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Abstract

How creative is HCI research? Although creativity has been a no-
table theme in HCI, the landscape of the creativity of HCI research
itself remains unclear. In this paper, we address this by measur-
ing the disruptiveness of HCI research, one important dimension
distinguishing the level of creativity, through a large-scale data-
driven bibliometric analysis. By quantitatively tracing its evolution
over the past 40 years, we find that the disruptiveness of HCI is
decreasing sharply, even at a faster speed than the global average
across all fields. We characterize the patterns shown by the themes,
knowledge use, and authorship of disruptive papers in HCI, and
identify how they associate with disruptiveness, e.g., the positive
relationship between author freshness and disruptiveness. Based
on our results, we discuss practical implications to improve and
secure disruptiveness and creativity in HCI.
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1 Introduction

Creativity has been a long-standing focus of the Human-Computer
Interaction (HCI) community [28, 40]. For example, “what new
ideas or approaches are introduced” has been a key criterion for
reviewers’ evaluations of paper quality in the ACM CHI Confer-
ence on Human Factors in Computing Systems (CHI), the flagship
venue in HCI [13]. While a significant body of HCI literature has
sought to develop specific creative support tools to enhance the
creativity of practitioners including HCI professionals [27, 40], few
research efforts have gone beyond tool development to investigate
the creativity inherent in HCI research itself. Nevertheless, a better
understanding of and improved strategy for the creativity of HCI
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research is not only valuable for individual researchers to iden-
tify promising directions and position their contributions, but also
crucial for our entire community to enjoy healthy and sustainable
development.

The gap in the essential characterization of the creativity of HCI
can be partly attributed to the lack of objective and established
methods for quantifying research creativity. Although bibliometric
analyses have proven effective in shedding light on certain aspects
of HCI [10, 43, 56], scalable insights into the research creativity of
HCI remain elusive without effective metrics to differentiate the
level of a study’s creativity. Fortunately, the recent introduction of
the disruptiveness index offers a promising solution [29, 65]. Built
upon how the emergence of an innovation changes the attention
in the citation network, the disruptiveness index distinguishes the
degree to which the contribution of the innovation is uniquely
recognized and reveals the degree of changes that the innovation
triggers [65, 88]. Since its introduction, disruptiveness has gained
widespread adoption as a novel dimension for assessing creativ-
ity [52]. Following these works and aiming to unpack key patterns
regarding creativity within HCI, the present study investigates the
disruptiveness of HCI research. Specifically, we ask the following
research questions:

e RQ1: What is the extent of disruptiveness of HCI?

e RQ2: What are the themes of disruptiveness in HCI?

e RQ3: What characterizes the knowledge use of disruptiveness
in HCI?

e RQ4: Who publishes disruptive works in HCI?

To answer them, we conduct a large-scale bibliometric analysis
of all regular papers and research notes from four premier HCI
venues: ACM CHI, CSCW, UbiComp, and UIST conferences, span-
ning from 1982! to 2023 , which we further corroborate by three
alternative methods to represent HCI. Leveraging citation patterns
of subsequent research to recognize the unique contribution of a
paper [64, 83], we distinguish its level of disruptiveness, i.e., the
extent to which it disrupts versus develops/consolidates the exist-
ing literature. Our results show that the disruptiveness of HCI has
been declining over time, with an even sharper decrease than the
overall trend in science. Although the number of disruptive papers
increases, its growth rate lags heavily behind the rapid expansion
of HCI research. We trace the evolution of the main themes of dis-
ruptiveness in HCI and uncover the underlying patterns, e.g., a shift
from the predominant focus on system development to growing
concerns over social issues. We characterize the knowledge use of
disruptiveness in HCI, revealing that disruptive papers tend to build
on fewer, older, and less popular prior studies; although the average
citation counts of disruptive works may not stand out, disruptive
studies are more likely to acquire exceptionally high citation counts.

! This was the first year that at least one of the conferences was held.
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We present the evolution of the top countries (including territories)
and institutions contributing disruptive papers and demonstrate a
positive correlation between author freshness and disruptiveness.
Based on our results, we discuss the underlying tensions and con-
tributing factors of (non-)disruptiveness in HCI and outline possible
endeavors to preserve and enhance disruptiveness in HCL As such,
our work not only provides crucial insights for individuals aiming
to conduct more influential, disruptive, and creative HCI research,
but also lays the groundwork for fostering a healthier and more
sustainable future for the HCI community as a whole.

2 Related Work
2.1 Creativity in HCI

Creativity and creative work have been important themes and pur-
suits within HCI [28, 40]. The theoretical basis of creativity in HCI
studies can be broadly classified into four strands, each with varying
epistemic positions [40]. The first line of scholars regard creative
work as problem-solving [22, 77], demonstrating the scientific as-
pect and formalizability of the creative process and highlighting
the applicability of “structured methods” and “externalized guide-
lines” [23]. However, some essential yet often invisible work may be
overlooked [40]. The second line of researchers see creative work
as cognitive emergence [42] and contend that the creative process
can be modeled as an alternating combination of diverse generation
and convergent analysis [2, 19]. However, this perspective may risk
missing serendipitous insights between these alternating steps [39].
Thirdly, some literature emphasizes the interactions with the mate-
rial world and the reliance on in-context knowledge [71, 79], treat-
ing creative work as embodied actions. This fosters situated and
contextual understanding in HCI, but hampers the translation of
particularities to general lessons [40]. Finally, grounded in activity
theory, the fourth epistemic position views creative work as expert
activities mediated by tools [6, 47]. This underscores the fit between
tools and contexts, but poses challenges in accommodating diverse
practices and identifying representative target users [40, 48].

These strands of theories on creativity have motivated abun-
dant related HCI research [28, 40], most of which concentrates
primarily on the development and evaluation of digital creativity
support tools [27, 40]. In comparison, relatively few studies seek
to interrogate the creativity of HCI research itself, although it is
essential not only for individual researchers to situate themselves
within the community, but also for the field of HCI as a whole
to achieve healthy development and growth [45]. Wobbrock and
Kientz [87] contribute to this by categorizing research contribu-
tions in HCL By classifying and exemplifying empirical research,
artifact, methodological, theoretical, dataset, survey, and opinion
contributions [87], they reveal how knowledge produced by HCI
research is constructed and judged. Van Berkel and Hornbaek [82]
further extend this to implications from HCI research and uncover
how implications for methodology, theory, the HCI community,
design, practice, policy, and society can be made. However, it re-
mains unclear how the creativity of HCI research has been evolving
over time and what characteristics shape the creativity of HCI re-
search. The current work contributes to these by investigating the
disruptiveness of HCL
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2.2 Creativity and Disruptiveness

Considering the essential role of creativity in research and devel-
opment, past scholars have dedicated themselves to quantifying
creativity and unpacking the underlying mechanisms of creative
innovation. Along the pursuit of novel creation, an increasing num-
ber of empirical and theoretical studies indicate that novelty rarely
emerges in isolation, but rather largely stands upon existing works
yet recombines and reconfigures them in unique ways [25, 81, 85].
For example, Uzzi et al. [81] suggest that research grounding tail
atypicality in conventional knowledge is the most impactful. A
paper’s long-term impact also relies heavily on its knowledge pri-
ors [54], and the surprisal incurred by unusual content and context
combinations predicts high impact [74].

This high reliance of novel creative innovation on past knowl-
edge leads to the willingness to distinguish how a work provides
new knowledge for combinations. Motivated by the desire to de-
lineate new entities’ departure from the existing trajectories, dis-
ruptiveness (or disruption) quantifies the unique dimension of the
extent to which an innovation shapes people’s attention to or away
from extant innovation in a network of innovations [29]. Although
the metric has not been proposed for long, disruptiveness has been
quickly recognized and grown to be a popular measurement of
creativity recently: it effectively reflects how likely an innovation
disrupts versus develops science and technologies [65, 88]. For
example, Park et al. adopt this metric to examine the temporal pat-
terns of disruptiveness and caution that science and technologies
are becoming less disruptive over time [65]. Some other scholars
focus on factors influencing the disruptiveness of innovations. For
example, Li et al. [52] highlight the presence of a trade-off between
productivity and disruptiveness, where increased productivity is
associated with lower disruptiveness. Wu et al. [88] discover that
small teams are more likely to disrupt, whereas large teams tend to
develop the existing works more. Xu et al. [89] delve deeper into
the structure of teams, revealing that flat teams with a larger ratio
of leaders are more likely to disrupt established routines. However,
Lin et al. [53] reveal that remote collaborations are more likely to
cultivate developing work because distance hinders co-conception
of knowledge.

In sum, this related literature provides the basic knowledge of
what scientific disruptiveness is like and how it is characterized in
general. However, variations may exist across fields and some gen-
eral phenomena may not apply for specific fields [15, 90]. Moreover,
it remains unclear how the circumstances within HCI compare
with science in general and what specific contents characterize
the landscape of HCI over time, which are essential for the further
development of our HCI community. We seek to achieve these by
offering a detailed understanding of disruptiveness in HCL

2.3 Bibliometric Analysis of HCI

Bibliometric analysis, i.e., the quantitative study of scientific litera-
ture, has been a rigorous and powerful approach for the understand-
ing of science and publications in general and field characteristics
in specific [9, 21], especially when the abundance of the litera-
ture makes comprehensive surveys impracticable [12]. Therefore, a
line of research has leveraged bibliometric analyses to understand
the overall picture and characteristics of the HCI community [12].



