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Figure 1: Scim is an intelligent reading interface for skimming scientific articles. To help readers develop a broad overview of

content in a paper, Scim intelligently highlights passages (A). The passages are colorized to indicate the rhetorical role of the

passage, i.e., whether it describes the research’s objectives, novelty,methods, and results. Highlights are distributed throughout

the text to support a holistic skim. Readers request additional (or fewer) highlights by using paragraph-local (B) and paper-

wide (C) controls. To understand where to find information of a certain kind, readers can glance at highlight markers in the

scroll bar (D). Readers can also collect an overview of the paper by reviewing highlighted passages in a sidebar (E).
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ABSTRACT

Researchers need to keep up with immense literatures, though it is
time-consuming and difficult to do so. In this paper, we investigate
the role that intelligent interfaces can play in helping researchers
skim papers, that is, rapidly reviewing a paper to attain a cursory
understanding of its contents. After conducting formative inter-
views and a design probe, we suggest that skimming aids should
aim to thread the needle of highlighting content that is simulta-
neously diverse, evenly-distributed, and important. We introduce
Scim, a novel intelligent skimming interface that reifies this aim,
designed to support the skimming process by highlighting salient
paper contents to direct a skimmer’s focus. Key to the design is
that the highlights are faceted by content type, evenly-distributed
across a paper, with a density configurable by readers at both the
global and local level. We evaluate Scim with an in-lab usability
study and deployment study, revealing how skimming aids can
support readers throughout the skimming experience and yield-
ing design considerations and tensions for the design of future
intelligent skimming tools.

CCS CONCEPTS

•Human-centered computing→ Interactive systems and tools;
Empirical studies in HCI.

KEYWORDS

intelligent reading support, complex texts, skimming, highlights,
scientific papers

1 INTRODUCTION

With the rise of knowledge work and a contemporaneous explo-
sion of information, knowledge workers are expected to quickly
sift through high volumes of rapidly evolving information. One
domain where this trend is particularly pronounced is in scientific
research. Scientific researchers spend a tremendous amount of ef-
fort staying up to date with the scientific literature. To keep up
with the literature, a researcher needs to—with some regularity—
forage for relevant articles (hereafter called “papers”), and for any
papers they identify, skim the paper, read the paper, and then inte-
grate knowledge gained from reading that paper into their personal
records.

Among these stages, skimming is the task that involves review-
ing the contents of a paper selectively and rapidly to develop a
cursory understanding of a paper’s contents. An initial skim of a
paper helps a researcher decide whether to read a paper further,
and hence skimming is critical to a researcher who has a broad
literature to acquaint themselves with. The process of skimming pa-
pers is common among researchers [47]. With the shift of scholarly
papers to a digital online publications, the practice of skimming
has become yet more widespread [34, 55].

While skimming is a pervasive practice, it is not easy. Skimming
is a skill that takes time to learn and effectively employ [14, 40,
64]. A key challenge of skimming is that a reader is attempting to
understand parts of a paper’s contents, while skipping over much
of the paper. To skim well thus requires not only quite a bit of
attention, but also strategic choice of what to read, where, and
when to stop reading a section. A skimming session may devolve

into a reading session should a reader find themselves drawn into
the details of a section, a practice we observed in some of our
formative observations of researchers (Section 3.2).

In this paper, we investigate how intelligent user interfaces could
assist in skimming scientific papers. With widespread use of AIs in
scholarly search (cf. [1, 4]) and increased research attention into the
design of intelligent scientific reading applications (e.g., [20]), we
explore how intelligent tools could help with the task in between
reading and search—namely, skimming. As a starting point, we ask
how an interface can make judicious use of highlighting of a paper’s
contents to help readers direct their attention across a sample of
passages while they skim.

To understand the nuance of what it means to design a usable
intelligent highlighting interface for skimming, we conducted for-
mative interviews and observations with researchers, and then
preliminary usability studies with prototypes of an intelligent high-
lighting tool. These initial investigations led to the following learn-
ings (Section 3.2): First, readers desire highlights that cover diverse
content, are evenly-distributed across a paper, and mark important
paper content. This represents a tension between reader expecta-
tions and system implementation, in that it is not always possible
to highlight according to passage importance while achieving an
even distribution of highlights. Second, readers desire the ability to
influence the degree to which a paper is highlighted.

We incorporated these insights into the design of Scim, an intel-
ligent user interface for skimming scientific papers (Figure 1). Scim
addresses the above-mentioned tensions in design as follows. First,
it identifies important passages by applying a classification model
to the text, highlighting those passages which it is most confident
contain information of consequence to a reader. Second, it supports
skimming diverse kinds of contents by highlighting passages relat-
ing to four major kinds of content readers in the formative studies
sought: research objectives, novel aspects of the research, methodol-
ogy, and results. To help readers identify passages containing each
of these kinds of content, Scim highlights each kind of content in a
distinct color. Third, Scim supports an evenly-distributed skim of a
paper, highlighting passages in such a way that most paragraphs
contain at least one sentence, with the aim of reducing a reader’s
concern that they may be missing information of consequence.
Finally, Scim lets readers customize the number of highlights in
a paper, with controls for configuring highlights across an entire
paper, and for requesting additional highlights within individual
paragraphs of interest.

This paper concludes with two studies that shed light on how a
tool like Scim would affect skimming. We first conducted an in-lab
usability study to explore how Scim affects readers’ ability to search
for specific kinds of information in a paper. We observed a small,
significant effect where readers found information in less time with
Scim, while reporting approximately the same difficulty in tasks,
as with a baseline.

To investigate how Scim could support skimming in more real-
istic scenarios, we conducted a second, longitudinal diary study
spanning two weeks. Twelve NLP researchers were asked to skim
one paper a day with Scim for 10 days, where they selected papers
of their choice from a collection of 100 recent NAACL papers. Re-
searchers completed daily diary entries and an exit interview. In
70% of diary entries, researchers reported that Scim’s highlights
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helped them skim a paper. The diary entries also brought into focus
what circumstances tools like Scim can help readers. For instance,
Scim was particularly useful when reading text-dense passages with
few visuals, or when reading a paper that falls outside one’s area
of expertise. Researchers reported that Scim became more usable
with time, because they became accustomed to highlights that they
had initially found distracting. The study also revealed directions
where additional improvements to intelligent skimming support
are necessary, such as highlighting passages that provide impor-
tant background for later highlighted passages, and highlighting in
a way that integrates nicely with emphasis authors have already
added through boldface font and text formatting.

Taken together, this paper envisions systems that support skim-
ming of scientific papers with intelligent highlighting, reifying the
vision in a working reference implementation of Scim, and offering
a comprehensive two-study evaluation. In summary, this paper
contributes:

• Seven design motivations for intelligent, highlight-based
scientific skimming user interfaces, grounded in formative
interviews and observations and preliminary usability stud-
ies of a prototype tool.

• Scim, an intelligent skimming interface that highlights pas-
sages to optimize for importance, diversity, and distribution
of content, while affording control over highlighting at both
the paper and paragraph level.

• A reference implementation of Scim’s end-to-end paper pro-
cessing backend, including a language model for classifying
and highlighting sentences, fine-tuned using a data program-
ming approach, and post-processing heuristics for improv-
ing prediction accuracy and achieving well-distributed high-
lights.

• Insights into the strengths and limitations of Scim based
on a controlled in-lab usability study and a two-week diary
study.

