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Information School

There currently exist hundreds of millions of scientific publications, with more being created
at an ever-increasing rate. This is leading to information overload: the scale and complexity
of this body of knowledge is increasing well beyond the capacity of any individual to make
sense of it all, overwhelming traditional, manual methods of curation and synthesis. At the
same time, the availability of this literature and surrounding metadata in structured, digital
form, along with the proliferation of computing power and techniques to take advantage of
large-scale and complex data, represents an opportunity to develop new tools and techniques
to help people make connections, synthesize, and pose new hypotheses.

This dissertation consists of several contributions of data, methods, and tools aimed
at addressing information overload in science. My central contribution to this space is
Autoreview, a framework for building and evaluating systems to automatically select relevant
publications for literature reviews, starting from small sets of seed papers. These automated
methods have the potential to help researchers save time and effort when keeping up with
relevant literature, as well as surfacing papers that more manual methods may miss. I show
that this approach can work to recommend relevant literature, and can also be used to
systematically compare different features used in the recommendations.

I also present the design, implementation, and evaluation of several visualization tools.

One of these is an animated network visualization showing the influence of a scholar over



time. Another is SciSight, an interactive system for recommending new authors and research
by finding similarities along different dimensions. Additionally, I discuss the current state of
available scholarly data sets; my work curating, linking, and building upon these data sets;

and methods I developed to scale graph clustering techniques to very large networks.
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Chapter 1

INTRODUCTION

Science is a massively parallel endeavor to build upon human knowledge. As the scale and
complexity of this body of knowledge increases well beyond the capacity of any individual
to make sense of it all, the need for new tools and techniques to help make connections,
synthesize, and initiate new questions becomes more pronounced. The high-level goal of my
research is to make steps toward harnessing scientific output as data in order to address
the overwhelming volume and complexity of scientific research and the need to synthesize
this material. This dissertation comprises several contributions of data, methods, and tools.
First, I describe lessons I have learned from working with a variety of data sets, as well
as code I have written to help make use of it. I also present a new method for scaling
network clustering to very large citation networks. Second, I develop methods for automating
literature review—one of the more important curatorial activities in science for addressing
an expanding literature. Using the citation graph and text content of millions of research
papers, I develop methods for automatically recommending collections of papers relevant to a
given topic or field. Finally, I present visualization tools I have designed and developed to

explore and evaluate these collections and other aspects of the data.

The rapid expansion of the literature, in the context of new technology, has a historical
parallel in the mid-17th century. In that time period, the first scientific journals were
introduced, heralding a major revolution in the production and development of science. It was
a new technology—the printing press—that made this revolution possible, and the move from
a letter-writing system to one of collected and published research brought with it a major
shift in the way science was disseminated and evaluated. The increased volume of scientific

output led, by necessity, to new systems of evaluation and curation, such as editorial review



and peer review. We are currently in the middle of a similar technology-driven revolution
in science—these technologies being the internet, digital publication, and social media [148].
Once again, the new technologies are driving explosive growth in the amount of available
information.

It was estimated in 2014 that there were at least 114 million English-language scholarly
documents available on the public web, with tens of thousands more being added every day
[95, 199]. While it is increasingly difficult to define and measure the scope of scientific output,
recent (2020) estimates count more than 389 million articles indexed by Google Scholar |78].
The rate at which new articles are being added is increasing as well |25], and this exponential
growth shows no signs of slowing (see Figure . Furthermore, the metadata associated
with these documents—including authors, keywords, journals, and the relations between
all of these entities represented by, for example, citations and coauthorship—make this a
highly complex system. This information is increasingly accessible thanks to the internet
and advances in digital computation and storage. Taken together, we can view all of this as
a body of data with high volume, velocity, and variety. These are the core characteristics
originally used to describe the concept of “Big Data”|155|, and indeed the term “Big Scholarly
Data” has gained some traction in describing this domain [197] 200].

It is in this context that my research sits. The scale of the scientific literature overwhelms
traditional, manual methods of curation and synthesis, and so there is a need for innovative new
approaches to assist in this endeavor. At the same time, the availability of this literature and
surrounding metadata in structured, digital form, along with the proliferation of computing
power and techniques to take advantage of large-scale and complex data, represents an
opportunity to make meaningful progress in this space. This is what I mean by “harnessing
science as data”. Treating scholarly literature as large-scale structured data affords us the
opportunity to ease the burden on scholars to contextualize their research, and to aid in
knowledge building.

The COVID-19 pandemic provides an example of why this matters, and why the SciSight
(chapter project I am working on has gained some attention. The Semantic Scholar team



at the Allen Institute for Artificial Intelligence (AI2), in collaboration with the White House
Office of Science and Technology Policy and several other research institutions, has been
collecting the scientific papers relating to the disease and the novel coronavirus in a dataset
called the CORD-19 corpus [185]. The current version of CORD-19 contains hundreds of
thousands of papers, including almost 200,000 papers published in 2020, and is being updated
daily. To put it another way, a new paper is being added to this corpus on average once
every two minutes. It is not possible for researchers to keep up with this volume and velocity
of new information. A number of tools have emerged to help address this problem |29, 88|.
Many of these tools are search-based, serving the needs of users who know what they are
looking for. On the other hand, SciSight, and many of the other tools I have worked on,
are meant for exploratory search |12, [195|, allowing people to discover new connections and
patterns in the literature. Chapter 4] has more on SciSight and these other interactive tools.

With the overwhelming scale of the scientific literature as context, the central question
this dissertation addresses is: How can the scholarly literature data be leveraged to
curate, explore, and evaluate scientific research? I will offer several contributions of
data, methods, and tools to work toward answering this question. The central methods
contribution of my dissertation is the Autoreview project, which offers a framework for
developing and evaluating automated methods to generate literature reviews—collections
of papers important to a topic—starting from a set of seed papers. Other projects serve as
support for this. These other projects include my work curating, linking, and analyzing large
bibliometric data sets; and a suite of interactive visualizations and tools I have developed to

explore collections of papers, including those collections generated by Autoreview.
1.1 Science of Science

My dissertation fits fairly well within the burgeoning academic community of science of
science. The science of science is an emerging field of research that is still in the early stages
of defining itself. Its rise, which began in earnest during the first several years of my graduate

studies, can be seen in a surge of new research and interest, including publications in and



special issues of high-profile journals like Science |8, |69} 170|, interest from funding agencies
like the NSF [[] and popular new conferences like the 2019 Metascience Symposium. The field
owes its existence in large part to the field of scientometrics, a sub-field of bibliometrics.
Scientometrics, since the foundational works of Price [161] and Garfield [72] in the middle
of the 20th century, has sought to quantitatively measure and characterize the scientific
literature. Science of science is in some ways a rebranding of this field in the wake of the big
data revolution—in fact, a parallel can be drawn between the relationship between “science
of science” and “scientometrics,” and that of “data science” and “statistics” (see |55 for a
discussion of the relationship of these latter two terms)ﬂ

Whereas scientometrics has been largely concerned with measuring various aspects of the
scientific literature, science of science has a more ambitious scope, seeking to model literature,
researchers, institutions, ideas and other entities, as well as the relationships between them,
in order to understand and predict the progress of science at a high level. Two recent papers
have sought to define and contextualize the field. Fortunato et al. characterize the goal of the
field to be “a quantitative understanding of the genesis of scientific discovery, creativity, and
practice and developing tools and policies aimed at accelerating scientific progress.” They see
the rise of the field as being driven by two key factors: the availability of large scale scholarly
data, and collaborations among researchers from different backgrounds and with different
skills. They identify as a goal of the field the development of “tools and policies that have the
potential to accelerate science.” [69] I am well positioned to make contributions to this field—I
am part of an information school, an interdisciplinary department with ties to data science,
machine learning, sociology of science, and human-computer interaction; I have developed

expertise in working with large data sets around scholarly output and collaboration; and my

Thttps: //www.nsf.gov/funding/pgm summ.jsp?pims_id=505730

2The origins of science of science actually go back much further to at least the early 20th century writings
of J.D. Bernal [19]. This history is outlined in the introduction to [102|. This introduction includes a
footnote nodding to the new brand of “science of science” which is my focus. One interesting aspect about
this history is that although scientometrics has its roots in Bernal and the original science of science, it
moved away from studying science as a social process. The new brand of science of science, |102] notes, is
moving back toward this view.


https://www.nsf.gov/funding/pgm_summ.jsp?pims_id=505730

research is aimed at helping to accelerate science by assisting researchers in finding relevant
literature, and identifying and bridging knowledge gaps in science.

Zeng et al. identify a similar goal for science of science: “to understand, quantify and
predict scientific research and the resulting outcomes.” They specifically trace the field as a
development of complex systems research, owing to the rise of the field of network science
starting in the late 1990s. They identify a number of specific topics within the purview of
science of science, including evaluating papers and scientists, understanding and modeling
structural and dynamical patterns, predicting the evolution of a system, identifying paths to
success in science, and studying the creation and diffusion of knowledge [207]. This survey
largely discusses the field’s potential to study broad patterns and trends in scientific research,
taking it as a given that these things are worth studying. While my work often focuses
on practical applications to help provide insight to individual researchers, I do agree that
these high-level patterns in the process of science are interesting in and of themselves, and
some of my work does explore these questions. My recent work on SciSight (page [36)), for
example, has a component that studies the connections and gaps between different researchers
working on a broad range of problems across computer science. Another research project in
collaboration with sociologists Katherine Stovel and Lanu Kim, recently published in JASIST,
is a high-level science of science study of the role that journals play in the success of papers
also published as preprints [97 IEI

It is worth noting the difference between research that seeks to describe existing phenomena
in science, and research that aims to find ways to intervene and accelerate science. Much of
the research in scientometrics and science of science falls in the former category. However,
[69] point toward the potential of the latter kind of research, discussing “tools .. .to accelerate
science,” as well as research on “the integration of machine learning and artificial intelligence

b2

in a way that involves machines and minds working together.” Traditional scientometric

research has actually had a profound, not entirely positive, impact on the process of science.

3While I made substantial contributions to this work, it is outside the scope of the dissertation and so
will not be included as a chapter.



The development of quantitative measures of impact and success for papers, journals, and
authors has shaped scientists’ incentives and changed behaviors over time [5, 60, [65] 66].
However, these effects are not the primary aim of this type of research, and in most cases they
are not intentional. Research that incorporates methods and lessons from human-computer
interaction (HCI), and machine learning and artificial intelligence, on the other hand, is
explicitly intended to intervene in science by helping scientists do their work. With this intent
in mind, science of science research can be more mindful of the impact it has on science, and
aim toward more positive outcomes. Much of my work falls into this category of creating
tools to help facilitate scientific progress.

These surveys focus on networks and complex systems as being the major perspective of
the emerging field, especially in terms of methods. However, there is also some work being
done around natural language processing (NLP), quantitatively studying the content of the
scientific literature, as opposed to the structure. Combining analyses of both content and
structure has potential for many of the goals of science of science [194] [198| 211]. Interest
in this potential can be seen in the growing workshop series on Bibliometric-enhanced
Information Retrieval and Natural Language Processing for Digital Libraries (BIRNDL) [39],
and in several recent special issues of journals [6, [112]. My own experiences interning at
Meta and Semantic Scholar have been illustrative of the promise of joining these worlds
together. The research at both of these organizations is largely focused on using NLP to
assist researchers in navigating the literature. In these internships, I have brought a network
science perspective to join with these methods, studying how to use author collaboration
networks to draw attention to interesting connections between groups of researchers. Science
is a social process, and these social networks can complement what NLP techniques may miss

as they focus primarily on the text content of papers.
1.2 Research and Projects

The central methods contribution of my dissertation is the Autoreview project (chapter [3)),

which lays out a framework for a big data approach to building and evaluating systems to



generate references for literature reviews. The project has also included implementations of
this framework, and demonstrations of its utility both quantitatively and qualitatively.
Bookending this central chapter are chapters that support the Autoreview work. The first
of these (chapter [2) will detail the work I have done in curating, linking, and analyzing the
scholarly data sets on which Autoreview depends. This work has required a considerable
investment of time and effort, but it is necessary as it is a foundation for all the other work
that comes after it. In building new tools and approaches from scratch, I have gained deep
knowledge of the positives and negatives of different scholarly data sets, and developed
methods to combine them to meet different needs. This chapter also includes contributions of
methods and tools in my work scaling community detection algorithms to analyze very large
citation networks (section [2.2). The other chapter (chapter [4) is on tools that I have built to
visualize and explore collections of papers, such as the collections generated by Autoreview.
This also includes my current ongoing work on SciSight, an interactive tool for facilitating

discovery and finding gaps in networks of science.



Chapter 2

SCHOLARLY PUBLICATION DATA AND CITATION
NETWORKS

This chapter discusses the large-scale scientific publication data sets that I have been
analyzing and maintaining, and the work I have done using parallel computing and cloud
resources to perform clustering on very large citation networks. This can be seen as “backend”
work—it is not directly visible in the applications that come in the following chapters,
but it serves as a foundation to support it. These efforts do not lead directly to research
publications. However, they are critical to the rest of my research, and they can also benefit

other researchers working on related problems.

2.1 Data Sets

A recurring maxim in discussions of data science is that its practitioners spend 80% of their
time cleaning data [147]. The things about the modern deluge of big scholarly data that
make it so promising—its large scale and multifacetedness—are also the things that present
significant challenges to its use. Much of my effort has been in understanding the nuances
and potential of different available data sets, and curating and linking these data sets to
facilitate goals further down the pipeline. This work has been critical as a foundation both
for my own research and projects, and for others who want to incorporate bibliometric and
science of science analysis into their work. The breadth of data with which I have worked has
given me an understanding of both the possibilities of using and linking all of this data for
research, as well as the problems that can be hidden within. As part of my contribution, I
leave behind the lessons I have learned, as well as some of the code I have developed to work

with these data sets.



In this section, I discuss some of the data sets I have worked with, including their
affordances and challenges. The two most important are the Web of Science and the Microsoft
Academic Graph. These are two of the largest, most comprehensive available bibliographic
data sets, allowing for large-scale analyses of science. I also discuss some of the smaller and

auxiliary data sets I have worked with, and my experience linking them together.

2.1.1 Web of Science

The Web of Science (WoS) was the historic first data set of citation indices [72], and
remains one of the most valuable resources for doing research on the science of science. The
version of this data set I currently maintain in the Datalab comprises 73 million articles and
1.2 billion citations, and is receiving regular updates. A major challenge with the use of
this data set lies in its ownership—the Web of Science is the property of Clarivate Analytics
(formerly a part of Thomson Reuters), and this company serves as the gatekeeper for how
much access we as researchers have to the data. Researchers with access to a WoS subscription
(e.g., through a university library) are able to access data for individual records through a
web portal. Researchers or groups can also purchase access to an API to download bulk data.
In the Datalab, we actually have a more privileged position: we are granted access to the full
database underlying WoS, whereas most researchers are limited to what can be downloaded
by the WoS API. A recent review of the science of science literature [207] identified the largest
subset of WoS that has been analyzed by researchers as being around 47 million papers and
526 million citations—about half as many as in the database I maintain. Despite our access to
the WoS data, however, the terms of our agreement with Clarivate limit certain public-facing
applications. Another challenge with the WoS data set is around author disambiguation—for
analyses and applications that study research on the level of individual authors, WoS lags
in terms of easily identifying these authors and linking them to their articles. Still, it is a
reliable source of relational data for publications across the full scope of science, and I have
made use of it in several projects. In my paper introducing Autoreview (see page , for

example, I used WoS to collect the reference lists from hundreds of review articles in order to
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implement the framework, evaluating the task of recommending the most relevant papers

from millions of candidate papers.

2.1.2  Microsoft Academic Graph

Microsoft Academic Graph (MAG) is a scholarly data set powered by Microsoft’s Bing
web indexer [160]. In contrast to WoS, the data collection behind MAG is much more
hands-off, using automated web-crawlers and machine learning to infer academic entities
(papers, authors, journals/conferences, etc.) and relationships from mostly online content.
This approach results in a more comprehensive data set than WoS, with many more articles
included (see Figure 2.1). MAG is similar to Google Scholar (see below), with an important
difference being that Microsoft makes its data available for researchers to a far greater extent
than Google. The team behind MAG is also an active participant in open research: they
have recently published open-access research papers about MAG and associated projects [183),
184]. MAG tends to have more noise than WoS, including duplicate entities and missing or
incorrect data, but can be more reliable for author and affiliation data. It has been a challenge
to maintain and build upon this data set, which contains almost 250 million publications
and more than 1.6 billion citations, and is continually updated, but it has paid off in many
ways. For instance, in the SciSight project (see page , I have used the MAG data to
construct co-authorship networks, which I have clustered in order to identify related groups
of researchers working on COVID-19 research. I have done community detection on the
full citation graph (see next section on Network Analysis), which I have used in models for
automated literature review, as well as in visualization and analysis of overlapping research
domains (see the section on the cluster comparison network visualization to explore the
intersection of InfoSec and Ethics, page . On top of this, my expertise with the data has
attracted the attention of people who have come to me with requests to help them use the
data for their own purposes. These include organizations such as the National Academy
of Sciences and HICSS, and individuals such as graduate students and researchers within

and outside UW. One example of this is the global publications dashboard developed by the
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University of Washington’s Office of Global Affairs, which uses MAG data I prepared to show
research collaborations UW faculty have had around the world /]

In May, 2021—while this section of this dissertation was still being written—Microsoft
announced that it would be discontinuing everything under its Microsoft Academic umbrella,
including MAG.E] This means that, after 2021, MAG will no longer be updated, nor accessible
through Microsoft (although snapshots of the data will be retained by the Datalab and
other organizations and individuals who have made use of it). The rationale Microsoft gives
for this decision is that it wants to expand its mission “to have intelligent agents gather
knowledge and empower humans to gain deeper insights and make better decisions” beyond
academia to enterprise and education. This is a disappointing loss for the science of science
community and everyone who has benefited from this data. Microsoft’s contribution to open
data and collaboration in this space has been admirable, but its statement that the Microsoft
Research project “has achieved its objective to remove the data access barriers for our research
colleagues” seems dubious, as many of these colleagues rely on data that will be very difficult
to recreate without the help of Microsoft’s resources. Still, despite this setback, the future
still looks bright overall. Microsoft’s statement claims that “the momentum is gaining on an
open and community-driven alternative ...”"—and while it doesn’t give any specifics on this,
it does point out a number of other similar resources available to the community, several of
which I discuss below. See section for more discussion on what the future of scholarly
data might look like.

2.1.3 Other comprehensive scholarly data sets

In choosing which source of data to use for a particular project or research question, it is
important to consider a number of factors. Some of the most important of these factors

relate to the data’s cost and terms of use. It is unfortunate that these considerations must

Thttps:/ /www.washington.edu/global /publications/

Zhttps: //www.microsoft.com /en-us/research /project /academic /articles /microsoft-academic-to-expand-
horizons-with-community-driven-approach /


https://www.washington.edu/global/publications/
https://www.microsoft.com/en-us/research/project/academic/articles/microsoft-academic-to-expand-horizons-with-community-driven-approach/
https://www.microsoft.com/en-us/research/project/academic/articles/microsoft-academic-to-expand-horizons-with-community-driven-approach/
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Figure 2.1: Growth of the scientific literature over time. For MAG, journal and conference
articles and book chapters are included; patents, repositories, and data sets are excluded.
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figure so prominently, as they have little to do with what is best for a given research question
or application. Nevertheless, they tend to have a big impact on the decision. Even in the
case where the research question is about comparing different data sources, these issues come
into play. A recent large-scale comparison of some of the major bibliographic data sources
illustrates this point. The authors of this study emphasize the limitation that their analysis
of Web of Science is incomplete, because their lab does not have full access to the data. They
even tailor their methods around these constraints, stating, “We use Scopus rather than WoS
as the baseline because we do not have access to the full WoS database. Our use of Scopus
as the baseline does not mean that we consider Scopus to be our preferred bibliographic data
source” [176]. The situation is similar in UW’s Datalab, except that we have access to the

full WoS data, and tend to rely on it rather than other similar data sources like Scopus.

Scopus is considered to be one of the two most established comprehensive data sources
for bibliometrics, the other being Web of Science [176]. Scopus emphasizes the size and
comprehensiveness of its data, while WoS is more selective, filtering out what it considers
articles of lower quality. Scopus is owned by Elsevier, which is also a scientific publisher. This
is a potential conflict of interest which could affect how Scopus selects and presents its data;
however, they allege that all content selection is carried out by an external and independent

group of subject matter experts called the Content Selection and Advisory Board |[9].

Besides Web Of Science, Scopus, and Microsoft Academic Graph, there exist a few,
relatively newer, comprehensive sources for scientometric data. Dimensions [82] is a new
service owned and licensed by Digital Science that links articles and citations to other data
such as grants, clinical trials, and altmetric data (such as tweets and blog posts). Crossref is
a DOI registration service that also freely provides citation data made public thanks to the
Initiative for Open Citations, or I4OC. Elsevier has been a notable holdout in making citation
data public, which limits the power of Crossref’s data [176]. While I have not explored these
data sources yet, I look forward to doing so in the future and seeing how they fit into the

evolving landscape of scholarly data sets.
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Google Scholar, the academic search engine and database built on the web indexing
model and data of Google, is likely the most comprehensive source of bibliometric data in
existence [176]. Because Google Scholar lacks a publicly accessible API or any other means
of collecting bulk data, using it as a data source for large-scale science of science studies is
extremely challenging. One such recent study [110], for example, required a research team
to work for three months collecting data that they estimate would take one or two days
to collect if a public API were available, according to a member of the team [61]. This
is a frustrating situation, as Google Scholar has widespread usage among researchers, and
contains valuable information that isn’t available elsewhere [52]. In a 2014 interview, one of
the co-creators of Google Scholar shot down the idea of having a public API, stating, “Our
indexing arrangements with publishers preclude it.” This answer is somewhat unsatisfying,
seeing as other scholarly search services have found ways to make their data more accessible
while maintaining relationships with publishers. Ironically, in this interview, the Google
Scholar co-creator identifies a feature he would like to see in the future: the ability “to get
you the articles that you need, but that you don’t know to search for” [172]. This is a core
research focus of myself and others, and our efforts would be significantly aided if Google

Scholar were to make their data more open.

