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Figure 1: The Serendipitous Explanations Approach and its core dimensions with some examples.

Abstract
Evidence continues to accrue around the difficulties people have understanding new and complex visualizations, which in turn
provides continued incentive to explore additional methods of supporting visualization viewers. Through leveraging viewers’
spontaneous visualization sensemaking activities, we introduce a Serendipitous Explanation Approach (SEA). A significant part
of SEA’s contribution is making active use of a viewer’s spontaneous, exploration interactions to offer in situ explanations. SEA
adds semantic and structural explanations, making use of visual transformations, and additional representations of visualization
elements themselves to communicate meaning through highlights, reconfigurations, and in-situ annotations. We designed and
studied VisTips as an instantiation of SEA. Our study demonstrates the prevalence of spontaneous interaction and appreciation
of this approach. Among the explanation types, visual transformations stood out as especially impactful. Our findings also offer
practical insights for future use of the ideas in SEA, opening possibilities for seamlessly integrating explanatory visuals that
support viewers’ natural visualization sensemaking.

CCS Concepts
• Human-centered computing → Visualization theory, concepts and paradigms; Empirical studies in visualization;

1. Introduction

Interactive visualizations are powerful tools for exploring and un-
derstanding complex data, but they are often challenging for vi-
sualization viewers to comprehend, especially when encountering
unfamiliar or complex visual representations [LKH∗15, MMF19].

Prior studies have examined the reasons behind this difficulty
[RTC24, WCS∗22], and proposed various strategies to improve vi-
sualization comprehension. One common approach is the use of
structured guidance, such as video-based tutorials [DWH∗22], in-
teractive step-by-step guides and scrollytelling [HS25, SWP∗22]
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which guide viewers through a visualization’s features in a struc-
tured, often linear fashion. While effective in many ways, these
approaches may not accommodate viewers’ natural unstructured
behavior, as they often assume a linear learning process [SB19,
DHF∗24, RTC24].

In practice, when viewers first encounter an unfamiliar visual-
ization, they tend to engage in interactions with visualization ele-
ments in an unstructured, trial-based manner, attempting to uncover
the meaning of the representation through spontaneous exploration
[RTC24, LKH∗15]. This behavior, which we refer to as sponta-
neous interaction, aligns with serendipitous discovery [THC12]
and principles from constructivist learning theory, which states
that knowledge is built through active engagement rather than pas-
sive instruction [Hei91]. Despite its intuitive nature and prevalence,
spontaneous interaction has received limited attention in visualiza-
tion comprehension, leaving a substantial opportunity to leverage it
for enhanced viewer onboarding.

In this paper, we introduce the Serendipitous Explanations Ap-
proach (SEA), an interaction paradigm that treats spontaneous
viewer interactions as valuable signals about what the viewer
wants to understand in that moment and as opportunities to de-
liver lightweight, in-situ explanations, embedded in the visualiza-
tion itself. Rather than replacing structured onboarding methods,
this paradigm complements and can operate in parallel with them
by responding to viewers’ natural curiosity, offering contextual ex-
planations at the time and place of interaction. This approach em-
powers viewers to construct their own learning path, shaped not by
scripted tutorials, but by where their eyes land and their curiosity
leads. It transforms onboarding from something dictated to some-
thing discovered, allowing explanation to emerge naturally from
exploration.

What sets SEA apart is twofold. First, it is grounded in the novel
idea of treating spontaneous, unstructured casual probing as an op-
portunity for providing explanations on demand. Unlike prior on-
boarding strategies that rely on predefined sequences, SEA surfaces
explanation when and where comprehension demand arises. While
lightweight interaction techniques like tooltips and brushing-and-
linking are common, they are typically used to expose raw data
or visual correspondences. In contrast, SEA treats these moments
of interaction as entry points for explanation, deliberately respond-
ing to viewers’ sensemaking process rather than just revealing data
values. Second, it expands the idea of what an “explanation” can
be in a visualization context. While static tooltips or annotations,
have been explored individually, SEA is novel in how it integrates
these into a viewer-driven onboarding paradigm, grounded in con-
structivist learning theory and interaction-as-signal logic. SEA in-
troduces interactive visual explanations, transformations such as
expansions, highlights, in-situ annotations, and visual linking, that
surface explanatory meaning through the visualization itself.