The Sharply Decreasing Disruptiveness of HCI

Specifically, through visualizing the author co-citation network, co-
authorship network, and hybrid network of topical terms and cited
articles, past literature has identified the presence of dense author
clustering and emerging trends such as ubiquitous computing [12].
Other important facts in HCI are similarly pointed out, e.g., the
degree distribution of the coauthorship and citation network of HCI
conferences follows power law [33], and the topics within the field
are diverse yet drastically changing [56]. Kaye reveals that the size
of the author team increases and female authors grow in their pres-
ence through statistical analysis of CHI [43], and Bartneck and Hu
further illustrate that HCI publications are concentrated towards
top countries and institutions by quantifying CHI authorship [5].
However, these bibliometric analyses also reveal that high selec-
tivity may not translate into high impact in HCI [33], and neither
does the recognition of awards [5]. Moreover, Cao et al. find that
although HCI research is more likely to be translated to patents, the
time lag of the technology transfer process is ever-increasing [10].
Through unveiling these important facts, important implications
and suggestions are proposed [5, 10, 56].

The effectiveness and objectivity of bibliometric analyses have
also facilitated the understanding of sub-components and sub-
communities of HCI. For example, by tracking word usages and
evolution, they help to identify the meanings and practices of key
HCI concepts such as “interaction” [37, 38] in human-computer in-
teraction and “intelligent” [83] in intelligent user interfaces. Other
studies focus on specific disciplines in HCI, investigating the themes,
research networks, and citation practices of accessibility [16, 57,
70, 84], child-computer interaction (CCI) [30], computer-supported
collaborative learning (CSCL) [44, 80], computer-supported col-
laborative work (CSCW) [17, 18, 36, 41], human-agent interaction
(HAI) [60], human-robot interaction (HRI) [4], and ubiquitous com-
puting [55]. Furthermore, some studies have also attempted to
identify the status and patterns of HCI in specific countries, in-
cluding Australia [59], Brazil [3], India [31], Korea [50], and New
Zealand [62].

However, although the existing literature has powerfully indi-
cated important aspects of HCI, it has not covered the creativity
of HCI research. We fill this gap by investigating the time evolu-
tion of disruptiveness of HCI research and unpacking the factors
characterizing disruptiveness in HCI.

3 Method

In this section, we introduce how we conduct bibliometric analyses
to understand the disruptiveness of HCI papers by showing the
datasets we use and the details of our data processing procedure.

3.1 Dataset

ACM metadata. We first collect high-quality data of HCI papers
from the ACM digital library. By exporting citation information
of papers published in premier HCI venues from the ACM digi-
tal library, we obtain the metadata of these papers, including title,
abstract, author-specified keywords, year of publication, DOI iden-
tifier, etc. For the few papers where some of these fields are missing
(e.g., abstracts and keywords), we manually add them back based
on the information from their electronic PDF files. Moreover, we
document the specific venues of the papers according to the ACM

CHI ’25, April 26-May 01, 2025, Yokohama, Japan

digital library. This avoids the encounter of incorrect venue classifi-
cations in public datasets [10], thereby ensuring that only relevant
papers are included.

OpenAlex metadata. We further use OpenAlex [67] data to
complement the ACM metadata and provide more comprehensive
bibliometric information. Specifically, OpenAlex is a leading large-
scale open dataset that records not only the publication information
of the scientific literature but also the connections between different
works. Designed as an open alternative to the paywalled bibliomet-
ric knowledge bases, OpenAlex has been increasingly popular and
widely adopted since the retirement of its precursor, the Microsoft
Academic Graph (MAG) dataset [78]. It offers detailed information
on papers’ disambiguated authors, institutions, references, and re-
lated concepts (i.e., fields of study in MAG) that can be distinguished
with unique identifiers and that are unavailable in the ACM meta-
data. In the current work, we focus on articles (including preprints)
from OpenAlex to ensure fair comparisons.

3.2 Data Processing

Data selection. Seminal work in bibliometrics has indicated that
a few top venues can represent the core literature of a field [8].
Therefore, in our main results, we align with Cao et al. [10] to
focus on four premier HCI venues for our analyses: the ACM CHI
Conference on Human Factors in Computing Systems (CHI), the
ACM Conference on Computer-Supported Cooperative Work and
Social Computing (CSCW), the ACM International Joint Conference
on Pervasive and Ubiquitous Computing (UbiComp), and the ACM
Symposium on User Interface Software and Technology (UIST).
These venues are selected because of their representativeness of
the frontier of HCI research: they are among the most prestigious
and influential venues for HCI publications and papers from these
venues are all related to HCI according to the scope of the venues.

We take several further steps to enhance the data quality of
papers from these selected premier HCI venues. First, some early
UbiComp conferences are published by Springer rather than ACM.
To address this, we add the data of those papers back by retrieving
their bibliometric information from the original publisher. Second,
CSCW and UbiComp conferences start from 2017 to publish their
accepted research papers in journal formats in the CSCW issues
of the Proceedings of the ACM on Human-Computer Interaction
(PACMHCI) and the Proceedings of the ACM on Interactive, Mobile,
Wearable and Ubiquitous Technologies IMWUT) respectively. To
reflect this, we treat papers from these two sources as the contin-
uations of the corresponding venues, which are included in the
procedure of the ACM metadata collection. Third, to enhance the
comparability and representativeness of papers, we include only
papers published as research articles and notes in these four venues
between 1982, the first year at least one of the venues was published,
and 2023, excluding all other publication types such as extended
abstracts, posters, and keynotes.

To further validate the robustness of our findings, we consider
three more approaches to representing HCI?: (1) the top 20 venues

2 In our main results, we focus on findings derived from the four premier HCI venues
rather than alternative approaches due to (1) better quality control enabled by strict
venue selection and (2) the substantial manual effort needed for data cleaning and
checking. To ensure an accurate delineation of HCI, we focus on these four venues
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with the highest h5-index according to Google Scholar, (2) continu-
ous venues sponsored by ACM Special Interest Group on Computer-
Human Interaction (SIGCHI), and (3) papers recognized as related
to HCI according to OpenAlex. The details of the three alternative
methods for identifying HCI papers are shown in Appendix A.
Data linking. We link data from the ACM digital library and
OpenAlex metadata using the DOIs of the papers. Specifically, DOI
(Digital Object Identifier) is a unique identifier assigned to an article
or document, which is available in both the ACM dataset and the
OpenAlex dataset. However, for some early HCI papers, a single
paper may be published in multiple forms, leading to the presence
of multiple DOIs according to ACM. We eliminate the duplicates
through metadata cross-referencing to make sure that each HCI
paper is recorded only once. We then match the data by querying
the OpenAlex API with the DOIs provided by the ACM dataset.
Calculation of disruptiveness. Disruptiveness quantifies the
degree to which a paper disrupts (versus develops or consolidates)
the existing literature by assessing how the focal paper is cited
along with its knowledge bases, i.e., its references [65, 88]. When
a paper is disruptive, its unique contributions to the literature are
more likely to be recognized and future work is relatively more
likely to cite only the focal paper itself rather than citing it to-
gether with its references; however, when a paper is developing
or consolidating the existing knowledge, subsequent work is rela-
tively more likely to acknowledge both the focal paper itself and
its references. As such, a paper’s level of creativity is reflected in
the extent to which subsequent papers consider it sufficient to use
the paper as supporting knowledge independently. Mathematically,
disruptiveness can be quantified with the following index D:

ng—np

D= ———
nf+nb+no

Here ny denotes the number of future papers citing only the
focal paper (but none of its references), nj, represents the number of
future papers citing both the focal paper and any of its references,
and n, is the number of future papers citing any of its references
but not the focal paper.

By definition, D varies between -1 and 1. Fig. 1 visualizes the
circumstances with decreasing D, i.e, D = 1,0 < D < 1,D =
0,-1 < D < 0,and D = —1, respectively. It can be indicated
from the figure that when D drops from the maximum of 1 to the
minimum of -1, citing papers change from citing only the focal
paper (and none of its references) to citing both the focal paper and
its references. Therefore, a larger D represents a higher likelihood
of not being cited together with a work’s knowledge base, translates
to more recognition of the unique contribution of the work itself,
and indicates higher disruptiveness.

Table 1 lists the most disruptive papers in the four premier HCI
venues of HCI, CSCW, UbiComp, and UIST, respectively. It can be
inferred from the table that the most disruptive papers are mostly
the ones that propose new techniques or concepts, although their ci-
tation counts vary significantly. This corroborates the effectiveness
of the metric of disruptiveness. Moreover, high citations may not
indicate high disruptiveness as well. For example, for highly-cited

where the quality of the papers is comparable and where we can practically afford to
make several rounds of careful data cleaning and validation.
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papers primarily develop prior work rather than proposing new
directions, e.g., “Signed Networks in Social Media” [51], a CHI 2010
paper with top 0.1% citations that extends the “Slashdot Zoo” [46]
based on the theory of structural balance [11], negative disruptive-
ness is spotted. Indeed, the disruptiveness of a paper’s disruptive-
ness and citation numbers only slightly correlate with each other
(Pearson’s r = 0.020 for all papers). These indicate that disruptive-
ness depicts an aspect that vastly differs from academic impact,
which citation numbers delineate.

Other variables. In our analyses, we measure the citations of
each paper by counting the number of articles (preprints included)
that cite the paper according to OpenAlex. We identify the topics of
the papers based on the concept tagging assigned by the OpenAlex
deep-learning-based concept classifier. Because human-computer
interaction (HCI) is on level 1 in the OpenAlex concept hierarchy,
we use concepts that are one level lower, i.e., concepts at level 2,
to depict the (sub)topics of papers in HCI. For keywords, we use
the author-specified ones we retrieve from ACM metadata and
normalize them to lower cases to get keywords better aligned. As
for references, we use the information from OpenAlex wherever
possible. In terms of affiliations, we leverage authors’ affiliated in-
stitutions as detailed by OpenAlex and match them to countries
according to OpenAlex. When assigning papers to these affiliations,
we make sure that a single paper contributes one credit to each of
the participating institutions or countries: for example, a paper with
an author from both the U.S. and the UK. and two more authors
from the U.S. will be calculated as a U.S.-based paper once and a
U.K.-based paper once. Furthermore, we calculate an author’s career
age when publishing a paper as the number of years between that
paper and their first publication in their career, where the same
name-disambiguated author is identified with unique OpenAlex
IDs. However, there may be the possibility that multiple authors
are mistakenly merged into the same ID. We seek to address this
by considering only careers where the intervals between two con-
secutive publications are no longer than 5 years as valid (changing
the threshold to 10 years reaches qualitatively similar results). New
authors are consequently defined as those with career ages of 0.