2.1.4 Other data sources

In addition to the two main sources of scholarly metadata above, I have worked with a variety
of other data sets. ArXiv, an electronic preprint service for scientific articles, has hundreds of
thousands of full-text articles and metadata available to download. As part of a science of
science study examining how preprint publication correlates with impact, I linked the arXiv
data to MAG, which allowed us to track articles’ accumulation of citations from preprint,
through journal publication, and beyond (see section for more) [97]. I have also made
use of arXiv’s full text data in machine-readable EXIEXformat in a project analyzing the use of
mathematical symbols in publications across different fields [192]. JSTOR, an online archive

of journal articles, has partnered with the Datalab to make use of not only publication data,
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but usage data as well. This has made possible some interesting analysis of the distributions
of views and downloads of articles, which has complemented a similar analysis of citation
patterns. Finally, my internships with Meta and Semantic Scholar have led me to work

extensively with their in-house data.

2.1.5 Building on top of existing data sources

Most often, the data sources available to use for my projects and analyses are only a starting
point. As part of my work, I have come up with various tools and methods to clean, manipulate
and combine data. I offer some examples of this work here, as well as code examples that I

make available for others to adapt.

Seeing as different sources of data have different strengths and limitations, it is sometimes
useful to combine multiple data sources to answer certain questions or achieve certain ends.
One example of this is in a project with the National Academy of Sciences in which I analyzed
and recommended papers on science communication and misinformation (see section . I
was initially provided a set of papers from Web of Science. In order to show the people working
in these domains, I created a visualization of the authors of these papers along with their
co-authorship relationships. Because Web of Science does not have reliable disambiguated
author data, I linked the data set to Microsoft Academic Graph. For some papers, a common
Document Object Identifier (DOI) could be found in both WoS and MAG, but the DOI was
missing for either or both in a substantial number of cases. Paper title is the second most
reliable identifier across these data sources, but exact string matching of titles often does
not work, due to small variations in the title data. To solve this, I came up with a method
to do fuzzy string matching between the data sources, using Elasticsearch and Levenshtein
distance. I make the code I developed for this availablef]| this code allows for the comparison

of two sets of documents, using approximate matching of titles to find confident matches

3https://github.com /h1-the-swan /doc__titlematch


https://github.com/h1-the-swan/doc_titlematch
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between the sets. With this method, I was able to find confident matches for most of the
papers, which I then linked to MAG’s author data to construct a co-authorship network.
For the project analyzing citations of articles pre- and post journal publication [97], linking
two data sources—MAG and arXiv—was a central part of the research. The goal was to
identify papers that had been published to arXiv as preprints and had later been accepted
for journal publication, and to analyze incoming citations to these papers both before and
after journal publication. Using this analysis, we could separate a paper’s citation-based
influence from the “journal effect” of it being published in a particular venue. This allowed us
to address the research question: does publishing in a high-status journal make any difference
for a paper with regards to the citations it receives? The data from arXiv provided a set of
papers which had been published as preprints, and the data from MAG provided citation
information both before and after journal publication. To link these data sources, I used a
similar method as above, identifying common DOIs first and then using a fuzzy matching
strategy on titles (see Appendix S1 of [97] for more details). Any incoming citation to one of
these papers that was before the paper’s journal publication date could be assumed to be a
citation to the preprint version of the paper. With this data set, we were able to determine
that publication in a high-status journal does indeed predict a higher number of citations for
articles (although there is an increasing trend, in the subfields we studied, that authors of

high-quality preprints choose never to publish in journals at all).

Working with these large data sets requires careful consideration of how to store and
how to programmatically interact with the data. Because of this, the data formats used for
storage and access make a difference, and so I have done some work building tools to help
with data conversion. For my first few years of doing this kind of research, I used MySQL
databases to store and organize data from MAG, WoS, and other sources. However, I have
come to decide that for most of my use cases, it is most convenient to store the data as flat
files—using the compressed columnar Apache Parquet format—and load it all into memory as
needed. This is made possible due to modern hardware on which I can make use of 100GB or

more of RAM for extended periods of time. In some cases, the data processing tasks exceed
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the amount of RAM available; the Parquet format is useful here as well because it allows for
easy use in the Apache Spark parallelization tool.

I have built tools to convert the raw scholarly data for further processing. For example,
the data from MAG comes in large dumps of text—CSV files. The code I have published
automatically validates and converts these files to Parquet format, to be used later either by
the in-memory analysis library Pandas, or the parallelized analysis library Spark[] I have
also written code to convert network edgelist files—such as paper citation data provided by

MAG—to Pajek format, which must be done for certain applications like Infomap clustering

(section A

2.1.6 Data limitations

The research and applications I work on rely heavily on the data sources mentioned above,
and while this means they are able to leverage the power of these data, it also means that they
inherit certain limitations and issues that come with the data. Some of the work described
in this chapter is meant to mitigate these problems. Through experience, I have come to
understand ways to clean the data for different downstream tasks. However, this can only go
so far, and many problems inherent in the data will inevitably end up affecting any application
in which they are used.

The way in which data quality affects a final product—research or other application—
depends in part on the scale. My projects that use author-level data, for example the nautilus
diagram (section [4.1) and SciSight (section , can be dramatically affected by these issues.
A key culprit here is author disambiguation 162, in which the authors in the data are
not properly assigned to their publications. This results in authors with missing papers, or
authors being given credit for papers they did not write. The problem is exacerbated with
common author names. As discussed above, the degree of disambiguation problems varies

across data sets; WoS does not have reliably disambiguated authors, for example, while MAG

4https://github.com /h1-the-swan/mag csv_to_parquet
Shttps://github.com/h1-the-swan /pajek _tools
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uses automated methods to provide disambiguated data. All data sets, however, suffer from
these issues to some degree. For many bibliometric studies, it is important to track the
full career and research portfolio of an author. Given the millions of authors to track, it is
infeasible to hand-check every author, which is why most rely on automation. However, even
the best automated approaches are error prone. The inevitable errors in disambiguation can

diminish overall trust, which complicates user evaluation of these projects.

Authors are not the only entities difficult to disambiguate. Institutions can have similar
data issues, although this is a somewhat more tractable problem than for authors due to the
smaller number of institutions and the fact that they tend to be documented in more formal
ways. Efforts such as GRID (Global Research Identifier Database), a free and openly available
data source for disambiguated data on research organizations, are very helpful for doing
institutional-level science of science researchf] Publications are another type of entity that can
have disambiguation issues—this happens when multiple versions of a publication exist online
or in print. This has become an increasing challenge with the rise of preprint publishing, a
trend which has seen considerable growth in recent years, and especially explosive growth
around COVID-19 research [30]. In some cases, a research document can change significantly
after initial preprint publication, and while preprint services generally do a good job of
documenting multiple versions (e.g., arXiv), resolving these entities in aggregate publication

data sets is not always a straightforward task (see section for more discussion on this).

While disambiguation issues can be glaring when working at the scale of individual papers
or authors, they tend to be less noticeable in macro-scale research projects that look at
authors or papers in aggregate. When analyzing all of the papers in a given year, for example,
duplicate or missing papers will be much less obvious than when looking at a single author’s
papers. These more hidden errors are less of a concern if the data quality problems are the
result of random noise, but if they reflect systematic biases then they can be even more

insidious. For example, older papers could have more missing citations than more recent

Shttps://grid.ac/
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papers, because it is more difficult to track citations for papers published before digital
publication was commonplace. This could affect studies which include temporal analyses
by artificially inflating citation counts for more recent papers. As another example, author
disambiguation errors tend to be more common for Chinese and Korean names, many of
which tend to be shared among more researchers and can be anglicized in different ways;
any cross cultural analysis must be very careful about these biases [162|. Disambiguation
errors are also likelier to occur when authors change their names, a situation which will

disproportionately affect representation for women and trans scholars.

Another limitation inherent in the citation networks that I often use are the coarse-grained
nature of the data: the citation links between publications are binary in that they either exist
or do not, and are not further characterized by, for example, sentiment or importance, or by
citation type (e.g., basis, comparison, use, etc.) [53 91]. T often use these citations as a proxy
for influence or impact between publications or groups of publications; this assumes that all
citations from a given publication are equal, and that they exist because the cited work had a
(generally positive) influence on the citing work. These assumptions do not always hold true.
Authors can cite work for a number of different reasons. In a given research paper, some
cited work may have a very strong influence, while other citations may be more perfunctory
and less influential [171, 209]. Some citations may indeed be negative, in cases where the
citing work is criticizing or refuting previous work [1, 7]. In many aggregate bibliometric
analyses, the coarse-grained assumptions which ignore these differences likely do not have
a huge effect on the conclusions one can draw from the data. However, one can assume
that science of science would be generally improved by incorporating more of this nuanced
information. This is an active area of research, and improvements in this area will benefit

researchers and practitioners who make use of the data.

Data coverage is another limitation. Coverage, in terms of articles, journals and conferences,
citations, and other data types, varies across different data sets. I have discussed some of
these differences in the above sections—for example, WoS is rather selective in its coverage,

preferring to include only articles it considers as higher-quality, while MAG’s coverage is much
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broader. It must be kept in mind that coverage, or lack thereof, is usually not equal within
data sets. Often, certain fields of study are underrepresented in the data, typically Social
Sciences and Arts and Humanities. Natural Sciences, Engineering, and Biomedicine tend to
have better coverage. The data sets also tend to be heavily biased toward English-language
journals and conferences [118|. These characteristics of the data sets must be carefully
considered when doing any sort of analysis, but especially cross-cultural or cross-disciplinary

analysis.

2.1.7 What comes next? The future of scholarly data

In much the same way that science itself is built on incremental progress and gradual
consensus, the available scholarly data is on a journey, with researchers and practitioners
working toward making it more and more useful in the endeavors of studying science and
assisting scholars. Although more attention often goes to the tools and analyses that are
developed, the underlying data is critical for any work in this area, and a focus must be
maintained on improving it. Ideally, we could have something akin to a “universal” data
set that can represent all of science. This data set would reflect a broad consensus on the
scope and representation of the data, and the community would commit to improving and
maintaining its quality and accessibility. Several broad issues to keep in mind while working
toward this are those of openness, transparency, and data quality.

In general, science of science research and the scientific enterprise as a whole benefits from
a culture of open information and accessible data. Despite ongoing issues around ownership
and gatekeeping, there are several encouraging trends that point to continuing progress toward
this goal. Among the most promising signs is the Initiative for Open Citations (I40C), a
collaboration between publishers, researchers, and others with the goal of making scholarly
citation data available in standardized formats and without restrictions. Founded in 2017,
this initiative has gained momentum in the form of support from a large number of publishers
and partner organizations. Elsevier has been a notable holdout in allowing access to their

citation data, but there is pressure for them to make concessions (see for example the recent
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protest resignation of the editorial board of Elsevier’s Journal of Informetrics). Since the
initiative’s founding, the fraction of publications with open references has increased from
1% to 87%, according to their website[]] [4OC also has a sister initiative, the Initiative for
Open Abstracts (I40A), which has a parallel goal of making abstracts openly available and
machine-readable. These initiatives are part of a larger movement of Open Science, which
has among its goals the full access by everyone to both full-text research and surrounding
metadata. As progress is made toward this goal, universities and organizations such as
Microsoft, AI2, and Meta can build more useful technology that leverages the data to help

researchers and decrease friction in the scientific process.

A separate issue is one of consensus and standards for defining what exactly are articles,
versions, citations, etc. Currently, the various bibliometric databases all have slightly different
perspectives on these matters. Web of Science is selective in its definition of which articles
should be included, and Scopus, Dimensions, and Microsoft Academic try to be more
comprehensive |176]. Dimensions explicitly lays this out as part of their philosophy: “The
database should not be selective but rather should be open to encompassing all scholarly
content ... The community should then be able to choose the filter that they wish to apply to
explore the data according to their use case” [82]. This is a great approach in theory, but in
practice it relies heavily on transparency in terms of which records are being considered and
which are excluded. This transparency must be shared among the data providers, the users
of the data, and the final product. There needs to be, among all stakeholders, a common
understanding of exactly what data is being provided, and how it is being filtered to address
specific research questions or applications. Currently, this line of transparency and common
understanding is often lacking. This is not entirely surprising given how new these data sets
are and how quickly they are growing. It is important that the appropriate attention be

given to these issues and that they be addressed as time goes on.

Thttps:/ /idoc.org
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Apart from these issues of openness and transparency, the advancement of the field
hinges on the quality of the data. Problems here can include missing data, incorrect or
duplicate entries, and improperly disambiguated author data. Having accurate, clean, and
machine-readable data is key for researchers and practitioners to be able to make the most
progress. More nuanced issues exist as well, for example the role of predatory journals that
may not contain legitimate scholarly content. The role of preprint articles is another gray area
in the world of scientific publication—here there are issues around how these preprints should
be included in the data, and how multiple versions of the same document should be resolved
and represented. These data issues intersect with the issues of consensus and transparency
above, especially since the role of preprints and alternative models of peer review is currently
a rapidly evolving facet of scientific publication. Overall, there remains a lot of work to be
done in the face of these challenges. We must maintain our focus on the data in order to
advance the field. However, in my experience, it seems that significant progress is being made,

and we have reason to expect a bright future for scholarly data.
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2.2 Network Analysis

A key aspect of large-scale scholarly publication data is the relationship structure that exists
between the different papers, authors, and other entities. Understanding the patterns in these
relations can help in navigating the literature. This way of looking at the data is the basis
for the complex network approach to the science of science, with these entities comprising
vertices and the different types of relations between them comprising edges to form large-scale
networks of science. These network data are the core of much of what I do in my efforts to
explore and make sense of the scholarly literature.

The utility of a network view of the literature is intuitive at a small scale: starting from
a given publication, one can often find more useful and relevant information by looking at
papers that have cited or been cited by that paper. When we zoom out to look at many
papers at once, however, this information can easily become overwhelming. This is the case
even when the number of papers is relatively small, in terms of modern standards of “big
data”. Data sets on the order of hundreds of thousands or millions of observations can seem
very modest to those who work with petabytes of data at a time. However, in modeling
the networked relationships, we quickly start to encounter combinatorial explosion, in which
the many interdependent relationships between entities leads to exponential increases in
complexity, and what was once merely medium data suddenly becomes huge data. This is
where the tools of network science can come into play.

Community detection, or clusteringE] algorithms can reveal patterns and relationships in
complex citation networks. In these networks, vertices represent research papers, and directed
edges represent the existence of a citation from one paper to another. The goal of community
detection is to identify a way of grouping the vertices such that within-group edges tend
to be more prevalent than between-group edges. There are many algorithms available that

can be used to detect communities in networks, representing several different approaches to

8] use the terms “community detection” and “clustering” interchangeably, and consider “community,”
“cluster,” and “module” to be synonyms. This is the view taken by [67] and [68], and is a view that is fairly
well accepted.
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the problem. These algorithms are often computationally difficult and with the continually
increasing number of publications, the challenge is to adapt these algorithms to very large
networks.ﬂ For context, myself and others in the Datalab have tried unsuccessfully to use
traditional, hierarchical community detection methods on large citation networks such as
WoS and MAG. Even using fast algorithmic approaches on powerful, high-memory computers,
these attempts did not complete after days of processing. I have estimated that it would
require weeks to months of constant processing to complete, if they are able to complete at
all.

To address these issues, I have developed new methods to cluster very large citation
networks. Using several parallel processing techniques, I am able to perform clustering on
networks with hundreds of millions of publications and over 1 billion citation links[/’] These
are, to my knowledge, the largest networks on which these techniques have been successfully
employed. In this section, I describe these methods, and detail some of the ways I have

applied them.

2.2.1 Infomap, the Map Equation, and RelaxMap

There are a number of different approaches to the problem of detecting communities in
network data. A recent paper by Schaub et al. laid out a taxonomy of four broad categories
of these approaches: (i) the cut-based perspective, (ii) the (data) clustering perspective, (iii)
the stochastic equivalence perspective, and (iv) the dynamical perspective [156]. The different
perspectives represent different approaches to the problem, often with different kinds of data,
different methods, and different goals. They also represent, to some degree, the different
research communities that have been working on the problem. Each of these perspectives have
their own set of widely used methods, such as the modularity-optimizing Louvain algorithm

for the clustering perspective, and the stochastic block modeling (SBM) techniques for the

9An alternative would be to trim the network to an area of interest, but this can introduce sample bias,
and a global map of a network can give better results than a local one [99].

0Code available at https://github.com/h1-the-swan /infomap large network
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stochastic equivalence perspective. I focus my work on the dynamical perspective, which is
well suited for citation networks as it is primarily concerned with the flow between nodes
of the network, an important aspect when modeling information flows through citations.
Specifically, I make use of the map equation quality function, and the Infomap algorithm
which optimizes it to find a community structure. This algorithm has been shown to be
among the best in empirical comparative evaluations of community detection algorithms on
synthetic and real-world benchmark networks [103].

The map equation uses elements of information theory to describe a random walker’s
movements on a network. It does this by quantifying the amount of information (in bits) it
takes to describe the walker’s movements given a particular modular structure of the nodes.
The goal is to exploit the relationship between compression and relevant modular structure
of a system. The optimal compression means that the smallest number of bits of information
is needed to describe the random walker’s movements. The map equation is the minimal
description length (MDL) of the diffusion process modeled by the random walker given a
modular structure.

To make this idea clearer, an analogy can be made to the world of cartography, which is
where the map equation derives its name. Assigning an address to a location in a city is a
way of encoding that location. Parts of an address can be reused in different locations—there
can exist multiple Main Streets in different cities. Reusing these names makes describing
an individual’s movement within a city more efficient (fewer bits), since as long as we know
the individual is staying within the city limits we can just use street names without causing
confusion. The map equation formalizes this idea mathematically, providing a function that
can be optimized to find good community structure given a network and a model of the
dynamics on that network. The method does not actually find the description of the network
(the codewords that would be used to compress the network), but rather the lower theoretical
limit on the number of bits that would be needed to do the encoding.

Information theory states that this lower bound for the average length of a codeword to

describe a random variable X with n possible states that occur with frequencies p; is equal
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to the entropy of that random variable: H(X) = —3Y_", p;logp; [50]. (It is standard to use
base-2 for the logarithms, which yields calculations in bits.) The map equation imagines
that there are separate codebooks for each module (community), and is thus the combined
entropy of each codebook plus an additional index codebook that allows for switching between

modules, rated by their rates of use:

L(M) = g~ H(Q) + Y  pLH(P")
i=1
where M is the module partitioning; the left term is the average length of codewords (entropy)
in the index codebook weighted by the rate of use of the index codebook ¢, ; and the right
term is the average length of codewords in module codebook i weighted by the rate of use of

this module pf..

The node-visit probabilities that define the p’s and ¢’s in the map equation can be
calculated using the PageRank algorithm [133], originally developed to rank web pages in
the hyperlinked world wide web. PageRank is essentially eigenvector centrality—the node-
visit probabilities after an infinite random walk are equal to the leading eigenvector of the
adjacency matrix (the eigenvector associated with the largest eigenvalue). PageRank includes
an additional element: at any step of the random walk, with a given probability, the walker
can “teleport” to a random node on the network. This teleportation is necessary to avoid
the possibility of the random walker getting stuck forever in an area of the network with
no outward links. The random walker represents an ergodic Markov chain—a time process
in which the state at the next step only depends on the current state, and the probability

distribution of all states as time approaches infinity is well defined.

The algorithm used to find the community structure that optimizes the map equation
is called Infomap, and the code is available at http://www.mapequation.org/. It works
similarly to the Louvain algorithm used to optimize modularity [20]. Each node starts out in
its own module; the modules are joined in a greedy fashion (examining each node one at a

time, in a random order) to yield the largest increase of the map equation. These modules
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are joined into super-modules, the network is reconstructed with these super-modules as the
nodes, and the process is repeated until no further improvement can be made. The method

is then extended to find a hierarchical partition [154].

The greedy Infomap algorithm is relatively fast when compared to other methods of
finding the optimal value for the map equation, such as considering every possible partitioning.
However, since the map equation must be calculated at the level of the full network at each
step of the greedy search, the computation cannot be parallelized across multiple processors.
For large networks, this problem leads to unreasonably long runtimes. Bae et al. proposed a
modification of the Infomap algorithm called RelaxMap, which allows multiple processors to
perform the greedy search in parallelE It does this by assuming that a change in module
structure near one vertex will not have a meaningful effect on a set of p other vertices chosen
at random, provided that p is much less than the number of nodes in the network. This
assumption is reasonable if the network is sparse, which is the case for many real-world
networks (including citation networks). Using p processors running in parallel, with a lock
applied until all processes are done at each iteration, this approach allows for fast, parallel
identification of the optimal map equation for a two-level partition of a large graph—meaning
a non-hierarchical, non-overlapping clustering of each node into exactly one of any number of

clusters[™]

RelaxMap is a parallel-processor approach to network clustering. Bae and Howe have also proposed a

distributed memory implementation called GossipMap [11]. T have not found the need to make use of these
methods, as affordable high-memory machines have largely kept up with the size of network. As argued
in [137], there are benefits to keeping analysis of large graphs within a single machine and not relying on
distributed-memory algorithms. The limitation is not the ability to fit the graph in-memory; rather, the
bottleneck is in the computation time of the clustering.

2] have done some work, in collaboration with undergraduate students whom I have mentored through
the UW Research Computing Club, on maintaining and updating the RelaxMap software. We have also
started on extending the functionality of the software to allow for different types of network dynamics,
such as undirected links.
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2.2.2  Parallel hierarchical clustering

My primary contribution here is a method that combines RelaxMap and Infomap to obtain
a hierarchical clustering of a very large network. With RelaxMap alone, we can perform
clustering on graphs too large for the Infomap algorithm, but we lose the ability to identify a
cluster hierarchy. This is unfortunate, as the cluster hierarchy can often be valuable when
looking at networks. For example, the clustering of article citation networks can define
high-level scientific topics at the top levels of the hierarchy, and sub-fields within those topics
as we go further down the levels. In order to obtain a multi-level clustering of very large
networks, I propose a two step approach. The first step uses RelaxMap to identify a two-level
(non-hierarchical) clustering of the full network. The second step uses multiple instances of
the serial Infomap algorithm, run in parallel on each of the clusters identified in the first
step, to obtain a hierarchical clustering of each of the high-level clusters. This assumes that a
reasonable (i.e., optimal or close to optimal) hierarchical partition of the full network would
have the same clustering at the highest level as the non-hierarchical partition identified by

RelaxMap.