To explore this paradigm, we present VisTips, a working instanti-
ation of SEA demonstrated within a complex traditional visualiza-
tion. VisTips provides transient explanations in response to sponta-
neous hover interactions, helping users make sense of an unfamiliar
visualization and its visual encodings without requiring a prede-
fined learning sequence. VisTips reuses and extends concepts like
visual transformations, brushing and linking, etc.

We conducted a between-subject study comparing VisTips with
a version that included a standard legend for traditional onboarding.
This study was designed to validate that spontaneous viewer inter-
actions can be harnessed for explanation, rather than to establish
VisTips’ superiority over other onboarding methods such as inter-
active step-by-step guides. Our analysis shows VisTips expedites
visualization comprehension, relative to this baseline. Our findings
offer insights into how viewers engage in spontaneous interaction,
and how supporting this behavior through VisTips can reshape the
sensemaking process. They also highlight key considerations for
leveraging the approach in the design of future instantiations.

Our main contributions are: 1) Serendipitous Explanations Ap-
proach (SEA) that treats spontaneous viewer interactions as oppor-
tunities to deliver explanations. 2) Design and evaluation of VisTips,
an instantiation of SEA that augments an existing visualization with
light-weight, transient interaction-triggered explanations. 3) Practi-
cal insights about SEA and VisTips offering design considerations
for applying these ideas to other visualizations.

2. Related Work

We explore related work in four areas: challenges of visualization
comprehension, existing strategies for guided learning, foundations
of serendipitous interactions and leveraging spontaneous interac-
tion for visualization comprehension.

2.1. Visualization Comprehension
Improving visualization comprehension requires a deeper under-
standing of why viewers struggle with unfamiliar visualizations.
Lee et al. [LKH∗15] introduced NOVIS, a framework that helps
explain the process of how people make sense of unfamiliar vi-
sualizations, showing that difficulties arise when viewers fail to
form a coherent mental model of what is represented and how it
is encoded. Other works teased apart this process to extract what
makes visualizations, including primitive [WCS∗22] and unfamil-
iar charts [RTC24, MMF19], hard to understand such as decoding
the visual encoding, matching textual explanations with visual ele-
ments, and understanding relationships between elements. Building
on prior understanding of viewers’ needs and their natural sense-
making behaviors, we propose SEA and provide empirical insights
into how interaction-triggered, in-situ transient explanations influ-
ence the sensemaking process. In Section 4.1, we identify specific
comprehension needs that VisTips addresses through our approach.

2.2. Strategies for Guided Learning

Studies have investigated how video and game-based tutorials can
help teach people how to read unfamiliar visualizations [SWP∗22,
GWL∗19, TGF13]. When studying parallel-coordinates, Kwon et
al. [KL16] found that video with interaction worked best. In adapt-
ing onboarding techniques for new viewers, Stoiber et al. [SGP∗19]
proposed a design space for visualization onboarding and com-
pared methods such as video-based, interactive step-by-step, and
storytelling tutorials [SWG∗21] for teaching parallel-coordinates.
Similarly, they examined onboarding for treemaps [SGA22].

Dhanoa et al. [DHF∗24] proposed an interactive tour that al-
lows viewers to navigate freely within the tour components. This
approach provides some autonomy, but still requires viewer to
progress through a sequential learning process. Chundury et al.

© 2026 The Author(s).
Computer Graphics Forum published by Eurographics and John Wiley & Sons Ltd.



M. Rezaie & M. Tory & S. Carpendale / EG LATEX Author Guidelines 3 of 12

[CYC∗23] integrated in-situ explanations, along with other help
seeking modes such as help topic listing and guided tour; they
found that in-situ explanations (point & learn) were the most use-
ful. These approaches often rely on structured, step-by-step help
mechanisms. SEA complements and extends these methods by sup-
porting spontaneous, unstructured behaviors grounded in viewers’
natural exploration patterns. SEA does not replace tutorials or on-
boarding, but instead offers additional support opportunities.

