
educational affiliations into one type (‘“non-education”) in all of our
analyses that follow.

The dominance of universities did not start from the very beginning.
In fact, as can be seen in Fig. 5 (f), which shows the proportion of ed-
ucational versus non-educational affiliations, authors affiliated with a
non-educational research institution were a salient part of the confer-
ences. For the first three years, these authors were increasing in pro-
portion to a point where there were more authors from non-educational
affiliations than those from educational ones in 1992. However, since
then, authors from non-educational affiliations have steadily declined
in proportion. For almost every year starting from 1995, authors af-
filiated with non-educational entities accounted for only 20%-30% of
all participating authors. Since 2010, this number has fluctuated at
around 20%. In 2021, 83.6% of all authors came from universities;
only 16.4% of them were from non-educational affiliations.

This decline in the proportion of non-educational affiliations was
due to the fact that both within the US and globally (Fig. 5 (g)), the
number of authors from non-educational affiliations remained stable at
around 100 whereas the number of authors affiliated with universities
grew steadily. In fact, as is evident in Fig. 5 (g), the majority (62.8%)
of authors affiliated with non-educational entities came from the US,
whereas there has been an influx of non-US authors who grew at a
faster rate as a group than US authors and who mostly (80.1%) came
from universities.

4.3 Fields of study

Our fields of study analyses were based on OpenAlex’s concepts data
on VIS papers and their referenced and citing papers. OpenAlex as-
signed concepts of different levels to each paper based on the pa-
per title, journal title, document type (e.g., journal, book, conference,
patent, thesis, etc.), and the paper abstract. Within each level, the num-
ber of concepts assigned to a paper can be zero or above one. It is pos-
sible, therefore, that one VIS paper was assigned not a single Level 0
(LO) concept whereas another one had two L0 concepts.

We first analyzed LO concepts of VIS, referenced, and citing papers.
LO is the top level, and concepts at this level, for example, Computer
Science, Mathematics, and Philosophy do not have ancestors.

Among 3,240 VIS papers, only two missed LO concepts, and 270

(8.3%) of them had more than one LO concept. There were 39,817
unique referenced papers accumulated over the past 32 years, among
which 39,650 (99.6%) of them had at least one LO concept, and 7,795
(19.6%) of them had more than one LO concept. These two figures
for 60,272 citing papers were 60,128 (99.8%) and 9,201 (15.3%), re-
spectively. In sum, almost all papers we studied were assigned at least
one LO concept with some of them having more than one. Recogniz-
ing that some papers were interdisciplinary, we decided to include all
assigned LO concepts of each paper. Detailed statistics are reported in
Table 2.

The LO concept of Computer Science appeared in 3,189 (98.4%)
of all 3,240 VIS publications, followed by Mathematics (185; 5.7%),
Physics (41; 1.3%), Geology (30; 0.9%) and Materials Science (16;
0.5%). Similar patterns were found in referenced and citing papers.
Among 39,817 unique referenced papers, the LO concept of Com-
puter Science appeared in 32,513 (81.7%) of them, followed by Math-

Table 2: Availability and counts of LO-L3 concepts for VIS, refer-
enced, and citing papers. For each source, the number in the parenthe-
sis indicates its total count. For example, there were 3,240 VIS papers.
On the right panel, the first row indicates the total number of unique
concepts present at that level in that source. The second and third line
indicates the percentage of papers having at least one concept in that
level, and that of those having more than one. For example, 17 LO
concepts were present in VIS papers. Among 3,240 VIS publications,
99.9% of them had at least one LO concept, and 8.3% of them had
more than one LO concept.

Source ‘ Description LO L1 L2 L3
VIS papers unique concepts 17 122 2,036 730
(3,240) at least one 999%  973%  995%  83.9%
more than one 8.3% 81.6% 979%  54.8%
Papers referenced in VIS unique concepts 19 274 7,905 5,281
(39,817) at least one 99.6%  955%  963%  68.0%
more than one 19.6%  76.5%  90.2%  37.1%
Papers citing VIS unique concepts 19 274 8,140 5,333
(60,272) at least one 99.8%  96.5%  96.9%  69.1%
more than one 153%  779%  919%  38.2%