2 RELATEDWORK

2.1 Prior Studies on Skimming

Skimming is widely considered to be a form of rapid reading in
which the goal is to get a general idea of the text or visual content,
typically accomplished by focusing on information relevant to one’s
goals and skipping over irrelevant information [39, 47]. Skimming
is a particularly necessary and useful skill for scholars who read
scientific papers. As the number of published papers continue to
increase year over year and technology has caused a gradual move
from print towards a digital medium, scholars have adapted by
reading more papers while spending less time on each [34, 55].

Prior results from the psychology literature have found that
skimming readers are not generally very accurate at selecting goal-
relevant information for processing within text, and that physical
limitations in the oculomotor system responsible for controlling eye
movements largely preclude rapid, accurate placements of eye gaze
for extended periods such as when skimming a long document [38,
39]. Beyond limitations in visual acuity, skimming can also be a
cognitively demanding task as readers are continually building
an ongoing mental model of the text and integrating information
across sentences as they read [45, 47, 54].

Other studies suggest that skimming readers may be able to
effectively direct attention to more important content, for instance
by reading in a satisficing manner [14, 15, 48]. Satisficing is a skim
reading strategy in which readers are inherently sensitive to a proxy
for information gain. Under this strategy, readers set a information
threshold, and if while reading a unit of text they determine that the
information gain falls below a designated information threshold,
they proceed on to the next unit of text. These studies have found
that as a result, readers tend to spend more time at the beginning
of paragraphs, toward the top of pages, and at the beginning of
documents [14]. We use Scim to study how automated assistance
may support skimming by cueing readers towards salient sentences,
suggested by an AI system, thereby shifting the initial locus of
attention for readers under the satisficing strategy.

One study on skimming for scientific document triage found that
readers were hasty and incomplete, and documents were scrolled
through quickly with attention paid to highly visual content and sec-
tion headers [35]. Since information-dense content may be buried
within pages of plain text, we see an opportunity for automated
assistance in facilitating the discovery of these relevant informa-
tion units that may otherwise be overlooked. Scientific documents
are also laden with visual content, typographical cues (e.g., itali-
cized, bold, or colored text), and structural information. Studies have
found that readers draw on document features to support rapid com-
prehension via these macro- and micro-structures [8, 29, 36] and
visual content [24, 64]. Scim’s design as an AI-augmented reading
interface enables readers to leverage AI assistance while retaining
access to a paper’s intrinsic visual and structural information.

2.2 Tools for Reading and Skimming

Researchers have long sought to equip readers with tools that sup-
port and augment their cognition while reading documents. The
nascent days of human-computer interaction saw the introduction
of augmented reading interfaces to support the reading process,
including fluid documents that provided contextual access to sup-
plemental information between lines of text [9], fluid hypertext [65],
visualizations for social annotations within papers [21], and affor-
dances for annotating papers and jumping readers to passages of
interest [18, 51]. Since then, several classes of approaches have
been proposed to support the various aspects of reading, such as
document navigation and comprehension.

2.2.1 Modified Scrolling Interactions. One line of research sought
to facilitate the rapid exploration of long documents by modifying
the behavior of reading interfaces during scrolling. Applications
of content-aware scrolling were used to redefine the presentation
order of content within a document [23], provide pseudo-haptic
feedback when scrolling past relevant information [26], and dy-
namically resize document headings within paper thumbnails in a
document viewer [6]. Spotlights implemented an attention alloca-
tion technique that pinned headings and figures as static overlays
to a document as it was continuously scrolled [30].

2.2.2 Typographical Cueing. Another approach involved augment-
ing reading interfaces with typographical cues (e.g., highlighting).
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Studies in cognitive psychology have found that visual cueingmech-
anisms can be effective in focusing reader attention [10] and im-
proving retention of material [17, 50]. The Semantize system used
highlights to visualize sentiment within a document, and under-
lined words with positive or negative sentiment in different col-
ors [61]. The ScentHighlights system used highlights to identify
conceptually relevant text based on a user’s query [11]. The HiText
technique introduced dynamic graded highlighting of sentences
within a document in accordance with their salience [63]. Mod-
ern reading interfaces also commonly support readers in marking
regions of interest with a document with highlights or free-text
annotations. The pervasiveness of highlighting as a technique for
drawing readers’ attention can be attributed to the von Restorff
isolation effect, which states that an item isolated against a ho-
mogenous background will be more likely to be attended to and
remembered [58]. Studies have since found evidence of this effect
on the visual foraging behavior of readers on highlighted docu-
ments, finding that highlights attract about half of the total number
of fixations within a document, and are often drawn to by readers’
eyes [10].

2.2.3 Document Augmentations. Beyond typographical cues, other
reading interface augmentations exist to specifically support the
reading of scientific papers. For instance, online paper providers
like ScienceDirect, PubMed, and Semantic Scholar provide readers
with in-context citation information. Experimental systems have
linked document text to marks within charts [28] and cells within ta-
bles [25], generated on-demand visualizations based on text within
the paper [3], augmented static visualizations with animated [19]
or interactive [37] overlays, and provided in-context definitions for
nonce words [20]. We design Scim with inspiration from many of
these prior augmented reading interfaces, augmenting scientific
papers with interactive highlights that guide reader attention. Ex-
tending prior systems, Scim not only extracts salient sentences, but
also classifies each highlight into common classes of information
needs for readers.

2.2.4 Summarization. An alternative method to skimming a full
paper is to read a shortened representation of the paper’s content
in the form of a summary. An author-provided summary is de
facto included with each paper as an abstract, which researchers
often read before continuing to the rest of the paper. Automated
summarization has garnered significant interest from the natural
language processing community, and extractive and abstractive
methods for generating summaries from long-form documents have
been developed over the years [2, 43, 52]. Some methods have even
been proposed for generating extreme (single sentence) summaries,
called TLDRs, from full papers [7].

However, providing only a summary to readers is often unsat-
isfactory. Despite recent improvements in the quality of gener-
ated summaries, they remain error-prone, susceptible to hallucina-
tion [66], and are not reliable enough to be used as a standalone
replacement for reading the paper itself. Furthermore, summaries
do not provide readers with the ability to interact with the full
paper. For instance, as readers’ goals and interests change while
reading a paper, they may wish to explore certain sections in further
detail. While traditional summaries cannot support this interaction,
augmented reading interfaces naturally retain the context of the

paper. We leverage natural language processing techniques to iden-
tify salient sentences and classify sentences into rhetorical facets
using a pretrained language model, and present the output within
a carefully-designed augmented reading interface to support the
interactivity and context lacking in standalone summaries.

3 DESIGN MOTIVATIONS

To better understand how to design usable, intelligent skimming
interfaces, we undertook an iterative design process. Our process
began with interviews and observations of researchers, and contin-
ued into an evaluation of an early prototype of Scim (Section 3.1).
In this section, we describe our design process. We then distill the
lessons learned from our formative research into a set of design
motivations (Section 3.2) to guide the design and implementation
of intelligent, highlighting-based skimming support tools.

3.1 Design Methodology

Our design process consisted of several stages:

3.1.1 Formative interviews and observations. We conducted forma-
tive study sessions with eight researchers to better understand how
they skim scientific papers. All researchers belong to the target
user group for Scim, and were either graduate students or academic
faculty. Researchers were first observed as they skimmed a paper
of their choice. Then, the researchers were asked to describe their
skimming process, including goals that they have while skimming,
strategies that they employ while skimming, and any aspects of
skimming that they found difficult or tedious.

