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Figure 1: Conceptual overview of CRossLIT, a literature review supporting system where visual and text editors are connected.
In the visual editor, users can examine (A) metadata such as venue, year, and citation relationships or (B) arrange papers in a
free layout according to their interpretation. In the text editor, users can (C) compose the manuscript directly.

Abstract

Conducting literature reviews is cognitively demanding, requiring
researchers to navigate large volumes of work while constructing
coherent narratives that position their contributions. The process
unfolds through iterative stages of sensemaking, each demanding
different support. Existing tools emphasize either visual interfaces
that provide macroscopic overviews or textual interfaces that sup-
port thematic organization and narrative construction. However,
keeping modalities separate forces researchers to switch between
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tools, disrupting workflow continuity. We present CROsSLIT, a sys-
tem that integrates and synchronizes visual and textual interfaces
to support the entire process from discovering papers to composing
coherent narratives. CRossLIT allows researchers to group and an-
notate papers visually while generating aligned textual structures,
and to edit text that automatically updates visual representations.
We find that CrossLIT helps users develop and refine conceptual
structures and build narratives iteratively through seamless cross-
modal transitions. We conclude by discussing design implications
for synchronizing visual and textual interfaces for sensemaking
support.
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1 Introduction

Conducting a literature review is a central task in academic research,
essential for situating one’s work within the broader research land-
scape. It is not merely a summary of prior studies, but an evaluative
process of searching, identifying, and synthesizing existing schol-
arship to uncover gaps and frame new contributions [13, 26, 56].
Researchers actively decide which studies to include and through
which lens to interpret them, selecting one thread among many
possible lines of inquiry [47]. This process unfolds iteratively across
distinct stages of sensemaking, including exploration, understand-
ing, organization, and discovery [102]. Each newly encountered
paper reshapes the researcher’s understanding of prior work and
suggests new search directions [76]. Because it involves multiple
stages, cognitive complexity, and vast numbers of papers, the lit-
erature review is both indispensable and cognitively demanding,
motivating the design of tools that can better support it.
Previously, numerous systems have been developed to support
this cognitively demanding process, typically falling into two broad
categories: visual-based interfaces and text-based interfaces.
Visual approaches, often employing bibliometric visualizations [40],
primarily facilitate exploration of large literature collections by or-
ganizing academic metadata such as publication years, venues, and
citations. These systems effectively provide macroscopic overviews
of the research landscape, yet their large-scale, metadata-driven
representations may not fully align with the contextual and in-
terpretive processes inherent in literature reviews. On the other
hand, text-based interfaces, such as paper-reading tools [88] and
thematic structuring tools [66, 69], manage relatively smaller-scale
collections, supporting detailed understanding, thematic organi-
zation, and narrative synthesis. However, text-based approaches
struggle to reveal broader connections in the literature, such as
how research clusters evolve across venues, years, or citation links.
As each modality addresses complementary research needs, inte-
grating visual- and text-based interfaces can significantly enhance
the literature review process. Smooth transitions between broad
literature exploration and detailed comprehension are essential, yet
prior systems often adopt a single focal modality to support a subset
of stages. This separation can interrupt the iterative nature of liter-
ature review, which demands that both modalities remain available
across all stages, from clustering based on academic metadata to
critical synthesis and narrative coherence. These tensions remain
unresolved, highlighting the need for an integrated interface that
enables the two modalities to effectively support one another.
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We present CROSSLIT, a literature review support system that
integrates visual- and text-based interfaces to improve review work-
flows. By synchronizing the two views, CrossLIT allows users
to edit the same review outline—ranging from higher-level struc-
tures such as sections to finer details such as sentences—in both
modalities. Building on prior studies of literature support tools,
we distill the strengths and weaknesses of each modality into four
design goals, and apply them to CrossL1T. In CrossLIT, the vi-
sual editor renders the review outline as paper nodes, note nodes,
and hierarchical bubblesets, while the text editor presents it as
headings, paragraphs, and cited papers. Edits in one interface are
mirrored in the other; structural edits maintain a one-to-one cor-
respondence, and an LLM aligns textual content with the revised
structure. CROSSLIT also supports queries that exploit the unique
strengths of each modality. In the visual editor, users can arrange
papers along axes such as venue, author, and year, and inspect cita-
tion links; these actions reveal and express metadata-driven search
intents. In the text editor, users can scrutinize narrative and logic
to define textual search intents. Both intents can appear in a single
query, and CrossLrT fulfills them by unifying existing text-based
and metadata-based paper retrieval approaches.

We conducted a user study with 16 researchers who used CRossLIT
for 45 minutes on their own literature review topics, following a
think-aloud protocol. Participants predominantly relied on the vi-
sual modality in early stages to filter papers and form intuitive
groupings, and turned to the textual modality in later stages to re-
fine these intuitions into coherent narratives. The bidirectional syn-
chronization feature allowed seamless transition between modali-
ties, enabling more frequent and fine-grained iterations across ex-
ploratory and convergent processes than in their typical workflows.
Notably, when constructing conceptual structures for literature
review outlines, the visual and textual modalities worked in tight
coordination, supporting effective sensemaking outcomes.

Our findings demonstrate the importance of integrating visual
and textual modalities to support complex sensemaking tasks as
a continuous process. Researchers could freely arrange and exper-
iment with early-stage ideas in the visual space, without being
forced into the immediate logical structure that linear text requires.
This visual exploration, synchronized in real-time with text, enabled
them to see how intuitive groupings might develop into coherent
narratives and to commit to narrative construction at their chosen
moment. We discuss how CrossLIT’s goal of synchronizing visual
and text can be further advanced, and how this idea can extend to
other cognitively demanding tasks where human agency remains
essential.

Overall, our contributions are as follows:

e We present CROsSLIT, a system that integrates visual and
text modalities to support literature review as a continuous
process.

o We report findings from a study with 16 researchers, showing
how CrossL1T enables provisional exploration, fluid transi-
tions between modalities, and improved discovery of rele-
vant literature.

e We contribute the idea of synchronizing visual and text
views, illustrating how cross-modal collaboration can sup-
port complex sensemaking tasks.
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2 Related Work

In this section, we examine how existing literature review support
systems employ visual and text modalities to assist researchers
throughout the research process. We identify distinct strengths
and limitations of each modality and the inefficiencies of single-
modality dominance patterns and modal isolation. We organize
our review by modality and by stage of the literature review pro-
cess: exploration, understanding, organization, and discovery—
highlighting how each modality supports or limits researchers in
these stages.

2.1 Visual Approaches to Literature Review

Visual modality demonstrates particular effectiveness in enabling
researchers to comprehend and navigate large collections of lit-
erature. Its core strength lies in the simultaneous representation
of large collections of papers, allowing immediate recognition of
relationships, patterns, and structures. In this work, we use the term
visual modality interfaces to refer to systems that primarily rely
on visual representations of literature. Examples include citation
network visualizations, temporal visualizations, and spatial layouts
designed to convey relationships among papers.

2.1.1  Exploration: Landscape-Level Visualizations. The primary ad-
vantage of visual approaches emerges in the initial phases of lit-
erature review, where researchers must understand the overall
landscape of a research field and identify relevant areas for deeper
investigation.

Systems supporting macroscopic exploration employ various
visualization approaches, including network-based representations
[23, 25, 36, 89, 122], temporal visualizations [31, 32, 55, 82, 109], and
custom layouts optimized for specific analytical purposes [33, 37,
110, 121, 127]. The core value these systems provide is discovering
connections and identifying outliers within research fields through
techniques such as co-citation analysis [24, 25], topic flow tracking
[31, 55, 109], and collaboration network analysis [32, 80, 108]. By
visualizing influence patterns and identifying key papers and re-
searchers [91, 111, 121], these systems help researchers understand
historical context and comprehend the structure and evolution of
research communities.

However, the transition from macroscopic overview to specific
paper selection presents a critical challenge. Researchers must nar-
row from thousands of papers to dozens of relevant ones for deeper
examination. To address this, systems employ interactive filtering
that progressively reveals finer structures within selected clusters
or topics [28]. More sophisticated approaches integrate metadata-
based filtering with multi-perspective visualization [7, 10, 120],
combine temporal evolution with collaboration patterns [31, 32], or
partition literature space by discipline or research topic [113, 132].

2.1.2  Organization: Spatial Structuring of Paper Collections. Vi-
sual modality provides a spatial canvas for organizing literature,
enabling multidimensional structuring. Systems primarily adopt
bottom-up approaches, supporting researchers in starting with
small paper sets and progressively adding adjacent papers to form
groups [23, 84, 89]. The researcher’s intent is expressed through
annotations or group nodes, allowing explicit representation of
conceptual groups on visualizations [89, 118].
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However, visual structuring shows clear limitations once re-
searchers move from exploration to deeper knowledge construc-
tion. Adding layers of structure onto already dense visual chan-
nels quickly increases complexity, especially with large collec-
tions [98]. Information is also lost when spatial groupings must
be converted into linear text, since no clear pathways support this
transition [128]. While visualizations reveal relationships and dis-
tributions, they cannot assess logical consistency or argumentative
quality [57]—both essential for literature review writing.

2.1.3  Discovery: Metadata-Based Expansion. Visual modality sup-
ports ongoing literature expansion through metadata-based struc-
tural approaches. The core strength of this approach is the ex-
plainability of recommendations and the resulting trustworthiness.
Systems quantify relationships between papers through metadata
such as citation relationships, co-author networks, and confer-
ence venues [67, 68], and transparently present these relationships
through visualization [2, 9]. Visualization performs a key role in
providing transparency and explainability of recommendations in
this iterative discovery process. Through network visualization
[6, 125] or weight-based score distributions [27], systems explic-
itly show how recommended papers relate structurally to existing
collections.

However, this metadata-based approach primarily relies on quan-
titative relationships and may not sufficiently reflect actual paper
content or qualitative aspects of research [123]. Particularly in inter-
disciplinary research or emerging fields, existing citation networks
may not be formed, potentially missing important conceptual con-
nections that could only be identified through content analysis [61].

2.2 Textual Approaches to Literature Review

Text modality demonstrates essential capabilities in areas where
visual approaches have limitations, particularly in deep content
understanding and the construction of coherent knowledge struc-
tures. The core content of an academic paper can only be conveyed
through text, making text modality indispensable for thorough
literature comprehension and synthesis. We consider text-based
systems to include tools that support reading and annotating pa-
pers, structuring and writing to organize knowledge, and searching
for new literature through textual queries.

