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1 Introduction

The Hawaii International Conference on System Sciences (HICSS) started in
1968, and has developed into one of the top conferences on information, com-
puter, and system sciences. We take the 50th anniversary of HICSS as an op-
portunity to reflect on the conference’s history—how it has changed over time
and the influence it has had. The primary contribution of this project was as-
sembling the HICSS literature into a database conducive to graph and keyword
analysis.

We were motivated by the following questions:

• What other fields have been influenced by work presented at HICSS?

• What topics have persisted, come and gone in the HICSS community over
the last 50 years?

• Can we develop tools that will help organizers better understand what
their community and related communities are talking about?

• Can we identify productive and influential researchers and groups in the
HICSS community (ranking)?

2 Methods

2.1 Data

The citation data come from Microsoft Academic Graph, a collection of meta-
data for scientific publications containing around 127 million papers and 528
million citations. Microsoft makes this data set available for researchers [4].
Within this collection, there are 12,764 publications identified as HICSS pa-
pers, with publication dates ranging from 1968 to 2015 (with the majority in
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1988 or later). We combined these records with electronic records of confer-
ence proceedings provided by HICSS (including conference programs between
1995 and 2015), matching papers using titles and Document Object Identifiers
(DOIs). In all, we were able to identify citation data for 10,321 HICSS papers
from the conference proceedings.

By identifying citation data, we are able to perform analyses that relate to
the influence of HICSS papers across the overall network of scientific publica-
tions. To rank papers, we calculated Article-level Eigenfactor Scores, a citation-
based metric that takes into account both number and quality of incoming ci-
tations [3].

Using this data set, we identified the most productive and influential HICSS
authors over the last 20 years. Table 1 shows the top ten authors by number of
HICSS papers. Table 2 shows the top ten authors by the sum of the Eigenfactor
scores of all of their HICSS publications, and Table 3 normalizes this Eigenfactor
score by number of papers published in HICSS. Note that these Eigenfactor
values are ranking scores, and a single score is not directly interpretable in
isolation.

3 Tools For Data Exploration

3.1 Citation Visualization

Using the citation data, we built a visualization that allows one to explore the
movement of ideas from the HICSS community to other research communities
(see Figure 1 for a screenshot). The interactive visualization shows HICSS
papers (by track) represented as the central node, and surrounding papers as
influential papers that have cited HICSS papers. The surrounding papers appear
over time, so that more recent papers appear further out from the center. The
sizes of the nodes are scaled by the paper-level Eigenfactor scores (i.e., a larger
circle represents a paper that has been cited by many other important papers).
They are colored by field of study, which allows the user to see changes in the
type of influence the conference has had over time. Timeline charts with key
indicators (publications, citations, and Eigenfactor scores) appear below the
graph. From the visualization, one can see that HICSS papers have influenced
articles in many different disciplines.

3.2 HICSS Voyager

Using the paper titles and abstracts provided in the HICSS metadata, the HICSS
Voyager allows a user to explore the prevalence of terms over time (see Figure 2
for a screenshot). The HICSS Voyager (inspired by the classic time series visual-
ization NameVoyager [5]) takes in a term or set of terms or bigrams—normalized
using the the WordNet stemmer implemented by NLTK [1] [2]—, and charts the
occurrence of that term in HICSS papers for every year between 1995 and 2015.
A line chart of these counts is then presented, either in raw counts or normal-
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Figure 1: HICSS Influence This interactive visualization shows important
papers that have cited HICSS papers. The center node represents all of the papers
published in HICSS (or in a given track), and surrounding nodes represents
work that has cited those papers. Surrounding nodes are positioned by time,
so that more recent papers appear further out. The size of the node relates to
the Eigenfactor score of the paper, and the color shows the field of study. The
bottom three charts show the number of publications over time (top), the number
of incoming citations per year (middle) and the cumulative Eigenfactor in each
year (bottom).
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Figure 2: HICSS Voyager This tool allows the user to explore the occurrence
of terms in the titles and abstracts of HICSS papers over time (between 1995
and 2015). This example shows the rising trend of the term “government”.

ized by the total number of words per year. Figure 2 shows the plot of the term
“government,” which has seen a rise in usage over time.

3.3 Track Explorer

This is a plot of all HICSS tracks between 1996 and 2015 (see Figure 3 for a
screenshot). We identified (after normalizing for slight differences in track names
between years) 17 tracks in this time period. One view shows the number of
publications in each track by year. Another view plots the article influence by
year, measured by the sum of the articles’ Eigenfactor scores. In this plot, a
spike in the “Software Technology” track in the year 2000 dominates the chart.
This is largely due a highly cited article on wireless sensor networks published
in HICSS that year. We have included a button to zoom in on the chart to
explore other trends that could be obfuscated by this outlier.

4 Discussion

The primary objective of this project was to collect and curate as many HICSS
papers as possible, connecting them to citation graph data. We then used this
data set to explore changes in the conference over time, and the influence of
HICSS research on other research domains. We built several data visualizations
for exploring this data. We plan to interact with HICSS authors and leadership
to interpret the findings.

We hope that this project and data collection will continue in years to come.
This will allow any researcher to analyze the work that has been done and is
being done at HICSS. Our analysis was mostly limited to the years for which
electronic records exist. One of the next steps for this project could involve using
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Figure 3: Exploring Tracks This tool shows trends in tracks over time, using
timelines from 1996 to 2015. One view shows the number of publications in each
track for each year, and another shows the sum of the article-level Eigenfactor
(influence) score for all of the papers in a given track in each year.

Optical Character Recognition (OCR) to include in the analysis older years of
the conference for which only paper records exist. In addition, we encourage
users to build additional tools for exploring the HICSS literature. To this end,
we have made the data open and available for the community.
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Table 1: Top ten authors by number of publications in HICSS.

Author Name Number of Papers

Jay F Nunamaker 101
G J De Vreede 87
Robert J Kauffman 79
Robert O Briggs 77
Eric K Clemons 77
Douglas R Vogel 60
Starr Roxanne Hiltz 54
Alan R Dennis 50
Tung Bui 45
Robert J Thomas 45

Table 2: Top ten authors ranked by the sum of the Eigenfactor (article influence)
scores for all of their HICSS papers.

Author Name Sum of Eigenfactor

Jay F Nunamaker 66.926
Alan R Dennis 55.078
Ian Dobson 48.323
Robert O Briggs 48.183
David E Newman 48.101
Starr Roxanne Hiltz 45.878
Joseph S Valacich 36.785
Murray Turoff 34.131
Eric K Clemons 33.980
Christopher P Holland 32.622

Table 3: Top ten authors ranked by the sum of the Eigenfactor (article influence)
scores for all of their HICSS papers, divided by the number of papers.

Author Name Avg Eigenfactor

David E Newman 1.782
Ian Dobson 1.666
Christopher P Holland 1.631
Joseph S Valacich 1.115
Alan R Dennis 1.102
Murray Turoff 0.948
Starr Roxanne Hiltz 0.850
Carolyn Watters 0.751
Jay F Nunamaker 0.663
Hans J Scholl 0.655
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