3.1.2 Prototype development and evaluation. A prototype of Scim
was iteratively designed and developed drawing inspiration from
the formative interviews and observations. While many kinds of
tools could support skimming, our design exploration focused
specifically on skimming aids that would incorporate intelligent
highlights.

The prototype was similar to the Scim system described in Sec-
tion 4, with a few differences. First, the prototype’s highlighting
policy was different, resulting in fewer highlighted passages, and
a less uniform distribution of highlights. Second, the prototype
had no paragraph-level or facet-specific controls for the number of
highlights, but rather only global-level controls on the number of
highlights and switches to turn on or off individual facets.

Two preliminary usability studies were conducted with this pro-
totype. 13 researchers were recruited from university mailing lists,
and via direct outreach following purposive and snowball sampling
approaches. Study sessions in both studies were 1-hour in length
and conducted held on the Zoom video conferencing software. In
both studies, participants skimmed papers with Scim for limited
amount of time. Then, depending on the study, the participant was
assigned one task where they demonstrated their understanding of
the paper, for instance by outlining the paper or answering ques-
tions about the paper. Following the skimming task, participants
were asked to comment on their interactions with Scim during the
tasks and what aspects of the system required improvement.

3.1.3 Synthesis. One author conducted a thematic analysis [5, Ch.
5] of data from the formative study and preliminary evaluations.
Notes and transcripts from study sessions were reviewed for themes
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Figure 2: Our formative research revealed that intelligent highlights need to do more than pointing readers to important

content. They should also bewell-distributed throughout a paper (designmotivations 3 and 5) and steer readers towards diverse
content types (design motivation 1).

and supporting evidence. Themes were validated through discus-
sion and review with a second author. Those themes that provided
actionable guidance for design are reported in the next section.

3.2 Design Motivations

Here, we introduce seven design motivations for designers and
builders of highlighting-based intelligent skimming interfaces that
arose from the formative research described above. Each design
motivation is listed with a description and supporting evidence
from the formative research. When describing supporting evidence,
we refer to participants in the formative interviews as F1–8 and
participants in the preliminary evaluation as E1–13.

D1. Augment readers’ skimming practices. Researchers described
myriad strategies that they already used to skim papers. One com-
mon strategy was to read the abstract and introduction of a paper.
Then, researchers consulted other key material in the paper, includ-
ing bulleted lists of contributions (F1, F4, F6), summaries of results
(F1–3), and conclusions (F1, F3, F6, F7). Consulting these parts of a
paper was often regarded as conventional wisdom.

Researchers also employed strategies that were particular to
their goals, paper, and level of comfort with the paper. Researchers
relied on various visible cues in the text to help them identify
important information, including typographical cues (e.g., italics,
boldface) (F3, F6), structural cues (e.g., section headers) (F2, F6),
visuals (e.g., figures and tables) (F1, F2, F4, F6, F8), and text position
(e.g., inspecting the first sentences of paragraphs) (F2, F3, F6).We see
these strategies as readers’ strengths, and propose that skimming
interfaces should let readers leverage these strategies, rather than
impeding or replacing them.

D2. Highlight diverse kinds of content. Researchers’ skimming
goals were diverse. For instance, one researcher sought informa-
tion about specific techniques introduced in a paper (F1). Other
researchers wished to understand a paper’s relationship to prior
work or their own research, or to discover new research directions
(F2–4, F7). Some wished for a high-level understanding suitable for
discussing the paper with colleagues (F3, F7). These goals influenced
researchers’ skimming strategies, leading them to look for answers
to specific questions, or for a subset of passages that provided a
high-level understanding of the paper’s objective, significance, key
approaches, and experimental results. Skimming interfaces should
support the diversity of readers’ goals by supporting review of
myriad kinds of paper contents.

D3. Support skimming in the long middle of the paper. Researchers
noted that while one recommended strategy for skimming is to
read the beginning and ends of paragraphs, important content may
reside in the middle of paragraphs. Furthermore, we observed that
when participants were asked to skim a paper, often their reading
behavior better resembled a complete read of some passages of a
paper, leading their skimming session to take quite a bit of time
(F1, F3, F5). We propose that skimming tools should help readers
identify important passages that conventional strategies do not
reach—that is, content in the middle. A skimming tool also may
need to provide sufficient highlights of middle material for readers
to feel they are not missing important information without a close
read.

D4. Minimize distraction.Without careful visual design, an aug-
mented reading tool can occlude text or misdirect readers’ attention.
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Our prototypes incorporated a variety of text highlighting tech-
niques, including underlines, lowlighting unimportant paper con-
tents (as inspired by the ScholarPhi augmented reading tool [20]),
and highlighting text with background color. Underlining was too
subtle to consistently catch the reader’s eye. Lowlighting some
paper contents distracted readers, because it required additional
effort for readers to tend to lowlighted content. Highlighting was
chosen for its familiar use in PDF patterns, with the colors tuned to
distinguish the categories of text, with as little contrast as possible
to avoid an unpleasant visual pop-out effect.

Three of our design motivations related particularly to nuance
around highlighting a paper’s contents:

D5. Supply enough highlights. In our preliminary usability stud-
ies, researchers often desired more to see more highlights, after
encountering long passages where they expected there was im-
portant information but which were not highlighted at all. Some
researchers expressed a desire to see highlights distributed more
uniformly throughout the paper (as opposed to highlights concen-
trated primarily in a paper’s introduction or conclusion).We suggest
the rule of thumb that a highlight should be provided around once
per paragraph, and that readers should be able to request additional
highlights in particularly dense passages.

D6. Accuracy is key. A side effect of introducing faceted high-
lights, where highlights were classified according to rhetorical cat-
egory of the passage rather than being assigned a single color, was
that it became obvious to readers when a model made a classi-
fication mistake, like labeling a passage about results as instead
being about methods. Readers found themselves distracted when
the classification of a passage clashed with their expectations of
the purpose of the passage, and became more skeptical of the tool’s
capabilities (E11, E12). If skimming tools provide faceted highlights,
it is particularly important to classify these highlights correctly.

D7. Support user customization. Participants desired more control
over the amount of highlights shown by the prototype. Many sug-
gested the capability of fine-tuning what was highlighted, either
by adaptive personalization of the highlights (i.e., responding to
passages that a reader has highlighted themselves or highlights
they have deleted) or through manual adjustments (E5, E7, E8, E12).

A final takeaway from our formative research is that partici-
pants believed that their comfort using intelligent highlights would
change over time, as they became more familiar with the features,
the colors associated with the highlights, and the accuracy of the
highlights. One participant described this as the issue of “getting
used to seeing highlights that aren’t my own” (E13). This observa-
tion motivated our choice of a longitudinal diary study as one of
the summative evaluations of Scim (see Section 7).

4 SCIM

Drawing on our formative research, we designed Scim, an interface
that provides intelligent support for skimming scientific papers. In
this section, we describe the design of Scim, highlighting how subtle
aspects of the system address the design motivations (referred to
with abbreviations D1–7) introduced in the prior section.

4.1 Overview

In its envisioned usage, a reader interacts with Scim as a tool that
supports and augments their typical skimming process (D1). As
they might do without the tool, a reader would start their skim
by reviewing a paper’s title and abstract. Once they have finished
reviewing these materials, a reader then begins their skim with a
piecemeal review of the paper.