I implement the parallel hierarchical clustering step using Apache Spark, an open-source
framework for large-scale parallel data processing. The full edge-list of the graph is filtered to
only include edges in which both source and target vertices are in the same RelaxMap cluster.
(Nodes in small clusters are excluded, as they do not need to be further broken down.) The
edge-list is grouped by cluster, resulting in subgraphs for every cluster. Each subgraph has
the hierarchical Infomap algorithm run on it to yield a hierarchical partition. Because each of
these instances of Infomap runs independently on each subgraph, they can be run in parallel
across multiple processors. This process yields, for every node, a hierarchical cluster address.
Finally, the original RelaxMap cluster ID is prepended to the cluster address, and the nodes
in small clusters are merged back in. The final result is a multi-level clustering of the original
network resembling the normal output of Infomap, with every node assigned a hierarchical

address of variable depth.
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Network ‘ MAG 2019-11  WoS 2019-12 Twitter COVID RT
# Vertices ‘ 108,676,190 163,830,918 68,190,226

# Edges ‘ 1,554,240,404  1,269,262,278 887,525,809
Runtime Step 1 3.25 hours 4.62 hours 2.54 hours
(RelaxMap)

Runtime Step 2 : .

(Parallel Tnfomap) 56.27 min 31.07 min 2.11 hours

# Processors ‘ 64 64 32
Memory | 512GB 512 GB 187 GB

Table 2.1: Runtimes for getting hierarchical clusterings of large networks, using the two-step
parallel method. “MAG” and “WoS” refer to the article citation networks for Microsoft
Academic Graph and Web of Science. The Twitter network is a retweet network of users
tweeting information about COVID-19. “Memory” refers to the amount of RAM available on
the machine used, which may be more than the amount of memory required to process the
data set.

2.2.8 Applications, computation, and runtime

Using this method, I have been able to cluster the Web of Science and Microsoft Academic
Graph data sets, which previously were too large to cluster. I ran this on the MAG citation
network, for example, in about 4 hours on a high-memory compute machine on Amazon Web
Services, thanks to support from UW'’s Research Computing Club. I used a memory-optimized
r5.16xlarge EC2 instance with 64 processors and 512 GiB memory, which by current pricing
costs less than $25 for the time needed, making this an affordable way to cluster these large

networks.

An interesting finding to come out of this work is that it is not always easy to identify
whether a given network will be “too big” for Infomap and require the parallel clustering
methods. While it is certainly the case that these networks tend to have a large number
of vertices and edges, there is no specific number above which we can reliably predict the

resources and time needed. Furthermore, there are likely other network properties, such as
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the complexity of the community structure, that can affect the computation in various ways.
Working with real world data can require some trial and error to successfully employ these
methods.

I have leveraged the cluster information I was able to get for these citation networks
in several ways in different projects further down the pipeline. I used it as a feature in
paper ranking/recommendation models (Autoreview, chapter . I used it as well to explore
relationships in and between fields in visualizations (such as the intersection of InfoSec
and ethics, page |83); and as part of a citation analysis for the Military Suicide Research
Consortium (MSRC), identifying different clusters that have been influenced by the research
to come out of this group. I have also been able to apply the large-scale clustering method
more broadly. For example, I have used it to perform clustering on a Twitter retweet network
with hundreds of millions of relationships between tens of millions of users. See Table [2.1] for
a summary of using the method on the different data sets.

Overall, my work in maintaining, linking, and processing these data has built up to a
comprehensive understanding of how they can best be used, and has formed a solid foundation
for other projects. The remainder of my dissertation will cover some of these projects. These
include Autoreview, which leverages multiple facets of the data to provide recommendations
for papers in a given topic, and several visualization tools I have built on the data to facilitate

understanding and exploration.
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Chapter 3
AUTOREVIEW

3.1 Author Preface

The literature review, a type of scholarly publication that synthesizes and highlights existing
findings that have been previously published, serves a crucial function in scientific progress.
By collecting some of the most relevant literature for a given topic, they help interdisciplinary
scholars or anyone who wants to find their way in a field outside their expertise. As the size
of the literature continues to increase, these reviews become even more valuable. However,
this curatorial process does not scale well, requiring a large investment of time and effort.
Automated methods have the potential to assist in this process, but a lack of ground truth
makes it difficult to develop and evaluate these techniques.

My dissertation’s main methods contribution is Autoreview, an approach to this problem
that leverages the references in existing review papers as an approximation to ground truth.
It rests on the assumption that references in a review represent at least a subset of papers
relevant to a given topic. Using this abundant labeled data within the thousands of reviews in
the literature, I am able to frame the collection of a literature survey as a supervised learning
problem. This allows for experimentation and testing of models and features at a large scale.

The Autoreview work has a peer-reviewed journal article published in the journal Sci-
entometrics, with the title, “Constructing and Evaluating Automated Literature Review
Systems” [143]. T present the article below as this chapter of my dissertation.ﬂ In this work, I
implemented the framework by training classifiers on 500 review papers, and systematically

evaluated and compared different methods, with the goal of selecting the reference papers

I This study is previously published work. To cite material from this chapter, please cite the original work:
Jason Portenoy and Jevin D. West. “Constructing and evaluating automated literature review systems.”
In: Scientometrics (June 3, 2020). 1SSN: 1588-2861. DOI: |10.1007/s11192-020-03490-w
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from the review papers out of a large set of candidate papers. By training classifiers using
network clustering information combined with title similarity scores, the method was able to
achieve an average R-Precision score of 0.385, meaning that the “reconstructed” reference list
generated by the model contained on average more than one third of the papers that were
in the true reference list. This is a substantial achievement; the task of identifying several
hundred target papers from a candidate pool of hundreds of thousands or millions is a difficult
challenge for any method, automated or manual. I also showed that the framework allows for
development and testing of models and features to incrementally improve the results, and
that models I built are able to identify relevant papers even when starting with a very small
set of seed papers. In addition to the publication, I make the code freely availableE]

Beyond these experiments, I have adapted the methods as a tool for generating a list
of novel papers relevant to a given field. In this use case, the confidence scores applied
by the classifier help find similar papers that were not actually in the target set. In the
classic classification task, these would be considered misidentified, but here we consider the
possibility that their similarity to the seed papers may make them relevant papers for this
field. T have applied this approach to several different fields, and have been able to evaluate
the methods by collecting relevance judgments from domain experts. These evaluations came
as part of several symbiotic partnerships with outside organizations who have found these
methods useful. One of these is with the National Academy of Sciences, with whom I have
explored the fields of misinformation studies[]| science communication, and science literacy;
some of these evaluations are included in the Autoreview journal publication. Another is the
Military Suicide Research Consortium, to whom I have recommended papers around suicide
prevention in the military. They are currently evaluating these recommendations, and I will
add their judgments to the overall evaluations of the methods.

Other next steps for the project will include improving the code to make it easier for

others to use, and a robustness analysis to explore how stable the automated methods are

Zhttps://github.com /h1-the-swan /autoreview

31 have created a website to show this work: http://www.misinformationresearch.org/
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when identifying new relevant papers. I also intend to work on presenting the new papers
in helpful ways using visualizations and other interactive tools; I elaborate more on this in

chapter [4]

PUBLISHED WORK BEGINS HERE
3.2 Abstract

Automated literature reviews have the potential to accelerate knowledge synthesis and provide
new insights. However, a lack of labeled ground-truth data has made it difficult to develop and
evaluate these methods. We propose a framework that uses the reference lists from existing
review papers as labeled data, which can then be used to train supervised classifiers, allowing
for experimentation and testing of models and features at a large scale. We demonstrate
our framework by training classifiers using different combinations of citation- and text-based
features on 500 review papers. We use the R-Precision scores for the task of reconstructing
the review papers’ reference lists as a way to evaluate and compare methods. We also extend
our method, generating a novel set of articles relevant to the fields of misinformation studies
and science communication. We find that our method can identify many of the most relevant
papers for a literature review from a large set of candidate papers, and that our framework
allows for development and testing of models and features to incrementally improve the
results. The models we build are able to identify relevant papers even when starting with
a very small set of seed papers. We also find that the methods can be adapted to identify

previously undiscovered articles that may be relevant to a given topic.
3.3 Introduction

Conducting a literature review, or survey, is a critical part of research. As the literature
continues to grow and as scholars continue to move across disciplines, synthesizing and
highlighting existing findings becomes increasingly important. At the same time, it has
become increasingly difficult to identify even a slice of the relevant papers for a given

topic [166]. The problem is that this curatorial process does not scale well. It is expensive
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in both time and human effort. The advent of Big Scholarly Data—the availability of data
around published research and the techniques and resources to process it—has led to a flurry

of activity in finding automated ways to help with this problem |4} |16} 93, (152, |197} 211].

Many methods have been developed to recommend relevant papers, using features related
to textual similarity, keywords, and structural information such as relatedness in a citation
network [16]. However, a common problem in developing and evaluating these methods is a
lack of ground truth. We don’t know whether our methods are actually selecting relevant
papers or topics. This is a general problem in recommender research, but especially so for

scholarly papers, given the specialized knowledge needed to evaluate quality and relatedness.

In this paper, we present an approach to this problem that leverages the references in
existing review papers as an approximation to ground truth. We assume that references in a
review represent at least a subset of papers relevant to a given topic. Using this abundant
labeled data within the thousands of reviews in the literature, we are able to frame the
collection of a literature survey as a supervised learning problem. Within this supervised
framework, we are able to evaluate, at least to some degree, the quality of methods aimed at

automatically synthesizing scientific knowledge.

With this framework in place, we demonstrate how supervised learning models can be
used to identify relevant papers for review, deriving features from the metadata associated
with an article. These features include citations and the groups of papers that can be derived
by clustered citation networks [67]. They also include text features derived from the similarity
in paper titles. However, any set of related features (authors, disciplines, etc.) could be

incorporated.

Using the reference list from a single review article as a benchmark, we develop methods
for recapturing those references automatically using the features noted above (Section [3.6.1)).

We then extend this method beyond one review article and apply the methods to a large

group of review articles (Sections [3.6.2| and [3.6.3)). Finally, we apply the methods to identify

relevant papers in the fields of science communication and misinformation studies. We invite
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domain experts to validate our results (Section . We make code and sample data for
this project freely available at https://github.com/hl-the-swan/autoreview.

The main contribution of this work is a novel framework for constructing and evaluating
automated methods for generating references for literature surveys at a large scale. This
work builds off of a BIRNDL workshop paper presented at SIGIR 2019 [142]. We have
extended this work in several ways: running thousands of experiments to assess how the
methods perform using various review articles, sets of features, and data splits; expanding the
background literature review; and reporting results from expert feedback on our exploration

of new fields.
3.4 Background

There have been several previous attempts at automated or semi-automated literature
surveys [18, 44, 89| 90, [159]. These approaches have tended to be smaller scale and rely on
more qualitative means of evaluations, which are difficult to replicate and compare across
studies. For example, Chen [44] developed a system to aid in writing literature reviews, which
was evaluated by having first-year graduate students use it to help them write and submit
papers for publication. These student-submitted papers had a high acceptance rate, and one
student won a best paper award. This evaluation approach, while creative and compelling,
does not scale well. Another study by Silva et al. [159] applied community detection on
citation networks to map papers in two different topics and then apply text analytics to
generate taxonomies of terms. This approach allowed for detailed analysis of how subtopics
are related within a field, but it relied on keyword searches, which can be an insufficient
method of identifying all relevant articles |75}, |86}, [105].

Recent work has explored the use of review articles as a way of testing automated
literature review systems. Belter [18] used a semi-automated technique to retrieve documents
for systematic reviews using citations. Janssens and Gwinn [89] used co-citation and direct
citation networks to identify eligible studies for existing biomedical systematic reviews,

starting from one or two known articles. These methods have begun to be used in helping to


https://github.com/h1-the-swan/autoreview

36

create new systematic reviews (e.g., [3]). Other studies have used active learning approaches
to reduce the workload associated with selecting relevant articles for systematic reviews in
the domains of medicine and public health [117, 180], law [49], and software engineering [205),
200).

Automatically identifying papers for surveys is similar to recommending papers, more
generally. This topic has been extensively studied within and outside big scholarly data. A
recent survey paper on research paper recommender systems [16]| identified more than 200
articles on the topic published since 1998. The survey notes that the majority of approaches
use keywords, text snippets, or a single article as input. Our approach, in contrast, starts with
a set of seed papers, which are then expanded upon. Our approach also has the distinction
of being able to make use of any combination of various features, enabling us to use both
textual and network-based features. Some previous work has built recommender systems
which combine text and citation information |76, 101]. These take a different approach, using
embeddings to characterize similarity between articles.

The new research in automated methods for literature reviews is the result of people
applying newly available data and computational power to a perennial and worsening problem—
that of the need for and difficulty of organizing large bodies of research. This need for efficient
literature review, and especially systematic review, is strongly felt in medicine, but it is also
a need for all areas of science |14} 131}, [166]. In our work, we aim to provide a framework to
help with this research by offering a way to develop and test literature review generation and

recommendation at a large scale.

3.5 Data and Methods

3.5.1 Data

The network data used in our analysis come from a recent snapshot of the Web of Science
(WoS) citation index consisting of 1,269,262,278 directed citation links between 163,830,918

papers. The data set contains paper-level metadata, such as titles, abstracts, publication
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dates and venues, and authors. We used WoS because it is one of the most comprehensive
bibliographic datasets, covering a large number of articles across most scientific fields. WoS
also identifies certain articles as review papers, which was convenient for this project.

We removed some papers from the full data set. In order to reduce the network to a
size that we could cluster (see Section , we removed all papers that had no outgoing
citations, and any paper that was only cited once (many of these actually appeared to be
placeholder data, for which WoS could not fully identify the cited paper). We also removed
papers which were missing all metadata, such as publication year and title. This cleaned

data set had 55,271,946 papers, and 1,020,164,414 directed citation links.

3.5.2  Identifying candidate papers and setting up the supervised learning problem

Our procedure is presented in Fig. The first step is to randomly split the papers into
a set of “seed” papers and a set of “target” papers. We are imagining a researcher who is
starting with a set of papers relating to a topic (the seed papers). This researcher wants
to expand this set to find the other relevant and important papers in the topic. The target
papers can be thought of as the set of papers the researcher has not yet included. Ideally,
we would like to search for these target papers within the total set of papers in our data set.
However, it is infeasible to generate features and train models using the total set of 55 million
papers. To narrow the total set to a more reasonable number of candidate papers, we collect
all of the papers that have either cited or been cited by the seed papers. We then go one
more degree out, taking all of the papers that have cited or been cited by all of those. We
follow a second degree of citations because following direct citations is often not sufficient
to identify all relevant literature [89, |151]. This process of following in- and out-citations
imitates the recommended practice for a researcher looking for papers to include in a survey,
but at a larger scale [188|. The resulting set of papers, while large (generally around 500K to
2M), is manageable enough to work with. We have found that this method, using different
samples for the seed papers, reliably generates sets of papers that contain all or nearly all of

the target papers (see Section and Table . We label each candidate paper positive
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Figure 3.1: Schematic of the framework used to collect data for development and testing
of a supervised literature review classifier. (a) Start with an initial set of articles (i.e., the
bibliography of an existing review article). (b) Split this set into seed papers (S) and target
papers (T). (c¢) Collect a large set of candidate papers (C) from the seed papers by collecting
in- and out-citations, two degrees out. Label these papers as positive or negative based on
whether they are among the target papers (T). (d) Split the candidate papers into a training
set and a test set to build a supervised classifier, with features based on similarity to the
seed papers (S).

or negative depending on whether it is one of the target papers. The goal is to identify
the positive (target) papers among the many candidate papers. At this point, we split the

candidate papers into training and test sets in order to build classifiers.

3.5.8 Features

Our next step is to generate features to use in a classification model. One feature we use
involves the use of citation communities. The structure of the citation network, in which
nodes represent papers and edges are directed citations between them, contains patterns
about the relatedness of papers. Citation communities are groups of papers that tend to

have more connections within-community than outside it. To extract these communities, we
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used Infomap to cluster the citation network [153|. Infomap is a well known unsupervised
community detection algorithm based on principles of information compression. Identifying
clusters in a network of tens of millions of documents is computationally expensive, so we
developed a two-step approach to cluster the full netvvorkﬁ In the first clustering step, we
identified a non-hierarchical clustering of the full network using a parallelized version of
Infomap [10]. This process took 5.3 hours on a machine with 32 cores. 5,513,812 clusters
were identified in this way. In the second step, we further processed these clusters to identify
hierarchical structure, which is something the parallelized version of Infomap cannot do. We
wanted to identify this hierarchy because the structure of science tends to be hierarchical,
with smaller communities nested within broader ones. To do this, we used Infomap combined
with Apache Spark to further cluster all of the top-level clusters with at least 100 nodes into
multi-level, non-overlapping clusters. This second step took about 30 minutes on the same
machine. The final clustering had 9,390,263 bottom-level clusters, with a maximum depth of

11, and an average depth of 2.9 (std 0.77)[]

To incorporate the citation clustering information into classification models, we calculate
the average cluster distance between a paper and the seed papers. Distance for two papers @

and j is defined as
D+ Dj —2Dpca
D; + D;

(3.1)

where D; and D; represent the depth in the clustering tree hierarchy of ¢ and j, and Drca

represents the depth of the lowest common ancestor of the two papers’ clusters [54].@ The

4For the clustering, we used the cleaned version of the Web of Science network as described in Section M
We used the network after cleaning for citations, but before removing papers with other missing metadata.
This version of the network had 73,725,142 nodes and 1,164,650,021 edges.

®Since every node is in exactly one cluster (even if the cluster is only one node), and the leaves of the
hierarchy tree represent the nodes themselves, the minimum depth in the hierarchy is 2. In this case, the
first level is the cluster the node belongs to, and the second level is the node.

6We divide the standard measure of distance between nodes in a tree by the sum of the nodes’ depth. This
is because, in the case of hierarchical Infomap clustering, the total depth varies throughout the tree, and
the actual depth of the nodes is arbitrary when describing the distance between the nodes. For example, a
pair of nodes in the same bottom-level cluster at a depth of level 5 are no closer together than a pair of
nodes in the same bottom-level cluster at level 2.
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feature for paper ¢ is the average distance to each of the seed papers. We also use PageRank
as a measure of citation-based importance [133].

In addition to these network-based features, we add in a simple text-based feature: the
average cosine-similarity of the TF-IDF vector of the paper title to those of the seed paper
titles. The purpose of including this feature is to demonstrate how structural- (network) and
content- (text) based features can be combined in one model, and can be compared to models
with only one or the other. In Section we extend our analysis to include GloVe word
embeddings, and add publication year as an additional feature of paper metadata. There
are many other options for features that could be used, including those related to citation or
coauthorship patterns, paper text, venue of publication, or any other paper feature that could
help identify similarity to the seed papers. Future work will continue this approach, exploring
all of these features and how they affect the models’ ability to reconstruct the review papers’

reference lists. Code and sample data for specifying the features used here are available at

https://github.com/hl-the-swan/autoreview.

3.6 Results

3.6.1 Application to a single review article

To illustrate how the autoreview process works on a single review article, we use a review
article on community detection in graphs [67]. We chose this paper because we are familiar
with the topic and could therefore inspect the plausibility of the results. The paper represents
a comprehensive review of the topic up to the year of publication (2010). This paper has
262 linked references in our data. We apply the autoreview method using a seed set of 50
papers, randomly sampled from the references. This set of “seed papers” can be thought of as
the small set of papers that our imagined researcher above starts with. The remaining 212
papers are “target” papers that we would like to identify.

Table shows the results from five splits, each using a different random seed. The

“random seed” is an integer that the sampler uses as a starting point; each different random
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Table 3.1: Results for autoreview performed on a single review paper, for five different initial
random splits of the references into 50 seed papers and 212 target papers. A random forest
classifier was trained for each of these splits, for different sets of features. The results shown
are for network-based features (average cluster distance and PageRank), and network features
+ text features (cosine similarity of TF-IDF vectors of paper titles to those of the seed papers).

Num Network Features Network + Text
Seed Candidates Recall Prec at 10/100/1000 R-Prec Av Prec Prec at 10/100/1000 R-Prec Av Prec
1 633,271 0.986 0.8/0.48 /0.13  0.425 0.27 0.9 /0.77 /0.15  0.509 0.472
2 522,098  0.981 0.5/04/0.13 0415 0.227 1/0.72/014  0.505 0.462
3 828,817  0.981 0.8 /0.45 / 0.11 0.387 0.23 1/0.82/0.12 0.5 0.429
4 521,479  0.986 0.7 /0.42 / 0.12 0.415 0.245 0.9/0.76 / 0.13 0.5 0.438
5 1,405,034  0.981 0.8 /047 /0.11 0.396 0.256 1/0.75/0.14 0.491 0.474

Avg 782,140  0.983 0.72 /044 /0.12  0.408 0.245 0.96 / 0.76 / 0.14  0.501 0.455

seed leads to a different split of seed and target sets. Running the process multiple times
allowed us to see how the whole system varied when the initial seed papers changed but the
review article remained the same. We stopped after five times because generating candidate
sets and training models is computationally expensive on the large candidate paper sets. We

also wanted to focus our efforts on learning how the system would perform with other review

articles (Section [3.6.2]).

For each run, we split the 262 papers into a set of 50 seed papers and 212 target papers.
After collecting candidate papers, we cleaned the data by removing the seed papers, papers
for which we did not have titles, and papers published after the year the review paper was
published (2010). Each seed (i.e., each row of Table represents one instance of the process
in Fig. 3.1 We report the number of candidate papers in the final set for each run. These
sets of candidate papers range in size from 500K to 1.4M papers. In each case, only (at most)
212 of these papers are in the positive class. This parallels the experience of a researcher
trying to do an effective survey of a topic—the goal is to find the right papers in a large body
of literature that can feel overwhelming. With respect to these candidate sets, this method

achieves very high recall: 98.3% on average (standard deviation 0.00258).
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After identifying seed papers, target papers, and candidate papers, we generated features
for each candidate paper, and labeled them according to whether or not they were among
the targets. We then split the candidate papers into a training and test set, and trained
classifiers to try to identify the targets. We experimented with a variety of classifiers: logistic
regression, SVC (support vector classifier), SGD classifier (stochastic gradient descent),
gaussian naive bayes, random forest, and AdaBoost classifier [121]. Many of these proved
to give poor performance and/or run too slowly, so we proceeded with only random forest,
logistic regression, and AdaBoost, selecting the best-performing model for each data Setﬂ

Table reports evaluation measures for each of these five models, as well as their
averages. These include the Precision at 10, 100, and 1,000, the R-Precision, and the Average
Precision. The R-Precision is the fraction of target papers found in the top N papers, where
N is the total number of target papers—212 in this case [109]. The Average Precision is the
sum of the precision at k for each rank k of a correctly identified target paper, divided by the
total number of target papers. Since the fundamental task is to reconstruct the reference
list from the original review paper, we focus our analysis mostly on the R-Precision scores,
which characterize exactly how well the models were able to do this (see Section for
more discussion on the evaluation measures).