2.2.1 Understanding: Deep Content Analysis. After discovering and
narrowing relevant papers through exploration, researchers must
understand the actual content of selected papers in detail. Text
modality performs an essential role in this phase, as academic work
requires careful textual analysis. Recent systems provide various fea-
tures supporting a deep understanding of text beyond conventional
PDF viewers [44]. Features such as restructuring paper abstracts
into recursively expandable structures [42] or providing immediate
re-references for terms and equations reduce the cognitive bur-
den of complex academic text [54]. Non-linear exploration enables
reading beyond individual paper boundaries. Systems can reorga-
nize related work sections from multiple papers by topic [101] or
show how specific papers are cited in subsequent research [103].
Particularly, by providing user-context-tailored explanations for
inline citations[21], systems help researchers understand literature
in connection with their interests.
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2.2.2  Organization: Thematic Structuring in Text. Text modality
transforms linear text streams into meaningful thematic structures.
This capability addresses the critical limitation of visual approaches
in converting spatial arrangements into coherent written argu-
ments.

Recent systems allow researchers to physically manipulate and
rearrange fragments extracted from multiple documents [53, 66],
supporting building non-linear structures during linear reading [43,
126]. The introduction of LLMs has enabled hybrid approaches that
effectively combine top-down automatic analysis with bottom-up
manual composition [69, 99].

In transforming organized knowledge into academic text, text
modality-based systems provide features for a multidimensional
review of written content quality. Systems provide automated feed-
back on various aspects, including fluency, coherence, vocabulary
choice, and structure [73, 85]. In academic writing contexts, domain-
specific aspects such as citation appropriateness, logical connec-
tions between claims and evidence, and dialogue with existing liter-
ature are particularly important [18, 45]. These scrutinized features
enable researchers to reflectively review the logical soundness and
academic contribution of their constructed knowledge structures.

2.2.3  Discovery: Content-Based Expansion. Textual approaches sup-
port iterative literature expansion by capturing semantic similari-
ties that may be invisible in metadata [51, 52]. Papers that appear
unconnected by citation or venue can nonetheless share conceptual
or methodological links, and text analysis can surface these connec-
tions [12]. This capability complements metadata-based methods
by revealing relationships beyond structural ties.

The advent of large language models (LLMs) has advanced this
approach significantly. LLMs enable natural language queries and
semantic search beyond keyword matching [1, 114] uncovering
unexpected conceptual connections [135] and providing contextu-
alized explanations that ease the integration of new material into
existing knowledge structures [83].

Yet content-based discovery has important limitations. Unlike
metadata-based approaches, it does not provide structural context
or explainability. Researchers may recognize that papers are con-
ceptually related but remain uncertain about how they fit within
broader citation networks or research communities.

2.3 The Need for Cross-Modal Integration

Visual and textual modalities each offer unique strengths for litera-
ture review, yet most existing tools support only one modality or
one stage of the workflow [39]. As a result, researchers often switch
between separate systems to explore, read, organize, and write,
incurring context-switching costs and manually transferring in-
sights across tools. Because literature review is inherently iterative—
cycling across exploration, understanding, organization, and synthe-
sis [115]—content-only approaches risk cherry-picking [39], while
metadata-only approaches risk reinforcing disciplinary bubbles [96].
The lack of integrated, cross-modal support forces users to men-
tally combine incomplete views, increasing cognitive burden and
reducing overall review quality.

Choe et al.

Recent work in human-ATI collaboration has similarly empha-
sized the promise of cross-modality [62]. Prior approaches have syn-
chronized textual and visual representations to support argumen-
tative writing [131] and creative writing [90], connected narrative
text with structural mappings to scaffold metaphor creation [71],
proposed compositional structures that link text, visuals, and time-
lines for creative workflows [16]. Multimodal reading interfaces
similarly synchronize academic text with video to reduce switching
costs [72]. Together, these works illustrate the broader potential
of bridging modalities to deepen engagement and structure sense-
making.

Our system extends this vision to the literature domain. In this
context, review practices require not only writing but also exploring
external repositories, organizing references, and synthesizing evolv-
ing insights. To support these activities, we integrate original liter-
ature databases with synchronized visual and textual workspaces.
We argue for a cross-modal bridge that bidirectionally connects the
two modalities so that visual and textual representations continu-
ally reinforce each other throughout the process.

3 The CrossLiT System

In this section, we outline the design goals derived from prior work
and present CROssSLIT, a system built upon these rationales.

3.1 Design Goals

Based on the gaps and opportunities identified in prior works, we
derived four design goals for our system. Our overarching objective
is to help researchers seamlessly transition between visual and text
modalities throughout the entire literature review process. Across
activities such as discovering papers, comprehending content, orga-
nizing knowledge, and writing narratives, the system should ensure
a continuous and integrated workflow, allowing researchers to em-
ploy the most suitable modality at each stage instead of fragmenting
work into separate, modality-specific processes.

DG1: Supporting Literature Review through Visual Modal-
ity. Visual approaches excel at helping researchers overview large
collections of papers and explore relationships that are not yet ex-
plicitly articulated. Our system should enable users to position and
group papers spatially, gradually developing their understanding of
how papers are related to each other. When needed, users can cus-
tomize visual representations to arrange papers by metadata axes
(such as year or venue), enabling rapid identification of patterns
and trends in the literature.

DG2: Supporting Literature Review through Text Modality.
Text approaches are essential for capturing the specific contribu-
tions and methods of individual papers and weaving them into
coherent arguments. They allow researchers to articulate the nu-
anced reasons why certain papers belong in particular groups and
to construct narrative structures that identify gaps in prior work
and position new contributions, which is essential for writing a
literature review. Our system should enable users to structure and
refine their reviews directly within a text editor.

DG3: Bidirectional Synchronization between Visual and
Text Modalities. As literature sensemaking progresses, researchers
rely on both visual and textual modalities. Yet connecting them is
difficult because the same organizational units take different forms
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Figure 2: An example scenario of using CrRossLIT. (1) The user sorts papers into piles and adds short notes in the visual editor.
(2) The user makes groups from the piles in the visual editor, and the system drafts a section for each group in the text editor.
(3) The user writes a new section in the text editor, and the system creates a corresponding group in the visual editor. (4) The
user organizes papers by venue and year in the visual editor. The user identifies the need for new papers from both editors. (5)
Among the newly discovered papers, the user discovers a seminal work through citation patterns in the visual editor. (6) The
user restructures sections into subsections in the text editor, and the visual editor updates accordingly.



CHI *26, April 13-17, 2026, Barcelona, Spain

in each. For example, grouping papers with a short note in the
visual editor corresponds to creating sections, citing papers, and
articulating themes in text. Visual representations favor spatial
arrangement and concise labeling, while textual representations
require detailed, contextualized descriptions. Our system should
bridge these differences by synchronizing organizational structures
across both views, ensuring that changes in one modality are con-
sistently reflected in the other.

DG4: Integrating Discovery Cues across Visual and Text
Modalities. During the literature review process, researchers fre-
quently encounter the need to expand their collection with addi-
tional relevant papers. Prior visual systems primarily capture struc-
tural discovery cues, such as citation relationships, while text-based
systems emphasize semantic cues, such as conceptual similarity. In
practice, however, researchers rarely treat these intents as separate;
instead, they seek papers that are simultaneously meaningful across
multiple dimensions. Our system should integrate both structural
and semantic cues as unified signals for discovery, enabling more
comprehensive and contextually relevant paper exploration.

3.2 CrossLiT User Scenario

Consider a researcher beginning a literature review on AI collabora-
tion tools for creative work. At this early stage, they are unsure how
to structure prior studies across domains such as creativity support,
human-AI interaction, and collaborative systems, but already have
a few papers in mind as starting points.

The researcher begins by importing about ten closely related
papers already familiar to them into the system. To gain an ex-
ploratory sense of how the topic might be organized, they turn to
the visual editor. Papers are arranged so that related works are
positioned near one another, and the researcher adds short key-
word annotations (two to three words) to capture emerging themes.
Through this process, patterns begin to emerge: several papers
cluster around writing support, while others center on design sup-
port (Figure 2-Fl). The researcher then defines two groups: Writing
Support and , and assigns the corresponding pa-
pers to each. In the text editor, the system mirrors this action by
dividing the outline into matching headers, each accompanied by a
draft description that draws on the papers’ descriptive information
and the researcher’s annotations (Figure 2-H).

To elaborate on these groups, the researcher shifts to the text
editor. After reviewing the papers, they expand on each paper’s
specific contributions and methodologies, articulating why each
paper belongs in its section. During this process, they realize that
one paper aligns more with collaborative design than with individ-
ual design. This leads them to create a new, independent section,
Collaboration Tools, alongside the existing sections. As the
outline is reorganized in text, the visual editor updates simultane-
ously: the corresponding paper node moves to a new group and a
note is added (Figure 2-EJ).

The researcher now looks for additional papers on creative col-
laboration beyond design. They shape this search intent by drawing
on insights from both the visual and text editors. In the visual edi-
tor, they observe that most papers are published in CHI and UIST,
whereas the collaborative brainstorming work appears in CSCW.

Choe et al.

In the text editor, they realize that the Collaboration Tools sec-
tion does not sufficiently address pre-LLM paradigms (Figure 2-F).
Integrating these insights, the researcher formulates a hybrid query
for the system: search within the citation network of the current
collection but restrict results to CSCW publications (a structural cue
from the visual editor). Within that set, prioritize studies on col-
laboration methods that do not rely on LLMs (a semantic cue from
the text editor). The system then executes this query and returns
eight relevant papers that are surfaced through the combination of
structural and semantic cues.

To integrate the eight newly discovered papers, the researcher
alternates between the visual editor and the text editor. In the
visual editor, they arrange papers by year on the x-axis and venue
on the y-axis, revealing that all of the new papers are from CSCW
and were published before 2021. Among them, one early paper
stands out for being heavily cited by the CHI and UIST papers
already in the collection, which leads the researcher to recognize it
as a seminal work (Figure 2-H).

The researcher examines the seminal paper in a separate plat-
form and encounters a framework that characterizes collabora-
tion along multiple dimensions, such as temporal, spatial, and role
structures. The researcher realizes that their earlier grouping into
Writing Support, ,and Collaboration Tools
was overly simplistic. Returning to the text editor, they revisit

and observe that the papers assume different
temporal dynamics—some systems support real-time collabora-
tion, while others focus on asynchronous feedback. Recognizing
that this distinction creates fundamental differences in user experi-
ence and system design, the researcher divides Writing Support
into two subsections: Synchronous Writing and Asynchronous
Writing. This incremental restructuring is immediately mirrored in
the visual editor, where single clusters split into clearer subgroups
(Figure 23).

3.3 System Overview

We implemented these four design goals in CrossL1T (Figure 3).
CrossLIT provides two synchronized editors: a text editor, which
represents the review as an outline of sections, paragraphs, and
citations, and a visual editor, which represents the same structure as
spatially organized nodes and groups. Edits made in one editor are
immediately reflected in the other, maintaining consistency while
accounting for the different ways organizational structures are
expressed in each modality. Both editors also serve as entry points
for discovering new papers: the visual editor highlights structural
and metadata-based cues, while the text editor emphasizes semantic
and narrative cues. Together, they help researchers shift easily
between exploring the broader landscape and developing detailed
arguments.