At this point, what differs about the skimming experience with
Scim is that rather than relying on conventional skimming strate-
gies like first sentences of paragraphs or selectively attending to
individual sentences, a reader has the option of following Scim’s
highlights. These highlights extend into the parts of the paragraph
that a reader may not notice during a typical skim (D3). Further-
more, the color of the highlights allow a reader to selectively attend
to just those sentences that contain information about an aspect of
the paper that they care about (D2).

Together, Scim’s features provide holistic support for a highlight-
driven, configurable skimming experience. Below, we describe each
of these features in detail. Readers may also see how these features
are used together in the screenshot in Figure 1 and the video figure
included in the supplemental material.

4.2 Faceted Highlights

Scim intelligently highlights a paper to direct a reader’s attention
to a variety of passages that the reader may wish to review during
their skim. These highlights support skimming with a combination
of three important attributes:

Faceted. Because readers have different goals when skimming,
Scim colorizes highlights according to rhetorical facets (which we
refer to as “facets” below) (D2). The set of facets was selected to
broadly encompass a variety of the kinds of information readers
described in the formative study. The number of categories was
limited to four, in part to minimize the variety of colors in a paper
and to promote memorability of each facet, and in part because the
selected categories were those that could be reliably detected (see
the implementation section).

Numerous schemes exist for sentence-level classification of sci-
entific literature into facets. Coarse-grained schemes classify sen-
tences according to typical section names found in scientific lit-
erature [12, 22] and are composed of a small number of facets,
while other fine-grained schemes rely on argumentative zones and
conceptual structure [31, 32, 56, 57].

We formed our own taxonomy of four facets by combining
aspects of a coarse-grained schema for classifying scientific ab-
stracts [12] and the NOV_ADV category (i.e., sentences describing the
novelty of a paper) from Argumentative Zoning [57]. A separate
color is used to denote each facet. The four kinds of facets are:
Objective (green), Novelty (orange), Method (blue), and Result
(red). Examples of passages of each facet appear in Figure 3.

Low distraction. Text is highlighted using the familiar para-
digm of a solid, colored rectangular box behind the text that is
commonly used in PDF readers. As described in Section 3.2, this
design was selected —rather than underlines or lowlighting unse-
lected passages—to be both noticeable and minimally distracting
(D4).
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NOVELTY 

However, to the best of  our knowledge, no published 
work has considered using cross-document inference for 
misinformation detection.

METHOD 

We train a generator that generates a document from a 
knowledge graph (KG), and feed manipulated KGs into the 
generator to generate fake news documents.

RESULT 

Experimental results show that our proposed method 
significantly outperforms existing methods by up to 7 F1 
points on this new task.

OBJECTIVE 

Given a cluster of  topically related news documents, we 
aim to detect misinformation at both document level 
and a more fine-grained event level.

Figure 3: Scim classifies and highlights four facets of information commonly found in papers: Objective, Novelty, Method,

and Result. These facets aim to surface specific kinds of paper content that align with common skimming goals identified

in formative research, reflecting design guideline D2. Above, we show example passages matching each of the four facets.

The passages appear inWu et al.’s scientific paper, “Cross-document Misinformation Detection based on Event Graph Reason-

ing” [62].

The four facets are assigned the same color in any paper for
which Scim is used, with the hope that these colors will become a
learned association device for each facet, reducing the distraction
that readers may experience when interpreting the highlights dur-
ing first use (D4). To support readers in first use settings, a legend
mapping highlight colors to facet categories appears in the header
of the Scim application.

Distributed. To help a reader skim a paper in a way that is
both piecemeal yet comprehensive, highlights are generated to be
well-distributed across a text. An important goal of the highlighting
scheme is to leave no paragraph, or no single section, completely
without highlights, anticipating that readers may take this as a cue
that they will have to deeply read the section to find information
of consequence in that section. As described in the implementation
section, heuristics were used to generate highlights approximately
evenly throughout the paper, such that most pages had some im-
portant highlighted content while not overwhelming the reader in
highlights (D5).

4.3 Controls

Readers’ goals are diverse, and a single reader’s goals may differ
across papers, or even evolve over the course of reading a single
paper. Because of this, Scim provides two kinds of controls, each of
which support a different scenario of when a reader would wish to
tailor the of highlighting to their goals (D7):

Paper-level controls. If a reader wishes to perform a more cur-
sory skim of a paper, they can reduce the number of highlights. If
they wish to inspect a paper more closely, they can increase the
number of highlights. And if a reader does not care to read about a
particular kind of content (e.g., if the reader decides they wish to
learn about the results of a study but not the study’s methodology),
the reader can disable individual facets. In Scim’s side bar, a reader
can access facet-specific sliders that control the number of intelli-
gent highlights for that facet. As a reader adjusts the slider for a
facet, they can preview the effect on the highlights on the paper by
seeing highlights appear and disappear in the paper, by watching

highlight markers appear and disappear in the scrollbar, and by
observing the label for the facet change in the sidebar to reflect the
total number of highlights (Figure 4, right).

Paragraph-level controls. If a reader encounters a section
where they wish for additional highlights (for instance, a dense
paragraph of results that has been assigned no highlights by Scim’s
highlighting algorithm), the easiest way to access highlights is to
request them at the paragraph level. When a reader hovers the
mouse over a paragraph, a control appears in the margins of the
paragraph that allows a reader to request or dismiss highlights
from that paragraph, one highlight at a time (Figure 4, left). This
feature provides flexibility where the paper-level controls do not,
allowing readers to request highlights where they know they need
them. With both paper- and paragraph-level controls, additional
highlights are incorporated using a sentence prioritization score
assigned during the document processing phase, as described in
the implementation section.

4.4 Scrollbar annotations

A reader can discover where in a paper they can find information
of a certain type by viewing highlight annotations in the scrollbar
(Figure 1.D). This feature is inspired by edit wear and read wear
affordances [21] and scrollbar marks in integrated development
environments (e.g., [41]). When viewed in aggregate, these anno-
tations can be suggestive of the structure of a paper, capable of
implying if a paper has a particularly lengthy methods or results
section. In addition, these marks provide feedback to a reader to
help them adjust the number of highlights using global controls
until the number and distribution of highlights in the scrollbar
appears as they intend.

4.5 List of highlighted passages

Prior to skimming a paper, a reader can review key passages of a
paper at a glance by opening up a list of all highlighted passages in
the side bar (Figure 1.E). This list dynamically updates as readers
adjust the controls for the number of highlights. Highlights in the
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Figure 4: Scim allows readers to adjust the level of automated guidance they receive while skimming via local (paragraph-level)

and global (document-level) highlight density controls.

browser are ordered by their position within the paper, and grouped
by paper section (Figure 1.E). A colored indicator is also displayed
to the right of each highlight in the browser, a subtle cue for its
classified facet. Readers desiring more context for a highlighted
passage can click that passage in the list, after which Scim scrolls
the paper to that passage’s position in the paper, a feature we refer
to as context linking.

5 IMPLEMENTATION

Scim includes an end-to-end document processing pipeline that
leverages a pretrained language model fine-tuned via weak super-
vision to identify and classify salient sentences within papers (Fig-
ure 5). Below, we describe the implementation of our pipeline that
enables Scim to be deployed at scale over the domain of scientific
literature.

