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Abstract
The annual Best Paper awards at the Conference on Hu-
man Factors in Computing Systems (CHI) reward outstand-
ing research among the Human-Computer Interaction (HCI)
community and constitutes one of the highest honours for
HCI researchers. The selection process for these award
winners is, however, informal and inherently intransparent.
By training an unsupervised topic model on the author key-
words of the Honorable Mentions and Best Paper winners
at CHI 2016-2020, this paper identifies the most common
themes among those highly acclaimed articles and sheds
some light on their selection. The results seem to suggest
a common theme around inclusive and ethical interaction
design with some indication towards reviews and artifact-
driven methods. The topic model has to be considered
imprecise, however, and further research should focus on
larger bodies of text such as article abstracts to achieve a
more accurate model and more expressive results.
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Introduction
Each year, the Conference on Human Factors in Comput-
ing Systems (CHI) Program Committee selects up to 5%
of the submissions to each respective conference for con-
sideration of a Best Paper award. Among this collection,
the Best Paper Selection Committee elects the stand-out
articles to be awarded with the prestigious title while the re-
maining submissions get labelled as Honorable Mentions.
According to the submission criteria, those papers that are
ultimately selected for the award "go above and beyond" in
their research contribution or are "exemplary in other ways".
In total, around 1% of all submission to each conference
receive a Best Paper award [4].

In this article, I will examine the Best Paper award win-
ning papers of the last five CHI events between 2016 and
2020 and investigate which topics are particularly common
among them to identify the research areas most prevalent
in this highly prestigious group. This could shed some light
on the otherwise informal selection process as well as give
hints towards trends and visible topics among the most
critically-acclaimed Human-Computer Interaction (HCI)
research. Depending on the results, this might highlight
the diversity of CHI contributions or expose some possibly
unwanted "hot topics" in HCI that receive unusually high
exposure. Since the underlying topic structure in this set of
articles is unknown, I will use an unsupervised topic model-
ing approach to identify the research areas within it.

Related Work
In recent years, text mining and unsupervised topic model-
ing have gathered some attention in the HCI community as
researchers apply Latent Dirichlet Allocation (LDA) based
machine learning to a range of areas in HCI (e.g. [5, 7, 3])
and related fields (e.g. Big Data [6]). Even at CHI, literature
reviews employing these techniques have gained signifi-

cant traction. In 2018, for example, Abdul and colleagues’
utilised an LDA based topic model trained on article ab-
stracts within the area of explainable artificial intelligence
to map the field’s status quo and to develop a research
agenda going forward [1].

It should, however, be noted that not all accounts of this
topic modeling technique have been solely positive. When
Yang and colleagues aimed to use an LDA topic model to
identify research gaps and potentials for design innovation
within HCI publications in 2018, for example, they remarked
that the themes identified by the model were exceedingly
hard to interpret and label which required the authors to
conduct significant additional, manual review in order to
arrive at meaningful results [13].

Regarding the analysis of award-winning papers and, more
specifically, award-winning papers at CHI, it appears that
little work has been done to analyse or criticise the selec-
tion process and its outcome so far. One notable exception
to this is Bartneck and Ju’s 2009 article on the scientomet-
rics of CHI articles. In this publication, the authors briefly
state that, from a perspective purely centred around citation
metrics, the Best Paper winning articles do not differ signif-
icantly in their impact from a random selection of articles of
the same year. Therefore, they conclude, the Best Paper
Selection Committee’s claim that “The Best of CHI awards
represent the top one percent of research submissions to
CHI” did not appear consistent with these results [2].

Methodology
To identify common themes among the Best Paper win-
ners, a topic model was trained and optimised on the set of
submissions that were awarded either the title of Best Pa-
per or Honorable Mention at CHI between 2016 and 2020.
Since the Honorable Mentions have been chosen by the re-



spective chairs as worthy of consideration for a Best Paper
award, these articles were assumed to be of comparable
quality and topical variety to the eventual winners but con-
stituting a larger set of data. They were, therefore, included
in the training set in order to develop a more accurate and
meaningful model.