3.4 Visual Editor Design (DG1)

3.4.1 Representing Papers and Relationships Visually. The visual ed-
itor consists of three core elements: white rectangular paper nodes,
yellow rectangular note nodes, and groups represented as bubble-
sets. Paper nodes represent individual papers and display title and
author information. Note nodes contain researcher interpretations
and annotations, and can be connected to one or more paper nodes
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queries. (C) Hybrid query panel enables users to specify seed papers, compose natural language queries, select search pools
(citation network pool for structural search or content search pool for semantic search), and apply metadata filters such as year

range, venue, and minimum citation count.

by edges. These connections are used to provide brief interpreta-
tions of individual papers or to mark commonalities across multiple
papers.

Groups are represented with bubblesets that semantically bind
related papers and notes. The groups are explicitly created and
organized by the researcher to reflect their own conceptual struc-
ture. Groups can also be nested hierarchically, supporting complex
classification schemes such as organizing subtopics under larger
themes.

The visual editor additionally supports zooming functions that
let researchers adjust the level of detail of text according to their
needs. When zoomed out, the view emphasizes overall structures
by omitting textual information, helping users to see how groups
and relationships are organized without clutter. When zoomed in,
detailed information about individual papers and associated notes
becomes accessible.

3.4.2 Supporting Metadata-Based Organization. By default, the
visual editor allows free spatial arrangement, enabling researchers
to drag papers and adjust their relative positions while exploring
relationships. However, when working with large paper collections,
systematic organization based on metadata becomes important.
Users can assign attributes such as venue, year, or citation count to
the x- and y-axes to structure papers systematically.

Once the axes are configured, the canvas is partitioned into
regions defined by the metadata values, and each paper node is
constrained to its corresponding region. For example, if the x-axis
is set to year and the y-axis to venue, a 2023 CHI paper can only
be positioned within the area where that year and venue intersect.
Within these bounded regions, users can still reposition papers to
highlight nuances in how they interpret their relationships.

Citation relationships are shown as connecting lines between
nodes. Because bubblesets are rendered in color and note connec-
tions are also displayed, we employ animated edge textures [106]
to clearly distinguish citation links. Both axis-based organization
and citation line display can be toggled on or off according to user
preference.

3.4.3 Aligning and Adjusting Visual Layouts by Semi-Automation.
Our visualization involves two types of nodes (paper nodes and
note nodes), two types of edges (citation edges and note-paper
edges), and hierarchical bubblesets, which require effective strate-
gies for handling visual complexity. Manually arranging all network
elements would be tedious, while fully automated layouts may dis-
regard the interpretive meaning that users embed in their spatial
arrangements. To balance these needs, CRossLIT employs a semi-
automated approach in which users provide high-level guidance
and the system handles detailed arrangement [133].
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Figure 4: Visual editor features for layout organization. (A) Document-aligned layout mirrors the vertical hierarchy of sections,
subsections, paragraphs, and citations from the text editor. (B) Users can reposition individual groups through drag-and-drop

while preserving their internal structure.

CrossLIT realizes this in two ways (Figure 4). First, a document-
aligned layout aligns the visual arrangement with the structure
of the text editor, providing a safe baseline that preserves corre-
spondence between modalities while reflecting the organization
users have developed. Second, users can reposition entire groups
through drag-and-drop. When a group is repositioned, its papers
and subgroups translate as a single block, preserving the internal
spatial arrangement. This allows users to control placement where
it matters most, while relying on consistent defaults for the rest.

3.5 Text Editor Design (DG2)

The text editor provides a block-based interface similar to commer-
cial tools such as Notion!. Users can organize their writing into hi-
erarchical sections with multi-level headers (e.g., using markdown-
style markers such as ## and ###). Each section contains text blocks
that can be independently moved, edited, or deleted. Papers can be
referenced using a @paper_id notation, allowing them to be cited
and manipulated consistently within the editor.

3.6 Bi-directional Synchronization between
Editors (DG3)

The components of the visual editor and text editor maintain a strict
one-to-one correspondence. Each note node in the visual editor
corresponds to a text block in the text editor. When a note node
is linked to paper nodes, the corresponding text block represents
this by mentioning those papers. Similarly, the group structure
in the visual editor maps directly to the header hierarchy in the
text editor, ensuring that visual and textual organizations remain
structurally identical. This correspondence enables users to quickly
locate components across editors by highlighting them and ensures
that editing in one modality automatically updates the other.

!https://www.notion.com/

Once structural alignment is established, CrossLiT employs
LLM-assisted adaptation to respect the expressive characteristics
of each modality. Annotations in the visual editor are typically
high-level and concise, whereas text requires more detailed and
linguistically coherent descriptions. When a user assigns papers
to a group and writes a short note in the visual editor, CRossLIT
expands the corresponding text block into sentences that incorpo-
rate the group name, paper titles, abstracts, and the note content.
Conversely, when a text block is modified in the text editor, the
system condenses it into keyword-like annotations for the visual
side. If elements are added or moved such that positional infor-
mation is invalidated, the system reinitializes their layout using
the document-aligned arrangement described earlier. In CrossLIT,
LLMs are used primarily to maintain minimal semantic coherence
after structural changes, rather than to generate full content. All
generated text is presented for user review and revision, ensuring
that final interpretations remain under the researcher’s control.

3.7 Context-Aware Discovery (DG4)

When researchers want to discover new papers, they can create
hybrid search queries by providing seed papers and/or natural
language descriptions. The system incorporates contextual infor-
mation from the seed papers’ titles and abstracts, as well as from
the entire text editor content, to transform the natural language
input into a standalone query (Figure 11).

Users can draw from two search pools, either individually or
in combination. The citation network pool is built using a co-
citation-based approach similar to prior algorithms (e.g., [6]). Start-
ing from the seed papers, it prioritizes works with high co-citation
counts. In each iteration, the system extracts the top 50 cited pa-
pers, breaking ties with total citation count. This process is repeated
three times, extending the search to papers within three degrees of
separation.
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The content search pool follows the approach in Singh et al. [114],
adapted to our context: it retrieves the top 50 papers by issuing
text-based queries over abstracts and snippets. To complement this,
the system issues four additional relevance queries, each returning
10 papers, for a total of 40 results. These queries are generated
alongside the initial query transformation.

After candidate papers are collected, the system reranks them
using a cross-modal encoder to assess relevance. For each selected
paper, an LLM generates concise explanatory content: a note in
the visual editor and a corresponding text block in the text editor,
describing why the paper is relevant to the query. This process also
serves as a final validation step, excluding papers deemed irrelevant.
The newly discovered papers then appear in the visual editor, each
accompanied by corresponding notes and text blocks. Researchers
can continue their work in whichever editor—visual or text—best
suits their current focus, seamlessly integrating new material into
their ongoing review.

Our retrieval pipeline operationalizes context-aware discovery
by combining structural and semantic signals within a unified re-
trieval layer. This represents one feasible instantiation of the design
goal; other retrieval approaches could be substituted while preserv-
ing the same cross-modal integration principle. The full retrieval
method is described in Appendix B.1.

3.8 Design Considerations

We considered several design alternatives while designing CROssLIT.
Here we discuss key decisions and their rationales.

Separate Views vs. Mixed View. We chose to implement visual
and textual modalities as separate, dedicated views rather than
integrating them into a single mixed interface. While a unified view
could potentially enhance cognitive immersion and enable creative
interactions, we prioritized respecting the established ontologies
that prior research has developed for each modality.

One-to-One Synchronization vs. Indirect Synchronization.
When propagating changes from one modality to another, we
opted for strict one-to-one correspondence between components
rather than indirect mapping. While indirect synchronization of-
fers greater flexibility, continuous visual-text synchronization is
unprecedented in traditional literature review tools. We therefore
prioritized making this novel concept consistent, predictable, and
intuitive for users encountering this paradigm for the first time.

Visualization Design. The design space for representing bibli-
ographic metadata and paper relationships through visual channels
is vast. Prioritizing intuitive synchronization, we began by map-
ping the most common textual components (headers, paragraphs,
and citations) to corresponding visual elements. As the relation-
ships among these three elements already introduced substantial
visual complexity, we minimized additional complexity for other
features. For example, we enabled manual positioning of nodes as
it adds no visual elements while supporting flexible annotation of
document relationships, which is a core requirement for document
organization [119].

Query Result Presentation. When incorporating newly dis-
covered papers, we considered using LLMs to automatically modify
relevant text sections. However, this would impose a dual cognitive
burden on users who must track both synchronization-triggered
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changes and LLM modifications simultaneously. Instead, we chose
to add new papers to fixed, predictable regions in both text and
visualization views, allowing users to immediately grasp what has
been added without ambiguity.

3.9 Implementation

CrossLIT is implemented with a React frontend and a Python
(FastAPI ) backend. The backend integrates three external services:
OpenATl’s gpt-40-2024-08-06 model for all LLM-based functional-
ities, the Semantic Scholar Academic Graph API? for paper retrieval,
and Cohere’s rerank-v3. 5 model* for cross-modal relevance rank-
ing.

The visual editor employs a layered architecture with six com-
ponents: (1) Data layer managing papers, notes, and groups; (2)
Layout layer computing node positions through a hybrid pipeline;
(3) Bubbleset layer rendering hierarchical group visualizations; (4)
Transform layer handling viewport transformations; (5) Presentation
layer rendering visual elements; and (6) Interaction layer managing
user inputs and feedback.

Notably, the Layout layer coordinates multiple constraints to
determine node positions: First, user-positioned nodes remain at
their specified locations. Next, unpositioned nodes align to docu-
ment structure coordinates. When metadata axes are active, nodes
outside valid ranges snap to the nearest boundaries. Finally, d3’s
force simulation > resolves overlaps while minimizing displacement
from intended positions.

4 User Study

We conducted an observational study using the think-aloud pro-
tocol with researchers who were actively performing literature
reviews on their own topics, to understand how they engaged with
CrossL1T’s visual and textual modalities.

4.1 User Study Design Rationale

The benefits of connecting visual and textual modalities have al-
ready been well established. Research shows that human cognition
is dual-coded through visual and verbal systems [100], and that
people learn more effectively from combined text and visuals than
from text alone [92], particularly when corresponding elements
are contiguously placed [93]. Recent cross-modal systems have
demonstrated that connecting these modalities provides cognitive
offloading [64, 117, 124], enables granular control [29, 64, 124, 131],
and facilitates non-linear exploration [29, 64, 116, 117, 131] across
domains including creative writing [29, 116], argumentative writ-
ing [131], information sensemaking [64, 117], and data analysis
[124].

Building on these benefits, our user study investigates how vi-
sual and textual modalities interplay during the literature review
sensemaking process. We address the following research questions:

RQ1 How well do features of CrossLiT address users’ litera-
ture review needs?

https://fastapi.tiangolo.com/
Shttps://www.semanticscholar.org/product/api
4https://docs.cohere.com/docs/rerank
Shttps://d3js.org/
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RQ2 What are common patterns of using visual and text modal-
ities across the stages of literature review?