5.1 Paper Component Extraction

We used the open-source Multimodal Document Analysis (MMDA)
library [16] to process all textual tokens, mathematical symbols,
section headers, and metadata within each paper (as PDF docu-
ments). We performed sentence segmentation and merged token
and row bounding boxes to form sentence bounding boxes. We also
labeled each sentence with its section header and paragraph index
to support subsequent heuristics for sentence prioritization.

5.2 Sentence Classification

To classify sentences into facets, we adapted the sequential sentence
classification architecture from [12] and substituted the base BERT
model with a pretrained MiniLM model [59, 60]. The model is
designed to incorporate the surrounding context—up to a combined
sequence length of 512 words or 10 sentences—when classifying
a target sentence. We first fine-tuned the model with train splits
from the CSAbstruct dataset [12], a corpora of abstracts from
computer science papers with manually-curated “gold” labels. Since
the dataset only contained sentences from paper abstracts, we found
the model insufficient for classifying sentences within full papers,
and we sought to further fine-tune the model.

5.2.1 Data Programming. However, creating manually-curated
datasets of “gold” facet labels for sentences from full papers is
prohibitively expensive and time-consuming, potentially requiring
hundreds of hours from domain experts annotating scientific liter-
ature. Instead, we used a data programming approach and weak
supervision to further fine-tune our model. In weak supervision,
we assume access to large unlabeled dataset and one or more weak
supervision sources (e.g., heuristics encapsulating domain expertise,
crowdsourcing, or knowledge bases), which are used to generate
noisy and potentially conflicting labels for the dataset. Weak super-
vision offers a simple and model-agnostic way for us to incorporate
domain expertise into our model, without the need for comprehen-
sive manual annotation of a dataset. While a naive aggregation of
these weak supervision sources could themselves be sufficient as
a standalone sentence classifier, we sought to generalize beyond
the coverage of these precise but incomplete labeling functions.
We therefore employed a data programming paradigm to further
unify and de-noise our weak supervision sources, creating a weakly
labeled training set of sentences for downstream fine-tuning.

To create an unlabeled dataset, we extracted full paper sentences
from the proceedings of NAACL 2018, 2019, and 2021, and ACL 2020,
2021, and 2022. In total, the dataset consisted of 3,051 papers with
606,400 unlabeled sentences. We then created weak supervision
sources from heuristic rules and keyword matches to provide noisy
facet labels for sentences in the dataset. For example, one rule-based
supervision source detected sentence salience based on the presence
of author intent via keywords such as “we”, “our”, or “this paper”
and their aliases. Other supervision sources relied on keyword
matches to perform facet labeling. For example, sentences were
weakly labeled as Novelty if any relevant keywords (e.g., “novel”,
“propose”, or “differ” and their aliases) could be found. We used
Snorkel [46] to unify these weak supervision sources and output a
dataset of weakly labeled sentences.

The dataset created through the data programming approach
was further improved by weakly labeling additional negative sen-
tences from full papers in the CSAbstruct. Briefly, we used the
all-mpnet-base-v2 model [53] from the Sentence Transformers
library [49] to score how similar sentences were in the full text
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Figure 5: Overview of the implementation of Scim’s paper processing pipeline. Scim processes scientific papers (as PDF doc-

uments) into localized sentences, and classifies these sentences into four rhetorical facets. Facet classification is performed

with a large language model fine-tuned via a data programming approach. Highlights extracted by the model are visualized

within Scim’s user interface.

to the abstract; we labeled the most dissimilar1 sentences to the
abstract as not relevant for any facet. Model fine-tuning was done
on an NVIDIA A6000 GPU, using 0.1 dropout rate and Adam opti-
mizer [27] over 5 epochs, and 5 · 10−5 learning rate. All parameters
were determined empirically on the CSAbstruct validation split.

5.2.2 Evaluation. We conducted a preliminary evaluation of our
sentence classification model over a set of 20 NLP papers. We re-
cruited annotators from Upwork, a crowd-work site for hiring free-
lancers. All hired annotators were required to have experience
with NLP and scientific writing. Annotators were asked to identify
significant, complete sentences within each of the 20 papers. We
provided annotators with detailed instructions, a snippet of which
is shown below:

You have been hired by a scientific communication mag-

azine (for example, Communications of the ACM orMIT

Technology Review) to help create abridged versions of

scientific papers. These are shorter versions of full aca-

demic papers that are often read by researchers from the

same academic field who might not have time to read

full-length manuscript. Your boss, the editor, has given

you a target length of 200 words per paper page, with

some wiggle room. You have to decide which sentences

from the manuscript are significant, and thus should

be kept while fitting within the target length. Anything

you do not select will be mercilessly thrown away by

the ruthless editor.

Each paper took up to 30 minutes to annotate, and was annotated
by three Upworkers using PAWLS [44]. Sentences selected by at
least two of the three annotators were collected to form a test set
of significant sentences. On this test set, our classification model
achieved an F1 score of 0.533, compared to an annotator-annotator
F1 score of 0.725 (which we consider as a gold-standard, i.e., a

1We empirically determined a cosine similarity threshold of 0.25.

performance ceiling, since there is inherent variability in which
sentences annotators believe are significant for skimming). We note
that our goal with this preliminary evaluationwas not to necessarily
to progress the state-of-the-art, but rather to verify that the model
was sufficient for enabling Scim’s faceted highlights.

5.3 Sentence Prioritization

Scim’s user interface selected sentences to be highlighted based
on the model’s facet label and probability score, along with other
heuristics. One heuristic enforced consistency between facet labels
and sentences within known sections (e.g., Method within a Meth-
ods section or Novelty within a Related Work section). Another
heuristic encouraged a more uniform distribution of highlights
throughout a paper, prioritizing sentences within paragraphs that
did not already contain other highlighted sentences.

5.4 User Interface Implementation

The interface retains text markup that may aid readers in skim-
ming, such as hyperlinks, interactive citations, bold and italicized
text, and other visual cues provided by the authors. Scim is imple-
mented as a web application built atop the PDF rendering platform
pdf.js [42], and reduces adoption friction by adapting design pat-
terns from existing document viewers and integrated development
environments.

6 STUDY 1: IN-LAB USABILITY STUDY
We first conducted an in-lab usability study to assess how Scim
affects readers’ ability to search for specific kinds of information
in a paper. Participants in the study were asked to complete a
series of short tasks using both Scim and a normal document reader.
Our usability study sought to answer the following two research
questions:
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RQ1. Does Scim enable readers to skim papers more quickly?

RQ2. How does Scim affect the self-reported difficulty and ability

to identify relevant information after a skim?

6.1 Study Design

6.1.1 Participants. We recruited 19 participants (8 male, 10 female,
1 non-binary) for our study. We also conducted pilot studies with
three additional participants to test and refine the study design;
these individuals were not included in the main analysis. Our sole
inclusion criteria was that the participants had some experience
reading NLP papers, as they would be required to do so during
the study. Participants received $25 USD compensation for their
time. Participants ranged from 21 to 30 years of age, and included
11 doctoral students, 5 master’s students, 2 software engineers,
and 1 industry researcher. Participants self-reported an average
of 3.78 (on a 5-point Likert scale) for comfort with reading NLP
papers, suggesting participants overall were familiar with the type
of literature used in the study. Participants were recruited through
university-affiliated mailing lists and Slack channels, as well as
from the pool of participants not selected for the diary study. We
obtained Internal Review Board (IRB) approval from all involved
institutions prior to conducting our study.