2.3. Foundations of Serendipitous Explanations Approach

When viewers first encounter an unfamiliar visualization, their en-
gagement is often unstructured and exploratory. Rather than follow-
ing a predefined learning path, they hover over elements, click on
data points, zoom in and out, and toggle settings, not to complete
a specific task, but to see how the system responds. These sponta-
neous, trial-based interactions help viewers get a sense of the visu-
alization’s structure, content, and interactive possibilities [RTC24].

This behavior aligns with learning by exploration [dMvO96] and
constructivist learning theory [Hei91], which state that some in-
dividuals learn best by actively engaging with their environment,
forming knowledge through direct experience rather than passive
instruction. This suggests that viewers construct mental models of
the visualization through direct interaction with visual elements,
and observation of system responses. With this strategy viewers
form some understandings of the visual representations and itera-
tively refine their understanding [LKH∗15]. These spontaneous in-
teractions serve as meaningful moments of sensemaking that can
be supported rather than ignored.

Although spontaneous interaction is common and cognitively
meaningful, it remains underexplored as a mechanism for visual-
ization sensemaking. In HCI and software learning research, simi-
lar behaviors have been described as trial-and-error, or “trying dif-
ferent approaches to solve a problem (trials), discarding failures
(errors), and repeating until one is successful.” [MVFM22, p. 2]
Trial-and-error is a preferred strategy for learning complex sys-
tems, despite the availability of structured tutorials [MVFM22].
Unlike trial-and-error in feature-rich software applications, which
often involves finding efficient ways to complete tasks [MAC∗20],
viewers of a visualization are not necessarily searching for a so-
lution but are instead trying to understand what is available and
how the visualization functions. Several studies report sponta-
neous mouse movement [RTC24, BOZ∗14, BE14], while others
describe intentional but unstructured interactions aimed at form-
ing mental models, for instance, by interacting with different el-
ements to observe how they affect the visualization (e.g., high-
lighting, filtering, zooming, or reorganization of visual elements)
[LKH∗15, YEB16, PWM10].

These behaviors are also reported in early stages of exploratory
visual analysis, where viewers engage in bottom-up visual discov-
ery before developing specific goals [RJPL16,PWM10,DRRD12].
It is important to note that in these studies, participants are typically
familiarized with visualization encodings through tutorials. While
these tutorials may cover some interactions, viewers may still en-
gage in exploratory interactions to uncover additional capabilities,
beyond merely seeking insights from the data. Nevertheless, spon-
taneous interaction with visual elements remains, highlighting the

importance of better leveraging such interaction as an integral part
of the visualization experience.

Spontaneous interaction closely relates to serendipitous discov-
ery which is the process of encountering unexpected yet meaning-
ful insights during open-ended exploration [THC12]. It can be nur-
tured by traits like curiosity, open-mindedness, domain knowledge,
and observational skill [THC12]. Serendipity emphasizes discov-
ering insights in the data itself, while we extend this notion to un-
cover meaning at just the right moment. By repurposing known
serendipity-supporting mechanisms toward comprehension, such
as curiosity-invoking displays [TAM17] and multiple visual access
points [THC12], Serendipitous Explanations opens a new space:
explanation that emerges naturally from exploration.

2.4. Leveraging Spontaneous Interactions for Explanations

Taken together, this body of work highlights spontaneous interac-
tion as a rich, underutilized part of the visualization experience,
not only for exploration, but as a potential entry point for expla-
nation. Indications suggest that supporting initial exploratory be-
havior can influence the sensemaking process. For example, visu-
alizations that provide hover-based explanations encourage more
exploratory, pattern-seeking activity [MTW∗12], while highly in-
teractive interfaces offering on-demand detail foster deeper viewer
engagement [Mar06]. However, while prior work recognizes the
value of such interactions, it has not actively leveraged these be-
haviors as implicit signals for delivering explanation. To the best
of our knowledge, SEA is the first paradigm to leverage viewers’
natural behavior specifically for visualization onboarding purposes.