RQ3 How does synchronization between the two modalities
support literature review?

RQ4 What improvements and unmet needs do users identify?

To answer these questions, we observed researchers conducting
literature reviews on their own topics using CrossL1T. By ground-
ing the study in participants’ genuine research needs rather than
artificially assigned topics, we aimed to capture authentic sense-
making behaviors. We employed a think-aloud protocol [38] to
surface participants’ rationales for engaging with each modality,
which would otherwise remain hidden if we examined only their
final outputs.

We opted not to include a comparative baseline for several rea-
sons. CRossLIT is designed to integrate visual and textual modalities
across all stages of literature review, whereas existing tools typi-
cally target a specific modality or stage. No single tool therefore
serves as a fair point of comparison. We also considered combin-
ing multiple tools, such as Google Scholar®, Connected Papers’,
and Notion®. However, such a combination would not represent
a familiar workflow for most participants, potentially introducing
confounds that could obscure the authentic sensemaking behaviors
we sought to observe.

4.2 Participants

We recruited 16 researchers in HCI and adjacent fields through uni-
versity mailing lists and research community channels. Participants
were required to be currently conducting, or preparing to conduct,
a literature review on their research topic. Fourteen participants
were doctoral students and two were master’s students, with an
average of 4.5 years of research experience (range: 2-9 years). Their
research areas covered a wide spectrum of HCI, including XR, hu-
man-Al interaction, data visualization, digital mental health, and
privacy.

As part of the recruitment process, we collected information
about the stage of participants’ ongoing literature reviews. This
was cross-checked with their actual activities during the study
session, in case participants had made progress in their literature
review since recruitment. They reported being at different points in
the process: seven had formed topic ideas but had not yet engaged
in substantive exploration; five were identifying key papers and
drafting outlines; and four had produced an initial draft review that
required revision.

4.3 Study Procedure and Data Collection

Each participant completed a 90-minute individual session con-
sisting of a 25-minute pre-task phase, a 45-minute main task, a
5-minute questionnaire, and a 15-minute interview. Participants
received a $20 compensation for their time.

4.3.1 Pre-task (25 min). Following an informed consent process
(5 min), participants were introduced to the system through a 10-
minute walkthrough. The walkthrough presented core functions
aligned with the design goals: adding papers, visual editing, text

®https://scholar.google.com
"https://www.connectedpapers.com
Shttps://www.notion.com
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editing, and their correspondence, hybrid queries, and axis-based
visual analysis. To avoid biasing participants’ usage strategies, the
walkthrough focused only on demonstrating features rather than
prescribing particular workflows. Next, participants engaged in a
short hands-on practice (5 min) in which they accessed the system,
added papers, and tried simple visual and textual editing tasks. This
ensured they could operate the interface comfortably and provided
an opportunity to ask questions. Finally, during goal setting (5 min),
participants shared the current status of their literature review
and identified objectives for the 45-minute session. They were
instructed to pursue the activities most critical to their ongoing
literature review within the allotted time.

4.3.2 Literature Review Session (45min). While participants used
our system, we explained the think-aloud protocol, acknowledg-
ing that speaking while reading or writing can be difficult, and
reassured participants that incomplete sentences or murmurs were
acceptable. The facilitator intervened minimally, prompting par-
ticipants to verbalize their thoughts if they remained silent for
extended periods, and responding to questions only when asked
about system functionality.

To obtain a comprehensive view of user experience, we collected
multiple types of data during the session: (1) screen recordings,
which captured not only system use but also external activities
such as search engine queries, references to prepared documents,
or full-paper PDFs; (2) audio recordings of think-aloud comments;
and (3) researcher observation notes.

4.3.3 Questionnaire and Interview (20min). The session concluded
with a 5-minute questionnaire and a 15-minute semi-structured in-
terview. The questionnaire contained 20 items. To understand how
usable the system was and how integratable with current workflows,
we included the System Usability Scale [15] (10 items). Furthermore,
to evaluate how effectively the system supported literature review,
we included 10 items on sensemaking processes during literature
review, such as exploration, narrowing, and structuring. The full
survey is reported in Appendix C.1.

The interview explored participants’ experiences in greater depth.
We first asked them to elaborate on questionnaire items where they
had given particularly high or low ratings, then proceeded with
open-ended questions on (a) self-assessment of session outcomes,
(b) differences from their typical workflow, (c) the role and ap-
propriateness of the visual and text editors, (d) the effectiveness
of synchronization, and (e) suggestions for improvement. When
necessary, screenshots captured during the session were used to
prompt reflection and clarify specific behaviors.

4.4 Analysis Methods

4.4.1 Video Segmentation and Annotation. To analyze participants’
sessions, we drew on three complementary data sources: (1) screen
recordings, which captured objective usage patterns; (2) think-aloud
audio recordings, which revealed participants’ reasoning and inten-
tions; and (3) observation notes, which provided contextual cues.
All data were synchronized on a common timeline and annotated
using a custom-built interface. Audio recordings were transcribed
with timestamps, and observation notes were recorded in a times-
tamped chat interface, allowing direct alignment with other data.
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Figure 5: Custom annotation interface used for our analysis. The interface integrates video recordings, think-aloud transcripts,
and observation notes to annotate time intervals of meaningful behaviors with interpretations.

The annotation interface displayed video frames as tiled thumb-
nails, with a video column for frame-by-frame review (hover to
preview), alongside columns for think-aloud transcripts and obser-
vation notes. A dedicated annotation column allowed researchers to
mark and describe specific time segments. We report the interface
in detail in Appendix C.2.

4.4.2 Codebook Generation and Analysis. Using the annotation
interface, the first author segmented the data from 6 of the 16
participants into meaningful time units and wrote integrated in-
terpretation notes describing what occurred. This produced 330
interaction segments. These segments were open-coded, and the
first and second authors discussed how best to classify and analyze
different types of interactions.

In developing the codebook, we paid particular attention to
how similar surface-level actions could reflect different sensemak-
ing stages. For example, placing a paper into a group could sim-
ply indicate provisional categorization for later review, a paper-
specific interpretation based on content, or a restructuring of higher-
level schemas. One participant (P5) explained, “As I assign papers
to groups, I'm comparing alternative ways to structure the argu-
ment—deciding which group to present first and how to narrow to
the other”, suggesting a late-stage sensemaking activity oriented
toward argument construction.

To capture such distinctions, we generated a codebook that maps
observed actions to stages of sensemaking outcomes (Table 1). We
report further detailed definitions of the terms used for our coding
in Appendix C.3.

In addition to sensemaking outcomes, we also coded the primary
modality (visual or textual) in which they occurred. For example,
when a participant read an abstract and then grouped the paper, the
action was coded as textual if the paper was inserted into a section
via block dragging in the text editor, and visual if the corresponding
node was moved into a group in the visual editor. External activities
such as searching for new papers or reading full texts were not
assigned a modality. A few observation segments were assigned as
“visual and textual” when they closely referenced both visualization
and text for the same sensemaking outcome.

Following this, the first author went through a segmentation pro-
cess for all 16 participants, and obtained 731 observation segments.
In this process, transitions were carefully segmented based on the
definitions in the codebook. Closed coding was then conducted
using the codebook. Since modality could be clearly derived from
interaction logs, we omitted calculating inter-rater reliability [94].

For sensemaking outcomes, the first and third authors coded in-
dependently and achieved almost perfect agreement (Cohen’s x =
0.90) [79].

4.4.3 Sequential Pattern and Thematic Analysis. To understand

which sensemaking stages participants navigated when using CRossL1T

for literature review and how they utilized visual and textual modal-
ities in the process, we conducted both quantitative and qualitative
analyses. Quantitatively, we first examined the overall frequency of
participants’ stage transitions (i.e., sensemaking stage & interaction
modality), and also focused on transitions with positive contingency
(i.e., after doing A, one is highly likely to do B). As our statistical
methodology, we used lag sequential analysis (lag = 1) to identify
statistically significant contingent transitions [4], along with Yule’s
Q as an effect size measure [5]. Yule’s Q indicates how much more
or less frequently a specific transition (A — B) occurs compared
to other transitions from the same origin (A —~ B) , while lag
sequential analysis tests whether such bias exceeds chance levels.

Among the 731 observation segments, we analyzed a total of
573 transitions by considering only transitions between different
types while ignoring consecutive segments of the same type. Tran-
sitions from or to “visual and textual” modality were calculated
as 0.5 transitions for each modality. We did not apply Bonferroni
correction for multiple comparisons given the exploratory nature
of this analysis [8]. Yule’s Q effect sizes were interpreted follow-
ing Cohen’s criteria for correlation coefficients [30], retaining only
positive values of 0.1 or greater to focus on transitions with at least
small effect sizes.

Qualitatively, we performed thematic analysis [14] by integrat-
ing participants’ observation segments with post-interview content.
Considering the context of each participant’s entire session, we
conducted in-depth analysis of what stage and modality transi-
tions were important to them and why they made such transitions.
Additionally, we identified recurring themes regarding perceived
benefits and challenges of systems and workflows like CROSSLIT.

4.4.4 Discovery Intent Analysis. We applied a similar analysis method-
ology to examine whether users employed metadata-driven or
content-driven intent when searching for new papers using CRossLIT’s
hybrid query feature. Among the 731 observed segments, we ana-
lyzed segments where users utilized hybrid queries, examining the
context and purpose of their queries to develop a codebook of four
discovery intent types (Table 2).

Based on this codebook, the first and third authors performed
closed coding and achieved almost perfect agreement (Cohen’s
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Table 1: Mapping of Pirolli & Card’s Sensemaking Model [102] to our codebook adaptation for analyzing literature review

activities observed in our user study.

Pirolli & Description Codebook Description Codebook Activity Examples
Card Adaptation
Model
1 External Raw data from various External Papers in academic data- —
Data sources Academic bases
Sources Databases
2 Shoebox Much smaller relevant Triaged Pre-sorted paper collec- - Prioritizing papers via metadata
subset filtered from Papers tion awaiting detailed « Pre-grouping by assumed similar-
external data review ity
3 Evidence  Extracted snippets from Paper Individual paper anal- . Writing interpretation notes on a
Files shoebox items Interpretations yses with contextual paper
meaning assignments « Determining a paper belongs to a
certain group
4 Schema Implicit conceptual pat- Related Work Implicit grouping of « Structuring grouping hierarchy

terns for organizing
domain knowledge

Schema

papers for organizing
paper relationships

for papers
« Evaluating structural coherence

5 Hypothesis

Tentative conclusions
with supporting argu-

ments

Related Work
Narratives

Argumentative synthe-
sis with literature trends
and gaps

« Identifying trends and limitations
of prior work
« Adding supporting citations

Table 2: Codebook for classifying hybrid query intent when users search for new papers in CRossLIT.