6.1.2 Procedure. Participants first provided consent and then were
led through a tutorial of Scim’s features. Our study used a within-
subjects design, and consisted of three tasks, each with two sub-
tasks, one for each of the two reading interface conditions—Scim
and a normal document reader. We designed our study to be com-
pleted in under one hour to limit participant fatigue. The studies
were conducted remotely via Zoom, an online video conferencing
platform. In order to minimize biases, we counterbalanced the order
of the reading interfaces and papers used in each task. Below, we
describe the three tasks.

• Task 1: Participants skimmed a paper and identified a pas-
sage in the paper that described a key feature (e.g., dataset
creation or evaluation) of the paper. They had no time limit
to complete these tasks and informed the researcher upon
completion. We intended for this task to be used only to
familiarize participants with the two different interfaces, so
we did include any measures from this task in our analysis.

• Task 2: Participants skimmed a paper and answered two
multiple-choice questions based on information found in the
paper. Answers to these questions could be found in text
highlighted by Scim. We believed that the main points high-
lighted by Scim should be easier for participants to locate,
and this task was designed to test that hypothesis.

• Task 3: Participants skimmed a paper and answered two
multiple-choice questions based on information found in the
paper. Answers to these questions could not be found in text
highlighted by Scim. In contrast to Task 2, we anticipated
Scim might not help as much in finding information that
was outside of the highlights, and this task was designed to
test that hypothesis.

Participants skimmed a different paper for each of the sub-tasks.
The six papers for these tasks were selected from the proceedings
of NAACL 2022, corresponding to the following types: (1) technical

papers introducing new datasets or metrics, (2) exploratory pa-
pers investigating the effectiveness of current tools and proposing
new design guidelines, and (3) technical papers proposing novel
language models for specific applications. In Tasks 2 and 3, the
multiple-choice questions focused on various aspects of a paper a
reader might be interested in while skimming, such as the paper’s
evaluation metrics or the motivation behind a proposed method.
For these questions, participants were given multiple attempts and
asked to skim the paper until they located the correct answer, since
we were interested in measuring the time it took to correctly an-
swer a question using Scim, and control for participants who might
otherwise guess.

For each question, we measured the following quantitative met-
rics:

• Time — The number of seconds taken by the participant to
answer the question, from when the paper was first opened
to when a final, correct answer choice was selected.

• Accuracy — A binary variable indicating whether the partic-
ipant’s first response to the question was correct.

• Ease — A seven-point Likert scale variable indicating the par-
ticipant’s self-assessment of the following prompt: "I found
the task difficult."

6.1.3 Analysis. We compared readers’ time, ease, accuracy, and
subjective ratings for perceived difficulty using linear mixed-effects
models [33] with reading interface as a fixed effect, task and ques-
tion number as nested fixed effects, and participant as a random
effect. We first conducted F-tests for any significant difference
across the system variants, and then we conducted post-hoc t-tests
for differences in the estimated fixed-effects between Scim and a
normal document reader.

6.2 Results

Participants answered questions more quickly with Scim (M=94.3s,
SD=74.9s) thanwith a normal document reader (M=117.7s, SD=76.4s),
a statistically significant difference (p < .05). This difference was
more pronounced in questions where the correct answer was lo-
cated within one of the highlighted sentences suggested by Scim
(Task 2), and there was no significant difference for questions where
the correct answer was not located within one of the highlights
(Task 3). There was no significant difference in participants’ re-
ported difficulty answering questions with Scim compared to a nor-
mal document reader. There was also no significant difference in
participants’ accuracy in answering comprehension questions with
Scim (M=0.80, SD=0.40) compared to a normal document reader
(M=0.76, SD=0.43).

After completing the tasks, some participants noted how Scim
had a learning curve, and that continued usage may be needed to
better understand how to effectively use Scim’s highlights and facet
color associations. These results are confirmatory of observations
from our formative usability studies, and suggest that a longitudinal
evaluation could providemore nuanced insights into the advantages
and limitations of Scim.

7 STUDY 2: LONGITUDINAL DIARY STUDY
Participants in our usability studies noted how novel reading in-
terfaces such as Scim—which interact with existing, traditionally
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Figure 6: Results from the in-lab usability study. Left: Participants’ subjective ease of completing tasks with Scim versus a

normal document reader, and whether they found Scim’s highlights distracting. Right: Timing results for Task 2. Vertical bars

indicate median of responses.

manual processes—may have a learning curve requiring repeated
usage to evaluate holistically. As a result, we conducted a two-week
long diary study to understand how readers might use Scim within
their daily skimming workflow. In contrast to an in-lab usability
study, a diary study enables participants to engage with Scim for
more realistic skims and demonstrates the feasibility of our paper
processing approach at scale. It allows participants to retain their
agency in choosing papers they want to read and when, and also
mitigates any potential observational biases caused by study facili-
tators. A diary study also provides valuable longitudinal data that
allows to study how various usage patterns may evolve over con-
tinued usage of Scim. We designed our diary study and qualitative
analyses to explore the following research questions:

RQ1. How do researchers make use of Scim as they skim papers?

RQ2.What value does a tool like Scim provide as researchers skim

papers?

RQ3. In what circumstances do researchers find Scim useful?

RQ4. What are the limitations of Scim’s approach to intelligent

highlighting?

RQ5.What additional features should future intelligent skimming

tools provide?

7.1 Study Design

7.1.1 Participants. We recruited participants via university-affiliated
mailing lists and Slack channels, and the authors’ social media
(Twitter). We required participants to have some prior experience
in reading or writing research papers, and preferred those who had
experience reading papers in the field of natural language process-
ing (NLP). A total of 12 participants were recruited for the study (6
male, 6 female). All but one of the participants were current doctoral
students, and one was a master’s student. None of the participants
also participated in our in-lab usability study. All participants who
completed the study received $100 USD compensation for their
time.

7.1.2 Reading Materials. While Scim’s paper processing pipeline
could feasibly be invoked at run-time to extract faceted highlights,
for this study we wanted to eliminate any computational overhead
participants could encounter when initially loading a paper with
Scim. To still ensure that participants had an expansive selection
of papers to read for the study, we preprocessed all papers from
the proceedings of NAACL 2022. We chose these papers for several
reasons: (1) Scim was fine-tuned on datasets primarily containing
sentences from NLP papers, (2) all participants reported familiarity
with reading NLP papers, and (3) participants may be more moti-
vated if the study also allowed them to catch up on recent papers
relevant to their own research. Specific papers not in this set but
requested by participants during the study were also processed and
made available within Scim on-demand.

7.1.3 Procedure. The diary study consisted of three parts for each
participant: an introductory session, a two-week long observational
period, and an exit interview. In the introductory session, partici-
pants were led through a tutorial of Scim’s features, and given a few
minutes to explore and ask any questions about the interface. Each
participant was also given an online diary (a Google Docs document
shared between each participant and the authors) to record their
experience after each day’s reading session with Scim. For each day
throughout the observational period, participants were asked to
skim at least one paper for 5 to 10 minutes and complete one entry
in their online diary. Participants skimmed papers using a normal
document reader for the first day to get familiarized with the diary
study, before completing a total of nine skimming sessions using
Scim and nine diary entries on subsequent days in the two-week
long period. The short diary entries were designed to be completed
immediately following each skimming session and elicit partici-
pants’ feedback on how their skimming experience was influenced
by Scim and what could have been improved. Each entry consisted
of the following prompts:

(1) Which papers did you skim today, and how long did you
spend skimming each one?
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(2) What highlights (if any) drew your attention to something
you might have missed without the highlights?