3. Serendipitous Explanations Approach: Core Constructs

A serendipitous explanation is an interaction-triggered, in-situ,
lightweight and transient explanatory response that emerges from
a viewer’s spontaneous exploration behavior and is delivered at the
moment and location of emerging comprehension need. Crucially,
it is embedded within and mediated through the visual represen-
tation itself; often through transformations, highlights, or recon-
figurations, rather than imposed as an external instructional layer,
and does not rely on a predefined learning sequence. Beyond defin-
ing a particular explanatory response, SEA introduces an interac-
tion paradigm for onboarding. It is generative in that it reframes
spontaneous interaction as an opportunity for situated explanation,
suggesting new explanatory possibilities embedded within the vi-
sual representation itself wherever exploratory interaction occurs.
To operationalize SEA as an interaction paradigm, we articulate

five core constructs that structure how serendipitous explanations
emerge within interactive visualizations. In this description, the
colored numbers like refer to the overview in Figure 1.

3.1. Visualization

Visualizations encode data into structured elements that also serve
as cues for viewer interaction. They vary in forms (e.g., networks,
maps), interaction profiles, and whether they are static or interac-
tive, single chart or dashboard-based, and familiar or unfamiliar to
the viewer. These characteristics define which elements are likely
to require explanation; for example, in network diagrams, viewers
often want to understand what each node represents and what the
links mean [RTC24]. In dashboards, viewers not only need to inter-
pret each chart individually but also understand how a shared data
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entity is represented across multiple views [RTC24]. These char-
acteristics also shape how and where the explanations can be pre-
sented. For instance, in small multiple visualizations, where many
small charts are shown in a grid, screen space is limited and redun-
dancy is high. In such cases, explanations may need to be aggre-
gated into a shared legend, rather than shown as explanatory bub-
bles in each view. Available interaction affordances also shape how
explanations can be triggered. For instance, when a viewer scrolls
quickly up and down a long list without pausing on any item, an
explanation about the list, such as a brief note clarifying what the
list represents or how it is organized, can be triggered.

3.2. Interaction

3.2.1. Triggers

Interaction triggers (e.g. hovering, clicking, or scrolling) spec-
ify how moments of explanation are initiated. These actions signal
which specific part of the display holds the viewer’s attention and
may require explanation. Triggers initiate the explanation process
without an explicit query, offering a lightweight and intuitive way
for the system to determine when, where, and for which element to
provide or remove an explanation.

3.2.2. Target Elements
Visual elements include graphical marks such as bars, nodes,

lines, or regions, which convey meaning through visual channels
like position, color, or shape. Textual elements such as axis labels,
tooltips, or explanatory paragraphs provide linguistic context; they
can be dense, ambiguous, or domain-specific, prompting viewers to
seek clarification. In SEA, the elements that viewers interact with
can become the focus of explanation, with explanatory content em-
bedded directly within them through transformation, reconfigura-
tion, etc.

3.2.3. Context
Context refers to the surrounding structural, visual, or semantic

conditions that influence how an element should be interpreted. For
example, the same visual form (e.g., a rectangle) may represent a
node in a network or a data bar in a chart. Context includes fac-
tors such as density of elements (that affects visual saliency and
available space), as well as the view state, such as zoom level or fil-
tering, each shaping what kind of explanation is most appropriate.
Together, these contextual details allow the system to adapt expla-
nations to the viewer’s visual and analytical circumstances.