Intent Type Subcategory Definition
Content-driven Exploratory Broadly exploring papers on a topic using general keywords
or topic names without specific targets.
Confirmatory Seeking papers that provide evidence or support for a specific,
pre-formulated claim or proposition.
Targeted Combines both exploratory and confirmatory qualities: find-

ing papers that meet specific content criteria while remaining
open to variations within those constraints.

Metadata-driven —

Searching based on non-content attributes such as publication
year, venue, citation count, or citation relationships.

= 0.88). Using the same sequential pattern analysis methodology,
we examined contingent transitions from previous sensemaking
stages to current discovery intent.

4.5 Convenience Feature for Study Facilitation

We allocated a 45-minute session to observe as authentic a litera-
ture review experience as possible, but this was still a short time to
include substantial writing work. In particular, since most of our
participants were non-native English speakers, we anticipated ad-
ditional friction related to writing. To ensure sufficient experience
within the limited session time, we provided a convenience feature
that allowed participants to request rewriting from an LLM in the
text editor. When participants selected consecutive text blocks and
wrote a request, the content was replaced with results rewritten
by GPT-4o, given the entire text editor content, information about
the selected blocks, and titles and abstracts of papers belonging
to the selected blocks. As a convenience feature for writing, this

function was limited to rewriting text blocks only. Restructuring
across multiple section headers was not supported.

5 Findings

In this section, we present findings from our user study of CROsSLIT.
Drawing on interaction logs, video annotations, and post-task in-
terviews, we analyze how participants used the system and how
it shaped their literature review workflows. The findings are orga-
nized into three themes: (1) overall usability and perceived useful-
ness, (2) how and why participants employed visual and textual
modalities in sensemaking, and (3) opportunities and tensions aris-
ing from synchronization between the two modalities.

5.1 RQ 1. General Usability and Usefulness

5.1.1 Users found CrossLiT’s features generally usable and useful.
The System Usability Scale (SUS) score for CRossLIT averaged 73.2,
indicating above-average usability and suggesting that the system
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Figure 6: Participants’ ratings of CRossLIT’s support for ten sensemaking activities in literature review, shown as stacked
distributions and ordered by average score. Higher-rated activities include finding new relevant papers and organizing literature
into meaningful groups, while identifying research gaps and reducing fear of missing important papers received comparatively
lower ratings. Overall, participants evaluated the system positively across multiple stages of the literature review workflow.

generally provided a favorable user experience. In our custom ques-
tionnaire designed to assess system support for sensemaking activ-
ities in literature review, participants rated CrRossLIT as effective
across a wide range of tasks (Figure 6).

Many participants particularly valued the integrated discovery
features, emphasizing the flexibility to expand their collections
using diverse strategies. For example, some preferred exploring
papers closely connected to their seed articles (P7), while others
deliberately sought out more distantly related works (P11). The in-
tegration of discovery functions directly into the workflow was also
highlighted as a major strength. P4 and P16 noted that tasks they
previously had to perform across multiple tools—such as finding pa-
pers, grouping them, and translating them int.o written text—could
now be accomplished within a single system. A key factor enabling
this integration was the complementarity between visual and tex-
tual modalities (Section 5.2). In addition, integrated LLM-based
features were seen as helpful in supporting smooth transitions be-
tween task stages, allowing participants to balance bottom-up and
top-down processes (P3).

However, participants gave lower ratings for Q10 (reducing fear
of missing out) and Q6 (identifying research gaps). They explained
that ensuring complete coverage in literature search is inherently
difficult (P4, P6-8). Other critical feedback included concerns about
visual clutter when citation edges became dense (Q3: seeing paper
connections, raised by P4, P10, P13), as well as the lack of an au-
tomatic grouping suggestion feature for Q4 (outlining a literature
review) and Q8 (incorporating new papers) (P3, P5-6, P12).

5.1.2  Integrated query feature encompassed distinct paper search
needs. To examine whether participants’ paper search needs encom-
passed both metadata and content-driven intents, and whether the
two search pools (citation network pool and content search pool) of
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Figure 7: Distribution of search-pool usage across discov-
ery intent categories. Exploratory searches predominantly
used the semantic pool, while metadata-driven searches re-
lied mainly on the citation pool. Targeted searches showed
substantial use of both pools, though without a dominant
pattern. Gray segments represent queries that drew on both

pools. Overall, the figure illustrates how participants selected
pools in alignment with their differing discovery needs.

CrossL1T’s hybrid query feature reflect such needs, we examined
the distribution of discovery intents and search pool usage.

A chi-square test of independence revealed a statistically sig-
nificant association between users’ discovery needs and their use
of search pools ()(2 = 27.24, p < .001), with Cramér’s V = .54
indicating a large effect size. This suggests that users strategically
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utilized the two pools differently according to their search inten-
tions. Post-hoc analysis with adjusted residuals showed that ex-
ploratory searches were significantly more likely to use only the
semantic pool than expected (adjusted residual = 2.25, p < .05),
while metadata-driven searches were significantly more likely to
use only the citation pool than expected (adjusted residual = 2.88,
p < .01). Targeted searches most frequently employed a hybrid
approach, using both semantic and citation pools simultaneously.

These search intents were also meaningfully incorporated into
the final outcomes. The 16 participants’ final literature review out-
comes contained an average of M = 18.31 papers (SD = 9.00; range:
7-41), of which M = 11.38 papers (SD = 8.60; range: 5-40) were
retrieved through hybrid discovery queries, accounting for approx-
imately 62.2% of the total collection. All intent types contributed
equally to participants’ final paper collections, as a Kruskal-Wallis
H-test comparing the mean number of incorporated papers across
discovery intent types (exploratory: M = 3.33, SD = 2.81; targeted:
M = 3.54, SD = 2.63; confirmatory: M = 5.22, SD = 3.61; metadata-
driven: M = 4.14, SD = 2.73) revealed no significant differences
(H =2.73, p = 0.43).

5.2 RQ 2. How and Why Researchers Use Visual
or Text Modality

Based on analyses of participants’ individual patterns (Figure 8)
as well as statistically significant patterns that occurred more fre-
quently than chance (Figure 9), we found consistent and coherent
patterns regarding sensemaking stages, visual/textual modalities,
and paper discovery intents.

5.2.1 Visual Modality is Effective in Early Stage. Analysis of tran-
sition frequencies (Figure 8-A, C) and transition patterns (upper
part of Figure 9) revealed that the use of the visual modality was
concentrated in the earlier stages of sensemaking. Moreover, early-
stage sensemaking in visual modality led to metadata-driven paper
discovery intents. These results suggest that many participants
employed the visual modality to filter papers at the outset, estab-
lish exploration priorities, and interpret individual works while
intuitively grouping them (P1-5, P7-8, P10, P12, P16).

Inspecting metadata distributions in the visualization often pro-
vided cues for prioritizing which unexplored papers to examine
or for discovering new papers. Citation relationships were inter-
preted as signals of “relevance” Participants sometimes grouped
citing papers together in the same space for joint inspection (P2,
P5), or prioritized exploring papers that cited or were cited by ones
they had already understood (P3, P7). P8 sought to identify addi-
tional groups that were similar yet distinct from the clusters already
formed. When encountering a new paper with citation links to one
of these groups, P8 expanded the candidate pool from the citation
network even before reading the paper, using queries such as “find
papers on [broader theme] but exclude [specific topic].”

Temporal and venue distributions were also used to check whether
a topic was properly grounded within participants’ academic field.
For instance, P1 reflected: ‘T saw that papers on [specific topic] started
appearing only from 2022, which made me realize it’s a very trendy
area. And regarding venues, they seemed clustered at CHL |[... ] Since
I think it’s important to submit to a venue that will recognize my
work, this convinced me that I should target CHI soon.” Similarly, P7
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observed: “Aside from the [theory papers] I included, the [application
papers] are very recent. [... ] Still, I don’t think there would be abso-
lutely none between 2014 and 2021. [... ] That made me think I should
also look for [application papers] from that period. And I noticed these
are concentrated at VIS, which confirmed that searching within VIS
would be a superior strategy.”

These uses of metadata visualization helped participants con-
textualize their topics within disciplinary trends and venues, sup-
porting not only discovery but also the positioning of their own
work in relation to the field. The ability to structure papers, notes,
and groups and arrange them freely on the canvas enabled fluid
and intuitive grouping. Participants often expressed implicit rela-
tionships by spatially positioning papers that were only loosely
connected—those that were “still just in my head” (P5, P7) or that
“seemed related, even if I wasn’t sure how to group them yet” (P8).
This provisional and flexible nature of visual grouping was partic-
ularly valuable in the early stages of developing a Related Work
schema. Participants used this flexibility to pursue multiple schema
directions simultaneously (P4), to subdivide groups with slightly dif-
ferent emphases (P7, P8), to discover intersections between groups,
or to reconsider their schema entirely when group development
diverged from their initial expectations (P5, P7).

5.2.2  Text Modality is Effective in Later Stages. In contrast, analy-
ses of transition frequencies (Figure 8-B, D) and transition patterns
(lower part of Figure 9) showed that the use of the text modality was
concentrated in the later stages of sensemaking. Moreover, later-
stage sensemaking in text modality led to content-driven paper
discovery intents, specifically for finding confirmatory evidence
papers. Many participants (P1-4, P6, P9, P11-16) employed text
to refine interpretations, construct storylines, and strengthen ar-
gumentative structures. Participants explained that they preferred
text for these tasks because it allowed them to develop ideas about
“flow” without constraints. For example, when P1 was struggling
with how to structure the related work schema, they began by “just
writing naturally”, which then sparked an idea for three sections
and led to drafting detailed content across them in one continuous
burst. Similarly, P16 noted: “Text gives you flow. [.... ] With visualiza-
tion, you can indicate which papers are related, but it doesn’t really
capture the story.”

For participants whose related work schema was already fixed
and partially outlined, the most pressing task was locating sup-
porting papers for specific claims—a process they also found better
supported in text (P9, P11, P13). Familiarity with text-based work
and the constraints of final deliverables further reinforced partici-
pants’ reliance on text. Those accustomed to selecting and grouping
papers in text editors reported gravitating toward text even in the
early phases of sensemaking (P14, P15). As P15 explained: “Maybe
the visual editor would have been more well-suited [... ] I'm just a
little bit more familiar with doing this kind of thing with a text editor’
Finally, because the end product of literature review must ultimately
take textual form, several participants reported a preference for
text as the modality most closely aligned with their final goals (P2,
P16).

]

5.2.3 Sensemaking Stage Patterns Reflect Actual Literature Review
Progress. To examine whether the patterns based on sensemaking
model provide an appropriate proxy for actual literature review
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Figure 8: Overview of modality transitions and participant-level sensemaking sequences. The top matrices show transition
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of cross-modal transitions.

stages, we conducted a comparative analysis with participants’
self-reported literature review stages collected prior to the session.