In total, the author keywords of 131 best papers and 524
honorable mentions of the CHI 2016-2020 were analysed.
12 papers were excluded from the analysis since they did
not include any author keywords. All articles were accessed
using the Association for Computing Machinery (ACM) Dig-
ital Library, manually opened, and the author keywords
recorded in a separate file. For the articles where an HTML
version was available (mainly papers from 2020 and 2019),
the HTML version was accessed. For all others, the PDF
version was used.

To prepare the topic modeling, the author keywords of each
article in the data set were split into individual terms, abbre-
viations replaced with their full term, British English terms
transformed into their American English variant, and each
keyword lemmatised using the NLTK 3.6 WordNetLemma-
tizer [11].

The topic modeling was performed using an LDA natural
language processing model [8]. This modeling technique
views each article’s author keywords as a distribution over
all topics in the data set and each topic as a distribution
over all keywords in the data set [8]. The model was op-
timised via grid search for the hyperparameter ranges α ∈
{0.01, 0.31, 0.61, . . . , 2.71}, β ∈ {0.01, 0.31, 0.61, . . . , 2.71},
and number of topics K ∈ {5, 6, 7, . . . , 25} using coher-
ence value CV [12] as the performance metric. Addition-
ally, fixed symmetric and asymmetric priors were tested for
hyperparameter α and an asymmetric prior for hyperpa-
rameter β. The optimal model within the tested set (α∗ =

2.71, β∗ = 0.01,K∗ = 19) achieved a coherence score of
CV ∗ = 0.586. It was further evaluated using the UMASS
coherence measure [10] (UMASS∗ = −16.004). All anal-
ysis and optimisation was conducted using Python 3.9 and
the gensim 3.8.3 package [14].

This optimised model was used to identify the top five top-
ics per Best Paper. Furthermore, the topics were manu-
ally labelled using visualisations generated with the pyL-
DAvis 2.1.2 package [9], by examining the top 10 highest
weighted terms per topic, and by reviewing the three ar-
ticles where each topic achieved the highest coherence
score.

Results
The articles in the data set contained between two and thir-
teen author keywords each with a mean number of key-
words per paper of 5.1 (SD = 1.9). The 19 topics that
were identified among these award-winning articles rep-
resented a wide variety of research areas, for example,
around Computer-Supported Cooperative Work (CSCW),
around ethics in interaction design, or around Do-it-yourself
(DIY) methods in HCI. Based on the co-occurrence of their
terms, some topics appeared to be quite closely related and
were consequently grouped (e.g. Augmented Reality/Virtual
Reality (AR/VR)). Finally, some topics were exceedingly dif-
ficult to label due to their wide range of seemingly unrelated
keywords (see Table 1).

The most common topics among the Best Papers belonged
to this group of difficult to label keyword collections which is
reflected in their low intrinsic coherence scores (UMASS;
see Table 2). These topics are comprised of broad and of-
ten used as well as often repeated author keywords (e.g.
"interaction" or "design"). Since the model is based on word
co-occurrence, the topics which include these common key-



Topic Weighted terms UMASS CV

AR/VR I haptic, augmented, tool, interaction, movement, storytelling -17.623 0.640
? design, interaction, navigation, review, healthcare, model -17.614 0.618
AR/VR II reality, design, sport, role, interaction, social -14.871 0.560
Ethics sustainable, artificial, security, design, privacy, safety -16.020 0.555
DIY design, interaction, human, fabrication, do-it-yourself, dynamic -14.402 0.537
CSCW work, design, interaction, information, workplace, study -15.051 0.533

Table 1: Some topics could be confidently identified and labeled—either individually or through additional grouping. The above selection shows
some of these topics alongside a more difficult to label collection of keywords.

words consequently achieve high probability scores for
many articles. The weighted terms across the most com-
mon topics seem, however, to suggest a theme around civic
engagement and accessibility as well as consideration of
often excluded or particularly vulnerable user groups with
terms such as "civic", "engagement", "disability", "violence",
"family", and "dementia" achieving high weights in their re-
spective topics. This could hint at a larger theme of inclu-
sion and ethical design among the Best Paper winners.

Regarding methodological approaches, however, there
seems to be less of a clear cluster emerging with methodology-
related terms such as "fiction", "self-tracking" "survey", and
"interview" achieving only relatively low weights in their re-
spective topics and only "co-design", "through" (as in "re-
search through design"), and "review" standing out among
the most common terms in rather common topics. Based
on these results, traditional empirical work seems to be
somewhat less frequent among the Best Paper winners
when compared to more artifact-oriented or summative en-
deavors.