3.3. Explanation
3.3.1. Explanation Type

The response type defines the content of the explanation pro-
vided by the system in response to a viewer’s interaction. It is de-
termined based on the type of element selected and its context, and
addresses what the viewer is likely trying to understand. Common
types of explanation content include semantic explanations (e.g.,
what an element represents), structural explanations (e.g., how it
is connected or positioned within the visualization), and encoding-
based explanations (e.g., what a visual variable like size or color
represent). These types differ not only in the kind of information
they convey, but also in the granularity and focus of that informa-
tion. For instance, an explanation may describe a general relation-
ship (“This line connects an author to a book”) or a specific instance

(“Mary Cooper published A New Grammar in 1750”). Distinguish-
ing explanation types allows the system to selectively offer expla-
nations that are most relevant to the viewer’s momentary focus.

Tips can be generated in a variety of ways depending on the visu-
alization context and available data. The data serves as the source
of the explanation content, whether it is statically defined or dy-
namically assembled at runtime. A straightforward approach is to
hardcode specific explanations for known elements. A more flexi-
ble variation uses fixed templates where key phrases or values (e.g.,
names, roles, years) are dynamically filled in from the dataset. Al-
ternatively, tips can be dynamically generated using visualization
metadata; for example, extracting encodings from the underlying
specification (e.g., D3 structures). This process can be formalized
within a rule-based system, where viewer interactions and element
properties are matched against predefined conditions that specify
what type of explanation to show.

3.3.2. Presentation and Location

Response presentation refers to the form, layout, and placement
through which explanations are surfaced in the visualization which
can depend on screen space, interaction type, and context. Typical
forms include tooltips (transient popups near the target element),
side panels (persistent areas for rich detail), inline annotations (la-
bels overlaid on the element), and callouts which use visual cues
like arrows, bounding boxes, or connectors to associate explanatory
content with specific targets. Additionally, the system may employ
highlights, such as changes in color, opacity, or border thickness, to
draw attention to related elements or structures in the visualization.

These constructs are interdependent rather than modular compo-
nents. Interaction provides the initiating moment for explanation,
target elements determine where explanation is anchored, context
shapes how the interaction should be interpreted, and explanation
type and presentation define how meaning is embedded. Together,
they structure how serendipitous explanations emerge.

4. VisTips: A System Instantiating the Paradigm

To explore and instantiate the Serendipitous Explanations Ap-
proach, we developed VisTips, an interactive system that provides
in-situ, on-demand explanations in response to users’ spontaneous
interactions such as hovering and clicking. Rather than guiding
users through a predefined tutorial, VisTips leverages users’ nat-
ural exploratory behavior to surface explanations precisely when
and where they are needed. In building VisTips, we grounded
our implementation in a set of well-documented comprehension
challenges from prior visualization research [LKH∗15, RTC24,
MMF19]. In the following section, we outline these comprehen-
sion challenges and describe how VisTips responds to each through
interaction-triggered explanatory features.

4.1. Comprehension Needs

We identify six core comprehension needs that arise during the pro-
cess of making sense of a visualization. These needs, drawn from
prior empirical studies [RTC24,MMF19,LKH∗15], form the foun-
dation for determining what should be explained in response to user
interactions. With VisTips, our goal was to address these needs:

• CN1: Identifying Visual Marks: Users need to determine what
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each visual mark represents on two levels: (a) its semantic iden-
tity: the data entity it refers to (e.g., a person, title, or publisher),
and (b) its graphical identity: the kind of visual role it plays (e.g.,
a node in a network).

• CN2: Decoding Visual Encodings: Users need to interpret how
data attributes are mapped to visual channels such as color, size,
or position. This includes both standard and novel encodings.

• CN3: Recognizing Semantic Relationships: Users often seek
to understand relationships between entities such as connections
between people, organizations, events, or outcomes. These are
often implicit or visually subtle.

• CN4: Linking Textual and Visual Elements: Users need to
map textual references (labels, tips, annotations) to visual marks
and vice versa. This bi-directional link is critical for interpreting
explanations or narratives.

• CN5: Receiving Support During Freeform Exploration:
Users rarely follow a fixed path. During unguided exploration,
lightweight, contextual feedback is needed to support evolving
sensemaking without disrupting flow.