(3) Did highlights help you skim this paper? Explain.
(4) List one or more ways the system could have helped you

better skim this paper.

After participants completed their diary entries, we conducted exit
interviews to discuss their overall experience using Scim and feed-
back from their diary entries. We obtained Internal Review Board
(IRB) approval from all involved institutions prior to conducting
our study.

7.1.4 Analysis. Two authors conducted a thematic analysis on the
diary entries and transcripts from exit interviews, following a qual-
itative approach described in [13]. One author extracted relevant
utterances from participants, iteratively developing and refining a
codebook and emergent themes, while another author verified these
themes. 177 responses to questions from participants’ diary entries
were analyzed. We also instrumented and analyzed behavioral logs
detailing interactions with Scim for each participant.

In the results section, we refer to participantswith the pseudonyms
P1–P12. The utterances presented below were edited to elide iden-
tifying information while preserving their meaning.

7.2 Results

In this section, we describe the results of the diary study as they
relate to our five research questions.

7.2.1 How researchers make use of Scim as they skim papers (RQ1).

All participants used Scim’s highlight browser to view a con-
densed view of highlights more than once throughout their skims.
Most participants used Scim’s global highlight controls once or
twice to configure an acceptable density of highlights (which then
persisted throughout their skimming sessions), while a few adjusted
the highlights multiple times for the different papers they skimmed.
A detailed listing of per-participant usage frequencies appears in
Table 1.

Many participants were satisfied with the default density of high-
lights (P2, P6, P7). All participants adjusted the number of highlights
with paper-level controls at least once. The exit interviews con-
firmed that participants tended to tune the level of highlights to
their preferred level on the first day, and then continued to use
that level of highlights in subsequent skimming sessions. Some
participants desired highlight controls with coarser granularity,
e.g., providing two modes, one for the most important highlights,
and another supporting a deeper skim (P2).

7.2.2 The value of Scim as a skimming aid (RQ2).

Helping readers attain a high-level understanding of pa-

pers. Participants reported that Scim helped them attain a high-
level understanding of the papers they were skimming (P5, P6, P9,
P10). For these participants, Scim helped them identify key concepts
and review the main ideas of papers, as one participant described:

For both papers the highlights showed important con-

tributions and what the paper does. They were helpful

for me to get a “gist” of the paper beyond what was in

the abstract. (P5)

Highlights helped participants review both the paper as a whole,
as well as particular aspects of a paper that a participant wanted to
understand. For instance, two participants noted how the highlights
helped them to understand the results of the paper more quickly
(P1, P2).

Drawing attention to information that would have been

skipped. Scim drew readers’ to interesting details in sections of
papers that might have otherwise been skipped over in a typical
skim (P1, P4, P11):

The ethical conduct and related sections were high-

lighted well which I would have usually skipped while

skimming the paper, but this time that came to my

attention. (P1)
One participant described this as “slowing down,” rather than speed-
ing up, to skim with greater care:

This was a paper that is very light on methods and most

content is about results, which I tend to skim over. So

the highlights helped me slow down and slightly more

carefully read a few places. (P4)
Helping readers skim papers in a single pass. Some par-

ticipants reported that Scim reduced the need to skim a paper in
multiple passes. For these participants, a typical skimming approach
without Scim consisted of first skimming the paper to identify rele-
vant passages, and then re-reading passages of interest in greater
detail (P5, P8). With Scim, they instead skimmed the paper a single
time:

With highlights, I usually spend more time reading and

understanding the highlighted content and skimming

the other content. Without the highlight, I need to scan

the entire content first, identify the critical points and

then understand it. The highlights save me time in skim-

ming the whole paper. (P8)

They helped me scan the paper in order in one go and

get relevant information. Otherwise I often have to come

back to sections or search for specific details. (P5)

7.2.3 Circumstances in which Scim is useful (RQ3).

In 74 of 105 (70.4%) diary responses to the question, “Did high-
lights help you skim this paper?” participants replied in the affirma-
tive. There were a handful of circumstances in which participants
reported Scim was particularly useful:

Skimming dense texts. Scim could be particularly useful for
passages and papers that were dense with text. Participants de-
scribed how intelligent highlights made long, visualization-bare
passages more approachable:

I largely relied on the highlights for skimming Section

3 and onwards, especially since they were text-dense

passages with hardly any visual support (e.g., in the

form of figures) (P3)

The highlights were good in the experiment setup sec-

tion. This paper was a human study and therefore there

were many details on how the study was setup and what

different conditions were considered. The details were

dense so I might have skipped it if not for the highlights.

(P5)
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Table 1: Behavioral log data from participants in the diary study. The number of times each participant used each of Scim’s

features (excluding faceted highlights) while skimming papers over a two-week deployment period.

Feature P1 P2 P3 P4 P5 P6 P7 P8 P9 P10 P11 P12

Highlight Browser 5 10 8 10 9 4 12 3 5 20 6 19
Global Highlight Controls 1 0 3 0 2 16 3 3 0 22 9 4
Local Highlight Controls 3 2 1 8 0 12 0 0 0 16 3 34

Context Linking 0 1 0 3 30 2 0 0 0 6 0 8

Participants also noted that they found Scim helpful not just for
dense textual passages, but also for papers that were text-heavy as
a whole, such as survey papers (P5, P11).

Skimmingpapers fromunfamiliar domains. Intelligent high-
lights were seen as useful for supporting readers in seeking out
important information in papers that were about a topic that they
did not typically read about:

For me it was also generally useful for reading papers

that were a little out of my comfort zone. Papers that

were very focused on machine learning. . . In that case

the highlighting helped me focus on, read, and concep-

tualize better certain parts of the methodology in order

to better understand the conclusions. (P10)

The highlights identify the critical steps in the method

and facilitate me to focus on the principal modification

of the model. This is especially useful when I am unfa-

miliar with the topic and don’t know how to skim this

paper. (P8)

Skimming with low engagement. One participant noted that
Scim helped them review the contents of a paper when they were
not motivated to do a thorough read of this paper, remarking that
“I ended up being not particularly interested in this paper, so I just
looked at the highlights for a summary” (P4).

7.2.4 Limitations of Scim’s approach to intelligent highlighting (RQ4).

Missing context. Participants frequently reported that they
lacked the context to fully understand the highlighted passages
they encountered when skimming with Scim (P1–3, P7-8, P11).
While Scim was designed with the expectation that readers would
simply look to the surrounding text for context, in practice, it could
be disruptive for readers to seek this context. Necessary context
may appear just before the highlighted passage in the paragraph,
though in some cases it appeared in prior sections. One participant
described the challenge as follows:

When reading the highlights, the context is often miss-

ing. Sometimes it is just in the lines before and after, but

sometimes we need to find it which then makes reading

difficult as there is now more back and forth instead of

a linear reading. (P7)

Integration with existing visual cues. Participants noted in-
consistencies between the visual cues that authors introduced into
their papers, and the highlights introduced by Scim (P2, P4, P5). For
instance, authors may have bolded text that described key results,
or emphasized contributions by placing them in a list. Scim does

not take these author-provided cues into account, and often missed
these passages.