The distribution of sensemaking stages and modality involve-
ment during sessions differed significantly based on participants’
literature review stages (y? = 51.37, p < .001). Notably, partici-
pants who reported having “produced an initial draft review that
required revision” engaged in writing related work narratives with
text modality at a significantly higher proportion than other par-
ticipants (H = 6.69, p < .05). Although not statistically significant,
we observed that triaging papers in visual modality was most fre-
quently used among participants who “had formed topic ideas but
had not yet engaged in substantive exploration,” while interpret-
ing papers in visual modality was most commonly performed by
those “identifying key papers and drafting outlines” These patterns
correspond closely with the aforementioned patterns.

5.3 RQ 3. Benefits of Synchronizing Visual and
Text Modalities

When the two strengths of modalities were treated as distinct roles,
the bidirectional synchronization in CRossLIT enabled much more
frequent and fine-grained micro-iterations than in participants’
usual workflows. More interestingly, however, during the process
of developing a Related Work schema, the two modalities did not
operate in separate roles but worked in close coordination.

5.3.1 Placing Visual and Text Together Enables Micro-Iterations.
Some participants adopted a demarcation view, assigning distinct
roles to each modality and using them only for those purposes (P3,
P5-6, P8, P10, P12, P14-15). For example, P5, P10, and P12 explained
that they needed to “gather as much information as possible” (P10)
and “get the big picture organized” (P10, P12) in the visualization
before moving into writing, after which “the writing flows more
easily”(P5). P12 elaborated, “The papers on the left (visual editor)
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are the ones I'm not very familiar with. [...] It felt a bit premature
to insert them directly into the text editor.” Their interaction logs
(Figure 8-1, 2, 5th row) confirm that they spent most of their time
organizing within the visual editor before eventually shifting to
text.

Nevertheless, the synchronization between visualization and text
allowed participants to iterate far more frequently—and at a finer
granularity—than in their usual workflows. For participants primar-
ily conducting selection and grouping in the visualization, having
a synchronized draft in the text editor served as a preview of how
their writing might take shape. This provided hints for structuring
their arguments (P6, P8) or signals that they were ready to move
into writing (P12). A particularly interesting case was P3: although
they explicitly fixed the roles of visualization for selection/grouping
and text for detailed structuring/writing, they still made the highest
number of cross-modal switches—over 20 in a single 45-minute ses-
sion. P3 reflected: “Normally, I try to be very thorough. I might spend
hours just finding papers and then hours reading before I even start
structuring. But in 45 minutes, I already had this kind of outline, which
I'was satisfied with. [... ] Since the system kept generating sentences, I
needed to check them right away, then I thought about structure, and
while finding papers, I was simultaneously doing later-stage work I
usually save for much later”

Participants who primarily worked in the text editor also bene-
fited from the visual panel. Citation links shown in the visualization

supported more efficient paper selection, especially when discov-
ering new papers mid-writing. Across participants, papers with
citation links to existing works consistently became priority candi-
dates for review (P6, P14, P15). P15 even discovered one such paper
and realized it was a highly important work they had already cited
in earlier research.

5.3.2  Schema Building Relies on Both Visual and Text Modalities.
Pattern analysis of transitions (bridge section in Figure 9) revealed
that during the process of building a Related Work schema, switches
between visual and text modalities occurred more often than chance.
Moreover, this sensemaking stage led to various paper discovery
intents, where visual modality led to targeted discovery needs while
text modality led to content-driven needs. In contrast to the demar-
cation view, this finding suggests that schema construction requires
tight cooperation between the two modalities.

Participants described how, while developing more detailed con-
tent in text, they simultaneously referred back to the visualization
to gauge the overall outline and completeness of the schema. A key
factor supporting this process was the abstracted representation
unique to the visualization, which distilled detailed content into
a form that made it easier to assess schema-level structures (P3,
P4, P6-7, P10, P16). Reviewing these summarized notes during text
work often sparked new insights into how to organize content (P3,
P7, P14). P14 reflected that this back-and-forth felt natural: once
sufficiently familiar with the text, seeing the material arranged in
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another form provided new perspectives. Group counts and sizes
became cues for whether enough information had been incorpo-
rated (P3, P7, P10, P15), while citation links were used to assess
relationships between groups (P5, P7).

As P16 explained: “People say there are visual thinkers and verbal
thinkers, and I think I'm probably the former. When I only see text, it’s
actually hard for me to notice relationships. The sections are grouped,
but I still have to dig through sentences to find the papers. In the
visualization, each paper exists as an entity in the graph, so it’s easier
to see. [...] For example, I can clearly see that [Group 1] has many
papers but [Group 2] is almost empty, which helps me explain the gap
in prior work that my paper is addressing.”

P1 offered a similar perspective while drafting the second section
after finishing the first. They noticed conceptual overlap between
sections, which led them to alternate between hovering over papers
in the visual editor and reviewing their text outline: “Deciding how
to set sections and place papers is the fundamental challenge. In the
text editor, I can only see the scope of one section at a time. I can’t
really think about the bigger picture there. But here [in the visual
editor], all the papers are visible on one screen, so I can reason about
the larger structure. [... ] Normally, when I read papers individually, I
don’t really think about their relationships. But when citation links
are visualized, I realize that some papers I thought were unrelated are
actually connected. That even made me consider merging sections I
initially thought were separate.”

5.3.3  Synchronization Turns Visual and Text into Alternative Interac-
tion Modalities. Through synchronization, participants often used
one modality as an alternative interaction channel for tasks they
would normally perform in the other. This reduced interaction costs
and sometimes enabled actions that would otherwise have been
impossible. For example, instead of explicitly linking or unlinking
notes and papers one by one in the visual editor, participants chose
to merge or split text blocks in the text editor simply by press-
ing backspace or enter (P3, P7, P8). Conversely, when text became
lengthy and participants wanted to reposition entire blocks, they
used the visual editor instead, since it required “much less dragging”
(P4).

An especially interesting case came from P8: although the system
did not provide automatic clustering of papers based on keywords
or content in the visualization, P8 improvised a workaround. They
used the browser’s native search to locate keywords in the text
editor, then gathered the corresponding visual elements in the
visualization to approximate the effect of clustering.

54 RQ 4. Perceived Challenges and
Improvement

5.4.1 Users Need Ways to Preserve Carefully Crafted Content from
Synchronization. As shown in the previous section, synchronization
between visual and text modalities had clear benefits for literature
review, facilitating iterative refinement and enabling schema devel-
opment from multiple perspectives. Yet interviews also revealed
participants’ concerns about preserving their carefully created con-
tent from influenced by synchronization.

Many participants reported being careful not to make major
changes to the visualization in order to preserve the intentional
structure and subtle nuances they had crafted in their text (P2,
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P3, P7, P9, P14). For instance, P2 emphasized that synchronization
should not disturb the logical order they had explicitly arranged in
the text, while P9 hoped it would preserve the subtle nuances of
expression. Similarly, participants who carefully selected just a few
keywords for visual notes to represent their related work schema
(P4, P12, P16) expressed that they would have preferred them to
remain unchanged by synchronization triggered by text changes.
Participants wanted their carefully crafted content to be pro-
tected from unintended modifications. Without such protection,
synchronization occurring after every interaction made them worry
about its integrity. P6 recalled an experience of synchronization
happening before they finished what they treated as an atomic
change, and said, "Do I have to check every time it changes? ... ] Can
I trust that what I intended is really reflected?". Consequently, they
hoped such content could be placed in separate, protected areas—for
example, P2 suggested adding a "final deliverable" section.

5.4.2  Visualization Can Serve More Diverse Roles. Participants ex-
pressed a desire for the visual modality in CROSSLIT to evolve in
more diverse and advanced ways. In the early stages of work, they
valued being able to record preliminary expressions in both the
visualization and the text. However, as their work progressed, most
participants assigned a single role to text—continuously refined
until finalized. Consequently, they hoped the visualization could
instead serve as a space for "all the ideas not yet reflected in the text."
The envisioned roles fell into three categories: (1) revealing deeper
metadata relationships, (2) accumulating secondary labels, and (3)
creating and comparing multiple versions of sensemaking.

Regarding metadata relationships, participants wanted more
analytical capabilities for metadata distributions (P6, P7, P8). For
example, P6 hoped for hierarchically arranged citation links to
identify foundational papers.

Regarding secondary labels, participants wished to mark certain
notes “as memory aids” (P3) rather than polished content intended
for the final text. P8 and P9 wanted the visualization to function as
a sandbox for storing tentative papers and notes, while P12 and P16
expressed a desire for figures from papers to be displayed directly
in the visualization panel.

Regarding multiple versions, participants wanted the visualiza-
tion panel to become a space for exploring and comparing alterna-
tives. They hoped it could serve as a more sophisticated schematic
representation, allowing flexible recording of meaning units at in-
creasingly fine levels of granularity (P2, P5, P10, P16). From these
perspectives emerged concrete feature suggestions: automatically
proposing subgroups based on paper content or existing notes (P2,
P16), and enabling switching between and reusing multiple visual-
ization panels (P2).

6 Discussion

In this section, we reflect on how synchronization between visual
and textual modalities reveals new opportunities for supporting
complex sensemaking tasks. Our findings suggest that the key
challenge is not choosing between modalities but enabling fluid
transitions between them, with implications for how we design
tools that preserve human agency while leveraging Al assistance.
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between tools residing in different layers.

6.1 Design Space for Visual and Text Modalities
in Literature Review

Our findings reveal that visual and text modalities serve distinct yet
complementary roles across the literature review process. Partici-
pants progressed through three stages: lightly categorizing papers
based on metadata (primarily visual), constructing schemas for
their related work (visual and text in close cooperation), and re-
fining arguments (primarily text). Because CROSSLIT maintained
constant synchronization between modalities, participants could
fluidly transition between stages, drawing from either or both as
needed. This synchronization proved particularly effective during
provisional grouping, experimental rearrangement, and recording
of incomplete ideas. However, as work matured, participants in-
creasingly produced sophisticated outputs that demanded more
deliberate synchronization.

To structure these findings and propose directions for future
systems, we conceptualize a design space where the roles of visual
and text modalities are defined across three semantic layers (Fig-
ure 10). The metadata layer captures bibliographic information
along with optional short notes that researchers may add based on
initial impressions. The schema layer represents the intermediate
structures that researchers construct to organize their review, in-
cluding groups, categories, and themes. Finally, the manuscript
layer encompasses the finalized prose, where logical flow and
argumentative nuance take precedence. A key insight of this de-
sign space is the distinction between two types of synchronization:
synchronization within the schema layer across visual and
text modalities, and cross-layer synchronization that propagates
changes between metadata, schema, and manuscript layers.

6.1.1  Synchronization within the Schema Layer. Our findings demon-
strate that visual and text modalities collaborate closely during
schema construction. The schema stage represents a pivotal point
where new and existing information intersect—a critical juncture
recognized across various sensemaking models [11, 49, 107], be-
yond the Pirolli & Card’s framework we adopted. Because schemas
evolve incrementally and multiple alternative schemas often coex-
ist, managing flexible data representation across the spectrum from
implicit to explicit is essential [11, 136]. Visual and text modalities
served as effective representations for related work schemas be-
cause they align with the domain’s primary axes—metadata and
textual argumentation—while offering distinct representational af-
fordances.