Data summary. The metadata of a total of 17,476 papers from
the four premier HCI venues are extracted, among which 10,267
are published in CHI between 1982 and 2023, 3,342 are published
in CSCW between 1986 and 2023, 2,150 are published in UbiComp
between 2001 and 2023, and 1,717 are published in UIST 1988 and
2023. To meaningfully calculate the disruptiveness of the papers,
we need to make sure that the papers 1) have reference information
and 2) have been cited by other papers. Adopting these constraints,
we arrive at 16,193 papers, where 9,747 are from CHI, 3,020 are
from CSCW, 1,837 are from UbiComp, and 1,589 are from UIST.

4 Results
4.1 RQ1: What is the extent of disruptiveness of
HCI?

The disruptiveness of HCI papers is drastically decreasing.
One first and simple delineation of disruptiveness is whether the
contribution of a paper is more likely to be uniquely acknowledged
(rather than being cited along with its references). In this way,
we identify disruptive papers as those with a disruptiveness index
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Figure 1: Schematic illustration of disruptiveness and the corresponding local citation network around the focal paper with
decreasing disruptiveness D.

Table 1: Most disruptive papers in CHI, CSCW, UbiComp, and UIST, respectively.

Title Disruptiveness Citation Year
CHI
Whisper: A Wristwatch Style Wearable Handset 0.914 32 1999
Bridging the Paper and Electronic Worlds: The Paper User Interface 0.866 86 1993
Labeling Images with a Computer Game 0.840 1489 2004
A Toolkit for Strategic Usability: Results from Workshops, Panels, 0.830 103 2000
and Surveys
Reflexive Loopers for Solo Musical Improvisation 0.810 17 2013
CSCW

Knowledge-Domain Interoperability and an Open Hyperdocument 0.609 42 1990
System
Awareness and Coordination in Shared Workspaces 0.262 1556 1992
Blogging as $oc1al Activity, or, Would You Let 900 Million People - 307 2004
Read Your Diary?
Why CSsCw Appl.lcatlons Fail: Problems in the Design and Evalua- 0.204 581 1988
tion of Organizational Interfaces

Computer-Supported Cooperative Work: Examples and Issues in 0170 10 105c
One Federal Agency

UbiComp

Instant Ir}k]et Cer.ultS: Lab-Bz'ised Inkjet Printing to Support Rapid 0.376 248 2013
Prototyping of UbiComp Devices
Smart-Its Friends: A Technique for Users to Easily Establish

Connections between Smart Artefacts 0175 154 2001
Electr1§ense: Smgle—.PomF Ser.lsmg Using EMI for Electrical Event 0.108 311 2010
Detection and Classification in the Home
WebClip: A Connector for Ubiquitous Physical Input and Output

. 0.107 3 2013

for Touch Screen Devices
I : i

oT Inspect.0r Crowdsourcing Labeled Network Traffic from Smart 0.099 o 2020
Home Devices at Scale

UIST
Automation and Customization of Rendered Web Pages 0.337 151 2005
Citrine: Providing Intelligent Copy-and-Paste 0.320 45 2004
Pssst: Side Conversations in the Argo Telecollaboration System 0.316 12 1995
Pop through Mouse Button Interactions 0.279 24 2001
s 1 ) T .

Don’t Click, Paint! Using Toggle Maps to Manipulate Sets of Toggle 0.250 o7 1998

Switches
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Figure 2: The decrease of disruptiveness in HCI over time.

D > 0 in the same way as Lin et al. [53] and Li et al. [52]. Fig. 2(a)
shows the percentage of disruptive papers in the four premier
HCI venues (blue line) and the percentage of disruptive papers
in science (gray line) over time, respectively. In line with prior
literature [65], we find that the overall disruptiveness of scientific
papers drops significantly. However, the disruptiveness of HCI
papers decreases even more sharply (p < 0.001, both ANCOVA
and logistic regression with the interaction effect of time and HCI
relevance). Specifically, 44.4% of the research papers published in
1982 were disruptive; in 2021-2023, the figure drops to 26.5%-28.7%.
For papers from the four premier HCI venues, they used to be
extremely more likely to be disruptive than the global average of
the time, where 81.4% to 87.7% of the papers published in 1982 and
1983 were disruptive; however, in 2021-2023, the figure drops to
17.0%-21.8%, which was even lower than the average of all papers
in this period.

The notable decrease of disruptiveness in HCI is also observed
when we examine the average disruptiveness percentile of HCI
papers instead (Fig. 2(b)). Specifically, taking the general decreasing
disruptiveness of science into account, we compute the percentile
of a paper’s disruptiveness index D among all papers published

in the same year, where larger values of percentiles correspond
to higher disruptiveness. As revealed by Fig. 2(b), the average
disruptiveness percentile of HCI papers from the four premier HCI
venues drops significantly over time (p < 0.001, both ANCOVA
and Ordinary Least Squares (OLS) regression with the interaction
effect of time and HCI relevance): it diminishes from 64.0%-73.0% in
1982-1983 to 41.5%-47.8% in 2021-2023, changing from being high
above the yearly median to lying below the yearly median in terms
of disruptiveness. Taken together, HCI has been shifting to be less
disruptive at a faster speed than all scientific papers and than all
computer science-related studies (see Appendix B) in general.

In Fig. 2(c), we further unpack how the decrease of disruptive-
ness in HCI varies across the four premier venues of CHI, CSCW,
UbiComp, and UIST. It can be inferred that disruptiveness is de-
clining across all these four venues, especially for CHI and UIST.
For example, 81.4%-87.8% of the CHI papers published in 1982-1983
were disruptive, but in 2021-2023, only 12.4%-20.2% of the published
CHI papers had a disruptiveness score D > 0. CHI papers in 1982-
1983 shared an average disruptiveness percentile of 63.9%-72.9%,
but the figure dropped to 38.8%-45.0% between 2021 and 2023, re-
maining below 50% consistently. Similarly, for UIST, the percentage
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Figure 3: The number of disruptive papers and all papers published by ACM CHI, CSCW, UbiComp, and UIST over time, with
the growth rate of disruptive papers not being commensurate with the expansion of HCIL.

of disruptive papers dropped from 80% in 1988 to 9.1%-23.8% in
2021-2023, and the average percentile of disruptiveness lowered
from 62.3% in 1988 to the minimum of 21.6% in 2015, and rose to
46.9% in 2023, which was consistently below 50%.

Slower growth rate of disruptive work than all work. To
investigate how the decrease of disruptiveness in HCI occurs, we
explore the number of disruptive papers (disruptiveness D > 0) and
all published papers across the four premier HCI venues over time.
As shown in Fig. 3, the number of disruptive papers in CHI, CSCW,
and UbiComp is indeed increasing. Even for UIST, the number
of disruptive papers remains relatively stable. However, the total
volume of papers in all these four venues is increasing substantially,
especially in recent years. For example, 75 papers were published by
CHI in 1982, and the number remained to be 72 in 2000. The number
of CHI papers then grew quickly to 302 in 2010, 757 in 2020, and
reached 879 in 2023. In contrast, 48 out of the 59 papers with both
references and citations from CHI 1982 were disruptive. The number
remained to be 52 out of 72 in 2000, rose to 132 out of 300 in 2010,
142 out of 752 in 2020, and then 107 out of 531 in 2023 (some recent
papers have not had enough time to get citations and therefore the
disruptiveness index is not applicable yet). Therefore, the decrease

in disruptiveness is not primarily a matter of the disappearance of
disruptive works. However, the growth rate of disruptive works
does not match up with that of the explosion of published papers.
As a result, the percentage of disruptive works and the average
percentile of disruptiveness fall off.

These observed trends are robust to data selection. As shown in
the Appendix, we conduct three sets of robustness tests (1) taking
alternative approaches for identifying HCI papers (see Appendix
B), (2) removing self-citations (see Appendix C), and (3) adopting
an alternative time-aware measurement of disruptiveness, CD2 (see
Appendix D). We observe qualitatively similar trends, which further
corroborate the drastic decrease of disruptiveness in HCL

4.2 RQ2: What are the themes of disruptiveness
in HCI?

To uncover what constitutes disruptiveness in HCI, we examine the
main themes of disruptive papers in the four premier HCI venues
across time. Specifically, we investigate the top algorithmically ex-
tracted objective topics and author-specified subjective keywords
of disruptive HCI papers in different time periods and the corre-
sponding patterns they show.
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Table 2: Top topics of disruptive papers in HCI across time.