Other issues in understanding paper contents. Participants
noted several other cases where Scim’s intelligent highlights be-
haved in unexpected ways. In some cases, Scim highlighted only
one contribution in a list of bulleted contributions, when readers
believed it should have highlighted all of them (P1, P7). Participants
also found Scim often had unpredictable behavior when highlight-
ing passages that contained dense math notation (P1, P6, P11), and
wished that highlights extended into visual artifacts like tables and
figures (P2, P5, P7, P12).

7.2.5 Directions for developing future intelligent skimming tools

(RQ5).

Highlighting-based support like that provided by Scim repre-
sents just one way that tools could support skimming. Participants
indicated several other ways in which future tools could have sup-
ported their skimming experiences:

Abstractive summarization. In some cases, Scim’s highlights
provided readers with more detail than readers wished to see, par-
ticularly if a reader desired only a very high-level understanding of
the material (P6, P8). Several participants suggested that abstractive
summarization of papers’ contents could help reduce the effort to
understand dense sections of papers (P1–2, P7–P8, P12):

I think the best way to summarize this results section

(and probably others) is not in terms of highlights but

maybe abstractive summarization with a bit of info

potentially pulled from tables/graphs/figures/examples.

(P12)
Enhanced navigation support. One reader suggested that a

paper’s introductory material, such as an abstract, could serve as
an index into related highlights in the rest of the paper (P2):

Sometimes, the abstract, intro, figures, and tables are

key to skimming. I wonder if there is a way to link

sentences in abstract/intro to related highlights in the

rest of the paper. (P2)
A related ideawas to provide an index into a paper that supported

navigation to passages that answered important questions about
the paper:

A summary of the paper in QA format would be per-

fect. Example questions that I am interested in or try to

extract when I skim paper are: What are the research

questions? What are the novelties/contributions of this

study? What data/model/evaluation methods do they

use? What are the main results? What are the limita-

tions? (P8)
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7.2.6 Further validation of Scim’s design.

Participants’ experiences also served to validate of several as-
pects of Scim’s design:

Augmenting existing skimming strategies. Participants in-
terleaved conventional skimming techniques with usage of Scim.
To provide one example, P9 navigated through the main sections of
a paper as they might in a typical skim, and used Scim’s highlights
to identify important information within those specific sections
(P9). As described in Section 7.2.2, Scim drew readers attention
to passages they might have otherwise skipped, and gave them
license to skip passages they might have read. The information
that Scim provided could be complementary to other visual cues:
one participant described skimming by looking at both the section
headers and the highlights (P4).

Previewing paper contents in the list of highlighted pas-

sages. While the predominant method of interaction with Scim was
to view highlights within the paper, several participants described
using the list of highlighted passages in the side bar to support nav-
igation or help them gain a rapid understanding of paper contents
(P7, P9, P10). One participant described referring to this list as an
“extractive summary” (P2). Another participant described the list of
highlights as a “better way to skim” in comparison to reading the
paper with highlights, which at the time of their diary entry, they
found made the paper “difficult to read” (P7).

Accustomization to Scim with repeated use. Over time, par-
ticipants found themselves more comfortable with Scim, becoming
accustomed to features that were sometimes found to be distracting
during initial use:

On the first day I was not that trusting of the tool, so

I tried to skim the paper by my own way. . . After ten

days I trusted the highlight more, and I tried to rely on

the highlights first to identify a sentence, to identify the

key important information. (P8)

I feel like I just got more used to the highlights. ... When

I would see an objective highlight, I would trust it. I

found the results highlights to be very helpful, so I would

immediately focus on those. I would open the side panel

right away instead of waiting during the end of the

paper. I just got used to the tool, and I learned how to

use it fast, depending on the paper and what I wanted

to get from the paper. (P10)

This suggests that for many users, the benefits of a tool like Scim
may depend on continued use over several sessions.

8 DISCUSSION

8.1 Summary of Results

The in-lab usability study revealed that Scim reduced the amount
of time that complete short information seeking tasks in scientific
papers, albeit without significantly changing the difficulty of the
tasks. In a diary study, 12 researchers made us of Scim for 10 days
each, with most researchers invoking its features for browsing lists
of highlights and adjusting highlights. Scim helped researchers
develop a high-level understanding of papers, while helping them
determine which passages to skim or to skip. Scim was seen as

particularly useful for skimming dense texts and papers from un-
familiar domains. The studies also revealed opportunities for im-
provements in skimming aids, including awareness of context for
understanding highlighted passages and integrating with existing
visual cues.

8.2 Future Work

The design process of Scim and our studies present exciting op-
portunities for future research in AI-assisted augmented reading
interfaces. We discuss a few of these below.

8.2.1 Model Enhancements. The effectiveness of Scim, like that of
many other AI-infused user interfaces, is tightly coupled with the
performance of the underlying AI models that enable its features.
Beyond the facet classification approach we describe in this paper,
highlights could instead be extracted with long-form summariza-
tion models tuned with heuristics based on our highlight-relevant
design guidelines. Features such as a paper’s hierarchical structure,
author-cued content, and visual content could also be integrated
into models to improve the quality and trustworthiness of the rec-
ommended paper content. Improvements to the performance of
visual PDF processing modules—which all of the prior natural lan-
guage techniques depend upon—would also significantly improve
the end user experience within a reading interface like Scim; for
instance, current PDF processing errors result in content such as
footnotes, section headers, tables, or figures being concatenated
with paper sentences before being passed to other downstream
classification models.

8.2.2 Social Highlights. Our studies suggested one reason read-
ers may be hesitant to adopt an augmented reading interface like
Scim is distrust of the system’s ability to provide the most relevant
highlights. Some mentioned potentially greater trust in highlights
created by other people (e.g., fellow researchers), and combining
social and AI-powered highlights raises interesting design chal-
lenges for augmented reading. We note platforms such as Medium
show “popular highlights,” which suggests the potential for social
highlights in reading tools for scientific literature as well.

8.2.3 Personalized Skimming Aids. As readers continue to interact
with these augmented reading interfaces, we envision an opportu-
nity for these AI-powered systems to adaptively learn from repeated
reader interactions, perhaps providing personalized and proactive
reading support to help mitigate some of the undesirable cogni-
tive overhead introduced by these systems. They could also be
tailored to readers’ individual reading behaviors and tendencies,
for instance by modeling users’ characteristics of reading behavior,
such as their experience reading papers within a particular field,
their typical information needs during reading, or their goals for
reading a particular paper.

8.3 Limitations

The results of our diary study should be considered amidst its
limitations. The study was conducted with a small group of twelve
researchers, mostly doctoral students, focused exclusively on NLP
papers, and ended after two weeks. The behaviors we observed
may not generalize to more senior researchers, additional academic
disciplines, and longer periods of use. As interfaces like Scim are
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developed further, they should be evaluated on many disciplines,
and the affordances and frequency of highlights may need further
fine-tuning.

9 CONCLUSION

Our formative research yielded seven guidelines to motivate the
design of intelligent tools for skimming scholarly papers. We instan-
tiate these motivations in Scim, an intelligent skimming interface
which supports skimming with faceted, evenly-distributed, mini-
mally intrusive, configurable highlights. An in-lab usability study
showed that participants found information in papers more quickly
with Scim than with a baseline. In a longitudinal diary study, 12
participants used Scim daily for two weeks, and reported that Scim
supports rapid, high-level skimming of papers. Scim was found to
be particularly useful for dense textual passages and papers from
unfamiliar domains. Together, these studies suggest the promise of
intelligent skimming tools for supporting researchers in skimming
scholarly literature.
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