Discussion
The topic model devised in this research seems to point
towards significant thematic diversity among the Best Pa-
pers of the past five years. Achieving only acceptable but
not quite satisfactory coherence scores with a rather large
α value, the topic distribution in each of the analysed docu-
ments appears rather wide and even. This means that—of
the topics or research themes identified by the model—
each Best Paper winner contains a mixture of many if not
most topics. The low β value suggests, however, that each
of the identified topics comprises of only a few highly weighted
terms resulting in usually quite distinct topics. Therefore, it
appears that most of the Best Papers analysed in this ar-
ticle touch upon a wide range of distinct research areas in
the discipline with only very select focus points or "hot top-
ics".

It should, however, be noted that some prominent topics
in HCI research that should, perhaps, have been expected
to be among the identified themes (e.g. Feminist HCI or
Human-Computer Interaction for Development (HCI4D))
were missing from the final topic set. While this could be in-
terpreted as a sign that these strains of research have more
visibility inside the discipline than justified by the specific



Weighted terms UMASS CV Relative occurrence

interaction, design, creativity, analysis, effect, civic -16.497 0.582 70.2%
design, engagement, entry, interaction, user, disability -18.421 0.704 64.1%
through, gesture, design, usability, hand, worker -17.896 0.631 63.4%
design, violence, interaction, mobile, expression, conversation -15.396 0.587 57.3%
interaction, design, family, feedback, cultural, production -17.699 0.640 56.5%
interaction, design, education, in, dementia, computational -16.239 0.600 16.8%

Table 2: The most common topics comprise of quite broad and often-used terms such as "interaction", "design", "user", or "usability". There is,
however, a significant drop-off in relative topic occurrence (i.e. the number of Best Paper winners where the respective topic was among the top
five most probable topics divided by the total number of Best Paper winners in the data set) between the fourth and fifth most common topics.

metric analysed in this paper or that they should rather be
viewed as diverse research areas inside themselves that
are reflected by several identified topics, it could well be a
result of the limitations of the chosen methodological ap-
proach.

Limitations
The most notable weakness of the model developed in this
research is that it was trained on a quite sparse data set
for an unsupervised topic modeling approach. The stud-
ies cited in the Related Works section, for example, employ
the technique on a much larger number of publications and
much larger body of text per paper (e.g. [5, 3]). This might
be one of the reasons for the low coherence scores and
large α value. Consequently, the amount of knowledge that
can be inferred from the identified topics has to be consid-
ered fairly limited. This fact is further exacerbated by the
author’s limited domain knowledge which might have ad-
ditionally restricted accuracy when labeling the topics that
were identified in the data set.

If this research were to be repeated, a larger data set, for
example based on article abstracts instead of author key-

words or based on a wider time span, should be preferred.
Regarding the labeling of identified topics, a structured
manual process involving several domain experts or an
automatic process, for example involving the use of hyper-
nyms or web search, could lead to deeper insights into the
underlying structure of the data set than were present in
this research. On a more general note, these limitations
might, however, also point towards a generally question-
able usefulness of author keywords for other automatic
(e.g. database search) or manual search processes (e.g.
keyword-and-title-based literature reviews). It appears that
author keywords tend to either stray towards general and
very common terms (e.g. "interaction" or "design") or to-
wards very specific terms that can rarely be used to identify
related articles (e.g. "pH-reactive" or "pelvic") which limits
their use for literature search in general.

Conclusion
The selection process for CHIs Best Paper awards is infor-
mal and thereby inherently transparent. Through training
an unsupervised topic model, I was able to identify a weak
emphasis on inclusive and ethical design using reviews or



artifact-driven methods among the Best Paper winners of
the past five years. In general, however, the award-winning
articles seem to cover a wide range of research areas and
methodological approaches. These results might shed
some light onto the character of some of the most highly-
acclaimed publications in HCI. Considering the somewhat
low coherence scores and sparse data set, however, fur-
ther research should aim to introduce further transparency
into the award selection process. This could help to identify
possibly unwanted effects and focus on current "hot topics"
among the HCI discipline’s particularly prominent works.
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