1982-1990 \ 1991-2000 \ 2001-2010
Topic Freq. Perc. ‘ Topic Freq. Perc. ‘ Topic Freq. Perc.
Bubble 93 0.744 | Citation 276 0.604 | Context 117 0.547
User interface 87 0.750 | Bubble 100  0.617 | Bubble 105  0.471
Software 45 0.833 | Work 81 0.692 | Process 97 0.577
Work 43 0.782 | User interface 73 0.603 | Task 87 0.372
Set 30 0.750 | Software 40 0.541 | User interface 85 0.489
Task 26 0.650 | Usability 34 0.642 | Work 81 0.450
Citation 25 0.893 | Research center 32 0.640 | Set 79 0.494
Process 19 0.731 | Task 31 0.585 | Field 77 0.570
User experience design 16 0.640 | Collaborative software 29 0.725 | Usability 74 0.552
Graphics 16 0.727 | Process 26 0.722 | Mobile device 73 0.525
2011-2015 \ 2016-2020 \ 2021-2023
Topic Freq. Perc. ‘ Topic Freq. Perc. ‘ Topic Freq. Perc.
Context 117  0.362 | Context 116  0.202 | Context 67 0.184
Social media 112 0.434 | Process 101 0.205 | Work 43 0.146
Work 109 0.324 | Set 93 0.193 | Social media 48 0.213
Set 104  0.322 | Social media 89 0.248 | Perception 47 0.187
Process 98 0.328 | Work 82 0.153 | Set 43 0.171
Task 91 0.296 | Task 77 0.197 | Task 38 0.165
Mobile device 76 0.266 | Wearable computer 62 0.173 | Process 36 0.117
Bubble 63 0.297 | Virtual reality 62 0.193 | Politics 29 0.171
Usability 61 0.349 | Perception 59 0.174 | Virtual reality 27 0.114
Field 57 0.320 | Politics 56 0.183 | Wearable computer 27 0.165

Evolving topics: top topics are broadening in scope, but
may not indicate greater probabilities of disruptiveness. Ta-
ble 2 shows the top 10 topics (i.e., concepts from OpenAlex) of
disruptive papers, their corresponding frequencies of occurrence,
and the percentage of disruptive papers pertaining to the topic
in different years in the four premier HCI venues. In terms of the
specific topics, we observe a remarkable evolution of disruptiveness
with distinctive traits within the field of HCL. First, the scope of HCI
disruptiveness seems to be broadening from focusing primarily on
the technical aspects of computer science systems, e.g., bubble, user
interface, and software management, to attending also to the social
aspects of social media and politics. Second, disruptive innovation
evolves as new approaches for human-computer interactions be-
come available, for example, collaborative software between 1991
and 2000, mobile devices between 2001 and 2015, social media from
2011 on, and wearable computers from 2016 on. Third, some tradi-
tional HCI topics such as work and set have been present among
the top topics over time. This highlights that some cores of the HCI
remain the same over time, and novel contributions to these core
areas are consistently made as time passes.

Nevertheless, the top topics may not have larger proportions of
disruptive papers. For example, the percentage of disruptive papers
regarding user experience design was 64.0% in 1982-1990, which
was vastly lower than the average of 76.9% in HCI at the time. This
highlights that it is not some specific major topics with extremely
high disruptiveness that contribute to disruptiveness in HCI. In-
stead, disruptive papers are distributed across topics and sometimes

even less towards some prevalent topics. However, the large num-
ber of studies pertaining to those topics may compensate for the
lower probability of disruptiveness, resulting in their prominent
contributions to disruptiveness in HCI.

Evolving keywords: increasingly specified, broadened to
social facets, and closely tracing technological advancements.
The objectively extracted topics depict only part of the picture of
disruptiveness in HCIL To take what themes authors themselves
regard as important into consideration, we turn to keywords speci-
fied by disruptive papers in HCI. Table 3 displays the most frequent
keywords among disruptive papers, the corresponding frequencies
of mentioning, and the percentages of disruptive papers related to
the keywords in different time periods in HCI. Compared with the
algorithmically-extracted topics, the keywords show visible differ-
ences and the frequencies of the keywords are lower. These are
easy to understand because authors’ intention to highlight certain
aspects and thus add them as keywords may differ. For example,
some recent advancements in task management may be present,
but the authors may not regard them as worthy of explicitly men-
tioning because they may seem too vague or ordinary. Differences
in authors’ preferences for keyword specification also lead the key-
words to diverge, which consequently reduces the frequencies of
the most prominent keywords.

Interesting trends are also observed when we look into the key-
words of disruptive HCI papers themselves. First, top keywords
have been growing to be increasingly specified and diverse over
time. For example, the more general themes of user interface, de-
sign, and input devices were among the top three keywords in
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Table 3: Top keywords of disruptive papers in HCI across time.

1982-1990 \ 1991-2000 \ 2001-2010

Keyword Freq. Perc. ‘ Keyword Freq. Perc. ‘ Keyword Freq. Perc.
user interface 5 0.833 | cscw 51 0.637 | ubiquitous computing 38 0.521
design 4 1.0 | virtual reality 36 0.75 | privacy 35 0.603
input devices 3 1.0 | user interface design 25 0.862 | cscw 35 0.486
user interface ma- 3 0.333 inférmation visuali- 24 0615 | ethnography 34 0.642
nagement systems zation

bject-oriented
ovjectoriente 3 1.0 | visualization 23 0.676 | collaboration 32 0.478
programming

rogrammin,
P g & 2 1.0 | groupware 22 0.478 | visualization 27 0.628
environments

ft . . .
SOTtware 2 1.0 | world wide web 22 0.759 | mobile computing 27 0.692
engineering
ter-mediated
usability 2 1.0 | hypertext 21 0.4 | COmPUermediate 26 0.531
communication
eye movements 2 1.0 | multimedia 20 0.69 | awareness 25 0.481
learning 2 1.0 | user interface 20 0.69 | children 22 0.629
2011-2015 \ 2016-2020 \ 2021-2023

Keyword Freq. Perc. ‘ Keyword Freq. Perc. ‘ Keyword Freq. Perc.
social media 53 0.457 | social media 52 0.23 | social media 35 0.246
crowdsourcing 43 0.326 | augmented reality 40 0.328 | covid-19 21 0.313
twitter 37 0.578 | virtual reality 40 0.17 | machine learning 19  0.224
privacy 33 0.347 | privacy 38 0.242 | privacy 18 0.188
design 32 0.296 | crowdsourcing 35 0.205 | augmented reality 18 0.196
collaboration 25 0.347 | machine learning 24 0.216 | virtual reality 17 0.101
mobile 24 0.375 | collaboration 24 0.282 | deep learning 12 0.231
education 21 0.538 | accessibility 23 0.187 | accessibility 11 0.098

biquit .
ubiquitous 20 0426 | design 20 0.168 | mental health 10 0.204
computing
visualization 20 0.364 | internet of things 18 0.295 | pandemic 9 0.409

1982-1990, and cscw and ubiquitous computing, i.e., the core themes
of the CSCW and UbiComp conferences, were extremely preva-
lent in 1991-2010 and in 2001-2010, respectively. However, more
specific keywords and keywords that are indirectly related to HCI
have emerged as top keywords of HCI in recent years, e.g., crowd-
sourcing in 2011-2020, education in 2011-2015, and accessibility
in 2016-2023, as well as machine learning in 2016-2023 and deep
learning, COVID-19, and mental health in 2021-2023. This indicates
the specification and broadening scope of the fertile ground for HCI
innovation. Second, keywords also turn from focusing primarily
on techniques to also considering the societal aspect. For exam-
ple, social media has remained a top keyword since the period of
2011-2015, and similar circumstances are also observed for themes
such as education (2011-2015). Third, the evolution of disruptive
research in HCI closely follows the technological advancements
and the corresponding shifts in interaction formats. For example,
cscw and groupware came into sight in 1991-2000, followed by
ubiquitous computing and mobile computing during 2001-2010,
social media in 2011-2023, and machine learning in 2016-2023.

4.3 ROQ3: What characterizes the knowledge use
of disruptiveness in HCI?

Themes only provide the basic contour of disruptiveness in HCI. To
gain deeper insights into the construction of disruptive HCI papers,
we turn to the knowledge use of disruptiveness in HCI and explore
how disruptive work in HCI uses prior knowledge and how the
knowledge they produce is used. Specifically, we investigate the
relationship between disruptiveness and (1) referencing behaviors
and (2) citation patterns in HCL

Fewer, older, and less popular references for disruptive
papers. Fig. 4 compares the referencing behaviors (i.e., knowl-
edge combination) of disruptive (disruptiveness D > 0) and non-
disruptive (disruptiveness D < 0) HCI papers over time. In terms of
the number of references, as shown in Fig. 4(a), although it grows for
both disruptive and non-disruptive papers over the years, the num-
ber of references for disruptive papers is consistently smaller than
that for non-disruptive papers (p < 0.01 for most years since 2000, t-
test)®. This indicates that disruptive HCI papers need relatively less

3 Non-significant differences are observed only in the most recent year of 2023, where
many papers have not acquired the citations needed for distinguishing disruptiveness
yet and the sample sizes are thus relatively small.
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Figure 4: Differences in referencing behaviors across disruptive and non-disruptive papers in HCI, with disruptive papers

drawing on fewer, older, and less popular studies.

prior literature to situate their contributions than non-disruptive
ones.

One other important aspect of referencing is the age of the knowl-
edge [61, 88]. We gauge the age of a reference by the difference
between the year that the current paper references the prior liter-
ature and the year that the prior literature was published. Based
on this, we further calculate the average age of a paper’s refer-
ences and the standard deviation of the ages of a paper’s references,
which we depict in Fig. 4(b) and Fig. 4(c), respectively. It can be
concluded from the figures that although the standard deviation of
reference age is comparable for disruptive and non-disruptive HCI
papers, the average age of references for disruptive papers is larger,
especially in recent years (p < 0.001 for all but the very recent
years since 2014, t-test). For example, the average reference ages of
disruptive HCI papers published in 2020, 2021, 2022, and 2023 were
9.45, 9.19, 8.51, and 8.49, respectively; for non-disruptive ones, the
same numbers dropped to 8.40, 8.15, 8.08, and 8.19, respectively.