Using two network-based features—the average distance between a paper’s cluster and
those of the seed papers, and the absolute difference of a paper’s PageRank score to that of the
average seed pape@a random forest classifier identified, on average, 86 of the target papers
(40.8%). We also ran the same experiments using the text-based feature of average paper
title TF-IDF similarity to the seed paper titles in addition to the network-based features (see
Section . This improved the results: the random forest classifiers then identified, on

"Machine learning experiments were conducted using scikit-learn version 0.20.3 running on Python 3.6.9.

8 Although we only performed ranking and clustering once, it would be ideal to remove all nodes and links
past the year of the review paper, as well as the review paper itself, and cluster this network. However,
performing a separate clustering for each review paper would be computationally infeasible. Nevertheless,
any bias introduced by this should be small, as the clustering method we use considers the overall flow of
information across multiple pathways, which makes it robust to the removal of individual nodes and links
in large networks.
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average, 106 of the target papers (50.1%). In the Appendix, we include some examples of
papers ranked by the classifier.

3.6.2 Large-scale study on multiple review papers

We now apply these same methods to multiple review papers. The Web of Science, as part of
its citation index data, identifies a subset of articles as review papers (~1.4 million papers).
We run autoreview on a sample of these reviews to explore how the method performs on a
variety of review articles, under varying conditions. We first take a random sample of 500
review articles with between 200 and 250 references. We chose this sample as a starting
point in order to hold the number of references relatively constant. We believe that review
papers of this size represents the type of review for which this method would be useful—a
comprehensive review of a well-defined topic. We also explore results on subsets of larger and
smaller review articles in Section [3.6.3

For each of these 500 review articles, we took the references and split them into seed and
target sets, and tried to use features of the seeds to predict the targets. Table [3.2] shows
summary statistics and results for these papers using the same procedure outlined in the
previous section (section . The “number of candidates” refers to the number of papers
generated from following two degrees of citations in and out from the seed papers (5 random
splits of seed /target for each review paper; 2,500 candidate sets in total). These candidate sets
are highly imbalanced, with the 150-200 target papers hidden among hundreds of thousands
or millions of candidates; again, this is meant to mimic the predicament of the researcher
searching for relevant papers in an large pool of candidates. The candidate sets have very
high recall, generally including all or missing just one or two papers (with a few outliers in
which the citation-based method failed to capture many of the target papers).

For each review article, we gathered the cited papers, and trained models for 5 different
random seeds, corresponding to 5 different splits of the data into seed and target papers. We
fixed the size of the seed set at 50 papers (in the following section, we explore the effect of

varying the size of this seed set). We chose the best-performing model for each split—in most
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Table 3.2: Summary statistics for the 500 review articles, including the number of references
per review (i.e., the seed papers + the target papers to predict), the publication year,
the number of candidates generated per initial split of the data, the overall recall for the
candidate sets, and precision measures for two sets of features—the network features only
(cluster distance and PageRank), and network features + TF-IDF similarity of titles.

min max mean std median
Number of references 200 249 222 14.4 220
Publication year 1939 2016 2001 15.1 2007
Number of candidates 4476 2,152,834 489,418 348,124 453,386
Recall 0.578 1 0.976  0.0469 0.994
Network features
—Precision at 10 0 1 0.355 0.248 0.3
—Precision at 100 0 0.69 0.199 0.114 0.18
—Precision at 1000 0.002 0.16 0.062  0.0294 0.057
—Precision at 10000 0.0016 0.0331  0.0109 0.00307 0.011
—R-Precision 0.00625 0.635 0.17  0.0985 0.146
—Average precision 0.000734 0.522  0.0891 0.0735 0.0676
Network + Text features
—Precision at 10 0.2 1 0.827 0.147 0.9
—Precision at 100 0.06 0.94 0.506 0.129 0.51
—Precision at 1000 0.013 0.173  0.0971  0.0256 0.097
—Precision at 10000 0.004 0.0331  0.0129 0.00248 0.013
—R-Precision 0.0437 0.792 0.385 0.105 0.384
—Average precision 0.00713 0.813 0.306 0.12 0.298

cases, this was a random forest classifier; however, in some instances, a logistic regression or
AdaBoost classifier outperformed the random forest.ﬂ

Again, we report the performance of the classifiers as the Precision (at 10, 100, 1,000, and
10,000), the R-Precision, and the Average Precision [109]. The overall goal is to reconstruct
the list of held-out target papers from the reference set of the original review articles. Within

this task, the relative rank of the different predictions is not especially important. Because

9We chose to report the best-performing model for each experiment, rather than restricting to a single
classifier type. This decision did not have a large effect on the results. We chose to be flexible in which
classifier to use because there are differences among the different review articles. We will continue to
explore the nature of these differences in future work.
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of this, we focus the rest of our analysis on the R-Precision scores: the number of correctly
predicted target papers among the top N papers, where N is the number of target papers,
divided by N. However, looking briefly at the precision at k scores—the ratio of target papers
identified at different ranks—we can see that the models do tend to give good performance in
terms of ranking relevant papers relatively higher. For example, the models given network
and text features had, on average, eight papers correctly predicted among the top ten, and
50 among the top 100. We also report the average precision over all target papers as an
alternate measure of precision for all relevant documents. This measure is highly correlated
to R-Precision (pearson’s r = 0.97 across all models), so we focus on R-Precision from this

point on for simplicity’s sake.

Fig. shows the distribution of R-Precision scores for 2,500 classifiers (five classifiers
for each of the 500 review articles, each one trained and tested on a different split of the
article’s references). The figure shows the classifiers that were given both network (cluster
and PageRank) and text (TF-IDF-based similarity of titles) features. The average score was
0.385 (standard deviation 0.105); the highest score was 0.792.

Some of the worst performing review articles tended to be year-specific reviews, e.g.,
“Germanium : Annual survey covering the year 1972”. These particular reviews have temporal
constraints that the classifiers did not learn well. Publication date was not even among the
features available to these classifiers; adding publication year in the set of features available to
the classifiers did cause the performance to improve somewhat. However, in future analysis,
these year-specific reviews should be excluded if possible, as they represent a less-typical case
with a hard constraint on the potential references. Nevertheless, this type of review article
only represented a portion of those in the lower tail, so it is only a partial explanation for
the poor performance on these papers. The models tended to perform better with smaller
candidate sets (pearson’s r = —0.17 for the relationship between candidate size and score).
This is likely due to the fact that these candidate sets simply had less noise by virtue of them

being smaller. However, since the candidates are collected based on random splits of the
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data, it is not possible to exploit this in order to improve performance (i.e., by limiting the
size of the candidate sets).

The analysis to this point has aggregated all review articles together; however, it could
be the case that different types of review articles perform differently using these methods.
One way to explore this is to look at the discipline of the review articles. Fig. shows the
same distribution of R-Precision scores as above, broken down by subject. We used the Web
of Science subject labels for the review papers (taking the first one if there were multiple),
and aggregated them into broad categories. Most of the reviews analyzed were in Medicine
(202), Biology (122), and Natural Sciences (101). Most of the subject groups did not perform
significantly differently from each other, suggesting that it is no more difficult to predict the
reviews’ references in, for example, medicine as it is for those in the natural sciences. Some of
the groups on either extreme did show statistically significant differences—e.g., engineering
did have higher scores than pyschology /social sciences—but in general the differences between
groups were modest at most (pairwise independent t-tests, Bonferroni corrected o of 0.0024).
It is interesting that we did not find any major differences between fields, given that in

bibliometric research, findings often do not generalize across different fields.

3.6.3 Extended analysis

We now extend our analysis to explore how the methods perform under various conditions.
The three categories of conditions we experiment with are the number of seed/target papers
in the initial split of the review references, the features used by the models, and the number
of references in the review papers.

Using the same sample of review papers as in the previous section (Section , we
begin by varying the first two of these: the number of seed papers, and the sets of features.
We limit our analysis here to a subset of 100 of the previously used 500 articles. This was
more computationally tractable, as each combination of seed size and feature set involve
training models for five seed/target splits. Fig. shows the R-Precision scores for 8 different

sets of features and 5 different numbers of seed papers.
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Varying features: Each line in Fig. represents the performance of classifiers using
different sets of features to rank and identify target papers, with better performing feature
sets on top. Using only the TF-IDF information for paper titles gave the worst performance
(~0.1). Using network features alone—either cluster information, or cluster information
combined with the paper’s PageRank scores—resulted in somewhat higher scores than TF-IDF
features (~ 0.15, a 50% improvement over TF-IDF). Combining network and text features,
as we saw in the previous section, gave a large boost in performance, with scores around
0.4. Adding another feature from the paper metadata—the publication year—gave another
boost, with scores around 0.6[6] We believe that this improvement is because topics in science
tend to be situated in a given period in time. By giving the model information about the
publication years of papers, it is better able to identify the important papers in the field.

In order to test more sophisticated text features, we also explored models using title
embeddings. For each paper title, we found the average word vector from 300-dimensional
GloVe embeddings.E] We used as a feature the cosine similarity between this vector and the
mean of the title vectors for the seed papers. These features tended to perform very well;
in fact, using embeddings alone absent any other features tended to give scores higher than
most other sets of features that did not include embeddings. The best performing models we
tested were ones that combined all types of features—word embeddings, network features,
and publication year. These models had R-Precision scores around 0.81]7

Varying seed size: Each point along the x-axis of Fig. represents results from
starting with different sizes of seed/target splits. For example, for each leftmost point, the
autoreview process began for each of the 100 review papers by randomly splitting the 200-250
references into a seed set of 15 seed papers and 185-235 target papers, with the target papers

10The actual feature used was the absolute difference between a paper’s publication year and the mean
publication year of the seed papers.

1H'We used the spaCy library (version 2.2.3) with a pretrained English language model (core_web_lg
version 2.2.5).

12The models that had both network and title embedding features, but not publication year (“Cluster,
PageRank, Embeddings”), performed worse in general than models with embeddings alone, with scores
tending to be between 0.5 and 0.7. The reason for this is unclear.
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then used to generate the candidate sets. Again, this procedure was done with five different
random seeds for each review, for each seed size (15, 25, 50, 100, and 150).@

Intuitively, we might expect performance to increase along with the size of the seed set,
since with more seeds, the classifiers have more knowledge of how similar papers should look,
and fewer target papers to predict. We do see this trend for some of the feature sets—for
example, with network + TF-IDF, and network + TF-IDF + publication year. Notably, for
each of these, the scores for the smaller seed sets are only modestly lower than the largest
seed sets, which suggests that this method can perform fairly well even with only a handful
of seed papers. On the other hand, some of the feature sets do not improve with more seed
papers. The classifiers using title embeddings alone is the most extreme of these: these models
actually perform best with the fewest number of seed papers, and performance decreases
as the number of seed papers increases. While the reason for this is not entirely clear, it
may due to a tradeoff between having more seed papers—which means more information for
the classifier to use—but fewer target papers—which means the classifier has to identify the
target papers higher up in the rankings in order to get a high score.

Varying size of review papers Fig. shows the average R-Precision scores when
starting with review articles with reference papers of varying length. The medium size articles
are the same 100 as above, with a seed size of 50. The small review articles are a different set
of reviews that have an average of 50 references, with 15 of these references used as the seed
papers. The large reviews are another set of reviews that have on average 945 references, with
a seed size of 50. These results are largely consistent with those above. Models with only
network or only TF-IDF features all perform about the same, regardless of review paper size.
For other feature sets, small review papers tend to perform better than larger ones, but this
may be a function of the ratio of seed papers to target papers (as seen in many of the models

in Fig. |3.4]), and not due to any inherent differences between these groups of review papers.

13Since the same random seeds (1, 2, 3, 4, 5) were used each time, the smaller seed sets are always subsets

of the larger ones. For example, for a given review article and a given random seed, the 100 seed papers
identified are all included in the set of 150; the set of 50 seed papers are all included in both the set of 100
and 150; and so on.
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3.6.4 Exploring scientific fields using automated literature review

The method we introduce can be adapted as a tool for exploring key papers in an emerging
field. In this use case, it is the papers the classifier “misses” that we are interested in. The
classifier, attempting to predict the target papers, assigns a confidence score to each of
the candidate papers. We are interested in those candidate papers which received a high
score, yet were not actually target papers. In the classic classification task, these would be
considered misidentified, but in this task we consider the possibility that their similarity to
the seed papers may make them relevant papers for this field. This is consistent with Belter’s
suggestion of “supplement|ing| the traditional method by identifying relevant publications
not retrieved through traditional search techniques” [18]. As a case study, we applied this
method to papers in the emerging field of misinformation studies, which pulls research from
psychology, risk assessment, science communication, computer science, and others.

As part of this case study and in collaboration with the National Academy of Sciences
(NAS), we curated a collection of important papers in this ﬁeld@ and used this collection
as a seed set to identify other related papers that might have been missed by our more
manual methods. Evaluating these results brings us back to shaky territory where we do
not have ground truth. However, conversations with domain experts interested in formally
characterizing these fields have been encouraging, suggesting the utility of these methods in
identifying relevant papers. The original seed papers and the extended bibliography of machine-
identified and ranked papers can be found at http://www.misinformationresearch.org.

Leveraging the expertise of the NAS scientists, we are also studying how well these methods
can identify papers in a somewhat more established field. We used a seed set of curated
papers in the field of Science Communication to identify and rank additional papers. The
seed set consisted of 274 papers collected from a 2017 National Academies report on science
communication [125]. We performed five different splits of these papers into seed and target

sets (see Fig. [3.1)). For each of these, we generated large sets of candidate papers from Web of

14See Data and Methods at http://www.misinformationresearch.org for details
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Science, and then trained random forest models to rank candidates based on the citation- and
title-based features described in Section [3.6.1] For each candidate paper, we aggregated the
results of the five classifiers by taking the sum of the models’ predicted probabilities. We then
provided the evaluators with a list of the top 1,000 papers for evaluation that were not in the
original seed set. Three domain experts have evaluated this data set, one independently, the
other two working together. They made binary relevance judgments for each of the 1,000
papers, with the instructions: “identify any references that the algorithm picked up that
don’t belong in the field of science communication.” The first rater judged 947 (95%) of the
references to be relevant, while the other two judged 872 (87%) to be relevant (moderate
inter-rater reliability between the two ratings: Cohen’s £ = 0.37). We plan to make use
of expert evaluations to assess how useful this approach could be in other fields, including

misinformation studies.
3.7 Discussion

Our results suggest that it is possible to use automated methods to identify many of the
most relevant papers for a literature review, starting from a large set of candidate papers.
We believe that, by trying new features and tuning model parameters, we can increase
performance and learn more about what distinguishes these papers. We have also seen
promise in using these methods to build novel surveys of topics from a set of seed papers. An
important area of future work will be collecting more expert-labeled evaluations to validate
and improve this approach.

Running these experiments on our samples of review articles required thousands of hours
of computation on a supercomputing cluster. However, applying the methods to a single set
of references (as in Section , is much less intensive, and does not necessarily require
these resources that may not be broadly accessible or scalable to a general audience.

Previous work on automated methods for literature review have tended to use a small
number of hand-selected systematic review articles [18|, or a small number of scientific

fields [159]. The small scale and close qualitative approach can provide a lot of insight, but



ol

makes it hard to specify benchmarks to generalize and compare different methods. Our
experimental approach, on the other hand, gathers many review papers and applies general

techniques, allowing for a much larger pool of labeled data.

We found that we were able to identify many of the references of review articles in a variety
of research areas. Our methods also missed many references, ranking other articles more
highly than the ones in the original reference list. However, it seems that these “incorrect”
articles may actually have value: they may be relevant articles that were missed by the
review papers’ authors. We found some support for this with the help of domain experts,
who found that many of the “misclassified” articles were in fact relevant to the given field.
While the precision scores attainable by these methods represent a good goal when making
improvements, it is worth noting that in many cases, the failures of the classifiers may actually

indicate valuable papers that have been overlooked.

Furthermore, we see potential in using this framework to develop and evaluate methods for
literature survey generation and related problems such as scholarly recommendation and field
identification. The objective we propose for our modeling task—accurately finding all of the
remaining references from a review paper given a held out sample of seed papers from those
references—is not a perfect one. We assume that the references in a review paper represent
domain experts’ best attempt to collect the relevant literature in a single research topic;
however, there exist several different types of review article (systematic review, meta-analysis,
broad literature survey, etc.), and our current method ignores potential nuance between them.
Additionally, we assume that every article in a review paper’s bibliography is a relevant
article to be included in a field’s survey; in practice, an article can be cited for many different
reasons, even within a review article. Despite these limitations, the large amount of available
data allows our framework to provide a means of experimenting with and developing methods
for automated literature surveys. There are many review articles similar to the ones we used
that have their bibliographies available and so it will be possible to do this development and

analysis on a large scale across many domains. Using this framework, it will be possible to
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empirically evaluate novel features for their use in identifying papers relevant to a survey in a

given topic.
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and their roles in cancer"

"Germanium : Annual survey
covering the year 1972"
"Complex hydrides for hydrogen storage"
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Figure 3.2: Violin plot showing the distribution of R-Precision scores (number of correctly
predicted target papers divided by total number of target papers) for 2,500 classifiers, each
trained on one of 500 different review articles. The violin plot shows a box plot in the
center, surrounded by a mirrored probability distribution for the scores. The distribution is
annotated with the titles of three review articles. The review article in the lower tail was
one of those which the classifiers did most poorly at predicting references (mean score: 0.14).
The one in the upper tail is an example of a review paper whose classifiers performed best
(0.65). The one in the middle at the fattest part of the distribution is more or less typical for
the review articles in our set (0.39).
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Figure 3.3: Box plots of the R-Precision scores for the 500 review articles by subject. 50 seed
papers, network and TF-IDF title features. See text for discussion.
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Figure 3.4: R-precision scores for autoreview, varying the number of seed/target papers, and
the sets of features used. Each point represents the mean of the R-Precision scores for 500
models—5 each for different seed/target splits of the references of 100 review papers. The
error bars represent 95% confidence intervals.
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Figure 3.5: Average R-Precision scores for different size review articles. The middle (red) bar
for each feature set represents the average score for the same 100 review articles using the
same procedure as in Fig. (seed size 50). The other two bars in each group represent a
different set of review articles, the left a set of 100 smaller reviews (50 references on average),
the right a set of 100 larger reviews (945 references on average). Error bars represent 95%
confidence intervals.
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Chapter 4

VISUAL EXPLORATION AND EVALUATION OF THE
SCHOLARLY LITERATURE

Exploring and conveying patterns in large-scale networks is an ongoing challenge, but
visualizations can make these patterns clearer [104]. A major focus of my work has been in
leveraging the citation connectivity of the literature to develop interactive visualizations of
science meant to aid in understanding and exploring the literature. In this section, I present

my contribution of several tools I have created with this goal in mind.

There is a large body of research into mapping science |22, 42, 47|. These visual repre-
sentations have the potential to assist policy makers, researchers, and other practitioners
in navigating the literature at a high level |13] |59]. [24] lays out some of these potential
benefits for a variety of users, such as helping students understand new knowledge domains,
facilitating researchers’ search for relevant research or potential collaborations 28|, serving as
tools for grant agencies and R&D managers to identify new innovations, and improving the
communication of science to the general public. However, there exist numerous challenges
to doing this effectively, some of them having to do with the communication to the users of
these maps, and others with the details of implementation. With regards to communication—
there is a learning curve for most of these tools, and the potential benefits are not always
immediately apparent. In terms of implementation—many of the currently available tools are
clunky, and the design decisions around what to show, what to obscure, and how to interact
are not always ideal |13} 35, [59]. Visualizing groups and community structure in networks
such as these—one of the approaches with the most potential, in my opinion—presents its
own set of challenges, including issues around scalability and data complexity, time-varying

factors, and evaluation [173|. Due in part to these challenges, actual adoption of tools among
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practitioners has been low. However, I believe that, as the need to deal with information
overload increases, and as the data and methods improve, they could become valuable tools
for many researchers, as well as policy makers and science of science researchers. This is why
I have focused some of my efforts on this development and design work.

This chapter discusses the interactive visualizations and tools I have created to help
explore collections of papers—a common thread throughout my research. These collections
can represent different concepts: fields of study identified either manually or by Autoreview,
authors, or research groups. My first interactive visualization I discuss—the nautilus diagram—
explores and evaluates the influence that an author or field has had over time and across fields.
Subsequently, I developed several other interactive visualizations to help explore collections
of papers: a cluster comparison network diagram, a coauthorship network diagram, an article
timeline, and an article citation visualization. I have developed all of these applications as
part of collaborations with several organizations, and this has allowed me to design tools
to view and explore the scholarly data with specific, interested users in mind. In most of
these cases, I have had the opportunity to develop or demonstrate the tools with these users,
and have received valuable feedback. Taken together, they serve as a suite of exploratory
tools to gain insight into these collections. They also can be viewed as a progression in my
personal research path, leading up to my current ongoing work on SciSight. SciSight is the
final project I will discuss—it is a visualization tool to explore groups of researchers and their

similarities and to expose potential gaps in communication and knowledge transfer.

4.1 Nautilus Diagram: Visualizing Academic Influence Over Time and Across
Fields

4.1.1  Author Preface

Assessing the influence of a scholar’s work is an important task for funding organizations,
academic departments, and researchers. Common methods, such as citation counts or h-index,
can ignore much of the nuance and multidimensionality of scholarly influence. In an attempt

to provide a richer, more nuanced, and more enjoyable view of impact and influence, I created
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the nautilus diagram (Figure . The nautilus diagram is a visualization tool to represent
scholarly influence over time using a network representation of citations between publications.
I built this visualization as part of a design study with the cooperation of the Pew Biomedical
Scholars program. This prestigious program provides 4 years of early-career funding to
approximately 30 researchers in health-related fields each year. They have funded multiple
highly influential researchers in the biomedical sciences, including several Nobel Prize winners.
The program was celebrating its 30-year anniversary, and its administrators had approached
the Datalab wanting to reflect on its history using more than standard bibliographic metrics
alone. I conceived the nautilus diagram as a way to provide a richer exploration of the impact
and influence of the award winners.