To examine how SEA could address these needs in practice, we
developed VisTips as a proof-of-concept system. Rather than de-
signing a visualization from scratch, we augmented an existing one.
4.2. WPHP Visualization

We explored VisTips in the context of an existing visualiza-
tion, WPHPVis, initially developed with and for domain experts
[TRL∗24]. Their dataset, Women’s Print History Project (WPHP),
is publicly available [Wom]. We selected WPHPVis because it
incorporates a diverse range of visual channels and mark types
[Mun14] while embedding meaningful semantic relationships be-
tween visual elements. In addition, WPHPVis was vetted by do-
main experts and a user study found that participants appreciated
the design but found it complex to interpret. Using WPHPVis as
a baseline ensures that VisTips is tested with an well-designed
yet cognitively demanding visualization, allowing us to assess Vis-
Tips’ effectiveness in improving comprehensibility. The visualiza-
tion shows a network of 552 people, 1792 titles, and 798 firms,
connected through 2372 person–title links and 3918 title-firm links.
People and firms had different roles, such as author, printer, or pub-
lisher. VisTips augments WPHPVis with interaction-triggered ex-
planations aimed at improving understandability.

4.3. VisTips Features

We designed a set of features in VisTips that instantiate dimensions
of SEA to address the comprehension needs identified earlier. For
each feature, we specify the dimensions we explained in Section 3:

Trigger, Target Element+ Context, Explanation Con-
tent, Presentation and Location. Because the first dimension
is visualization itself, our numbering starts at 2.

F1: Progressive Exploration of Aggregates and Elements: When
users hover over an aggregated visual mark (e.g., a bar rep-
resenting multiple people under the Person column), the visual-
ization transforms in-place by expanding the mark into discrete,
individual components (Figure 2a, yellow squares), revealing its
underlying structure. Each resulting square can then be individually
hovered to surface a tooltip that provides explanations about
the specific entity (e.g., a person) and its relationship (e.g.,

a link to a title). For example, hovering over a person square dis-
plays an explanation such as: “[Author Name] contributed as [role]
to [Title] in [Year].” This layered interaction supports CN1a and
CN1b by disambiguating both what the mark refers to and how it
is visually encoded. It also addresses CN3 by surfacing contextual
relationships between entities.

F2: Annotated Connections Between labels and Visuals: hov-
ering over textual labels such as a column headings triggers

in-situ annotations and highlighting that clarify structural
relationships between visual elements (Figure 2b). This supports
CN3 by making the connections between entities explicit, and CN5
by offering lightweight help during casual probing.

F3: Interactive Legend: Miniature Explanation Environment:
To support visualization viewers who begin their understanding
with the legend, we implemented an interactive legend that con-
sists of a miniature version of the visualization, structured into two
distinct rows: the first row introduces individual visual elements
(e.g., people, titles, firms), while the second row demonstrates pos-
sible interaction behaviors associated with those elements (e.g.,
highlighting, expansion). In line with SEA, explanations are trig-
gered through interaction and are not presented as a fixed instruc-
tional sequence. When users hover over elements in the
legend, the system displays tooltips and lightweight annota-
tions that clarify how to read and interpret the visual representa-
tion. These explanations cover the semantic identity of the ele-
ment (e.g., whether it represents a person or a title) as well as its
graphical encoding (e.g., color). For example, hovering over a line
between a person and a title displays: "This line represents a con-
tribution link; it shows that the person participated in the making
of the title.Color encodes the person’s role, such as publishing or
authoring" (Figure 2c). This supports users in learning how to de-
code both the data meaning and the visual grammar of the system,
without requiring trial-and-error within the main view. This design
supports CN1a, CN1b, CN2 and CN3).

F4: Text-to-Visuals Mapping: To support users in navigating the
often difficult task of connecting textual references (e.g., de-
scriptions, annotations, or labels) to their corresponding visual
elements in a complex visualization, we implemented visual
highlighting. When viewers hover over a word or phrase in the
interface, the system highlights the associated visual marks in the
chart, such as nodes, bars, or links. This establishes an immediate
visual connection between narrative content and graphical repre-
sentation clarifying structural relationships between text and
visuals (Figure 2d). This feature directly addresses CN4 and CN5.