Furthermore, knowledge creation is also inherently influenced
by the importance of the knowledge upon which it is based [54]. We
measure this by the popularity of the references, which is quanti-
fied by the references’ citation percentiles among papers published
within the same year. Fig. 4(d) displays the percentage of the top 5%

most popular literature referenced by disruptive and non-disruptive
HCI papers, respectively. We find that although seminal past litera-
ture constitutes the vast majority of references in both disruptive
and non-disruptive papers, disruptive HCI papers are relatively less
likely to be built upon the most popular past literature (p < 0.05
for most years since 2008, t-test). Similarly, when we examine the
average popularity of references quantified by the average of cita-
tion number percentiles of a paper’s references (see Fig. 4(e)), we
find that the references of disruptive papers are stably less popular
than those of non-disruptive papers on average (p < 0.05 for most
years since 2008, t-test). As for the heterogeneity of a paper’s refer-
ence popularity, as indicated by Fig. 4(f), the standard deviation of
the popularity of a paper’s references is larger for disruptive HCI
papers than non-disruptive ones on average (p < 0.05 for most
years since 2014, t-test). Therefore, disruptive HCI papers are more
likely to build their work upon less prominent past literature.
Lower average citations but higher probability of top cita-
tions for disruptive papers. As for citation patterns (i.e., knowl-
edge contribution and usage), Fig. 5(a) and Fig. 5(b) display the
average citation percentiles and the probability of hit papers with
top 1% citations across disruptive and non-disruptive HCI papers
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Figure 5: Average citation percentile and probability of top 1% citations with respect to disruptiveness in HCI, where disruptive
papers may not exhibit higher average citations but are more likely to have top 1% citations.

over time. Here citation percentiles are calculated based on all scien-
tific articles published within the same year. We find that although
sometimes disruptive papers had more citations in the early years,
from about 2010 on, the average citation percentile of disruptive
papers is consistently lower than that of non-disruptive papers (see
Fig. 5(a)). However, the trend alters when the probability of acquir-
ing the top 1% most citations is examined instead (see Fig. 5(b)): in
most years, especially from 2002 on, disruptive papers are more
likely to garner citations ranking the top 1%. This reveals that al-
though disruptive papers may not acquire high citations on average,
they are more likely to stand out and be extremely impactful.

To gain a more nuanced understanding of the relationship be-
tween citations and disruptiveness, we delve into how the average
citation percentiles and the probability of top 1% citations change
with respect to the percentiles of disruptiveness. Here the citation
percentiles and disruptiveness percentiles are identified through
comparisons with all articles published in the same year, and higher
percentiles indicate larger citations and disruptiveness. For better
delineation of the observed patterns, we further aggregate the dis-
ruptiveness percentiles into deciles. As evident in Fig. 5(c), the
average citation percentile declines as the disruptiveness of HCI
papers increases from the least 10% to the top 10%-20%. Although
the average citation percentile then rises a bit when disruptiveness
further increases to the top 10%, it is still vastly smaller than the
least disruptive ones (i.e., most developing ones). Specifically, the
least 10% disruptive HCI papers share an average citation percentile
of 82.2%, whereas for the top 10% most disruptive ones, a paper’s
citation ranks 72.9% on average. However, this is not the case for the
acquisition of exceptionally high citation counts. The probability of
publishing papers with top 1% citations declines from 2.4% to 0.4%
when the disruptiveness of an HCI paper changes from the least
10% to the top 30%-40%. However, it then increases to 6.0% for the
top 10% disruptive ones, underscoring the impressive reward that
high disruptiveness can bring about. Taken together, disruptiveness
may not translate to high citations on average but is more likely to
trigger top 1% citations. These patterns are especially prominent
for the least and most disruptive papers in HCL

4.4 RQ4: Who publishes disruptive works in
HCI?

Furthermore, we investigate who publishes disruptive works in
HCI by uncovering (1) the top contributing countries (or territories)
and institutions over time and the patterns they show, and (2) how
authors’ prior experience influences disruptiveness.

Consistent contribution of the U.S., UK., and Canada, along
with the recent emergence of Asian countries such as China.
To understand the top contributors to disruptiveness in HCI, we
identify the top countries and territories that disruptive HCI works
come from across different time periods. To better capture the po-
tential changes resulting from the recent surge in HCI publications,
we group the recent years into finer-grained intervals of five years
as opposed to the ten-year intervals used for earlier periods. As
reflected by Fig. 6, the United States has consistently been the most
important country-level fertile ground of disruptiveness in HCI
over time. Across all time periods, it has been publishing more than
three times as many as the secondary country-level contributor.
The United Kingdom and Canada remained the second and the
third between 1982 and 2020, until they changed to the third and
fourth during 2021-2023. These changes seem to be resulted from
the recent rise of Asian countries such as China. For example, China
was not among the top 10 within the landscape of disruptiveness in
HCI from 1982 to 2000. It ranked tenth during 2001-2010, changed
to sixth during 2011-2015, quickly rose to fourth during 2016-2020,
and even came to second place during 2021-2023.

Top contributions may not be attributed to a high proba-
bility of disruptiveness. To further unpack how these countries
and territories contribute to the landscape of disruptiveness in HCI,
we examine the percentage (or probability) of disruptive papers
from the top countries and territories in HCI across time (see Fig. 7,
where the dashed vertical line indicates the global average). We find
the top country-level contributors to disruptiveness in HCI may
not be the ones with an exceptionally high probability of producing
disruptive works. Indeed, U.S.-based authors publish disruptive pa-
pers at probabilities centering around the global average; Canadian
(1982-2023), French (1991-2023), and German (2011-2023) studies
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Figure 6: Top countries and territories publishing disruptive HCI papers over time.

are even less likely to be disruptive than an average HCI paper.
These results emphasize that the top countries do not seem to ex-
hibit a privilege in unearthing disruptive ideas; rather, their large
volume of HCI publications enables them to accumulate advantages
in contributing disruptive works. Moreover, the average percent-
ages of disruptive papers for all top countries and territories are
vastly decreasing. This indicates that the sharp decline of disrup-
tiveness in HCI is not attributed to certain specific countries but
is instead a general phenomenon within the field. Similar patterns
are identified when we examine the leading cities contributing to
disruptiveness in HCI (see Appendix E).

Growth of the University of Washington and Tsinghua
University, but no longer previous industrial giants such as
PARC and IBM. For a more fine-grained understanding of the
contributors of disruptiveness in HCI, we delve into the institutions
publishing the most disruptive HCI studies over time. As depicted
in Fig. 8, several universities, e.g., Carnegie Mellon University, Geor-
gia Institute of Technology, and Stanford University have long been
among the top institutional-level contributors to disruptiveness
in HCI. For example, Carnegie Mellon University was the largest
contributor to disruptiveness in HCI in 2001-2020 and the second
largest one in 1982-2000 and 2021-2023. However, some important
industrial players no longer come into sight in recent years. For

example, Palo Alto Research Center used to publish the most dis-
ruptive papers between 1982 and 2000, but dropped to sixth during
2001-2010 and is no longer visible among the top 10 institutions
from 2011 on. Similar circumstances have also been observed for
IBM, Apple, Intel, etc. Indeed, industrial companies took up 4/10
and 5/10 among the top 10 institutions in 1982-1990 and 1991-2000,
respectively; however, only 1/10 (Microsoft) of the top institutional
contributors were from industry in 2016-2020, and even none of the
top institutional publishers of disruptive HCI papers were from in-
dustry in 2021-2023. Replacing these industrial companies are some
increasingly important universities. For example, the University of
Washington was not among the top 10 institutions between 1982
and 2000, but it rose to fourth place in 2001-2010, ranked second
between 2011-2020, and then ascended to first place between 2021
and 2023. Similarly, Tsinghua University was not among the top
producers of disruptiveness in HCI before 2020. However, it quickly
rose to the third recently between 2021 and 2023.

Divergent percentage of disruptiveness across institutions.
Fig. 9 further depicts the percentages of disruptive papers in HCI
for top institutions across time. Substantial discrepancies in the
probability of publishing disruptive HCI papers across institutions
are observed. For example, Stanford University, Massachusetts In-
stitute of Technology, and the University of California, Irvine have
long been more likely to contribute disruptive works, whereas for
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Figure 7: Percentage of disruptive HCI papers published by top countries and territories over time.

Carnegie Mellon University and the University of Washington,
the ratios of disruptive works fluctuate. Moreover, the recently
emerging top institutions of authorships, e.g., Tsinghua Univer-
sity, contribute disruptive papers with likelihoods above the global
average in recent years. This hints that some of these emerging
institutions may be especially effective in bringing about novel
disruptive ideas in HCL

Fresh authors are more likely to publish disruptive HCI
papers. Authors’ affiliated countries and institutions do not fully
capture all aspects of their behavioral traits related to publications.
Existing literature suggests that authors’ past experience and ex-
pertise also significantly influence the papers they publish [20, 91].
On the one hand, authors’ past engagement with publications can
cause the chaperone effect [72] and can be translated to familiarity
with the literature. This helps them better discern the important di-
rections and research gaps, which can lead to higher probabilities of
disruptiveness. On the other hand, authors’ familiarity with certain
existing attempts may also lay constraints on the paradigms to fol-
low and limit the range of ideas that they attend to [20], which may
result in lower probabilities to produce disruptive works. Taking
these competing possibilities into account, we seek to understand
how authors’ past expertise is associated with disruptiveness in
HCI in reality.

Specifically, Fig. 10(a) illustrates the distribution of papers with
different percentages of new authors (left axis) and the correspond-
ing percentages of disruptive HCI papers they publish (right axis).
We find that as the percentage of new authors in a paper increases,
the probability that it is disruptive rises accordingly: when 0%-20%
of the authors have not published any papers before, they share
a probability of 29.4% to contribute disruptive papers; the prob-
ability rises to 48.0% when 60%-80% of the authors are new and
even to 72.6% when more than 80% are new authors without prior
publication records. However, the four premier venues of HCI are
indeed dominated by papers with relatively few brand-new authors:
studies with fewer than 20% new authors represent 75.1% of papers
with a calculable disruptiveness index in these venues.