The focal center of the nautilus represents a collection of publications—for example, the
papers authored by a particular scholar. The visualization shows important papers that
have cited these center papers, along with citation links to the center and to other papers.
These papers appear as animated circular nodes, positioned in a spiral (nautilus) with the
earliest papers near the center and more recent papers near the periphery. The use of spatial
placement to represent time is a unique aspect of this visualization; temporal features are
typically not displayed clearly in network diagrams, but this strategy conveys this information
in a compact and visually compelling way. Nodes are colored by field of study, which can
show the diversity of the focal scholar’s influence by the variation of color in the overall
presentation. The animated visualization tracks along with more traditional accompanying
line graphs which show statistics about the central papers per year—mumber of papers,
number of citations, and citation-based influence (as measured by Eigenfactor score).

Using this visualization, I was able to plot these influence graphs for several hundred of
the current and former recipients of the Pew award, ranging from early-career to established
researchers. I had the opportunity to demonstrate it to 26 of the researchers in person
at the program’s 30th anniversary reunion in 2015, watching them view the progress and
influence of their career. These user interviews served as an evaluation of the design of

the visualization, and I collected valuable feedback as well as interesting stories about the
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The center node represents all of the papers

authored by the scholar of interest. Surrounding nodes represent papers that have cited

work by the scholar of interest. Lines between the
nodes show citations between papers.
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scholars’ careers that related to the data being visualized in front of them. I published a
peer-reviewed journal article with Jevin West and Jessica Hullman detailing the visualization
and its design process and evaluation |140]. This article is included below as the rest of
section E| Two subsequent workshop papers also built on this work [144, |145], as well as

the web application http://scholar.eigenfactor.org/ . I have also adapted it to other projects,

such as visualizing researchers and institutions in the Health Research Alliance, and projects

with HICSS and the National Academy of Sciences (described in section [4.2)).

IThis study is previously published work. To cite material from section of this chapter, please cite the
original work: Jason Portenoy, Jessica Hullman, and Jevin D. West. “Leveraging Citation Networks to
Visualize Scholarly Influence Over Time.” In: Frontiers in Research Metrics and Analytics 2 (2017). ISSN:
2504-0537. DOTI: |10.3389/frma.2017.00008
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PUBLISHED WORK BEGINS HERE

4.1.2  Abstract

Assessing the influence of a scholar’s work is an important task for funding organizations,
academic departments, and researchers. Common methods, such as measures of citation
counts, can ignore much of the nuance and multidimensionality of scholarly influence. We
present an approach for generating dynamic visualizations of scholars’ careers. This approach
uses an animated node-link diagram showing the citation network accumulated around the
researcher over the course of the career in concert with key indicators, highlighting influence
both within and across fields. We developed our design in collaboration with one funding
organization—the Pew Biomedical Scholars program—but the methods are generalizable to
visualizations of scholarly influence. We applied the design method to the Microsoft Academic
Graph, which includes more than 120 million publications. We validate our abstractions
throughout the process through collaboration with the Pew Biomedical Scholars program

officers and summative evaluations with their scholars.

4.1.8  Introduction

The scholarly literature forms a vast network that is connected through citations and footnotes.
This well-preserved system—through its billions of links—connects papers, authors, ideas
and disciplines over centuries. The structure of this system can reveal where ideas have come
from and where they might be going. Though De Solla Price first recognized the potential of
citation networks for improving search, evaluation and discovery more than 50 years ago [161],
realizing the potential of citation networks for conveying patterns in scholarship has been
challenging. Recent advances in data access and scaling pave the way for increased focus on
how to communicate the insight captured in citation networks.

One common scenario that calls for ways to accurately and efficiently convey citation
network data is measuring scholarly influence. Funding agencies, hiring and promotion

committees, and university leaders want to measure the impact of their scholars, but few
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tools sufficiently address this task. There have been many proposed metrics for measuring
influence [81} |181], but none suffice in capturing the full complexity of scholarly influence. For
these aspects, it can be more effective to visualize the movement of ideas between papers via
direct citations. There have been many attempts at mapping the scholarly literature using
citation networks [47, |202], however, most of these attempts view science at the aggregate,
disciplinary level. For this paper, we focus at the local view—at the level of an individual
author—with an interest in depicting the influence of this author over time. Specifically, we
are interested in temporal, author-level citation networks in which the nodes represent papers

that cite the work of a particular scholar.

A number of different parties have an interest in looking at the influence of scholarly work
and individual scholars. Funding organizations—including nonprofits and government agencies
such as the National Institute of Health—collectively spend billions of dollars annually to
fund research. These organizations are continually faced with the question of how best to
evaluate the impact that the funding has had. University departments tasked with hiring
and promotion decisions must evaluate the impact of research as well. Many scholars are
interested in looking at their own influence as a means of self reflection, or at other scholars

in their field.

The primary contribution of this paper is a broadly accessible, automated, data-driven
approach to visualizing the influence of a scholar over time. We apply the approach to the
Microsoft Academic Graph, a large (publicly available) citation network. We report on the
development of this method through a design study with the Pew Biomedical Scholars program.
We validate the design abstractions through demonstrations and discussions with the Pew
program officers. We also report on the insights from a validation study in which the Pew
scholars themselves interact with the visualization. We extend these methods to offer a publicly
available service to visualize scholars’ influence at http://scholar.eigenfactor.org. We
conclude with a discussion of insights gained from this study and future opportunities for

work in this space. Our work adds to the growing literature on Knowledge Mapping [123, 41].


http://scholar.eigenfactor.org

64

4.1.4  Background
Assessing Scholarly Influence

Communicating scholarship at the individual level for assessment has taken qualitative and
quantitative forms. More qualitative methods include research narratives authored by a
scholar herself, text articles written about a scholar, interviews, or the career retrospectives
that occur at conferences and other scholarly events as a way of acknowledging the importance
of scholars’ contributions. These forms convey a scholar’s career in detail in an accessible
narrative form. However, these types of reviews take considerable time to prepare and do not
easily scale.

Quantitative methods of capturing scholarly impact, often for evaluation purposes, have
been used for many years as well. These include measures such as counts of publications and
citations. The h-index was introduced in 2005—a researcher’s h is the maximum number
h so that h papers have each been cited at least h times [81]. Although this measure has
received increased attention in recent years as a means of assessment, it still suffers from
many problems of its predecessors, such as bias along academic field, academic age, and
gender |94 |106].

Another problem with methods that use straight citation counts is they do not take into
account the quality of citations. Several methods have been proposed that use the structure
of citation networks to algorithmically weight links according to their overall influence (a
method analogous to Google’s PageRank for websites |133]); these include Eigenfactor [191],
Y-factor |21], CiteRank [179], and P-Rank |203]. Our approach employs the article-level
Eigenfactor metric, which ranks individual papers according to their position in the network
[189]. However, while these methods are considered to be an improvement over simple citation
counts, in isolation they can still fall victim to similar issues and biases.

We suggest that using visualization to convey scholarly impact can capture a scholar’s
influence in a way that provides both qualitative and quantitative information. Visualizations

are often used as a means to engage novice and more expert users alike. Visualizations can
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make patterns and relationships in a data set clearer [104], and act as storytelling devices [158].
A well-designed visualization can also support analysis to varying degrees of detail, from
providing a gestalt view of the overall pattern of a scholar’s career while still allowing for

more careful examination of the subtler differences in the type or magnitude of influence the

scholar has had.

Citation network visualization

There is a large body of work on the topic of mapping and visualizing networks of scholarly
publications [47, 41]. Many of the existing techniques define their links using similarity
measures—bibliographic coupling, co-authorship, and co-citations. For example, the CiteSpace
tool uses co-citation networks and other methods to support visual analytic tasks of science
mapping, in order to explore large scale trends in science [40]|. Relatively less work has
been done visualizing direct paper-to-paper citation networks. Since we want to look at the
influence of scholars, we are more interested in these direct citation networks than measures
of similarity:.

There are several tools that do support visualizing direct citation networks, including
Action Science Explorer [57], the Network Workbench Tool 23|, CitNetExplorer [58|, Citeology
[111], and PivotPaths [56]. While some of these tools offer the ability to view a particular
paper, including author selection, they are designed to support analysis of a network at a
particular point in time. Our approach, in contrast, views a dynamic network over time to

tell a story of changing and developing influence over the course of a career.

Visualization of dynamic networks

Dynamic network depiction is a particularly challenging subset of network visualization
due to the need to show changing structure while preserving the mental model of the user.
Animation naturally affords interpretation of change over time [169]. However, to ease the
cognitive cost of maintaining the mental model requires limiting change to node positions

over time steps and/or smoothly interpolating node positions between frames |119, |149|. Our
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technique avoids the difficulty caused by changing node positions by using a radial layout
with a fixed anchor point|119] from which new nodes (representing chronologically published

papers by a scholar) spiral outward, encoding time redundantly with the animation.

Radial layouts have been used as a way to retain context by snapping nodes of interest to
a central point to facilitate analysis centered on different nodes [204]. Applications that map
time to the distance from the center point are less common, though several static layouts
are exceptions. TimeRadarTrees [31] encodes changes across a sequence of graphs as circle
sectors. Each circle sector extending outward from a center point represents a subsequent
time step, and each sector is divided into as many sections as needed to depict the nodes
and their incoming edges. TimeSpiderTrees also produce static visualizations of dynamic
graphs using radial layouts, but by using orientation rather than connectedness to express
relationships between nodes. The result is a sparser visualization in which half links between
nodes represent changes [32|. Farrugia et al. use a radial layout in which concentric circles
represent time periods in dynamic ego-networks [64]. Radial layouts have also been used to
depict an adjacency matrix at multiple times steps as rings of a circle [174]. We similarly use
a metaphor of time as distance from the center of a circle to depict network data. However

we use a spiral shape based on their ability to act as a metaphor for temporal change |2].

4.1.5 Methods
Context

We began exploring methods for visualizing scholarly influence after being contacted in early
2015 by the Pew Scholars Program in the Biomedical Sciences. This program provides four
years of early-career funding to approximately 30 researchers in health-related fields each
year. They have funded multiple highly influential researchers in the biomedical sciences
including several Nobel Prize winners. The program was celebrating its 30-year anniversary

and wanted to reflect on its history using more than standard metrics alone (e.g., citation
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counts, h-indexes, impact factors). We met with the program directors to discuss richer ways

of exploring their impact and influence on biomedicine.

The Pew Charitable Trust is one of many foundations and funding agencies trying to
figure out how to measure their impact on scholarship. We viewed this evaluation as a case
study in how to better visualize scholarly influence for individual scholars in general. The Pew
scholars have been publishing for several decades, their publication data is readily available
in open repositories like PubMed Central, and they tend to be influential scholars from a
diverse set of disciplines. This prompted us to consider ways to convey not only how much
influence the scholars have had, but also the qualitatively different kinds of influence that a

scholar could have.

Based on the Pew program’s goal of reflecting on their history and our own perception of
a broader opportunity to use visualization to convey scholarly impact, we approached the
design study as a case study in using data visualization as a storytelling device. Throughout
the design study, we referred to the data on a scholar as a story comprising multiple events.
This emphasis on storytelling helped encourage us to explore ways of presenting the data
that could make it accessible to users who are not necessarily accustomed to using interactive
visualizations for analysis, in the same way that narrative visualizations are used to make

data more accessible to audiences in the media and other outlets.

Design Study Methodology

We developed the visualization by using an iterative design process over the course of about
five months. We met remotely with the Pew program officers eight times throughout this
period. Initial meetings consisted of discussing how to frame the goals of conveying scholarly
impact and to brainstorm specific measures and visual presentation styles (e.g., animation,
static snapshots). Subsequent meetings were used to demonstrate and receive feedback on

the design iterations. This process culminated in demonstrations and testing with the Pew

scholars at the reunion conference; this is discussed below in [Results|
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We followed Munzner’s nested model for visualization design and validation [120]. This
model characterizes visualization design and evaluation at four nested levels—problem
characterization, data/operation abstraction, encoding/interaction, and algorithm—and
identifies threats to validity at each level. In the next section, we address the last three
levels, describing our design process and addressing threats to validity through justification

or evaluation.

4.1.6 Design
Data abstraction

Data set: Our database of scholarly publications comes from a public release of Microsoft
Academic Search. The data set for our study contains about 49 million papers and 260
million citations. Papers have associated metadata such as title, year, list of authors, journal
or conference, abstract, etc. There is also an assigned domain for each paper (e.g. “Biology,”

“Chemistry,” “Computer Science”)—this domain has been assigned by Microsoft at the time

of collection.

Since the initial design study, Microsoft Academic Search has been decommissioned and
replaced with Microsoft Academic, a service powered by a database called Microsoft Academic
Graph (MAG), which indexes scholarly articles using content that search engine Bing crawls
from the web [160, 80]. Since this update, Microsoft Academic has been gaining traction as a
bibliometric research tool, as it approaches Google Scholar in terms of coverage while having
much better structure and functionality for researchers akin to Scopus and Web of Science
[87]. Our current design uses a snapshot of this graph from February, 2016 E]; this updated
data set has about 127 million papers and 528 million citations. These new data do not

provide a single domain for each paper, but rather an array based on a Microsoft-determined

2downloaded from https://www.microsoft.com/en-us/research/project/
microsoft-academic-graph/


https://www.microsoft.com/en-us/research/project/microsoft-academic-graph/
https://www.microsoft.com/en-us/research/project/microsoft-academic-graph/
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Figure 4.2: Top Left: (A) The center node represents all publications of a particular scholar.
(B) Nodes that appear around the center represent publications that cited work by this scholar.
(C) The size of the nodes show a citation-based indicator (Eigenfactor) of how influential
that paper has been. (D) Colors show different fields to which the papers apply. Bottom Left:
Integrated timeline charts below the network visualization. (E) Number of publications by
the central scholar by year. (F) Number of citations received by the central scholar by year.
(G) Sum of the Eigenfactor for all of the publications published by the central author in each
year. Colors show the periods before, during, and after funding from the Pew program. Right
side: Comparing the densities of two different graphs. (H) is a sparse graph that shows a
diffuse influence across fields (i.e., interdisciplinary influence). (I) is a dense graph that shows
a close-knit citation community within one domain.
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Field of Study hierarchy. We choose a single domain based on the majority 2nd-level Field of

Study assigned to each paper, concatenating multiple domains in the event of a tie.ﬁ

Graph representation: We represent scholarly publications as nodes in a network, and
citations as directed links between them. Additional features relevant to assessing influence
are stored as node attributes. These include year of publication, title, authors, and domain.
The Eigenfactor score—a metric of influence for each paper that takes into account the

number and quality of its citations, calculated across the entire data set—is also stored as an
attribute of each node (see |Background| above).

We transform the data into a directed egocentric network, a subset of the total graph that
considers one central node (the ego) and all of its neighbors (the alters), as well as all of the
edges from alters to ego and between alters [36]. The center node represents the set of all
papers authored by a particular scholar. This approach requires author identification as a

subtask: determining which papers in a large scholarly database are authored by a given

individual (see [Implementation/Algorithm|section below).

Taking this approach, the center (ego) node represents the total body of work authored
by the scholar being visualized (Figure A). All of the scholar’s papers and their associated
features are stored as attributes on the center node. All of the alter nodes represent individual
papers that have cited any of the papers contained in the ego node. The alters all have at least
one link to the center node—multiple if the paper cited more than one paper authored by the
scholar of interest—as well as links to other papers that appear in the egocentric network. The

Pew scholars we visualize have some variation in the total number of nodes in their network,

typically between around 200 and 5000. As described below in lmplementation/Algorithm]

we limit the number of nodes displayed in the graph portion of the visualization (n=275 for

all figures in this paper) in order to keep the level of visual complexity under control.

3The Field of Study designations for papers have been noted as a weakness of the current MAG data,
with fields that are “dynamic, too specific, and field hierarchies are incoherent” [87]. As improvements are
made to the underlying metadata, more effective visualizations can be generated.
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Key Indicators over Time: Additional data transformations calculate key indicators
of the scholar’s career over time. Each of these indicators are calculated for each year: total
number of publications authored by the scholar, total number of citations received by any
of the scholar’s papers, and sum of the Eigenfactor influence scores for all of the papers
authored by the scholar in each year. Since we use the Eigenfactor score as a measure of the
citation-based influence of an individual paper, the Eigenfactor score sum can be thought of
as a measure of the total (citation-based) influence the scholar’s output has had that year.
Each of these indicators contextualizes the career-level data from a different angle. These
indicators are visualized over time in linked timeline charts that appear below the graph
display (See Figure [d.21-E, F, and G).

Validation: The most important data abstraction decision to validate is our concep-
tualization of influence. Through discussions with the Pew officers, and informed by a
broader awareness of how influence can be conceptualized, we identified features in our data
that reflected different facets of influence. Measures of citation counts and importance of
publications in the overall network (i.e. Eigenfactor) show clear but rough indications of the
influence a scholar has had. Features such as the domain of the citing work and the number
of connections citing papers have had to other citing papers say something about the type of
influence the scholar has had—whether it tends to be concentrated in a small community or
diffuse to different areas.

Additional downstream validation of the data abstractions came through testing the

design with Pew scholars (see [Results]).

Visual encoding and interaction design

The graph is represented visually in the common paradigm of the node-link diagram, with
circular nodes representing vertices connected by straight lines representing the edges between
them (Figure A—D). The ego node, representing all of the central scholar’s papers, is
placed at the center of the display (A). The alter nodes, representing papers citing the ego’s

work, surround the ego node (B). All nodes and links are hidden initially, then are animated
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in chronological order by year, extending in a spiral layout from the center node, beginning
with the year of the earliest publication by the central scholar. A year counter behind the
graph displays the publication year of the nodes and links currently appearing. The direction
of the links is encoded by the animation: links are sent out from each citing node to the
cited nodes after the citing node appears. The rate at which nodes appear is based on the
number of nodes in each year, so that nodes appear more quickly in years with more citing;
this is meant to lend more excitement to the more active years. If an alter node has more
than one link to the center node (i.e. the paper has citations to multiple papers authored
by the ego scholar), multiple lines are drawn on top of each other, so that edge thickness is
mapped to number of citations. While the final node-link structure is often complex and
interpreting the meaning of individual links is difficult, the intent is to convey a high-level
view of the connections that form around a scholar in her citation community, and to allow
relative comparisons of density. More focused analysis is supported by details on demand
for a citing paper via mouseover of nodes. The user can also click on a node to be taken to

either the full text of the paper (if available) or the paper’s Microsoft Academic page.

Animation: The use of animation to show the network build over time was an important
design choice throughout the process. A goal of this visualization was to use the data to tell a
story that would be compelling to a wide audience. While it can have drawbacks, animation
as a medium naturally draws attention and can encourage perceptions of narrative [134]. By
using animation to encode time series data as observable changes, metaphoric change may

also be communicated [169).

Spatial encoding: We experimented with multiple spatial encodings of the nodes. Initial
designs used a force directed layout commonly used in node-link diagrams, to place the alter
nodes around a fixed ego. This placement, however, tended to produce an overwhelming visual
representation that was difficult to interpret (the “hairball” effect also commonly associated
with node-link diagrams). It also did not make effective use of spatial placement as means of

encoding something useful about the data.
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We chose to place the nodes in a spiral pattern for several reasons. By ordering the
nodes by year and placing them outward from the center, it allowed us to encode temporal
information in the network—increased radial distance represents a more recent publication
date, one that is later in the scholar’s career. The original force-directed layout encoded
publication date only temporally, with earlier dates being revealed earlier in the animation.
The spiral layout adds the spatial encoding to reinforce this dimension, making the narrative
easier to follow. Another advantage of the spiral placement was the ability to include more
nodes in a limited space without too much overlap and confusion. The tradeoff of this
placement is that it precludes optimizations intended to minimize edge crossing.

Other encodings: We chose to encode two additional features on the network’s alter
nodes: Eigenfactor and domain. The Eigenfactor of each paper is represented by the relative
size of the node (Figur C). This allows the viewer to easily identify some of the most
important papers that have cited the center scholar’s work (see section above
for more about Eigenfactor). The domain of each paper is represented by the color of the
node (Figur D), with a legend generated for each scholar on the top left of the display
identifying which colors map to which domains. The most common domain among the papers
in the ego node is set as blue, and other domains that appear in the network are assigned to
a categorical color scheme in order of frequency with which they appear in the graph. We
chose a relative rather than absolute color scheme because there exist too many fields to
assign each a color. In addition to showing individual papers from different fields, the extent
of color variation in the total graph allows the viewer to see at a glance the extent to which
the influence of a scholar’s work tends to cross intellectual boundaries.

Timeline visualizations: Three timeline charts appear below the graph. The x-axis

shows the years from the earliest paper authored by the center author to the last year in

our data set for which we have data. Figure [1.2}-E, F, and G show the timeline charts; see

the [Data abstraction| section above for a description of the data abstractions shown. As the

time progresses, the current year being visualized is highlighted in the timeline charts in

orange. The years that have already been visualized are highlighted in faint orange. The



74

viewer may click on a year in the x-axis to move the animation forward or backward to the
state of that year. One additional dimension was encoded for the interest of the Pew program
officers—colors and vertical lines show the periods before, during, and after the funding that
the Pew program provides to the scholars. This is one example of how overlaying additional
data can help to add context to the overall story, and is discussed more in the

section below.

Comparing visualizations: The scales used throughout the visualization—the mapping
of Eigenfactor to node size, the color of the domain, and the y-axes on the timeline charts—are
calculated relative to each individual scholar. This makes comparisons between different
scholars on these dimensions difficult. This was a deliberate design choice. As discussed in
above, quantitative metrics exist and are already widely used to compare scholars
based on measures of output and citation counts. Our initial intent in working with the Pew
program was to discourage comparison and ranking in favor of a more qualitative view of an
individual scholar’s influence. However, as we generated visualizations for different scholars,
we did notice certain patterns that said something about the different types of influences.
The right side of Figure shows two different graphs, one dense and monochrome (H), the
other sparse and colorful (I). One is not necessarily more influential than the other; rather,
they exemplify two different ends of a spectrum of influence, which can be seen in the citation
pattern around the scholars’ work. The dense, monochrome graph shows a scholar who
tends to have influence in a specific area, a close-knit group of researchers that have many
connections to each other. The sparser, more colorful graph shows a scholar who has had
diffuse influence in different disciplines. The papers that cite this type of scholar tend to cite
other papers that appear in the graph less often, resulting in fewer links between alters and a

sparser network. Supporting these types of comparisons will be important as we continue to

develop these methods (see [Future Work|)
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Implementation/Algorithm

Implementing the overall design is carried out in several stages: identifying the author in the
database, collecting and caching the data, and drawing the visualization.