Therefore, synchronization between visual and text modalities
within the schema layer should be automated to respect the intu-
itive, evolving, and multifaceted nature of schemas. This precisely
defines CrRossLIT’s position in our design space: providing auto-
mated synchronization between visual and text—a gap that previous
literature review tools did not address. Building on this foundation,
we identify two directions for future research.

First, future systems could support creation and comparison
of multiple alternative schemas, which our one-to-one mapping
currently constrains. Relevant foundations include research on
managing slightly different versions of knowledge artifacts—such
as computational notebooks [22], trigger-action programs [134],
and generative Al outputs [46]—as well as ontology merging and
alignment techniques from knowledge engineering, which address
comparing and integrating similar knowledge structures [34, 97].

Second, future systems could preserve carefully crafted user
refinements while maintaining automated synchronization, a chal-
lenging balance as these goals often conflict. One approach is to
explicitly distinguish automatic update zones from protected areas
and visualize which portions have been transformed, promoting
user ownership and control over Al-mediated changes [58, 77, 104].
Future work could also explore synchronization that occurs not
constantly but at appropriate moments and in appropriate amounts,
for example by detecting and classifying user intent [78, 137].

6.1.2  Cross-Layer Synchronization. Our findings also revealed par-
ticipants frequently switching between visual and text modalities to
leverage their unique strengths. This was particularly pronounced
for tasks other than schema construction. Unlike the schema layer
where multiple data elements are simultaneously intertwined, data
across different layers maintain indirect complementary relation-
ships that influence each other but maintain independent value.
This suggests that various literature review tools need not—and
perhaps should not—be unified into a single system.

Numerous literature review supporting systems specialize in
specific layers or modality aspects, as discussed in Section 2. Since
dedicated tools address practical concerns about user characteristics,
roles, and tasks (e.g., processing huge citation networks, compil-
ing final manuscript PDFs), literature review workflows typically
span multiple tools. Creating seamless integration between tools
is a common challenge across adjacent domains including data
analysis [22, 50, 129] and design [41].

Future work can draw from existing technical attempts to inte-
grate fragmented knowledge across tools, which operate at multiple



CrossLit: Connecting Visual and Textual Sensemaking for Literature Review

levels: collection and curation through web extensions [19, 75, 86,
87], browser-level page bundling [20, 65], or even desktop-level
application bundling [59, 60]. With advancing generative Al capa-
bilities, research on malleable system experiences that transcend
fixed interface boundaries is also gaining traction [17, 95].

Looking toward a future where tool integration is realized and
interface boundaries dissolve, what becomes critical is conceptually
defining the unit components of work and their operations [16, 70].
We suggest that the sensemaking stage outcomes discovered in our
user study serve as key conceptual elements mediating connections
between literature review tools. For example, related papers dis-
covered in Connected Papers may become triaged papers, which
are read through Mendeley with interpretation notes. These inter-
connect in CRoOssLIT to transform into schemas, which import into
Overleaf® for manuscript reflection. Creating standardized specifi-
cations for each outcome represents a technical challenge for future
work.

6.2 Preserving Human Agency through Visual
Modality

Incorporating Al into literature review allows Al to handle simple
filtering and summarization, enabling humans to concentrate more
resources on high-level cognitive work such as making connec-
tions, identifying patterns, and constructing arguments [43, 69].
However, extensive research in human-AlI interaction emphasizes
that incorporating Al into knowledge work requires careful consid-
eration to avoid compromising human agency [130], control [112],
ownership [105], and integrity [35, 63].

Our study shows that rather than Al intervening in human
knowledge processes, simply enabling seamless transitions to vi-
sual modality can help people focus on high-value cognitive work.
While careful argument construction in literature review was pri-
marily supported through textual formats, the visual space became
a site for provisional sensemaking, where organizational decisions
could be tested without the linear commitment that text demands.

This insight extends to other domains such as qualitative anal-
ysis. Researchers similarly move between close examination of
individual data and identification of broader patterns, each requir-
ing different cognitive modes. The ability to maintain provisional
groupings, such as themes or codes that might shift or overlap,
while seeing how they would translate into findings could funda-
mentally change how researchers approach early-stage analysis.

6.3 Limitations and Future Work

6.3.1 Lack of Comparable Baseline Systems. Our study did not
include a baseline because no existing system provides an inte-
grated, synchronized environment comparable to CrossLIT. Prior
work on novel multimodal and sensemaking tools has similarly
adopted single-condition, exploratory evaluations when compara-
ble baselines are unavailable or when introducing a new interaction
paradigm [3, 16, 48, 81]. In line with this tradition, our goal was
to observe authentic sensemaking behaviors and understand how
researchers coordinate visual and textual modalities during litera-
ture review, rather than to measure superiority over any specific
alternative.

“https://www.overleaf.com
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Nevertheless, comparative evaluation remains an important di-
rection. As multimodal literature-review tools mature, CROSSLIT
can serve as a reference point, similar to how formative systems
in prior work later became baselines for follow-up designs. Future
work should explore controlled comparisons against purpose-built
variants, such as alternative synchronization designs or modality-
only configurations, to more precisely characterize the benefits and
tradeoffs of cross-modal integration.

6.3.2 Session Duration and Advanced Review Phases. Because our
sessions were limited to 45 minutes, questions about longer and
more advanced review phases remain open. From the perspective
of Bloom’s Taxonomy [74], later stages of literature review involve
evaluation—examining methodological rigor, result validity, and
argumentative persuasiveness to determine what to accept or re-
ject [47]. These judgments extend beyond organization to require
scholarly discernment and domain expertise.

Future work should investigate these later phases through lon-
gitudinal studies that capture complete review cycles, from initial
exploration to final evaluation. In these extended contexts, collabo-
rative settings could become important considerations for observa-
tion. Additionally, the three semantic layers we identified suggest
opportunities for more adaptive synchronization strategies—for
example, tighter coupling during exploration but greater indepen-
dence once distinct organizational needs arise. Collectively, these
directions outline a research agenda for designing tools that support
the literature review process end to end, from short-term explo-
ration to long-term evaluation and collaboration.

6.3.3  Visualization Scalability. Our system was designed to accom-
modate approximately 100 papers, reflecting the typical reference
count in HCI publications, and study participants imported up to 41
papers during their sessions. However, real-world literature reviews
often require managing hundreds of papers, including candidates
not incorporated into the final manuscript. In such cases, the visu-
alization would need additional levels of abstraction—for instance,
semantic zooming with finer hierarchical granularity [117], allow-
ing researchers to navigate between overview and detail while
maintaining schematic coherence. Furthermore, displaying meta-
data visualizations alongside schematic representations can quickly
produce visual clutter, potentially requiring techniques to select
which citation links to show [113]. According to the future direc-
tion envisioned in our design space, however, when collections
reach such scales, these challenges belong to the metadata layer
and would be better addressed through seamless transitions to
dedicated tools for large-scale bibliometric analysis.

7 Conclusion

We introduce CRossLIT, a system that integrates visual and text
modalities for literature review sensemaking. Our observational
study with 16 researchers shows that visual modality enabled pro-
visional exploration and intuitive grouping in early stages, while
text modality supported argumentation and narrative refinement in
later stages. Connecting the two modalities enabled fluid transitions
between literature review stages, supporting more fine-grained it-
erations than traditional workflows. A notable finding is the impor-
tance of the schema building stage, where visual and text modalities
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work in tight coordination. Future research should explore versatile
synchronization within the schema layer and seamless cross-layer
integration across specialized tools, toward unified support for the
full spectrum of complex sensemaking tasks.
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A  Prompts
A.1 Visual-to-Text Rephrasing Module

**System Prompt*:
"You are an expert academic writer. Create a coherent text
paragraph for literature reviews.

RULES:

1. MUST preserve ALL paper citations in format /bibtexId/

2. Write exactly one sentence per paper citation

3. Each sentence MUST include its corresponding /bibtexId/
reference

4. Be concise and focused on the given context

5. Maintain academic tone"

**xUser Prompt*x:

"Rewrite this text block coherently:

Current text: {current_text}

Hierarchical location: {hierarchy_context}

Visual note: {current_note}

Linked papers: {paper_list}

Write exactly {num_papers} sentence(s). Each sentence MUST
include the /bibtexId/ reference for its paper."

*xQutput*x: Returns “rephrased_text™, ~“sentence_count™, and

“citations_preserved:

rephrased_text: The rephrased text incorporating visual note
as well as previous contexts"

sentence_count: Number of sentences in the output"

citations_preserved: List of paper bibtexIds preserved in
the text"

**Retryx*: Up to 3 attempts, adds missing citations manually

on final attempt

A.2 Text-to-Visual Condensing Module

*xSystem Promptx*:
"You are an expert at writing concise notes for academic
research.

RULES:

. Create extremely concise notes (3-10 words max)
. Capture the core idea or concept

. Use keywords rather than full sentences

. Omit articles (a, an, the) when possible

. Focus on the main topic or finding"

o wN =

**User Prompt*x:

"Convert this text to a concise visual note:
Current text: {current_text}

Current note: {current_note}

Hierarchical location: {hierarchy_context}
Linked papers: {paper_list}

Create a 3-10 word note capturing the essence."

*x0Qutputx*: Returns ~concise_note~

concise_note: Concise note generated from current_text as
well as previous contexts (3-10 words)

*xFallback#x: Uses first 5 words if API fails

A.3 Discovery Query Module
A.3.1 Natural Language Query Synthesis.

"You are an expert research assistant specializing in
academic literature discovery. Your task is to synthesize
search queries from the user's natural language input,
considering the context of seed papers and text editor
sections.

The user's query is often written assuming context from

their current work. For example:

- 'What can I add more?' should be interpreted in the
context of the existing papers and sections

- 'What's the latest discussion about this paper?' should
focus on recent developments related to the seed papers

- 'Related work in this area' should consider both the seed
papers and the editor sections

You need to provide TWO outputs:

1. A comprehensive natural language query (for text snippet

search):

- Expand vague or contextual queries into specific,
searchable terms

- Include key concepts from seed papers when relevant

- Consider the section titles from the text editor as
topic areas of interest

- Maintain the user's original intent while making it
more explicit

- Use academic terminology when appropriate

- Keep the query focused and under 200 words

- Write as a single paragraph of natural English

2. Four traditional search queries (for paper relevance
search):
- Each should be 2-5 keywords or phrases
- Should capture different aspects of the user's intent
- Use simpler terms suitable for keyword-based search
- Focus on core concepts and variations"

**Context Provided**: Up to 5 seed papers (title + 300 char

abstract) and 3 text editor sections

*xQutput*x: Returns ~natural_language_query” and

“traditional_queries™ (list of 4)

natural_language_query: Comprehensive natural language query
for semantic search

traditional_queries: List of 4 traditional keyword search
queries

A.3.2  Paper Relevance Interpretation.