Similar circumstances are observed when we analyze the maxi-
mum career age of a paper’s authors instead. As Fig. 10(b) depicts,
a greater maximum career age is associated with a lower likelihood
of publishing disruptive papers. For authors with fewer than 5 years
of experience in science, 66.4% of their papers are disruptive. The
percentage decreases to 28.3% when the authors’ maximum career
age increases to 20-25 years, which then fluctuates around 25%-30%
as the maximum career age of a paper’s authors continues to grow.
However, only 2.3% of the papers from the four premier HCI venues
are authored by teams with a maximum career age between 0-5
years, whereas those whose maximum career ages exceed 20 years
publish 57.9% of HCI publications. Taken together, we find that
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Figure 10: The positive relationship between author freshness and disruptiveness in HCIL

fresh teams with a larger proportion of new authors and lower
career age are more likely to produce disruptive work. However,
their representation in these HCI venues is relatively limited.

5 Discussions
5.1 The Sharp Decline of Disruptiveness of HCI

As shown in the main results, a sharp decline of disruptiveness can
be observed in HCI over time. What is even more noteworthy is
that although disruptiveness in science and technology drops in
general [65], the disruptiveness of HCI falls at an even significantly
faster rate than the global average, the trend of which is robust and
consistent across venue selection.

One of the contributing factors can be researchers’ reference
behaviors. As we show in Fig. 4(a), the average number of refer-
ences cited in CHI papers has been growing quickly, especially
in recent years. Considering that more references may render in-
creased difficulties in disrupting all related prior knowledge [68],
lower disruptiveness is relatively more likely to be anticipated. To a
certain degree, this can be attributed to HCI’s increasing highlight
on discussions of related work. An adequate review of related previ-
ous work has been among the top criteria for reviewers’ judgment
of HCI papers [13], and we increasingly encounter with and rec-
ommend better communication with the prior literature to situate
a manuscript and highlight its uniqueness when acting as authors
and reviewers in HCI. This helps to tease out the focal paper’s
unique contributions, but risks lowering down authors’ willingness
to uniquely cite a single previous study and may even push them to
incorporate not-so-relevant literature into the reference lists. As a
result, the quantitatively measured disruptiveness is more likely to
go down. Furthermore, in-context understanding and contributions
are increasingly noted and underscored in HCI [40, 48]. This ben-
efits surfacing user groups’ situated context-dependent opinions
and needs, tailoring technologies to their personalized interests
and concrete usages, and improving user experiences [49]. How-
ever, these circumstances are more likely to contribute incremental

development rather than disruption of the existing attempts, and
out-of-box or even paradigm-shifting work is less present. As a
result, a lower probability of disruptiveness is brought upon.

Another possible contributing factor is the expansion of the field.
In HCI, a surge in the number of papers has been observed in recent
years (see Fig. 3). Prior literature has manifested that more papers
may not translate into knowledge advances; instead, cognitive over-
load and research competitions may hinder creative ideas due to the
lack of the cognitive slack necessary for novelty [14]. Even worse, if
the knowledge space of a field is relatively fixed, producing highly
novel and creative work becomes more challenging. However, re-
cent years have spotted the consolidation of research contributions
and criteria for paper judgment in HCI [13, 87]. Although they
help researchers (especially novice researchers) to better highlight
their contributions, they also risk confining out-of-the-box ideas
that do not fit the norms of current HCI practices. For example,
some paradigm-shifting and disruptive works may find it hard to
identify an appropriate subcommittee, the selection of which is a
must for CHI submissions. In response to this, the authors may ad-
just their papers according to the intended subcommunity, risking
curtailing the disruptiveness of the work correspondingly. This
could be particularly prominent in the most prestigious HCI venues,
where the high standards for papers and the potential recognition
associated with publications in these venues may drive authors
to more intentionally make substantial efforts on adjustments. As
a result, we observe a steeper decrease of disruptiveness in these
venues as shown in Appendix B. Fortunately, this is addressable
given the interdisciplinary nature of HCI: the HCI community has
a long history and tradition of welcoming diverse methodologies
and paradigms [32, 63]. When expanded directions and subfields
are further welcomed and appreciated, knowledge advances should
be promoted and ignited by new ideas.

The decline in disruptiveness also points to the trade-offs regard-
ing the essential tension between tradition and risky innovation.
When the rewards of risk-taking fail to outweigh the potential loss
incurred by failures, scientists become less inclined to take such
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risks [26]. Disruptive works usually involve taking risks [75], but
they may not always lead to tangible benefits: although high dis-
ruptiveness indicates a higher probability to acquire top 1% yearly-
normalized citations, it may not result in higher average citation
counts (Fig. 5). Therefore, for scholars who more conservatively
focus on average expected returns, pursuing the risk-taking dis-
ruptive works may not seem to be an efficient strategy. However,
it is exactly the risky and less redundant research that accelerates
scientific progress and pushes the boundaries of knowledge fur-
ther [69], both of which are vital for the sustainable development
of a field. Given that the most disruptive papers are most likely to
obtain extremely high citations (as we discuss and show in Fig. 5),
fostering an environment that emphasizes landmark contributions
rather than quantity or average impact may encourage researchers
to undertake more disruptive work.

The peer review system can also subtly influence the declining
disruptiveness of HCI. Following the norms of science, HCI venues
recruit peer reviewers to determine and ensure the validity and
credibility of scientific knowledge [58] and evaluate a paper’s contri-
bution to HCI [13]. These reviewers play a crucial role in delineating
the boundaries of HCI and maintaining the knowledge constructs
of the HCI community. However, reviewers are not infallible and
may sometimes exhibit a conservative stance towards disruptive
and risky studies [7, 75], making papers that challenge the exist-
ing paradigms more seriously criticized and thus less likely to be
published [76]. Given the high standards upheld by HCI reviewers
in the paper selection process, authors may be hesitant to choose
disruptive projects for fear of criticism, which may in turn result in
the decreasing disruptiveness of HCI. Moreover, the adoption of a
“revise and resubmit” or revision process in HCI [13] rather than a
rebuttal phase in some other computer science conferences [24, 86]
may also contribute to the decline. Whereas rebuttals primarily
encourage authors to respond to reviewers’ comments and clarify
their points [24, 86], in resubmissions, authors more frequently
follow reviewers’ suggested modifications and substantially adjust
their papers according to reviewers’ advice. This can be benefi-
cial for improving the overall quality of the papers and helping
unconventional submissions fit into the community. However, the
increased adherence to existing norms may also risk diminishing
the disruptive nature of the manuscript.

Overall, although HCT’s highlight on building heavily on related
studies, strong emphasis on context-dependent contributions, and
fast expansion with consolidated research norms help distinguish it
as a community, it may come at the expense of impairing extremely
creative work and disruptiveness. This may be further compounded
by the trade-offs regarding risk-taking and peer reviews. As a result,
a sharp decrease in the disruptiveness of HCI is engendered.

5.2 Relevant Factors of Disruptive HCI Papers

Our depiction of the evolution and characteristics of disruptive-
ness in HCI also reveals the associations between various relevant
factors and disruptiveness. For example, as demonstrated in our
results, the knowledge base of disruptive papers may differ from
that of non-disruptive ones: disruptive papers tend to build upon
fewer, older, and less popular references. This indicates that pur-
suing the most popular topics may not be conducive to making
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research disruptive; instead, less explored areas may serve as potent
sources of disruptiveness. This is also reflected in our depiction of
the evolving main themes of disruptiveness in HCL. As we have
discussed in our results, top topics and keywords of disruptive HCI
papers may not always predict high disruptiveness. Therefore, to
sustainably maintain the disruptiveness of HCI, our community
should continue encouraging diversity in research focuses rather
than concentrating solely on a few prevalent directions and reserve
some attention to relatively older and less popular topics instead of
exclusively pursuing the most timely and trending ones.

We also discover that freshness rather than expertise is more
likely to trigger disruptiveness: HCI papers published by both teams
with larger percentages of new authors and authors with shorter ca-
reer spans are more likely to be disruptive. This shows that among
the competing positive effects (e.g., better topic identification) and
negative impacts (e.g., limited focus) brought by prior experience,
the latter tends to dominate. According to recent findings, this is
primarily because freshness can steer researchers away from con-
ventional thinking and stereotypes, thus enhancing originality [91],
whereas aging scientists are more likely to adhere to familiar knowl-
edge and critique emerging ideas [20]. Therefore, in light of the
empirical patterns observed in our study, we emphasize attracting
new researchers to HCI to promote disruptiveness and creativity
fueled by fresh perspectives.

Furthermore, we observe that the top contributors of disruptive-
ness in HCI may not have higher percentages of disruptive papers.
Such findings imply that historically non-dominant countries and
institutions may bring about new possibilities to the landscape of
disruptiveness of our community. This is further supported by the
relatively higher percentages of disruptive papers that emerging
institutions publish (see Fig. 9), and recent studies’ increasing recog-
nition of the positive impact of diversity on science [1, 35, 66, 90].
With novel cultural contexts, alternative ways of thinking, and even
different situated technological practices, scholars from historically
non-dominant backgrounds have the potential to uncover novel
and insightful dimensions for and introduce unusual and disruptive
ingredients to HCL. However, we find that contributors with these
possibilities, e.g., those from the Global South, are significantly
underrepresented in the top players of HCI and the landscape of
disruptiveness. Therefore, it is recommended for our community
to develop targeted strategies to improve global participation to
further embrace disruptive studies.