ematics (5,466; 13.7%), Psychology (2,575; 6.5%), Physics (1,317,
3.3%), and Medicine (1,056; 2.7%). Among 60,272 unique citing
papers, 55,008 (91.3%) of them had the Computer Science compo-
nent, followed by Mathematics (4,673; 7.8%), Biology (1,384; 2.3%),
Medicine (1,252; 2.1%), Geography (1,249; 2.1%), and Psychology
(1,251; 2.1%). What these statistics reveal is that VIS papers were
mostly about, built upon, and impacting, Computer Science and
Mathematical studies. Psychology was also an important source of
inspiration (For details on LO concepts in VIS, referenced, and cit-
ing papers, refer to Supplementary Material Results 2.2). Because the
majority of LO concepts in VIS, referenced and citing papers were all
Computer Science, we focused on L1-L3 concepts in our analysis of
(1) the popularity trends of concepts in VIS publications and (2) the
citation flows based on concepts.

As clear in Fig. 1, at each level, VIS publications over the years
were concentrated in only a few concepts. 122 L1 concepts were
present in VIS papers but only 6 of them appeared more than 100 times
throughout the 32 years. There were significantly more L2 (2,036)
and L3 (730) concepts present in VIS publications, but again, only
27 (for L2) and 8 (for L3) of them had a frequency of over 100, re-
spectively. Not surprisingly, except for three concepts in L2 (Context,
Domain, and Focus) and one in L3 (Representation) 1 all of these
high-frequency concepts were subfields within the discipline of Com-
puter Science. We also noticed that the overall trends in science were
reflected in the ups and downs of popular concepts in VIS publica-
tions such that we saw an increase in the number of publications in-
volving Artificial Intelligence (AI), Data Mining, Human Computer
Interaction (HCI), Data Science, Machine Learning (ML) and Ana-
Iytics whereas the popularity of traditional subfields, i.e., Computer
Graphics and rendering had been declining.

We were also interested in which (sub)fields VIS was built upon
and where VIS influences flew. Within each level, we chose the
concept with the highest score to represent each paper if there were
multiple concepts assigned; Otherwise, citation flows would be over-
represented by interdisciplinary papers. We found that at each level,
citations mostly flew between the same set of subfields. For ex-
ample, in L1, VIS papers mostly cited, and were mostly cited by,
studies falling into AI, HCI, Computer Graphics, Algorithm, Data
Science, Data Mining, Theoretical Computer Science, and Infor-
mation Retrieval, as can be seen in Fig. 6. Similar patterns were
found in L2 and L3 concepts. More details on, and temporal pat-
terns in, citation flows are available in our interactive visualizations
athttps://32vis.hongtaoh.com.

Visualization as a field is interdisciplinary [19, 30]. We explored the
co-occurrence of concepts within each level for VIS publications. We
found that at each level, co-occurrences of concepts were mostly be-
tween the most frequently appearing concepts. This finding, that VIS
is interdisciplinary, but only confined to a few fields, both within
(L1-L3) and outside of (L.L0) Computer Science, corroborates and
adds to the result in [30]. More details on concept co-occurrences of
VIS papers can be found in Supplementary Material Results 2.3.

4.4 Citation analysis

Like in other bibliometric studies [32, 2, 4], citations of IEEE VIS
papers were heavily skewed to the right such that the top 20% papers
received 60% of all citations, as is shown in Fig. 7 (a). This pattern
was the same if we used citation data from Google Scholar, which is
closely correlated with that from OpenAlex (with a Spearman’s rank
correlation of 0.95).

We were interested in which paper characteristics were associated
with more citations. We first compared citation counts group-wise, for
example, between cross-type and non cross-type collaboration papers,
using non-parametric tests (We used one-way ANOVA for four differ-
ent conference tracks). Our results (Fig. 7 (b) and (c)) showed that
only award-winning and conference tracks were significant predictors.
Supplementary Material Results 2.4 covers more details.

'Flow visualization is not considered a subfield of Computer Science by
OpenAlex, which we considered to be a mistake.

We then regressed the number of citations on year distance from
2020, conference track, paper type, number of authors, cross-type
collaboration, cross-country collaboration, involving US authors or
not, and award-winning. Following the practice of [3], we excluded
VIS2021 papers in our analysis because it was too early for them to
receive citations. We made sure the multicollinearity of the model
was not an issue. Linearity and homoscedasticity had some issues,
which could be solved by performing log10 transformation on cita-
tion counts. Doing so, however, would make the interpretations of our
results less intuitive, so we decided to still use the raw citation counts.