Author identification: Inaccurate author disambiguation is a threat to the validity of
the depiction of scholarly impact. A unique identifier in the data set corresponds to an author
identified by the collection algorithms; however, a single scholar may actually correspond to
several IDs, and scholars with common names may be mistaken for different people due to
inaccuracies in the algorithms Microsoft uses to collect the data. To mitigate the potentially
misleading view of influence that can occur from disambiguation errors upon inputting
only an author name, user input is required. The latest version of the system—hosted on
http://scholar.eigenfactor.org, allows users to curate their own collections of papers,
selecting and removing papers from the collections as they see fit before generating the data
and visualization [1

Obtaining and Representing Data: The next stage of implementation is putting the
data (stored in a MySQL database) into a network structure using the Python packages
pandas [113] and NetworkX [79]. Starting with a graph with the ego node representing a
scholar, the total set of papers associated with this scholar (as curated by a user) are stored
as an attribute of the ego node. For each of these papers, the citing papers are collected and
added to the graph as an alter node. Finally, for each citation by an alter paper, an edge is
created between alter and ego if the cited paper is in the ego node, or between alter and alter
if the cited paper appears in the graph.

Visualization Rendering: The final stage of implementation is the visualization, im-
plemented using the open-source JavaScript library D3 [27]. For the network representation,
in order to reduce the visual complexity, the number of total nodes is capped at 275; if there
are more, the alter nodes are chosen based on Eigenfactor and whether they have associated

domain information. The alter nodes are then sorted by year, placed in a spiral formation

4This site has been partially decommissioned, but a demo remains.
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around the center, and hidden. The speed at which nodes appear is calculated based on
the number of nodes in the current year being animated, using a threshold-based scale that
sets the total time per year. This scale is set to achieve a balance between smooth narrative
and having nodes appear faster in years with more activity. Years with very few nodes take
.8 seconds, while years with 30 or more nodes take 4 seconds to animate (with multiple
threshold settings in between); empty years take .3 seconds.

The number of nodes to visualize (n=275) and the spacing of the nodes is hard-coded, and
was arrived at after some trial and error. The goal was to show as many nodes as possible in
the space typically afforded by a web visualization, while avoiding excessive overplotting and
occlusion. We arrived at this design after going through several iterations in collaboration

with the Pew officers.

4.1.7 Results
Fvaluation with Scholars

The Pew program held a three day meeting in November 2015 for their 30th reunion with
approximately 400 scholars attending, ranging from the first class of 1985 to the class of 2011
(a scholar’s Pew class is the year that he or she was accepted to the program and began to
receive the four years of funding). Throughout the three days, the scholars attended research
talks and social events. We set up a table with a display so that scholars could view and
interact with the visualization during their down time. When a scholar approached the table,
we demonstrated the visualization with her data and allowed her to watch and interact. We
then asked open-ended questions to prompt a dialog.

During the reunion, we demonstrated the visualization with 26 scholars. We also allowed
the scholars to access the visualization on their own online, and encouraged them to contact
us with any feedback. Since the demonstrations, we have received approximately 20 emails
and engaged in 15 informal conversations providing additional feedback. In this section, we

discuss high-level observations that emerged from these demonstrations and conversations.
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In the next section, we present several interesting individual stories that came out of the
experience.

While interest in viewing and interacting with the visualization was high, many of the
scholars approached with skepticism. Many scholars are wary of the limitations of evaluations
based solely on publications, and a common frustration expressed among the Pew scholar
was the use of measures such as citation counts and h-index. However, we observed that for
most scholars reactions shifted to a generally positive tone after trying out the visualization.
While the concerns were not completely assuaged, we believe that the scholars tended to
appreciate how the visualization represented different dimensions of influence to present a
richer picture than these common metrics. Several scholars noted this aloud.

Several scholars struggled with the fact that nodes represented citing papers, rather than
the scholar’s own papers. We suspect that this difficulty adjusting to nodes representing
citing papers may be partly due to the emphasis on the individual scholar’s papers in many
current scholarly databases that offer ego-views, such as individual scholar’s DBLP or Google
Scholar profiles. An interesting avenue for future work is to integrate a depiction of the
scholar’s own papers as part of the visualization (see [145] for a step in this direction).

Another common issue with the data abstractions that came up during these validations
was that of the difference between review articles and original research. Review articles tend to
be highly cited papers, especially in the biomedical field, and thus may be overrepresented in
the graph display. When the scholars interacted with the visualization and began identifying
some of the larger nodes, they found that many of them were in fact review articles. While
many scholars agreed that it was noteworthy to be cited by a prominent review article,
some thought that review articles represented something different from original research, and
thought that the distinction should be made clear. These comments made us aware that
the influence of review articles can be a contentious topic among some scholars, who believe
that they should be omitted entirely from influence measures. Future work can focus on
making this distinction clearer, and devising ways of identifying which papers in the network

scientists tend to consider more important and influential.
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Most of the scholars were interested in comparing their data to others’, asking tentative

questions along the lines of, “Is my spiral good?” As discussed above in the [Visual Encoding]

section, we tried to discourage these sorts of comparisons. While it is possible to see absolute
differences between scholars—for example, by examining the scales in the y-axes of the timeline
charts to see who had more publications or citations or comparing the density of the link
structure across graphs (Figure H, I)—the visualization is not designed to make these
differences prominent. Our intent was to use our data to highlight the different types of
influence these researchers have had, and it was usually possible, with some effort, to steer

the focus in that direction.

Stories from the Scholars

One of the most interesting results to come out of the demonstrations was that viewing their
data frequently prompted the scholars to reflect on their careers and to tell stories about how
what they saw on the screen matched up with how they saw their own histories. There were
many comments about how certain peaks or dips in the timeline charts, or changes in activity
or color on the graph, corresponded to career shifts, restructuring of laboratories, or even
significant personal events. The visualization thus served as a catalyst for communication
around a particular scholar’s trajectory, at some points fostering discovery by the scholar of
influences and dynamics in their career of which they had not been aware. In this section, we
present several specific stories that emerged.

One scholar, when shown her citation network, noticed that she had been cited by a
prominent paper in the Agricultural Sciences literature (Figure [.3A). At first she identified
this as an error in the data. Her area of study is the cellular mechanisms underlying heart
attack, and she didn’t see herself as having any connection to the study of agriculture.
However, on further reflection, she made the connection that a particular protein to which she
had devoted a period of her career was also involved in meat tenderization. In this case, the
self-reflection enabled by visualizing this scholar’s citation network enabled her to identify an

influence she had had on a completely different field, one which she hadn’t considered before.



79

”.

Agricultural Sciences paper

Figure 4.3: Four stories that emerged from demonstrations with the scholars. A) shows a
scholar who had influence in a field she hadn’t expected. B) shows a career shift reflected in
changing color bands in the graph. C) shows an early-career peak in influence that prompted
a scholar to reflect on the freedoms afforded by different research positions. D) shows a
scholar with influences in very diverse areas.

Another scholar’s graph showed a dramatic shift in color from the inner to the outer nodes
of the spiral (Figure ) Talking to this scholar, he agreed that this reflected a major shift
in his career, when the focus of his research changed from a topic in chemistry to one in
biology. The papers that tended to cite his work changed as well, and the color patterns in
his graph conveyed this shift in influence in a way that was easily recognizable to him. We
also saw these shifts in color when scholars changed model organisms (e.g., Arabidopsis to

Drosophila).

These methods do not tend to work as well for young scholars, as a longer career provides
more input data for telling the story of their developing influence. Nevertheless, one young
researcher noticed a peak in her Eigenfactor timeline chart that corresponded to some of her
work in graduate school (Figure ) This led her to reflect on her time in graduate school
and the boundary-pushing research that she conducated at that time. Her current research

position, she said, allows much less of this type of freedom. In this case, the scholar was able
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to imbue the data visualized on her chart with her personal story of how she felt about her

research’s ability to have meaningful influence.

One scholar, before viewing his visualization, jokingly commented on how unfocused he
was—he tended to publish on a wide range of topics and expected his citation graph to
reflect this. As promised, his graph turned out to be the most colorful we had seen, reflecting
a career whose influence had reached researchers in chemistry, medicine, biology, material
science, engineering, physics, computer science, and environmental science (Figure [4.3D).
The alter nodes in his graph do not have many connections to each other, which is another
indicator that his influence has reached a diverse set of communities. What this scholar
referred to as “unfocused” scholarship could also be seen as diverse and boundary-spanning.
Recent work has suggested that top-performing researchers form co-authorship networks that
tend to be well connected and structured for bridging structural holes [178]; in this light, this
interdisciplinary researcher may share characteristics with some of the world’s most impactful
scientists. This scholar enjoyed seeing his story visualized in this way, and wanted to feature
the graph on his personal website. He also used the visualization as a chance to reflect on his
future plans, mentioning that he expects the graph to get “even worse”™—i.e. more colorful
and reflective of more diffuse influence—in the future as citations stemming from his recent

work increase.

4.1.8  Discussion and future work

While our focus in this work was developing narrative visualizations for the Pew scholars, we
have already begun to use it to generate visualizations of scholars outside of the program. We
have also applied the methods to entire fields of study rather than individual scholars [138|.
As we continue in this direction, future work will address the generalizability of all of our
design choices—whether, for example, it might be better to use the data to choose the proper
number or spacing of nodes, rather than having this predetermined. Identifying which nodes

to display is also a question we will revisit, as we reconsider which papers in a scholar’s
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network are most salient to show influence. To do this, we will ask the Pew scholars themselves

to note their most influential papers. This was an idea from one of the Pew scholars.

Our goals in working with the Pew program centered around creating visualizations to
help the program reflect on its set of highly influential scholars. This shifted our focus away
from direct comparisons of different scholars. As we broaden our scope and generalize out to
include scholars outside of the program, however, one of the most important directions for
future work will involve turning more toward comparison—addressing the question of how to
place one author’s story in a larger context. Displaying two visualizations side by side would
be one option, with an author’s display appearing next to an appropriate control. Thought
needs to go into selecting these controls—for example, an aggregated representation of other
authors with similar careers, or, in the context of evaluating impact for funding agencies, an
aggregated control based on scholars who applied for funding but were not awarded or did

not accept funds.

Another direction for future work relates to the narrative nature of the visualization: how
to incorporate different types of data into the story told by the animation. We have shown
one example of overlaying additional data to deepen the context: the coloring and labeling of
the timeline charts by Pew funding period. Adding this dimension helped the Pew officers
and scholars to reflect on the stories and consider the effect that entering into and receiving
funds from this program may have had. Other additional encodings could support program

and individual evaluation in a number of other settings.

Other forms of data could also be integrated to further emphasize the visualization as a
storytelling device. Automated annotation of salient shifts in the magnitude or domain of
influence could help guide a novice user’s interpretation. Multimedia storytelling through
the integration of audio is another interesting avenue for future work. The Pew program,
for example, has conducted interviews with most of its scholars and has both audio and
transcripts available. Excerpts from these interviews, played at the proper time during the

animation, could provide additional dimensions to the overall story of the scholar’s career.
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Expanding out from the case study with the Pew scholars, the website http://scholar!
eigenfactor.org will serve as a launching pad to offer as a free service this and other tools
to analyze and visualize scholarly influence using citation graphs. User data and feedback

will be helpful in expanding and developing these tools.

4.1.9  Conclusion

We presented a design study in the domain of visualizing scholarly influence to tell a scholar’s
story, collaborating with the Pew Biomedical Scholars program and using their scholars as
an initial case study. We described our design process of choosing data abstractions and
visual encoding techniques in collaboration with Pew program officers, and detailed the
implementation. We demonstrated the visualization with the scholars, and identified general
trends and specific stories that showed how the visualization helped the scholars to reflect on
their own influence. Finally, to generalize the methods to more scholars, we implemented
a system which allows users to curate collections of papers and generate visualizations

themselves.
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4.2 Case Studies in Science Visualization

In addition to the collaboration with the Pew scholarship program, a number of other
organizations and individuals have expressed their interest in working with me to build
interactive visualizations to explore and gain insight from the scholarly literature. This has
provided me a host of opportunities to tackle this challenge from different angles. In this
section I will describe a few of these projects, which together have resulted in my designing a
suite of visualizations that represent the literature in different ways. The breadth of experience
that this work has given me has been instrumental in informing my current ongoing work on

SciSight, which I will discuss in the next section.

The common thread through all of these projects is that they are visual representations
of collections of papers, and the relationships between them. In general, the problem of
information overload can be mitigated by constraining the set of publications (as Autoreview
does). However, in trying to understand the relationships between these papers—citation
relations, for example—even a small set of papers can become complex and overwhelming.
Translating these relationships into visual representations can make use of the human brain’s
ability to quickly identify visual patterns, which can lead to new insights about data |104].
The visualizations I describe here were each designed to represent these collections and their
relationships in slightly different ways, to focus on different aspects of the data and different
questions. Some of these projects did not lead to peer-reviewed publication, but all of these

tools are published as open source projects.

The cluster network diagram (Figure top left) is meant to show the interaction
between two different fields based on the citations connecting those fields. I designed this
tool as part of a collaboration with the researchers Megan Finn and Quinn Dupont, who were
studying the interaction between research communities in Information Security (InfoSec) and
Ethics. After identifying two collections of papers to represent the two different fields, we
wanted to explore the research communities involved in the two fields, and to what extent

they did or did not interact. I used citation-based communities identified by the Infomap



84

community detection algorithm. I visualized these communities as nodes in a network diagram.
To represent within-community mix between the two fields (InfoSec and Ethics), I colored the
nodes based on the ratio of papers in each field. To represent between-cluster interaction, I
drew links weighted based on the number of citations between the clusters. The visualization
is interactive: tooltips on the nodes give more information, and the user is able to toggle
between different modes for the size of the nodes, representing either total number of papers,
or the relative number of papers in either of the two fields. Using this visualization, we
were able to identify two InfoSec clusters with very different apparent relationships to the
Ethics community: one cluster with papers about botnets did seem to interact with the
ethicists, while another with papers about security on the Android mobile platform was
largely disconnected from the Ethics clusters. I wrote a short demo paper describing the
tool [139).

While the cluster comparison diagram shows relationships between clusters of papers, the
interactive coauthorship network, shown in Figure (top right), seeks to show research
communities in a different way, by showing social relationships between authors. In this
representation, nodes represent the authors and links represent coauthorship collaborations. I
built this visualization as part of my general exam, to show the relationships between groups
of researchers who were publishing about ways to visualize network clusteringsE] I used it as
a tool to help surface the different groups of researchers working together on these topics.
In this instance, communities emerge naturally from the structure of the network, as the
physical simulation that pulls and pushes the author nodes according to their connections
tends to separate the communities (labs in this case).

As part of a project with JSTOR, I developed two additional interactive visualizations
to explore collections of papers. Figure (bottom left) shows screenshots of these. One
is a timeline view of all of the papers in the collection by year. The other is a network

visualization that shows citation relationships between the papers in the collection, allowing

®Source  code for  this visualization is available at  https://github.com/hl-the-
swan/nodelink vis_coauthorship


https://github.com/h1-the-swan/nodelink_vis_coauthorship
https://github.com/h1-the-swan/nodelink_vis_coauthorship
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Figure 4.4: Visualizations for collections of papers. Top left: The cluster network diagram shows
citation relationships between clusters of papers related to Information Security and Ethics. Clusters are
colored according to the ratio of InfoSec or Ethics papers within, and links show citations between the clusters.
Top right: Coauthorship network for researchers publishing in the fields of science communication
and misinformation. Nodes represent authors; links represent joint authorship on the same paper. The
colored clusters often correspond to research labs or groups. Bottom left: Interactive visualizations showing
collections of articles: a timeline of papers by year (above) and a citation network (below). Bottom right:
Screenshot of the SciSight visualization for COVID-19 research. The nodes of the network are “cards”
representing groups of researchers, and links represent different types of relationships between them.
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for focus on individual papers and chains of citation[f] These were designed to show compact
overviews of collections of papers representing JSTOR topics. The project allowed me to
explore the temporal and relational aspects of paper collections. I am currently applying
what I learned from this experience to current projects, including SciSight, discussed below.

The visualizations I have developed are meant to explore collections of papers from
different angles, highlighting different patterns in the relationships between them. My work
on these projects has given me experience and insight which I have brought to my current
work on SciSight, in which I apply visualization techniques to show connections and gaps

between researchers and groups of researchers. I describe this work in the following section.

4.3 SciSight / Bridger

4.3.1 Author Preface

The process of doing science tends to be organized into groups of researchers working on similar
problems. This system, despite all its advantages, has a risk of suffering from information silos,
when these research groups face barriers to communicating efficiently [175]. Cross-fertilization
between these groups is important for driving innovation and advancing research [83, 98|.
Gaps in the network of science—disconnected groups of researchers who might benefit from
communicating—represent opportunities to assist in scientific advancement. This relates to
Burt’s theory of structural holes [34]: as he states, “Brokerage across the structural holes
between groups provides a vision of options otherwise unseen” [33|. Because gaps are an
absence of connection, they are often invisible to those involved. SciSight is a project aimed
at identifying and discovering these gaps, by allowing a visual exploration of groups and their
different dimensions of similarities and dissimilarities. The contributions of this project are in
both tools and methods: the interactive visualization, as well as the methods of characterizing

similarities between authors and groups along different dimensions.

6Code available at https://github.com /h1-the-swan /d3-article-timeline and https://github.com /h1-the-
swan/d3-article-citations


https://github.com/h1-the-swan/d3-article-timeline
https://github.com/h1-the-swan/d3-article-citations
https://github.com/h1-the-swan/d3-article-citations
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SciSight (Figure bottom left) is an ongoing collaboration with Tom Hope and others at
the Allen Institute for Artificial Intelligence (AI2) [85]. This interactive visualization began as
a tool to aid in learning about the groups of researchers working on the COVID-19 pandemic,
and quickly began to receive some encouraging attention from high-profile sources |29} |88|.
A paper on this tool has recently been accepted to the demo track at EMNLP, a leading
conference in natural language processing. In the last few months, it has evolved into a larger
project to explore groups of researchers and gaps between them.[] Groups are characterized
according to various dimensions, such as the tasks they work on, the methods and data sources
they use, and the literature they tend to cite. Then, gaps between groups are identified
as dissimilarities along some of these dimensions, where we might expect them to align.
Figure shows an example of this new direction, in which cards representing authors are

presented to explore similarity in terms of methods and tasks.

In many ways, this project is a synthesis of the themes I have been working on throughout
my graduate career. It has a strong focus on the social component of science. This relates to
a project I have worked on previously analyzing cultural gaps between research communities
by quantifying the jargon they use [175} [192]. This and other projects have informed my view
of science as a social process, and SciSight continues this by exploring groups of collaborating
researchers and quantifying different types of relationships between them, such as whether
they share methods or tasks, whether they collaborate on papers, and whether they tend
to cite the same prior work. SciSight also continues the theme of bringing together network
science and natural language processing techniques to better understand science. This is a
theme that features strongly in Autoreview, in which I use both of these types of features to
identify related papers. It is also a theme through my internships at Meta and AI2. Both
of these organizations have a strong focus on NLP, and I saw a great opportunity to bring

in a networks perspective. It is also, as discussed in the previous section, a synthesis and a

"We are currently focusing on the domain of Computer Science, in part because our familiarity with it
makes evaluation easier, but the methods and tools we are developing are general-purpose and will be
applied to other domains, including COVID-19 research.
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continuation of my previous projects developing visualizations to explore collections of papers

to identify patterns in the scientific literature.

SciSight is an ambitious project with many different parts, and we have already made a
lot of progress in a short amount of time. I have made a number of primary contributions
to the project. I identified a corpus of 12 million computer science research papers, using
data from MAG and AI2’s Semantic Scholar (S2). Next, I identified overlapping communities
of authors from the co-authorship network of these papers. In order to characterize papers
by the different types of terms they mention, I used DyGIE++, a pre-trained deep learning
model, to extract words and phrases from the papers’ titles and abstracts identified as one
of: method, task, material, or metric [177]. Using another deep learning mode]ﬂ I generated
embeddings for each of these terms. I then adapted the SciSight visualization we had begun
developing to show authors and groups together, finding similarities and differences between

them using these embeddings (Figure [4.5).

Our next steps for this project will address something that has so far been missing in
my visualization work—explicit evaluations with users to determine how well these tools are
working. Evidence of the success of these tools have so far been in the form of more informal
discussions with users, such as with the Pew Biomedical Scholars where we were able to find
interesting stories by talking with the scholars as they played with data representing their
careers and influence. The adoption of some of these tools by various organizations, such as
Pew, HICSS, and the National Academy of Sciences, is further evidence of the tools’ utility.
Nevertheless, having more rigorous evaluations with users in which my methods are compared
against baselines would provide a more compelling case. We recently completed these user
studies, and have written our findings and submitted the paper to the CIKM conference. It

is currently under review (as of June 21, 2021). This paper is included below as the rest of

8The model used to create embeddings for terms was CS-RoBERTa |77], which I fine-tuned for the task
of semantic similarity using the Sentence-BERT framework [150].
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section El (We recently changed the name of this part of the project from SciSight to
Bridger.)

In addition to the user studies, we are continuing to build out the project in several ways.
We will incorporate more dimensions of (dis)similarity, such as citation patterns. We will
run analyses across the full corpus to study gaps at a large scale. And we will work toward
scaling up the tool to be able to integrate it into a system like Semantic Scholar, and toward

leveraging the methods in recommendation systems.

Similar Tasks Similar Methods Similar Tasks + Methods
You can use the mouse wheel to zoom in/out and drag boxes to tease them apart.

1 ,, FEduardHowy
@
ARIELCMUSE,
Y87 newraiarch.
&7 Gl

@ homaieats

Figure 4.5: Screenshot of the SciSight visualization for computer science researchers. Cards
represent individual authors, and colors show similarities among researchers based on the
methods and tasks they use in their research.