5.3 Implications

Our study provides concrete and actionable implications for our
HCI community to improve disruptiveness and alleviate, or even
reverse, the sharp decline in disruptiveness we observe in HCL
Welcoming new directions and unconventional studies.
As discussed in previous sections, popular topics and established
knowledge bases do not necessarily foster disruptiveness, whereas
expanding into new directions may lead to innovation. Therefore,
it is crucial for our HCI community to cultivate an atmosphere
that embraces new directions. This is particularly important for
highly disruptive studies, which may seem unconventional at first.
Although such studies have the potential to spark exciting future
research, they may struggle to fit within existing subcommunities
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or subcommittees. Therefore, it is worth considering the incor-
poration of “other” types of contributions alongside the existing
ones and adopting an open and welcoming attitude toward uncon-
ventional research that may not adhere closely to the established
paradigms in HCI but could significantly contribute to our com-
munity. Furthermore, some relevant venues in other communities,
e.g., the AAAI Conference on Artificial Intelligence (AAAI), the
International Joint Conference on Artificial Intelligence (IJCAI),
and The Web Conference (WWW), have set up special tracks that
publish papers in the same proceedings while adopting slightly
different criteria for publication. Similar attempts may also help our
community embrace new directions and unconventional works.

Encouraging risky yet innovative research. Leading HCI
venues employ a peer-review process to assess and ensure the qual-
ity of submissions. Although guidelines for reviewers are provided,
the responsibility often falls on the reviewers themselves to bal-
ance different aspects of evaluation [73], e.g., among significance,
originality, and research quality [13]. Disruptive papers are usually
riskier and more innovative. Some of them may lack established
evaluation methods or fail to demonstrate impressive rigor. To fa-
cilitate the publication of disruptive works, we recommend that
reviewers in HCI more carefully balance originality with other as-
pects of the manuscripts and avoid excessive criticism of imperfect
yet thought-provoking research. As such, risky yet innovative re-
search would be encouraged. Moreover, allowing authors to revise
and resubmit their work [13] is also a valuable option to help these
works address deficiencies and meet publication standards. How-
ever, as we have discussed before, this may also risk weakening the
disruptiveness of certain works when we fit them into the norms
of HCL It is therefore worth considering properly combining (1)
rebuttals for clarifying and defending authors’ points and (2) revi-
sions for improving paper quality following reviewers’ comments.
Some possible examples that we can learn from include the ACM
SIGKDD Conference on Knowledge Discovery and Data Mining
(KDD), the ACM Conference on Computer and Communications
Security (CCS), and the USENIX Security Symposium (USENIX
Security).

Supporting fresh authors. As highlighted in the preceding
sections, fresh authors with relatively limited prior experience
are more likely to contribute disruptive work because they are
less constrained by established traditions. Therefore, one possible
pathway to improving disruptiveness is to better scaffold fresh
authors and help them avoid the pitfalls of inexperience that might
hinder their work from being accepted. Some sister venues, e.g., the
International AAAI Conference on Web and Social Media ICWSM),
have recently introduced mentoring programs for first-time authors.
We argue that our community can also explore similar initiatives
to support fresh authors and thereby foster disruptiveness.

Facilitating wider participation. According to our previous
discussions, it may be valuable to facilitate wider participation,
especially those from the historically underrepresented population
and those from the Global South, to secure disruptiveness in HCI by
encouraging novel practices. Some previous experience indicates
that holding conferences in those regions can be an important step:
for example, holding CSCW 2011 in Hangzhou encouraged the
participation of more Chinese authors [34]. However, too few of
the top HCI conferences are held out of developed countries: the
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four premier ones we primarily investigate have only been held in
developing countries twice (CSCW 2011 in Hangzhou, China and
UbiComp 2011 in Beijing, China). Some other communities have
been diversifying their selections of conference sites: for instance,
the International Conference on Learning Representations (ICLR)
was held in Kigali, Rwanda in 2023. Our HCI community may
consider similar attempts.

Emphasizing representative masterpieces. Disruptiveness
in HCI may also benefit from an emphasis on representative works
rather than overall productivity or average citation counts. As we
have shown previously, disruptive HCI papers may not necessarily
receive more citations on average, but share a larger probability
to rank within the top 1% of citations among papers published
in the same year. To encourage disruptive studies, cultivating an
environment that values standout contributions should help. For ex-
ample, placing greater emphasis on representative works in funding
decisions and researcher promotion processes is recommended.

5.4 Limitations and Future Work

Although disruptiveness serves as a powerful method for differen-
tiating disruptive ideas from those that consolidate and develop
existing knowledge, it does not capture all nuanced aspects of
creativity. Future research is encouraged to dissect other facets
beyond disruptiveness and delve into detailed qualitative insights
(e.g., through interviews with HCI researchers) to gain a more pro-
found understanding of the creativity of HCI. Moreover, our dataset
only includes published papers, and we therefore do not consider
rejected manuscripts. Future studies could extend our analyses to
include unaccepted manuscripts and delineate a more thorough
picture of disruptiveness in HCI, e.g., through uncovering its rela-
tionship with acceptance rates and empirically demonstrating the
role of the review process. Furthermore, we focus on four premier
venues to identify prominent patterns regarding disruptiveness in
HCI Although these venues effectively represent the knowledge
frontier of HCI and the main patterns are corroborated by several al-
ternative identifications, we welcome future research to extend our
results to other representations of HCI research to further validate
the generalizability of our study. Lastly, our study is descriptive
in nature and we refrain from making causal claims based on our
findings. We hope that future work will build upon this foundation
to explore causal relationships in greater depth.

6 Conclusions

In this paper, we investigate the creativity of HCI by probing the dis-
ruptiveness of research papers published in ACM CHI, CSCW, Ubi-
Comp, and UIST between 1982 and 2023. We discover that HCI has
been experiencing a decline in disruptiveness that is even steeper
than the average of science. The landscape of disruptiveness in HCI
is evolving, but top temporal themes and contributors of disruptive-
ness may not translate to higher probabilities of disruptive paper.
Instead, factors such as narrower, older, and less famous knowledge
bases and the inclusion of more fresh authors are linked to dis-
ruptiveness, which may be more likely to incur exceptionally high
citations rather than high average impacts. By further discussing
the potential drivers of (non-)disruptiveness of HCI, we provide
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practical implications for the HCI community to embrace a more
creative and lively future.
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Alternative approaches to representing HCI

We adopt three additional ways to identify representative HCI
venues and papers and validate the robustness of our findings.
Firstly, we consider an alternative broader scope of premier
HCI venues by focusing on all research papers from the top 20
venues with the highest h5-index according to Google Scholar*
(see Table 4). Similarly to our main text, we take into account
the predecessors of the venues to improve the continuity of the
data records. For example, for Proceedings of the ACM on Human-
Computer Interaction, we include ACM Conference on Computer
Supported Cooperative Work & Social Computing (CSCW), Annual

“https://scholar.google.es/citations?view_op=top_venues&hl=en&vq=eng_human
computerinteraction
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Table 4: Top 20 HCI venues with the highest h5-index according to Google Scholar.

Rank Venue

1 CHI Conference on Human Factors in Computing Systems (CHI)

2 Proceedings of the ACM on Human-Computer Interaction

3 International Journal of Human-Computer Studies

4 International Journal of Human-Computer Interaction

5 IEEE Transactions on Affective Computing

6 Behaviour & Information Technology

7 Virtual Reality

8 Proceedings of the ACM on Interactive, Mobile, Wearable and Ubiquitous Technologies
9 International Journal of Interactive Mobile Technologies

10 ACM/IEEE International Conference on Human-Robot Interaction (HRI)

11 International Conference on Intelligent User Interfaces (IUI)

12 Annual ACM Symposium on User Interface Software and Technology (UIST)
13 ACM Designing Interactive Systems Conference (DIS)

14 IEEE Conference on Virtual Reality and 3D User Interfaces

15 ACM Transactions on Computer-Human Interaction (TOCHI)

16 Universal Access in the Information Society

17 IEEE Transactions on Human-Machine Systems

18 International Conference on Human-Computer Interaction (HCI International)
19 International Journal of Child-Computer Interaction

20 Frontiers in Virtual Reality

Symposium on Computer-Human Interaction in Play (CHI PLAY),
ACM SIGCHI Symposium on Engineering Interactive Computing
Systems (EICS), ACM Symposium on Eye Tracking Research and
Applications (ETRA), ACM International Conference on Supporting
Group Work (GROUP), ACM International Conference on Interac-
tive Surfaces and Spaces (ISS) and its predecessor ACM Interna-
tional Conference on Interactive Tabletops and Surfaces (ITS), and
International Conference on Human-Computer Interaction with
Mobile Devices and Services (MobileHCI); for Proceedings of the
ACM on Interactive, Mobile, Wearable and Ubiquitous Technologies,
we incorporate ACM International Joint Conference on Pervasive
and Ubiquitous Computing (UbiComp) and ACM International Sym-
posium on Wearable Computers (ISWC); for International Journal
of Human-Computer Studies, we also retrieve papers published
by its predecessor International Journal of Man-Machine Studies.
Moreover, to ensure fair comparisons, we consider only regular
papers (including short papers) with careful peer reviews of the
full papers in these venues wherever distinguishable. Therefore,
we remove invited talks, extended abstracts (including those pre-
sented as full papers but only have their abstracts peer-reviewed,
e.g., publications from HCI International), demonstrations, etc. To
make the data more comparable with those in our main analyses,
we similarly focus on articles published between 1982 and 2023. In
this way, data on a total of 42,118 papers are collected.