Regression analyses showed that publication year, conference
tracks, paper types and awards are significant predictors of citation
counts such that recent publications (b = —2.51,t = —6.78, p < .001),
and papers presented in SciVis (b = —42.75, t = —7.57, p < .001),
Vis (b = —37.25, t = —8.67, p < .001) and VAST (b = —14.60,
t = —2.97, p < .01) had significantly lower citations. Having won
an award (b = 28.18, t+ = 4.20, p < .001) or been published in a
journal rather than a conference proceeding (b = 22.25, t = 4.57,
p < .001) brought significantly more citations. Number of authors,
cross-type collaboration, cross-country collaboration, and involving
US authors did not significantly correlated with the number of ci-
tations a paper received. Note that although this model is signifi-
cant (F(10,3059) = 18.45, p < .001), it only explains 5.4% (adjusted
R? = .0537) of the variance in citation counts. Regressing number of
citations from Google Scholar, or performing log10 transformation on
OpenAlex citations did not change the overall results. (For detailed
analyses and regression results, see Supplementary Material Results
2.5).
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Fig. 7: a shows citations were highly skewed such that the top 20% of
papers received 60% citations. b are violin plots displaying the distri-
bution of citations within each conference track. ¢ compares citations
of VIS papers under different categories. Note that the time factor may
distort interpretations of b and ¢. For example, SciVis is the youngest
track and this might impact its citations. This is why we built a mul-
tiple regression model in 4.4: to consider all known (and available)
factors that might influence citation counts.
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5 DISCUSSION

We began our study with two questions: (1) where VIS authors are
from, and (2) where VIS stands in science. To answer these questions,
we collected VIS paper metadata, and data on VIS authors and cita-
tions from vispubdata.org, IEEEXplore, and OpenAlex, among other
sources.

We found that the popularity and impact of VIS have been increas-
ing. The number of accepted publications and that of unique partic-
ipating authors have been increasing. Given the relatively stable ac-
ceptance rate of 25% at VIS during the past decade, these increases
indicate there has been a growing number of people involved in vi-
sualization research. We also found that a growing number of non-
VIS studies have been citing VIS papers. We did not know the overall
growth rate for all non-VIS papers (whether citing VIS or not), but this
trend nonetheless implied that research outside of the VIS community
was influenced by VIS.

Collaborations within VIS have been becoming increasingly pop-
ular. Sarvghad et al. [30] explored inter-institutional and interdisci-
plinary collaborations in VIS and found that both numbers have been
growing in the past 30 years. We corroborated this finding from dif-
ferent aspects. Our data showed that collaborations between authors
from different countries, and between authors from different affiliation
types, i.e., education and non-education, experienced rapid growth.
Cross-country collaboration grew from 4% in 1990 to 45% in 2021,
and cross-type collaboration increased from 10% in 1990 to 32% in
2021. Our regression analyses showed, however, neither cross-country
collaboration nor cross-type collaboration yielded more citations.

Even though cross-country collaboration has been increasingly pop-
ular, we found that these collaborations were concentrated in a few
countries. The top ten most collaborative countries (US, Germany,
China, Austria, UK, France, Canada, Netherlands, Switzerland, and
Australia) were present in 98% of all collaboration pairs, and collab-
orations among these most active countries were responsible for 71%
of all cross-country collaborations throughout the history of VIS. This
is not surprising; after all, these countries were also the top ten most
important author sources from where 93% of all VIS authors came.

VIS authors were also concentrated in a few countries and conti-
nents, with some changes in author shares over the years. Authors
from the US dominated VIS in the first decade, then authors from
Germany became a significant part in the second decade of VIS. In
the third decade, the number of authors from China increased drasti-
cally. In terms of total author counts, the US (52.9%) is still the largest
author source, followed by Germany (13.3%) and China (8.2%). If we
consider year by year statistics, China replaced Germany as the sec-
ond largest author source in 2017 and has been in that position ever
since. Although US authors have been declining steadily in terms of
proportion, they still had disproportionate influences on VIS. In the
past decade, we saw an upward trend in the percentage of papers in-
volving at least one author from the US. In 2021, although US authors
accounted for 42.6% of all authors, they were present in 58.8% of all
VIS2021 publications.