F5: Hoverable Buttons as a Dropdown Alternative: Instead of
relying on a dropdown menu to filter by roles, we present all roles
(e.g., Author, Publisher, Printer) as visible, color-coded buttons.
When viewers hover over a role button, the system high-
lights the corresponding links and nodes in the main visualiza-
tion that are associated with that role (Figure 2e). This interaction
provides an immediate visual response, allowing users to quickly
see how entities such as people and firms are linked to titles
through a given role. Also, the system displays a textual expla-
nation that states: “People and firms had different roles in the pro-
cess of publishing titles.” This combination of visual highlighting
and textual messaging helps viewers understand that color encodes
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(a) Contextual explanations for individual visual elements.

(b) Annotated connections between labels and related elements. (c) Interactive legend with visual grammar and interaction cues.

(d) Highlighting to link textual and visual elements.
(e) Hovering over role buttons instantly highlights related links and pro-
vides a description, facilitating quick understanding of connections.

Figure 2: Six VisTips features implementing SEA. Each subfigure illustrates a different type of interaction-triggered explanation.

the ’role’ attribute, and reflects a specific kind of contribution such
as authoring, printing, publishing (CN2, CN3).

4.4. Implementation Details

Interaction-triggered explanations were defined through explicit
event bindings on visualization elements (e.g., mouseover, mouse-
out, click). For each interactive element type (e.g., aggregated bar,
link, role button), explanation behavior was hard-coded using con-
ditional logic that specified: (1) the trigger event, (2) the expla-
nation such as text template, visual transformation, highlight etc.
VisTips was implemented with D3.js [BOH11].
5. Studying Serendipitous Explanations Through VisTips
We conducted a study to explore VisTips as a proof-of-concept im-
plementation of SEA. Rather than evaluating it against existing tu-
torial or structured onboarding systems, (e.g. step-by-step guides)
our goal was to examine whether leveraging viewers’ natural inter-
actions to trigger lightweight, in-situ explanations improves com-
prehension of an unfamiliar visualization. We therefore compared
two versions of WPHPVis: the original [TRL∗24] which includes
standard affordances such as data tooltips and a static legend and an
enhanced version that extends this baseline by embedding VisTips
features. By comparing these two variants of the same visualiza-
tion, we aimed to gain insights into how the presence of VisTip
features influenced viewers’ learning strategies and sensemaking
processes. We used a between-participants design, with random

assignment to avoid learning [LFH17] and order effects, such as
practice effects and boredom [Fie13]. The study consisted of two
phases. First, participants were asked to explore the visualization
freely until they felt they had gained an understanding of it, with-
out any tutorial. This phase allowed us to observe how leveraging
serendipitous interaction contributed to their sensemaking process.
Next, participants completed a series of tasks designed to assess
their understanding and experience. We measured task completion
time and collected subjective ratings.
5.1. Participants
We recruited 24 participants through fliers and word of mouth,
from diverse academic and professional backgrounds. Participants
ranged between 18 and 64 years old, with the majority (14/24) in
the 25-34 range. 13 identified as female, 10 as male, and 1 preferred
not to disclose. To capture a broad spectrum of perspectives, our
participants consisted of 16 students (grad and ugrad), and 8 pro-
fessionals from various disciplines, including Computing Science
(6), Architecture (2), Psychology (1), Criminology (1), Business
(1), Chemistry (1), and Statistics (1), among others.