9This study is currently under review. To cite material from section of this chapter, please cite the
original work: Jason Portenoy et al. “Bridger: Toward Bursting Scientific Filter Bubbles via Novel Author
Discovery.” In: In review. 2021
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PUBLISHED WORK BEGINS HERE (IN REVIEW)

4.3.2  Abstract

Scientific silos can hinder innovation. These information “filter bubbles” and the growing
challenge of information overload limit awareness across the literature, making it difficult to
keep track of even narrow areas of interest, let alone discover new ones. Algorithmic curation
and recommendation, which often prioritize relevance, can further reinforce these bubbles.
In response, we describe Bridger, a system for facilitating discovery of scholars and their
work, to explore design tradeoffs among relevant and novel recommendations. We construct a
faceted representation of authors using information extracted from their papers and inferred
personas. We explore approaches both for recommending new content and for displaying it in
a manner that helps researchers to understand the work of authors who they are unfamiliar
with. In studies with computer science researchers, our approach substantially improves users’
abilities to do so. We develop an approach that locates commonalities and contrasts between
scientists—retrieving partially similar authors, rather than aiming for strict similarity. We
find this approach helps users discover authors useful for generating novel research ideas of
relevance to their work, at a higher rate than a state-of-art neural model. Our analysis reveals
that Bridger connects authors who have different citation profiles, publish in different venues,
and are more distant in social co-authorship networks, raising the prospect of bridging diverse

communities and facilitating discovery.

4.3.8  Introduction

“Opinion and behavior are more homogeneous within than between groups. ..
Brokerage across structural holes provides a vision of options otherwise unseen.”

(Burt, 2004)

The volume of papers in computer science continues to sky-rocket, with the DBLP

computer science bibliography listing over 500,000 papers coming out in the year 2020
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alone. [] In particular, the field of Al has seen a meteoric growth in recent years, with new
authors entering the field every hour [165]. Research scientists rely largely on search and
recommendation services like Google Scholar and Semantic Scholar to keep pace with the
growing literature and the authors who contribute to it. The literature retrieval services
algorithmically decide what information to serve to scientists |17, 48|, using information such
as citations, textual content and clickthrough data, which inform machine learning models

that output lists of ranked papers or authors.

In addition to the content of papers, these services rely on user behavior and queries.
They adapt and reflect human input and, in turn, influence subsequent search behavior. This
cycle of input, updating, engagement, and response can lead to an amplification of biases
around searchers’ prior awareness and knowledge [96]. Such biases include selective exposure
[70], homophily [114], and the aversion to information from novel domains that require more
cognitive effort to consider [83 98|. By reinforcing these tendencies, algorithmic systems that
filter and rank information run the risk of engendering so-called filter bubbles [135] that fail
to show users novel content outside their narrower field of interest. How to mitigate these
effects is a challenging open question for algorithmic recommendation systems [127], explored
recently for movies [210]| and in e-commerce [73| by surfacing serendipitous content that is

aimed at being both novel and relevant (see §4.3.4)).

Scientific filter bubbles can be costly to individual researchers and for the evolution
of science as a whole. They may lead scientists to concentrate on narrower niches [100],
reinforcing citation inequality and bias |128] and limiting cross-fertilization among different
areas that could catalyze innovation [83]. Addressing filter bubbles in general, in domains
such as social media and e-commerce recommendations, is a hard and unsolved problem |73,
45, [210]. The problem is especially difficult in the scientific domain. The scientific literature

consists of complex models and theories, specialized language, and an endless diversity of

Ohttps://dblp.org/statistics/publicationsperyear.html


https://dblp.org/statistics/publicationsperyear.html
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Figure 4.6: Bursting scientific bubbles with Bridger. The overarching goal is to (1) find
commonalities among authors working in different areas and unaware of one another, and (2)
suggest novel and valuable authors and their work, unlikely discovered otherwise due to their
disparities.

continuously emerging concepts. Connecting blindly across these cultural boundaries requires

significant cognitive effort [175].

Our goal is to connect scientists across the literature to less familiar, but related authors
and ideas, and thereby facilitate scientific discovery. Working toward this goal, we developed
Bridger, which is illustrated in Figure [£.6] The Bridger system employs a faceted, multidi-
mensional author representation that includes information that is extracted automatically
from papers, including tasks, methods and resources, and automatically inferred personas.
The personas reflect the different focus areas on which each scientist works. Each of these
aspects is embedded in a vector space based on its content, allowing the system to identify
authors with commonalities along specific dimensions and not others, such as authors working

on similar tasks but not using similar methods.
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We explore the utility of this representation in experiments with computer science re-
searchers. For the task of discovering new and useful authors, we find that Bridger’s approach
does better than a strong neural model currently employed by a public scholarly search engine
for serving recommendations—despite Bridger’s focus on surfacing novel areas and authors,
and the built-in biases associated with this novelty. In addition to assessing what content, we
also consider how to display it in a way that enables users to rapidly understand what new
authors work on. We employ Bridger as an experimental platform to explore which facets are
displayed to users, investigating various design choices and tradeoffs between relevance and
novelty. We obtain substantially better results in terms of user understanding of profiles of
unknown authors, when displaying information taken from our author representation.

Finally, we conduct in-depth analyses that show that Bridger surfaces novel and valuable
authors and their work, unlikely to be discovered in the absence of Bridger due to publication
in different publication venues, citing and being cited by non-overlapping communities, and
having greater distances in the social co-authorship network. Taken together, the ability
to uncover novel and useful authors and ideas, and to serve this information to users in an
effective and intuitive manner, suggests a future where automated systems are put to work

to build bridges across communities, rather than blindly reinforcing existing filter bubbles.

4.3.4 Related Work

Filter Bubbles and Recommendations Filter bubbles and related biases have been
studied in the context of recommender systems [127], with recent work studying e-commerce
websites [73] and widely-used algorithms [210]. One approach that has been explored for
mitigating these biases is judging recommendations not only by accuracy, but with other
metrics such as diversity (difference between recommendations) [196, |45, novelty (items
assumed unknown to the user) [208], and serendipity (a measure of relevance and surprise
associated with a positive emotional response) [186]. The notion of serendipity is notoriously

hard to quantitatively define and measure [92, 43, [186], 190]; recently, user studies have
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explored human perceptions of serendipity [43, 186|, yet this problem remains very much open.
A distinct, novel feature of our work is the focus on the scientific domain, and that unlike the
standard recommendation system setting we measure our system’s utility in terms of boosting
users’ ability to discover authors that spur new ideas for research. In experiments with
computer science researchers, we explore interventions that could potentially help provide
bridges to authors working in diverse areas, with an approach based on finding faceted

commonalities and contrasts between researchers.

Inspirational Stimuli Our work is related to a relatively small body of literature focused
on computational tools for boosting creativity [83] 98|, 74, 84]. Experiments in this area
typically involve giving participants a specific concrete problem, and examining methods for
helping them come up with creative solutions [83], 84]. In our efforts reported in this paper,
we do not assume to be given a single concrete problem. Rather, we are given authors and
their papers, and automatically identify useful and novel inspirations in the form of other
authors and their contributions. These computationally complex objects are very different to
the short, single snippets typically used in this line of work [83]/84]. A recurring theme in
this area is the notion of a “sweet spot” for inspiration: not too similar to a given problem
that a user aims to solve, and not too far afield. Finding such a sweet spot remains an
important challenge. We study a related notion of balancing between commonalities and

contrasts between researchers.

Scientific Recommendations Work in this area typically focuses on recommending papers,
using proxies such as citations or co-authorship links in place of ground truth [164, |15, |141],
or a combination of text and citation data [48|. In addition to being noisy proxies in terms
of relevance, these signals reinforce existing patterns of citation or collaboration, and are
not indicative of papers or authors that would help users generate novel research directions
— the focus of Bridger. Furthermore, we perform controlled experiments with researchers

to be able to better evaluate our approach without the biases involved in learning from
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Figure 4.7: Overview of Bridger’s author representation, retrieval, and depiction. Users
are represented in terms of a matrix with rows corresponding to papers, and columns
corresponding to facets. Bridger finds suggested authors who match along certain “slices” of
the user’s data — certain facets, subsets of papers, or both.

observational data on citations or co-authorship. One related recent direction considers the
problem of diversifying social connections made between academic conference attendees [167),
168, [187|, by definition a relatively narrow group working in closely-related areas, using

attendee metadata or publication similarity:.

4.8.5 Bridger: System Querview

In this section we present Bridger’s methods and system. The Bridger system is designed
to enable the study of different design choices for scientific author and idea discovery. We
start by describing our representation for papers. We then describe how Bridger represents
authors by aggregating paper-level information and clustering into personas. We use these
representations to provide a general framework for discovery, based on author matching along
specific dimensions (Figure [4.7)). Finally, we describe depiction of author information, and

end with implementation details.

Paper representations

Paper Information FEach paper P contains rich, potentially useful information. This
includes raw text such as in a paper’s abstract, incoming and out-going citations, publication

date, venues, and more. One key representation we derive from each paper P is a vector
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representation P, using a state-of-art scientific paper embedding model. This neural model
captures overall coarse-grained topical information on papers, shown to be powerful in
clustering and retrieving papers [48].

Another key representation is based on fine-grained facets obtained from papers. Let
Tp, = {t1,1s,...} be a set of terms appearing in paper i. Each term is associated with a
specific facet (category). We consider several categories of terms in this paper: coarse-grained
paper topics inferred from the text [183], and fine-grained spans of text referring to methods,
tasks and resources — core aspects of computer science papers [38] — automatically extracted
from paper i with a scientific named entity recognition model. [177] Each term ¢ is located in
a “cell” in the matrix illustrated in Figure [4.7, with facets corresponding to the columns and
papers to rows. Each term ¢ € Tp, is also embedded in a vector space using a neural language

model (see §4.3.5)), yielding a ¢ vector for each term.

Author representations

We represent an author, A, as a set of personas in which each persona is encoded with
facet-wide aggregations of term embeddings across a set of papers. Figure [4.7] illustrates
this with outlines of “slices” in bold — subsets of rows and columns in the illustrated matrix,

corresponding to personas (rows) and facets (columns).

Author personas Fach author A can work in multiple areas. In our setting, this can
be important for understanding the different interests of authors, enabling more control
on author suggestions. We experiment with a clustering-based approach for constructing
personas, P4, based on inferring for each set of author papers P4 a segmentation into K
subsets reflecting a common theme — illustrated as subsets of rows in the matrix in Figure 1.7
We also experiment with a clustering based on the network of co-authorship collaborations A
takes part in. See for details on clustering. As discussed later (, we find that the
former approach in which authors are represented with clusters of papers elicits considerably

better feedback from scholars participating in our experiments.
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Co-authorship information FEach paper P is in practice authored by multiple people,
i.e., it can belong to multiple authors A. Each author assumes a position k for a given paper,
potentially reflecting the strength of affinity to the paper. As discussed below (§4.3.5)), we
make use of this affinity in determining what weight to assign terms 7p, for a given paper

and given author.

Author-level facets Finally, using the above information on authors and their papers, we
construct multiple author-level facets that capture different aggregate aspects of A. More
formally, in this paper we focus our experiments on author facets V4 = {m, t,r}, where m
is an aggregate embedding of A’s method facets, t is an embedding capturing A’s tasks, r
represents A’s resources. In addition, we also construct these facets separately for each one of
the author’s personas P 4 — corresponding to the “slice embeddings” illustrated in Figure |4.7]
In analyses of our experimental results (, we also study other types of information such

as citations and venues; we omit them from the formal notations to simplify presentation.

Approaches for recommending authors

For a given author A using Bridger, we are interested in automatically suggesting new authors
working on areas that are relevant to A but also likely to be interesting and spark new
ideas. More formally, we are given a user A, their set of personas P 4, and for each persona
its faceted representation V4 = {m,t,r}. We are also given a large pool of authors across

computer science, {Aj, Asg, ...}, from which we aim to retrieve author suggestions to show A.

Baseline model We employ SPECTER [48|, a strong neural model we compare to, trained
to capture overall topical similarity between papers based on text and citation signals (see [48|
for details) and used for serving recommendations as part of a large public academic search
system. For each of author A’s papers P, we use this neural model to obtain an embedding
P. We then derive an aggregate author-level representation p (e.g., by weighted averaging

that takes author-term affinity into account, see §4.3.5)). Similar authors are computed using
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a simple distance measure over the dense embedding space. As discussed in the introduction
and §4.3.4] this approach focuses on retrieving authors with the most overall similar papers to
A. Intuitively, the baseline can be thought of as “summing over” both the rows and columns
of the author matrix in Figure [£.7] By aggregating across all of A’s papers, information on
finer-grained sub-interests may be lost. In addition, by being trained on citation signals, it
may be further biased and prone to favor highly-cited papers or authors.

To address these issues, we explore a formulation of the author discovery problem in terms
of matching authors along specific dimensions that allow more fine-grained control — such as
by using only a subset of views in V4, or only a subset of A’s papers, or both — as in the
row and column slices seen in Figure [4.7] This decomposition of authors also enables us to
explore contrasts along specific author dimensions, e.g., finding authors who use similar tasks

to A but use very different methods or resources.

e Single-facet matches For each author A4; in the pool of authors {A;, Ay, ...}, we
obtain their respective aggregate representations V4, = {m,t,r}. We then retrieve
authors with similar embeddings to A along one dimension (or matrix columns in
Figure 4.7} e.g., r for resources), ignoring the others. Unlike the baseline model, which
aggregates all information appearing in A’s papers — tasks, methods, resources, general
topics, and any other textual information — this approach is able to disentangle specific
aspects of an author, potentially enabling discovery of more novel, remote connections

that can expose users to more diverse ideas and cross-fertilization opportunities.

e Contrasts Finding matches along one dimension does not guarantee retrieving authors
who are distant along the others. As an example, finding authors working on tasks
related to scientific knowledge discovery and information extraction from texts, could
be authors who use a diverse range of resources, such as scientific papers, clinical notes,
etc. While the immense diversity in scientific literature makes it likely that focusing
on similarity along one dimension only will still surface diverse results in terms of the

other (see results in §4.3.7)), we seek to further ensure this.
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To do so, we apply a simple approach inspired by recent work on retrieving inspirations
[84]: We first retrieve the top K authors {A;, As,... Ak} that are most similar to
A along one dimension (e.g., t), for some relatively large K (e.g., K = 1000). We
then rank this narrower list inversely by another dimension (e.g., r), and show user A
authors from the top of this list. Intuitively, this approach helps balance relevance and
novelty by finding authors who are similar enough along one dimension, and within

that subset find authors who are relatively distant along another.

e Persona-based matching Finally, to account for the different focus areas authors
may have, instead of aggregating over all of an author’s papers, we perform the same
single-view and contrast-based retrieval using the author’s personas P4, — or, in other

words, row-and-column slices of the matrix in Figure [4.7]

Depicting Recommended Authors

Our representation allows us to explore multiple design choices not only for which authors
we show users, but also how we show them. In our experiments (§4.3.6, §4.3.7)), we evaluate
authors’ facets and personas in terms of their utility for helping researchers learn about new

authors, and for controlling how authors are filtered.

Term ranking algorithms to explain what authors work on Researchers, flooded
with constant streams of papers, typically have a very limited attention span to consider
whether some new author or piece of information is relevant to them. It is thus important
that the information we display for each author (such as their main methods, tasks, resources,
and also papers) is ranked, such that the most important or relevant terms appear first. We
explore different approaches to rank the displayed terms, balancing between relevance (or
centrality) of each term for a given author, and coverage over the various topics the author

works on. We compare between several approaches, including a customized relevance metric
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we design, in a user study with researchers (§4.3.6). We discuss in greater detail the ranking
approaches we try in §4.3.5]

Retrieval explanations In addition to term ranking approaches aimed at explaining to
users of Bridger what a new suggested author works on, we also provide users with two
rankings that are geared for explaining how the retrieved authors relate to them. First, we
allow users to rank author terms 7 by how similar they are to their own list of terms (for
each facet, separately). Second, users can also rank each author’s papers by how similar
they are to their own — showing the most similar papers first. These explanations can be
regarded as a kind of “anchor” for increasing trust, which could be especially important when

suggesting novel, unfamiliar content.

Implementation details

Data We use data from the Microsoft Academic Graph (MAG) [160]. We use a snapshot
of this dataset from March 1, 2021. We also link the papers in the dataset to those in an a
large public academic search engine.@ We limit the papers and associated entities to those
designated as Computer Science papers. We focus on authors’ recent work, limiting the
papers to those published between 2015 and 2021, resulting in 4,650,474 papers from 6,433,064
authors. Despite using disambiguated MAG author data, we observe the challenge of author
ambiguity still persists [163|. In our experiments, we thus exclude participants with very few

papers (see §4.3.7)), since disambiguation errors in their papers stand out prominently.

Term Extraction We extract terms (spans of text) referring to tasks, methods, and
resources mentioned in paper abstracts and titles, using the state-of-art DyGIE++ IE model
[177] trained on SciERC [108|. We extracted 10,445,233 tasks, 20,705,854 methods, and
4,978,748 resources from 3,594,975 papers. We also use MAG topics, higher-level coarse-

HRedacted for anonymity.
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grained topics available for each paper in MAG. We expand abbreviations in the extracted

terms using the algorithm in [157] implemented in ScispaCy |126].

Scoring papers by relevance to an author The papers published by an author have
varying levels of importance with regard to that author’s overall body of publications. To
capture this, we use a simple heuristic that takes into account two factors: the author’s
position in a paper as a measure of affinity (see , and the paper’s overall impact in
terms of citations. More formally, for each author A, we assign a weight w4 p to each paper P
in Py, wyp = pos, p X Rankp, where pos 4 p is 1.0 if A is first or last author on P and 0.75
otherwise, and Rankp is MAG’s assigned paper Rank (a citation-based measure of importance,

see [183| for details), normalized by min-max scaling to a value between .5 and 1.

Author similarity We explore several approaches for author similarity and retrieval, all
based on paper-level aggregation as discussed in §4.3.5 For the document-level SPECTER
baseline model discussed in §4.3.5] we obtain 768-dimensional embeddings for all of the
papers. To determine similarity between authors, we take the average embedding of each
author’s papers, weighted by the paper relevance score described above. We then compute the
cosine similarity between this author and the average embedding of every other author. For
our faceted approach, we compute similarities along each authors’ facets, using embeddings
we create for each term in each facet. The model used to create embeddings was CS-
RoBERTa [77], which we fine-tuned for the task of semantic similarity using the Sentence-
BERT framework |150]. For each author or persona, we calculate an aggregate representation
along each facet by taking the average embedding of the terms in all of the papers, weighted

by the relevance score of each associated paper.

Identification of personas We infer author personas using two different approaches. For
the first approach we cluster the co-authorship network using the ego-splitting framework

in [62]|. In a second approach, we cluster each authors’ papers by their SPECTER embeddings
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using agglomerative clustering with Ward linkage [122]| on the Euclidean distances between
embedding vectorsF_Q-] In our user studies, we show participants their personas and the details
of each one (papers, facets, etc.)F_gl To make this manageable, we sort the clusters (personas)
based on each cluster’s most highly ranked paper according to MAG’s assigned rank, and

show participants only their top two personas.

Term ranking for Author Depiction We evaluate several different strategies to rank

terms (methods, tasks, resources) shown to users in Experiment I (§4.3.6)):

e TextRank: For each term ¢ in an author’s set of papers, we create a graph Gp = (V, F)
with vertices V' the terms and weighted edges E, where weight w;; is the euclidean
distance between the embedding vectors t; and t}. We score each term ¢; according to

its PageRank value in G [115].

e TF-IDF For each ¢, we compute TF-IDF across all authors, considering each author as
a “document” (bag of terms) in the IDF (inverse document frequency) term, counting
each term once per paper. We calculate the TF-IDF score for each term for each author,

and use this as the term’s score.

e Author relevance score For each ¢, we calculate the sum of the term’s relevance
scores (§ [4.3.5)) derived from their associated papers. If a term is used in multiple

papers, the associated paper’s score is used for each summand.

e Random Each term ¢ is assigned a random rank.

2Implemented in the scikit-learn Python library [136]. Distance threshold of 85.

13Some authors do not have detected personas; we observe this to often be the case with early-career
researchers.
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4.8.6  FExperiment I: Author Depiction

In systems that help people find authors, such as Microsoft Academic Graph, Google Scholar,
and AMiner [182], authors are often described in terms of a few high-level topics. In advance
of exploring how we might leverage facets to engage researchers with a diverse set of authors,
we performed a user study to gain a better understanding of what information might prove
useful when depicting authors. We started from a base of Microsoft Academic Graph (MAG)
topics, and then added their extracted facets (tasks, methods, resources). We investigated

the following research questions:

RQ1: Do tasks, methods, and/or resources complement MAG topics in depicting an

author’s research?

RQ2: Which term ranking best reflects an author’s interests?

RQ3: Do tasks, methods, and/or resources complement MAG topics in helping users

gain a better picture of the research interests of unknown authors?

RQ4: Do personas well-reflect authors’ different focus areas?

Ezxperiment Design

Thirteen computer-science researchers were recruited for the experiment through Slack
channels and mailing lists. Study sessions were one-hour, semi-structured interviews recorded
over Zoom. The participants engaged in think-aloud throughout the study. They evaluated a
depiction of a known author (e.g., research mentor) for accuracy in depicting their research,
as well as depictions of five unknown authors for usefulness in learning about new authors.
Throughout all parts of the experiment, the interviewer asked follow-up questions regarding
the participant’s think-aloud and reactions. To address RQ1 and RQ2, the participants first

evaluated the accuracy of a known author’s depiction.
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Step 1. To begin, we presented the participant with only the top ten MAG topics for
the known author. We asked them to mark any topic that was unclear, too generic, or did
not reflect the author’s research well. Next, we provided five more potential lists of terms.
One of these lists consisted of the next 10 top topics. The other four presented 10 tasks,
each selected as the top-10 ranked terms using the strategies described in §4.3.5] We asked
participants to rank the five lists (as a whole) in terms of how well they complemented the
first list (with an option to select none).

Step II. The process then repeated for five more potential lists to complement the original
topics and the highest-ranked second list selected in Step I — this time, with methods instead
of tasks. If the participant ranked a methods list highest, we then presented the participant
with a resources list that used the ranking strategy preferred by the participant, and asked
whether or not this list complemented those shown so far.