The results regarding the proportion and participation of non-
educational affiliations are interesting. We found that the proportion of
collaboration between authors from universities and those from non-
educational affiliations (e.g., companies, governments, NGOs, etc.)
showed an upward trend: in 1990 only 10% of all publications were
cross-type collaborations whereas this number grew to 32% in 2021.
Given this trend, it is surprising that the proportion of authors from
non-educational affiliations, both globally and within the US, has been
declining steadily. In the year of 1992, 59% of VIS authors were af-
filiated with non-educational entities whereas this number plunged to
16% in 2021. We concluded that this was because of the stable num-
ber of authors from non-educational entities at around 100 each year
amidst a steadily growing number of authors from universities both
globally and within the US. The fact that cross-type collaborations
were rising in popularity whereas the proportion of authors from non-
educational affiliations was declining indicates that the small number
of these authors were actively participating in VIS projects every year.

Using different data and from different perspectives, we corrobo-

rated the findings in [30] that (1) most VIS papers fell into the disci-
pline of Computer Science, and that (2) interdisciplinary collaboration
within VIS was confined to only a few disciplines. Our data showed
that the LO concept of Computer Science was present in all except two
of 3,240 VIS papers. Almost all of the high-frequency concepts in
L1, L2, and L3 were subfields of Computer Science. We found that
co-occurrences of concepts within each level were only between a few
(sub)fields. Regarding the role of VIS in science, we found that the
scope of topics, inspirations, and impacts of VIS research are limited.
First, VIS papers, and their referenced and citing papers mostly fell
into the domain of Computer Science and Mathematics. Time-series
analyses (see https://32vis.hongtaoh.com) show that this
pattern is stable throughout the past 32 years. Second, within each
level of fields of study, citations mostly flew between the same set of
(sub)fields, indicating that VIS publications did not have diversified
inspirations and impacts.

Our regression analyses showed that citations counts were signifi-
cantly lower for papers published in recent years, and papers presented
at SciVis, Vis and VAST. Journal papers and award-winning papers
had significantly more citations. This contradicted the finding in [3]
that award-winning CHI papers did not receive more citations than a
randomly selected publication. Our results implied that awards at VIS
were able to identify high-impact works.

6 LIMITATION AND FUTURE WORK

Our study is not devoid of limitations. The quality of OpenAlex Con-
cepts data may not be desirable for more granular concepts, i.e., L2
and L3. For example, as Fig. 1 shows, there is a L3 concept of “Rep-
resentation (politics)”, which is unlikely for VIS publications. That
said, considering that (1) most concepts shown in Fig. 1 appear re-
lated to what VIS publications are about; and (2) the general trends
mirror what is happening in the real world such that AI, ML, HCI
and Data Science are becoming popular, we believe the quality of
OpenAlex concept tagging is reliable, especially for LO and L1, from
which most of our conclusions on fields of study were drawn. Also,
the hierarchy of OpenAlex concepts may not be optimal. This is be-
cause OpenAlex’s concept tagging is trained on MAG data that only
manually inspected the hierarchical relationship between LO and L1
concepts [33]. This drawback, however, has minimal impact on our
conclusions because (1) our conclusions were mostly based upon LO
and L1 concepts, and (2) for L2 and L3 concepts, which are concen-
trated in only a handful of high-frequency concepts for VIS papers, we
have manually checked whether they belong to Computer Science.
Our study has the potential to inspire future work in several direc-
tions. First, OpenAlex only launched itself in early 2022 and has
not been widely used in scientific studies. We found that their data
were reliable and can be integrated with other data sources. Other re-
searchers may be motivated by our work and consider OpenAlex data,
and our workflow, in their studies. Second, analysis of citations flows
based on fields of study is a useful tool to identify the academic bases
(i.e., which fields are they built upon) and impacts (i.e., which fields
are they influencing) of a scholarly field. Our approaches can be ap-
plied to analyses of many other fields, such as HCI and CSCW. Last
but not least, our present study did not include conference papers in
PacificVis and EuroVis and journal papers in Journal of Visualization
and Information Visualization. Future work may include those publi-
cations to draw a more complete picture of the field of Visualization.
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