Secondly, similar to Cao et al. [10], HCI research can also be rep-
resented by papers from continuous venues sponsored by SIGCHI.
Specifically, we regard sponsorship from SIGCHI as a demonstra-
tion of high relevance to and recognition by the HCI community. To
ensure a better depiction and understanding of HCI, we eliminate
the confounding effect of the occasionally held venues or venues
that depart from being closely relevant to HCI across time, and
retain only venues (1) with at least five proceedings/issues and (2)

with at least one SIGCHI-sponsored proceeding or issue between
2020 and 2023. To make the papers more comparable to one another,
for conference proceedings, we (1) keep only independently-held
conferences and symposiums and remove workshops and (2) focus
on research papers and notes unless some papers in other types are
treated the same as research papers, e.g., pictorials at Conference
on Creativity & Cognition (C&C). As such, based on the official in-
formation from SIGCHI®, a total of 36 venues are identified, which
we show in Table 5. In all, these venues publish a total of 37,289
papers between 1982 (the first year at least one venue starts to be
published) and 2023.

Thirdly, another way to recognize HCI papers is using the “con-
cept” label provided by OpenAlex. Specifically, using advanced
natural language processing methods, OpenAlex tags recorded pa-
pers based on their relevance to hierarchically organized academic
concepts®. These concept tags have been widely adopted as proxies
of disciplines [52, 53, 89], although sometimes they may not be
perfectly accurate. Following these studies, we define HCI papers
as those tagged with the level-1 concept “human-computer inter-
action” in the concept hierarchy of OpenAlex. This leads to the
identification of 879,054 HCI papers between 1982 and 2023.

In these approaches, we retrieve the basic bibliometric informa-
tion of conference papers from their proceedings on the official
websites and match them with their OpenAlex metadata by query-
ing the API of OpenAlex with their DOIs. For journals, we look
up papers pertaining to the venues using the “source” information
according to OpenAlex and extract their bibliometric information
from the database.

Shttps://dl.acm.org/sig/sigchi/publications
®https://docs.openalex.org/api-entities/concepts


https://6https://docs.openalex.org/api-entities/concepts
https://5https://dl.acm.org/sig/sigchi/publications

The Sharply Decreasing Disruptiveness of HCI

CHI ’25, April 26-May 01, 2025, Yokohama, Japan

Table 5: Continuous venues sponsored by SIGCHI.

No. Venue
1  International Conference on Automotive User Interfaces and Interactive Vehicular Applications (AutomotiveUI)
2 International Conference on Advanced Visual Interfaces (AVI)
3  Conference on Creativity & Cognition (C&C)
4 Annual Symposium on Computer-Human Interaction in Play (CHI PLAY)
5  CHI Conference on Human Factors in Computing Systems (CHI)
6  Conference on Human Information Interaction and Retrieval (CHIIR)
7 ACM SIGCAS/SIGCHI Conference on Computing and Sustainable Societies (COMPASS)
8  ACM Conference on Computer Supported Cooperative Work and Social Computing (CSCW)
9  ACM Conference on Conversational User Interfaces (CUI)
10  ACM Designing Interactive Systems Conference (DIS)
11  ACM SIGCHI Symposium on Engineering Interactive Computing Systems (EICS)
12 ACM Symposium on Eye Tracking Research and Applications (ETRA)
13 ACM International Conference on Supporting Group Work (GROUP)
14  International Conference on Human-Agent Interaction (HAI)
15  ACM/IEEE International Conference on Human-Robot Interaction (HRI)
16  ACM Conference on Hypertext and Social Media (HT)
17  International Conference on Multimodal Interaction (ICMI)
18  Annual ACM Interaction Design and Children Conference (IDC)
19  Brazilian Symposium on Human Factors in Computing Systems (IHC)
20  Conference on I'Interaction Humain-Machine (IMH)
21 ACM International Conference on Interactive Media Experiences (IMX)
22 International Symposium on Physical Design (ISPD)
23 ACM International Conference on Interactive Surfaces and Spaces (ISS)
24 ACM International Symposium on Wearable Computers (ISWC)
25 International Conference on Intelligent User Interfaces (IUI)
26 International Conference on Mobile Human-Computer Interaction (MobileHCI)
27  ACM International Symposium on Pervasive Displays (PerDis)
28  ACM Conference on Recommender Systems (RecSys)
29  ACM Symposium on Computational Fabrication (SCF)
30 ACM Symposium on Spatial User Interaction (SUI)
31 International Conference on Tangible, Embedded, and Embodied Interaction (TEI)
32 ACM International Joint Conference on Pervasive and Ubiquitous Computing (UbiComp)
33  Annual ACM Symposium on User Interface Software and Technology (UIST)
34 ACM Conference on User Modeling, Adaptation and Personalization (UMAP)
35 ACM Symposium on Virtual Reality Software and Technology (VRST)
36  International Web for All Conference (W4A)

B Analysis with alternative approaches to
representing HCI

To validate the robustness of the trends we observe, we repeat our
analysis with alternative approaches to representing HCIL. Fig. 11
shows the disruptiveness of HCI and its comparison with all com-
puter science (CS) related papers and all scientific articles over
time. It can be inferred that across the top 20 HCI venues with the
highest h-5 index according to Google Scholar, continuous venues
sponsored by SIGCHI, and papers identified as HCI-relevant by
OpenAlex, HCI is enduring sharper drops in both the percentage
of disruptive papers and the average disruptiveness percentile com-
pared with CS-related papers and all papers in general (p < 0.001
for all approaches, ANCOVA and logistic regression for disrup-
tive papers and ANCOVA and OLS regression for disruptiveness

percentiles). These results confirm the remarkable decline of dis-
ruptiveness in HCI. Moreover, comparing the results we obtain
with different representations of HCI, we find that the decrease in
disruptiveness for the four premier HCI venues, top 20 HCI venues,
and SIGCHI-sponsored venues are all significantly sharper than
that for papers with an HCI label (p < 0.001 for all circumstances,
ANCOVA and regressions with the interaction effect of time and
approaches for HCI representation). This indicates that the drastic
decrease of HCI disruptiveness is particularly prominent in the
prestigious frontiers of HCI.

C Analysis removing self-citations

There may also be concerns that authors’ self-citations could in-
troduce potential bias in assessing disruptiveness. For example,
authors’ propensity to cite multiple works of their own may di-
minish the calculated disruptiveness of their research. Therefore,
we conduct further analysis on an alternative circumstance where
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Figure 11: The decrease of disruptiveness in HCI over time under alternative approaches to representing HCIL.
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Figure 12: The number of disruptive papers and all papers published in different representations of HCI over time.

we only retain independent citations with no overlapping authors
between cited papers and citation papers. As depicted in Fig. 13, the
disruptiveness of HCI is still decreasing sharply when self-citations
are removed: both the percentage of disruptive HCI papers and
the average disruptiveness percentile of HCI papers are drastically
decreasing from above the global average to below the average of
science, and the expansion of HCI papers is a lot faster than the
growth of disruptive HCI papers. These observations suggest the
robustness of our main results.

D Alternative time-aware measurement of
disruptiveness and the corresponding
analysis

In our main analysis, we leverage disruptiveness index D to dissect

the local citation network around a paper and quantify its creativity

and innovativeness. However, some people may be concerned about
whether it may be influenced by the time for citation acquisition:
it is likely that papers may be differently cited when the time lags
between the cited paper and the citing paper vary. To address

this, we echo Park et al. [64] to replicate our main results with an
alternative time-aware measurement of disruptiveness, CD2:
Cp2= 27"
Nfy +Npy + No2

Here the subscript 2 indicates only future papers published in 2
years since the focal paper’s publication are retained, ny, denotes
the number of papers citing only the focal paper (but none of its
references), np, is the number of papers citing both the focal paper
and any of its references, and nyy refers to the number of papers
citing any of the focal paper’s references but not the focal paper.

With this alternative time-aware measurement of disruptiveness,
we replicate our analysis of the disruptiveness of HCI. We take
only papers published between 1982 and 2021 into consideration
to ensure that each paper has a full two years to acquire citations.
Fig. 14 demonstrates the results we obtain with CD2 to quantify
disruptiveness. Similarly to our main results, we find drastic de-
creases in both the percentage of disruptive papers and the average
disruptiveness percentile in HCI (p < 0.001, ANCOVA and logistic
regression for disruptive papers and ANCOVA and OLS regression
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Figure 14: HCI disruptiveness with the time-aware measurement of disruptiveness CD2.

for disruptiveness percentiles). Moreover, the growth rate of dis-
ruptive HCI papers is slower than that of all HCI papers. Therefore,
the robustness of our main results is once again substantiated.

E Top cities publishing disruptive works in HCI
In our main text, we investigate the top countries (or territories)
and institutions contributing disruptive HCI works. To better un-
derstand the contributors to disruptiveness in HCI and verify the
robustness of the identified patterns, we further examine the top
cities publishing disruptive HCI papers.

Specifically, we retrieve the cities of authors’ institutions using
geographic information from OpenAlex, where each city is iden-
tified by a unique GeoNames city id. Fig. 15 and Fig. 16 illustrate
the top cities publishing disruptive HCI papers and the correspond-
ing percentages of disruptive papers they publish over time. As is
evident, Pittsburgh has long been among the top cities publishing
disruptive HCI papers, while some other previous leaders such as
Palo Alto have gradually lost their lead. Their positions have been
taken by emerging contributors such as Beijing and Hong Kong.
Moreover, the percentage of disruptive papers drops significantly

across top cities over time and the top contributing cities may not
be more likely to publish disruptive papers. These findings substan-
tiate that (1) the sharp decline of disruptiveness in HCI is a general
phenomenon and (2) top contributors may not translate to higher
probabilities of disruptive HCI papers.
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Figure 15: Top cities publishing disruptive HCI papers over time.
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Figure 16: Percentage of disruptive HCI papers published by top cities over time.
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