**System Prompt*x:
"You are a research assistant creating concise paper
interpretations.

RULES:

1. Write ONE sentence (maximum 15 words) explaining the
paper's relevance

. Focus on the key contribution or finding

. Be direct and concise

. If irrelevant to query, set is_relevant to false

. DO NOT include any citations or references in your text"

g AW N

**User Prompt#x:

"Query: {query}

Paper Title: {title}

Abstract: {abstract}

Write ONE sentence (max 15 words) explaining this paper's
relevance to the query.

If irrelevant, set is_relevant to false."

*xQutputxx: Returns “interpretation and “is_relevant™ flag

interpretation: One concise sentence explaining the paper's
relevance (max 15 words)

is_relevant: Whether the paper is relevant to the query"

*xFallback**x: If the number of relevant papers is less than

Choe et al.

required, return paper titles with "(?)" prefix for the rest.

A.4 Convenience Feature for Experiment
A.4.1  Rewriting in Text Editor.

**System Prompt*x:
"You are an expert academic writer tasked with rewriting
multiple text blocks into a single coherent paragraph.

CRITICAL RULES:

. MUST preserve ALL paper citations in format /bibtexId/

. Combine all blocks into ONE flowing paragraph

. Follow the user's rewriting instruction carefully

. Maintain academic tone and clarity

. Ensure natural flow between merged content

. All paper citations MUST be preserved exactly as they
appear"

oUW N =

**User Promptxx*:
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"Rewrite these text blocks according to the instruction

below:

Selected blocks to merge: {combined_text}

User instruction: {rewrite_instruction}

Paper citations to preserve (MUST include all):
{citation_list}

{paper_details_for_context}

Rewrite into ONE coherent paragraph that follows the

instruction while preserving ALL paper citations."

**Processingx*: Extracts citations from HTML, provides paper

abstracts (max 500 chars) as context

*%Qutput*x: Returns “rewritten_text™ and

“citations_preserved”

rewritten_text: The rewritten single paragraph combining all
selected blocks

citations_preserved: List of paper bibtexIds preserved in
the text

CHI *26, April 13-17, 2026, Barcelona, Spain
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B Hybrid Query Pipeline and Evaluation
B.1 Context-aware Retrieval Pipeline
ROBERT2018STARTW
Seed Papers . .
Find academic papers on
collaborative support systems ... -> " /paper/search ->
2. Design Support Natural Language Search Query
3. Collaboration Tools @ LLM
[ ]
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Figure 11: Technical pipeline for context-aware paper discovery in CrossL1T. The pipeline combines three retrieval strategies.
First, seed papers, text editor content, and search query are provided to an LLM, which generates both a natural language search
query and a keyword-based search query. The natural language query is submitted to the Semantic Scholar /paper/search
API to retrieve candidate papers, while the keyword-based query is used with /snippet/search. Second, the dense network
calculation expands the seed set by iteratively collecting the most frequently co-cited papers (up to 50 per iteration, prioritizing
higher citation counts in case of ties), repeated three times to form a network-based result set. Finally, results from all three
sources are pooled and reranked using a semantic model and cross-checked by an LLM, which filters out irrelevant items. The
output is a curated set of relevant papers, each presented with contextualized interpretations for the user.

B.2 Context-aware Retrieval Evaluation

To examine whether CRoSSLIT’s hybrid retrieval method integrates complementary structural (citation-based) and semantic (content-based)
cues into a unified retrieval process (DG4), we conducted a quantitative evaluation comparing: (1) a citation-only baseline, (2) a semantic-only
baseline, and (3) CrossL1T’s hybrid retrieval method.

B.2.1 Data Preparation. We constructed a ground-truth dataset for evaluating retrieval behavior by treating each subsection of the related
work sections in recent HCI papers as an independent query unit. We first identified the top 10 most-cited papers from each of three major
HCI venues (CHI, UIST, and CSCW) from the years 2024-2025, resulting in 30 papers. For each paper, we extracted all subsections in its
related work section and retained only those that cited at least ten papers. For each retained subsection, we examined its citation map
and selected seed papers by identifying the three most-cited referenced papers published within +3 years of the source paper. Sections
where a clear top three could not be determined (e.g., similar citation counts with no distinct top) were excluded. This resulted in 79 valid
related-work subsections across 30 HCI papers.

Each subsection was represented by two textual expressions of author intent: the subsection heading (primary query) and, when necessary,
the subsection’s first sentence (used only when the heading returned no semantic matches). These queries were issued to Semantic Scholar’s
semantic search endpoints (/graph/v1/snippet/search and /graph/v1/paper/search). Candidate-paper metadata—including titles,
abstracts, and citation relationships—was then collected via the Semantic Scholar Academic Graph API.

B.2.2  Retrieval Pipelines. We compared CrossLIT’s hybrid retrieval pipeline against two single-modality baselines—citation-only (structural)
and semantic-only (content-based)—to assess whether it effectively integrates cues from both modalities.
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Baseline 1: Citation-Only. Starting from the seed papers, we expanded the citation graph using a co-citation-based approach similar to
prior work. At each hop, we selected the top 50 most co-cited papers (ties broken by global citation count), repeated for three iterations.

Baseline 2: Semantic-Only. We retrieved papers using Semantic Scholar’s snippet search and paper relevance search endpoints (50 papers
each), removed duplicated results, and returned the top 50 unique candidates.

CrossLiT. We combined the union of the citation and semantic candidate pools and reranked all candidates using Cohere rerank-v3.5.
For each paper, we computed both structural and semantic scores and produced a final ranking that integrates both modalities. Only the
top-ranked papers were kept for evaluation (fixed at k = 10 per section for comparability).

B.2.3  Evaluation Metrics. We evaluated each retrieval method using two complementary metrics. Co-Citation Density measures structural
coherence, computed as Density = #{(i, j) : i = j V j — i} / [n(n — 1)/2], where higher values indicate tighter citation-connected clusters.
Semantic Similarity measures topical relevance, computed as Similarity = % 2, cos(g, pi) between the query embedding g and retrieved
paper embeddings p;. The embeddings are calculated using OpenAI’s /v1/embeddings APL

Method Co-Citation Density Semantic Similarity
Citation-only 0.0562 + 0.0406 0.3565 £ 0.0724
Semantic-only 0.0085 + 0.0180 0.4477 + 0.1417
Hybrid (CrossLit) 0.0358 £ 0.0264 0.3818 £ 0.0653

Table 3: Average evaluation metrics across 79 sections.

B.2.4 Results. Paired t-tests showed clear differences among the three retrieval methods: citation-only produced the highest structural
coherence (Citation-only > Hybrid > Semantic-only), while semantic-only produced the highest semantic relevance (Semantic-only >
Hybrid > Citation-only), with all pairwise comparisons significant (p < .05). The hybrid method consistently fell between the two baselines
on both metrics, indicating that it draws from both structural and semantic signals. These results suggest that the hybrid retrieval behaves as
intended by combining cues from both modalities and appropriately supports context-aware discovery.
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C User Study Details

C.1 Questionnaire for User Study

Table 4: Post-questionnaire items used in our user study.

Category Question Item

System Usability Scale (5-point scale; 1: Strongly Disagree, 5: Strongly Agree)

1. Frequency I think that I would like to use this system frequently.

2. Complexity I found the system unnecessarily complex.

3. Ease of Use I thought the system was easy to use.

4. Technical Support I think that I would need the support of a technical person to be able to use this system.
5. Integration I found the various functions in this system were well integrated.

6. Inconsistency I thought there was too much inconsistency in this system.

7. Learnability I would imagine that most people would learn to use this system very quickly.

8. Awkwardness I found the system very awkward to use.

9. Confidence I felt very confident using the system.

10. Prior Learning I needed to learn a lot of things before I could get going with this system.

Literature Review Support (7-point scale; 1: Strongly Disagree, 7: Strongly Agree)

11. Overview The system helped me understand the overall research area and its main topics.

12. Narrowing The system helped me narrow a broad set of papers to those relevant to my work.
13. Connections The system helped me see how the papers were connected or related to each other.
14. Outlining The system helped me outline a literature review (e.g., sections or a clear storyline).
15. Grouping The system helped me organize the papers I collected into meaningful groups.

16. Identifying Gaps The system helped me identify what is missing or under-studied in the literature.
17. Discovery The system helped me keep finding new, relevant papers as I worked.

18. Incorporation The system helped me incorporate new papers into the groups I had already made.
19. Confidence The system increased my confidence in reviewing the literature.

20. Fear of Missing Out ~ The system reduced my fear of missing out on important papers.
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C.2 Annotation Interface

o |!
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Earlier there was only one.
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then. So now 'm checking again, because if there
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useful for me. And there are. So I'l add them R
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still in my head, deciding what to group
together.

Figure 12: A full screenshot of our custom annotation interface used for analysis of the user study.
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C.3 Sensemaking Outcome Codebook

Table 5: Codebook definitions used for analyzing participants’ sensemaking outcome during our study.

Code

Definition

Shoebox

An evaluative activity analogous to mail sorting, where researchers assess the quality and relevance of a
paper set without fully engaging with their content. Judgments are based on metadata or surface-level cues
such as:

o whether a paper is newly discovered,

e citation links with previously interpreted papers,

e venue, year, interpreted/uninterpreted status,

o title cues, or assumptions from the query that retrieved it.
Also includes classifying papers into groups for later examination and marking exploration priorities (e.g.,
immediate reading, deferred review, exclusion). Coded as Shoebox when reviewing outputs (self- or LLM-
generated) that align with this evaluative process, or when constructing discovery queries guided by metadata

gaps.

Interpretation

The act of analyzing individual papers by considering their content and explicitly assigning meaning within
the researcher’s literature review product (e.g., schema or narrative). Examples include:

e creating notes,

e assigning papers to groups,

o excluding papers from analysis.
Coded as Interpretation when using an LLM to elaborate paper content, or when reviewing outputs (self- or
LLM-generated) that reflect interpretive work.

Schema

The process of creating, refining, and revising hierarchical grouping structures for organizing papers. This
is not a rigid taxonomy but a dynamic process of schema formation and evaluation, often intuitive before
explicit articulation. Typical cases include:

e renaming groups or sections,

e creating new subgroups,

e restructuring to explore alternative organizational logics.
Coded as Schema when using an LLM to summarize papers grouped together, when reviewing schema-related
outputs, or when constructing queries for divergent exploration.

Argumentation

The activity of constructing, refining, or revising the narrative of a literature review, such as:

o developing opening statements,

e identifying trends and gaps,

e articulating a position statement.
Coded as Argumentation when using an LLM to generate claims and supporting evidence, when reviewing
argumentative outputs, or when querying for papers to substantiate specific claims.
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