Step III. To address RQ3, participants next evaluate the utility of author depictions for
five unknown authors. To describe each unknown author, we provided the participant topics,
tasks, methods, and resources lists with 10 terms each. Each were ranked using tf-idf as a
default. The participant noted whether or not each additional non-topics list complemented
the preceding lists in helping them understand what kind of research the unknown author
does.

Step IV. Finally, for RQ4, we asked participants to evaluate the known author’s distinct
personas presented in terms of tasks, which were ranked using tf-idf. On a Likert-type scale of
1-5, participants rated their agreement with the statement, “The personas reflect the author’s

different research interests (since the year 2015) well.”

Results

Results for RQ1 The majority of participants found that tasks, methods, and
resources complemented topics to describe a known author’s research. For both
tasks and methods, 11 of 13 participants felt that seeing information about that facet, more

so than additional top MAG topics or no additional information, complemented the original



105

top ten MAG topics. The prevailing grievance with the additional MAG topics was that they
were too general. Furthermore, 7 of 9 participants who evaluated a resources list thought

that it complemented the preceding lists.

Results for RQ2 Participants overall preferred the relevance score ranking strat-
egy for tasks and methods. We compared the four ranking strategies and MAG topics
baseline strategy for both tasks and methods. For each participant, we awarded points to
each strategy based on its position in the participant’s ranking of the five strategies. We
awarded the least favorite strategy one point and the most favorite strategy five points. Since
there were 13 participants, a strategy could accumulate anywhere between 13 and 65 points.
Separately, we counted how many times each strategy was a participant’s favorite strategy
(Figure , d). With regards to tasks, TextRank and tf-idf accrued the most points from
participants, with the relevance score trailing close behind (Figure [4.8h). Meanwhile, the
MAG topics baseline accrued the least points, even fewer than the random task ranking
strategy. In addition, relevance score and TextRank were chosen most often as the favorite
task ranking strategy (Figure ) With regards to methods, the relevance score ranking
strategy performed best in terms of both total points (Figure ) and favorite strategy

(Figure [4.8).

Results for RQ3 Participants generally found tasks, methods, and resources
helpful to better understand what kind of research an unknown author does. To
calculate how many participants were in favor of including tasks, methods, and resources
to help them better understand an author, we determined the average of each participant’s
binary response per facet. Adding up the 13 responses for each facet, we saw that the majority
of participants thought each additional facet helped them understand the unknown author
better. All 13 participants found the tasks helpful, eight found the methods helpful, and 12
found the resources helpful. As an example, P12 connected an unknown author’s topics, tasks,

and methods to better understand them: “I wouldn’t have known they were an information
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Figure 4.8: Points awarded to each ranking strategy for tasks (a) and methods (b), and
percentage of participants who favored each strategy most for tasks (c¢) and methods (d).

retrieval person from the [topics| at all.... The previous things [in topics and tasks| that
mentioned translation and information retrieval and kind of separately... This [methods
section| connects the dots for me, which is nice.” Interestingly, methods were not viewed to
be as useful as tasks or resources. The majority of participants cited unfamiliar terms as a

key issue.

Results for RQ4 Participants indicate preference for personas selected based on
papers rather than co-authorship. After the experiment, six participants were informally
asked to compare the experiment’s personas selected based on co-authorship with the personas
based on paper-based clustering (see . Four of them preferred the updated version.
Furthermore, one of the users who preferred the old version still thought the updated version
had better personas themselves and merely did not like the updated personas’ ordering. In

addition, all six participants liked seeing the personas in terms of papers. In our experiment
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in §4.3.7, we observed much higher satisfaction with the updated personas in comparison to

the original personas of this experiment.

4.8.7  FExperiment II: Author Discovery

We now turn to our main experiment, exploring whether facets can be employed in Bridger
to spur users to discover valuable and novel authors and their work. We use our two author-
ranking strategies (§4.3.5)), one based on similar tasks alone (sT) and the other on similar
tasks with contrasting (distant) methods (sTdM). We compare these strategies to the SPECTER

(ss) baseline. More specifically, we investigated the following research questions:

e RQ5: Do sT and sTdM, in comparison to SPECTER, surface suggestions of authors that

are considered novel and valuable?

e RQG6: Does sorting based on personas help users find more novel and valuable author

suggestions?

Ezxperiment Design

Twenty computer-science researchers participated in the experiment after recruitment through
Slack channels and mailing lists. All participants were shown results based on their overall
papers (without personas) consisting of 12 author cards they evaluated one by one. Four
cards were included for each of sT, sTdM, and ss. We only show cards for authors who are
at least 2 hops away in the co-authorship graph from the user, filtering authors they had
previously worked with.

For participants who had at least two associated personas, we also presented them with
authors suggested based on each separate persona: four author cards for each of their top two
personas (two under sT and two under sTdM). Whether the participants saw the personas
before or after the non-persona part was randomized.

Each author card provides a detailed depiction of that author (see Figure . The

author’s name and affiliation is hidden in this experiment to mitigate bias. As shown in
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Figure 4.9: Illustration of information shown to users in Experiment II, §4.3.7. When the
user clicks on an author card, an expanded view is displayed with 5 sections: papers, topics,
and our extracted facets — tasks, methods, and resources.

Figure [4.9] cards showcase five sections of the author’s research: their papers, MAG topics,
and our extracted facet terms. We also let users view the tasks and methods ranked by
similarity to them, which could be helpful to explain why an author was selected and better

understand commonalities.

The cards showed up to five items for each section, with some sections having an optional
second page, depending upon data availability. Papers could be sorted based on recency or
similarity to a participant / persona. To avoid biasing participants, the only information
provided for each paper was its title, date, and the suggested author’s position on each paper

(e.g., first, last).

Each of these items (papers and terms) had a checkbox, which the user was instructed

to check if it fulfilled two criteria: 1) potentially interesting and valuable for them to learn
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about or consider in terms of utility, and 2) not too similar to things they had worked on or
used previously. Following a short tutorialﬂ, participants evaluated each author shown by
checking the aforementioned checkboxes (see Figure , right). While evaluating the first
and last author (randomized), the participant engaged in a protocol analysis methodology
(sharing their thinking as they worked). Participants with personas were also asked, based on
each persona’s top five associated papers, whether they each reflected a coherent focus area,

and whether they seemed useful for filtering author suggestions.

Results

For each author card evaluated by a user, we calculate the ratio of checked boxes to total
boxes in that card. Then, for each user, we calculate the average of these ratios per condition
(sT, sTdM, ss), and calculate a user-level preference S specifying which of the three conditions
received the highest average ratio. Using this score, we find the proportion of users who
preferred each of the sT and sTdM conditions in comparison to the ss approach.

Figure M(a), shows results by this metric. The facet-based approaches lead to a boost
over the non-faceted ss approach, with users overall preferring suggestions coming from the
facet-based conditions. This is despite comparing against an advanced baseline geared at
relevance, to which users are naturally primed.

We break down the results further by slightly modifying the metric to account for the
different types of item types users could check off. In particular, we distinguish between the
task /method /resource/topic checkboxes, and the paper checkboxes. For each of these two
groups, we compute S in the same way, ignoring all checkboxes that are not of that type
(e.g., counting only papers). This breakdown reveals a more nuanced picture. For the task,
method, resource and topic facets, the gap in favor of sT grows considerably (Figure )
In terms of papers only, ss, which was trained on aggregate paper-level information, achieves

a marginally better outcome compared to sT, with a slightly larger gap in comparison to sTdM

ATl user study guidelines will be made available in our code repository.
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Figure 4.10: More users prefer Bridger for suggesting novel, interesting authors. Percent of
the participants who preferred author suggestions surfaced by faceted conditions (sT and
sTdM, blue bars) compared to a baseline non-faceted paper embedding (ss, orange bars). On
average, users prefer the former suggestions, leading to more discovery of novel and valuable
authors and their work (a). When broken down further, we find users substantially preferred
the facet items shown for authors in our condition (b), and preferred the paper embedding
baseline when evaluating papers (c). See for discussion.

(Figure [4.10k). Aside from being trained on paper-level information, SPECTER also benefits
from the fact that biases towards filter bubbles can be particularly strong with regard to
papers. With papers, users must tease apart aspects that are new and interesting to them
versus aspects that are relevant but familiar. Even if a paper is directly connected to a
user’s research, they may be tempted to check off a paper because they have not seen that
ezxact paper or because it has minute differences from their work. In contrast, when judging
a particular facet item, participants need only contemplate the novelty of the term itself,

without distraction or fixation on other terms [83][98].

Importantly, despite obtaining better results overall with the faceted approach, we stress
that our goal in this paper is not to “outperform” SPECTER, but mostly to use it as a reference
point — a non-faceted approach used in a real-world academic search and recommendation

setting.
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Item type sT  sTdM

All 58% 5%
Paper 83% 67%
Topic 58% 5%
Task 42%  50%

Method 67% 58%
Resource 50% 67%

Table 4.1: Percentage of users with personas (N=12), for which the average proportion of
checked items was higher for the persona-matched authors than for the overall-matched
authors. Users saw suggested authors based on two of their personas. The suggestions
came from either the sT or sTdM conditions. Reported here are counts of users who showed
preference for one or both personas.

Personas We also compare the results from sT and sTdM conditions based on personas P
for user A, versus the user’s non-persona-based results presented above. We compare the
set of authors found using personas with authors retrieved without splitting into personas
(equivalent to the union of all personas). Table shows the number of users for which
the average proportion of checked items was higher for the persona-matched authors than
for the overall-matched authors (for at least one of the personas). For most participants,
users signalled preference for persona-matched authors when looking at one or both of their
personas. Interestingly, for papers we see a substantial boost in preference for both conditions,
indicating that by focusing on more refined slices of the user’s papers, we are able to gain

better quality along this dimension too.

Evidence of Bursting Bubbles

The matched authors displayed to users were identified based either on sT and sTdM or
the baseline SPECTER-based approach (ss). These two groups differed from each other
substantially according to several empirical measures of similarity. We explore the following
measures, based on author dimensions in our data that we do not use as part of the experiment:

(1) Citation distance: A measure of distance in terms of citations that the user has in common



112

(a) Incoming Citations (b) Outgoing Citations

1.00 - 1.00 -
g Q
2 0.98 A 2 0.98 A
i) i)
25 0.96 A 2 0.96 -
© ©
S 0.94 © 0.94 -
o (9]
© ©
—0.92 4 = 0.92

0.90~ ~ 0.90~ =~

sTdM ss sTdM s
(c) Publication Venues (d) Coauthorship Network
1.00 1 s
(o)} 4 -
0] i C
8 S 3
2 0.90 b
© I
5 0.85 1 g
@ 2
= 0.80 - - h 14
g
0.75~ ~ < o
sTdM s sT sTdM ss

Figure 4.11: Bridger suggests authors that are more likely to bridge gaps between communities.
In comparison to the baseline, facet-based (Bridger) author suggestions link users to broader
areas. Clockwise: (a, b) Jaccard distance between suggested authors’ papers and the user’s
papers for incoming citations (a) and outgoing citations (b); greater distance means that
suggested authors are less likely to be cited by or cite the same work. (c¢) Jaccard distance
for publication venues. (d) Shortest path length in the coauthorship graph between author
and user (higher is more distant). Bridger conditions (sT and, especially, sTdM) show higher
distances.

with the matched author, calculated with an intersection-over-union (Jaccard) distance. This
is calculated both for incoming and outgoing citations. (2) Venue distance: The Jaccard
distance between user and matched author for publication venues. (3) Coauthor shortest
path: The shortest path length between the user and the matched author in the coauthorship
graph. Findings of this analysis, shown in Figure [{.11], suggest that Bridger surfaces more

novel authors.
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In the following section, we conclude by diving deeper into user interviews we conducted,
revealing more evidence and insights into user preferences and surfacing potential issues and

challenges for building future author discovery systems.

4.8.8 User Interviews: Analysis € Discussion of Author Discovery

Bridges Across Scientific Filter Bubbles Bridger authors encourage more di-
verse connections. Under the Bridger conditions, participants formed diverse ideas that
connected their research to other authors not only within their own subareas, but also other
areas. As just one example, P9, who works on gradient descent for convex problems, saw a
sTdM author’s paper discussing gradient descent but for deep linear neural networks, which
imply non-convex problems. They remarked, " This is a new setup. It’s very different, and
it’s super important.... definitely something I would like to read because it applies to things I
know in a very important and hot area.” Though the sTdM condition presented more of a risk
in terms of surfacing authors with which the user could draw connections, it also surfaced
the more far-reaching connections. P2, P6, and P19 reported similar connections. With
respect to connections within the same area, participants would sometimes connect a facet of
their work to the same facet of the suggested author’s work. For instance, looking at a sT
author, P15 related their research topic to another: “I have worked on procedural text, and
they follow some sequence of events, and dialogues also do that, so there is that connection."
If participants found new connections with SPECTER, they tended to be more immediate

connections to authors in their area.

Facets Help Elicit New Ideas But Require More Context Describing an author’s
work with short, digestible items in the form of tasks, methods, and resources
helped participants find interesting new ideas. For instance, P14 expressed that a
sTdM author’s paper associated with medical image diagnosis would not be useful for them
to consider because “breaking into that space for me would require a lot of work.” However,

when they later saw 'medical image diagnosis’ as a task, they commented, “As a task, I could
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see some usefulness there. There could be other approaches that might more quickly catch my
interest.” Committing to interest in the task required much less effort. Moreover, participants
were able to peruse more of an author’s interesting tasks and methods that they did not
necessarily find in their top papers. Reacting to one sT author, P3 did not see any papers
related to ‘biomedical question answering,” but they did see ‘biomedical question answering
system’ as a method. They then noted, “I’'m going to click ’biomedical question answering’
because that’s not what I have worked on before, but I'm interested in learning about it.”

Tasks, methods and resource facets support discovery better than topics. Par-
ticipants were much more likely to complain that topics were too high-level to spark ideas for
new, profitable research directions. P3 summarized, “I think many of them are quite generic,
so I can say I already worked on it,” and P7 noted, “ ‘Artificial intelligence’ is too broad. I
think everything comes under that.”

Terms with unknown meaning often garner interest, but all facets and papers
require more context. Participants commonly identified tasks, methods, and resources as
interesting, even when they did not fully understand their meaning. When P4 saw the method
‘least-general generalization of editing examples’ from a sT author, they stated, “Don’t know
what this means exactly, but it sounds interesting.” Nonetheless, many participants also
struggled with indiscernible terms. For example, P20 said of the resource ‘NAIST text corpus’
under a sT author, “I'm not sure what this is, and I can’t quess from the name. And it wasn’t
mentioned in the title of the papers.” Furthermore, some papers’ titles were particularly
hard to decipher. Thus, multiple participants expressed interest in having abstracts available
in order to better judge their usefulness, and P15 suggested including short automated

summaries [37].

Biases Toward Scientific Filter Bubbles Time constraints in the fast-moving
world of research inhibit exploration beyond the filter bubble. Despite clear interest
in an author’s distant research, a couple of participants were hesitant to make connections.

For example, in reacting to a sTdM author’s paper on image segmentation for medical images,
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P14 recognized, “It’d be interesting for me to understand what is happening in that space.”

However, they added a caveat: “I mean I'd be interested in reading [this paper] if I had infinite
time.”

Unknown background knowledge can make it intimidating to consider new
areas. Engaging with distant authors’ work requires a large cognitive load that can make
uncovering connections difficult. P18 provided the following example: “Maybe there’s some
theoretical computer science algorithm that if I knew to apply it to my problem would speed
things up or something like that, but I wouldn’t know enough to recognize it as interesting.”
Echoing findings in §4.3.8] this comment suggests that unfamiliar terms can especially hinder
making interesting connections, and that highlighting the most useful aspects of a distant
author’s research may facilitate building far-reaching connections.

Preconceived notions of an area hinder consideration of connections to that
area. Because Bridger’s authors are selected to be more different from the user than
SPECTER’s authors, they often met with hard-line resistance, without full consideration
of potential links. Looking at a sTdM-suggested author, the natural language processing
(NLP) researcher P20 said in relation to three papers, “This is not really an NLP paper, so I
would pass.” Similarly, P17 rejected sTdM suggestions, saying “I don’t know anything about

neuroscience, and I'm not going to start now probably.”

Personas All participants with personas stated at least one would be helpful
for filtering authors. Of the 12 participants who had personas, seven described their two
personas as distinct, coherent identities that would be useful for filtering author suggestions.
As an example, P2 characterized their personas as related to “human-AI collaboration or
decision-making” and “error analysis and machine learning debugging” respectively. Though
the persona author suggestions performed relatively well in generating novel connections
(Table , a few participants commented that they did not see the connection between
suggested authors and their persona. For example, under a persona associated with lexical

semantics, P6 commented on a sTdM paper, “ ‘Causality’ is not a topic I would work on in
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lexical semantics.” Diverse author suggestions may be more confusing under personas because
users look for connections specific to that persona; indicating to users when these author

suggestions are for exploratory purposes may be helpful.

4.3.2  Conclusion

We presented Bridger, a system and methods for facilitating discovery of novel and valuable
scholars and their work. Bridger consists of a faceted author representation, allowing users to
see authors who match them along certain dimensions (e.g., tasks) but not others. Bridger
also provides “slices” of a user’s papers, enabling them to find authors who match the user
only on a subset of their papers, and only on certain facets within those papers. Our
experiments with computer science researchers show that the facet-based approach was
able to help users discover authors with work that is considered more interesting and novel,
substantially more than a relevance-focused baseline representing state-of-art retrieval of
scientific papers. Importantly, we show that authors surfaced by Bridger are indeed from
more distant communities in terms of publication venues, citation links and co-authorship
social ties. These results suggest a new and potentially promising avenue for mitigating the
problem of isolated silos in science.

Interviews with our user-study participants show that there are many ways to improve
our system. For example, we would like to improve our algorithm for persona clustering. The
ability to assign informative names to personas would greatly improve usability. We also hope
to address the cognitive load associated with considering new areas by providing just-in-time
definitions of terms using extractive summarization [124] or generative approaches [107]. A
broader challenge is in generating explanations not only for why a suggested author is found
similar to the user, but also how their work may be useful. We also want to study whether
these techniques can generalize outside of computer science, potentially connecting people
with ideas from even more disparate fields as we make steps toward bridging gaps across all

of science.
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Chapter 5
CONCLUSION

The overwhelming scale of the scientific literature is a daunting problem. The body
of existing knowledge already exceeds the capacity of any individual to keep up, and the
production of new knowledge continues at an ever increasing rate. This is leading to
information overload for researchers, and information silos between research groups. Despite
these challenges, I am excited by the possibilities of new, technology-driven methods to
help with the problem. I am heartened by the efforts of academics, industry partners like
Microsoft, and nonprofits like AI2 and Meta. My contributions to this space, summarized in

this disseration, are:

e An overview of scholarly data sets I have worked with, including lessons learned and

code to help make use of it

e A novel method for scaling network clustering algorithms to very large citation networks

e Autoreview: a framework for building and evaluating systems to generate references for

literature reviews from small sets of seed papers

e The design and evaluation of interactive, exploratory visualizations of scholarly influence

over time, and of other facets of scholarly publications

e Bridger: a system for facilitating discovery of novel scholars and scientific concepts,
using a novel multiview representation of authors extracted from their papers to capture

their focus areas
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I have been very fortunate to do this work as part of an iSchool, an institution which focuses
on the intersection between people, information, and technology. Science is a large-scale
coordinated human effort to further our understanding of the world. People, information, and—
increasingly—technology are at the center of this endeavor. My work is firmly situated in this
space, and aligned with the school’s goals of connecting people with the right information, and
using information to help people achieve their potentialE] Specifically, my work with scholarly
data sets is geared toward improving the access to and utility of large-scale scientific metadata
so that people can make the best use of it. My work with automated literature review makes
steps toward easing the burden on experts to curate the relevant papers for a topic, and also
helps connect researchers with new information. My work designing exploratory visualizations
tries to create opportunities for people to gain new insights from this information. And my
work on SciSight / Bridger makes exciting progress toward countering filter bubbles in science,
and connecting researchers in order to bridge information gaps and potentially spark new
ideas.

Being part of the iSchool community has also attuned me to the potential harms that
can arise from developing these technologies. Recently, numerous examples of collateral
damage to people and groups have been identified as the results of algorithmically mediated
systems. These examples have been brought to light through investigative journalism; they
have been chronicled in books about the subject |63, 130} 129]; and a research community
known as FAccT (Fairness, Accountability, and Transparency) has formed to study and
address the underlying issues[]| The impacts have been felt across many areas of modern
society, including policing and sentencing [46|, urban transportation [201], hiring |51|, and
finance |71]. These harms often arise even in cases where the technology is being explicitly
developed to help—unintended consequences of biases inherent in the data used as inputs in
these systems. For example, in the world of healthcare, artificially intelligent tools meant to

identify and help patients with complex health needs have been shown to have significant

Thttps: //ischool.uw.edu/about

Zhttps:/ /facctconference.org/
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racial bias, recommending extra care to White patients over equally sick Black patients [132].
The type of work I do is not immune to these pitfalls. The tools I work on can have significant
effects on the people and society it touches. Any tools which involve recommendation, for
instance, such as Autoreview or Bridger, run the risk of amplifying certain content while
silencing others, exacerbating rich-get-richer effects and further sidelining groups that are
already marginalized. One way this could manifest would be throught the use of citation
indicators as inputs, which could perpetuate gender biases in the data [193|. Tools which
characterize and promote scholarly influence, such as the nautilus diagram, run similar risks.
It is incumbent on researchers like myself to be vigilant to these potential harms, to audit
their research and tools in order to detect them, and to take steps to address them. This is
something which I have not always adequately addressed in my work. Although it is being
discussed in the literature on recommendation in general [116], and although there has been
some discussion around the ethics of bibliometric evaluations [26], these issues have not been
much of a focus in research and development of scholarly tools. It is extremely important
that I and all researchers and practitioners in this space continually strive to do better.
Information overload—the big scholarly data deluge—is the backdrop of all of this work.
The creation of new scholarly information continues at an increasingly rapid pace, and does
not show signs of slowing anytime soon. This reality threatens to undercut scientific progress
by overwhelming researchers and obfuscating the big picture. The link between people
and information weakens, and people cannot keep afloat in the sea of information. It is
more important than ever to find new ways to mitigate these problems. Harnessing the
scholarly literature as data has great potential for applying new technological approaches to

aid scientific progress.
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