Participants had varying levels of experience with data visualiza-
tion. 11 participants reported encountering visualizations in media
but had never formally studied them, 6 participants actively fol-
lowed visualization-related topics but lacked hands-on experience.
Three participants had been creating visualizations for at least a
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year, while 4 participants had no prior visualization knowledge.
None of the participants had seen or used WPHPVis before. This
diverse participant pool allowed us to explore insights into VisTips’
effectiveness across varying expertise levels.
5.2. Tasks
Participants completed six tasks arranged in order of increasing
complexity. We used a fixed task order for all participants—starting
with simpler tasks and gradually introducing more complex ones
to ensure that participants first developed an understanding of the
visualization before engaging with more cognitively demanding
tasks. By maintaining a structured progression of tasks from easy to
complex, we aimed to mitigate varying learning effects and to have
more reliable comparisons. It also allowed us to assess how VisTips
supports sensemaking across a range of task demands, from lookup
to complex analytical reasoning. The tasks were:
Easy: Two tasks required participants to extract information from
a single visual element, needing only one interaction to complete.
Intermediate: Two tasks required participants to interpret multiple
visual encodings to understand different aspects of the data.
Complex: This task required participants to synthesize information
from multiple data attributes, recognizing how they were intercon-
nected within the given context.
Trend-Identification: This task asked participants to recognize
patterns or trends by analyzing multiple relationships.
5.3. Procedure
After a demographic questionnaire, the experimenter explained the
process of the study. The eye-tracker was then calibrated to accu-
rately track eyegaze. Participants began the sensemaking process
without any tutorial. No separate familiarization phase was pro-
vided; participants’ initial free exploration served as their only ex-
posure to the visualization prior to the tasks. They were instructed
to interact with the visualization naturally, and were informed that
the visualization was interactive. They were encouraged to think
aloud as they attempted to understand the visualization.

Once participants indicated that they fully understood the visu-
alization, they proceeded to the tasks (Section 5.2). There was no
time limit. Interaction logs, gaze data, task completion times, and
subjective ratings were recorded. Additionally, the entire session
was audio-video recorded to capture verbal responses and interac-
tion behaviors. After completing the tasks, participants were given
a Likert-scale questionnaire to assess their perceptions of the visu-
alization, ease of use, and overall experience.

For participants in the VisTips condition, an additional semi-
structured interview focused on their experiences with VisTips,
specific interaction behaviors, comprehension strategies, and us-
ability concerns was conducted. Participants also completed an ad-
ditional set of Likert-scale questions for each VisTips feature, eval-
uating their usefulness in supporting sensemaking.

The study concluded with a debriefing and exit interview session
where participants were shown the version they had not seen and
invited to provide additional feedback or ask questions about the
study. All sessions lasted approximately 45 minutes, and partici-
pants were appreciated with a $25 gift card for their time.
5.4. Data analysis
We analyzed the data using a combination of statistical tests and
an inductive analysis [CS90]. Qualitative data was derived from

Figure 3: Participants’ ratings on usefulness of VisTips features.

Figure 4: Breakdown of results by task and condition. Colored
dots represent task completion times, with black dots indicating the
mean values and bars representing 95% CIs.

video recordings that included eye-tracking data, verbalizations, in-
terviews, and log interaction data. Following the guidelines of in-
ductive analysis [VG22], the primary researcher performed an open
coding pass on the data. Through discussions with other two mem-
bers of our research team, we identified recurring themes around
how participants made use of VisTips, teasing apart exploratory
behavior in sensemaking, and potential areas of improvement and
alternatives in leveraging this behavior. Task completion times and
participants’ subjective ratings on usability, engagement, and per-
ceived comprehension were analyzed using the Mann-Whitney U
test, as both task time distributions and ordinal ratings did not meet
the assumptions of normality or equal intervals [BS99].

6. Findings
Findings are presented as qualitative themes that characterize how
spontaneous interaction unfolds and how interaction-triggered ex-
planations shape sensemaking. Such an interpretive, exploratory
stance is particularly appropriate for investigating emergent inter-
action phenomena aimed at advancing design concepts [MM25].
Our findings support the central premise of SEA: that viewers natu-
rally engage in spontaneous, unstructured interaction when encoun-
tering unfamiliar visualizations, and that these moments can be
leveraged to deliver lightweight, in-situ explanations. Participants
reported highly positive experiences with VisTips, which instanti-
ated the Serendipitous Explanations approach through interaction-
triggered explanations. In the sections that follow, we first describe
participants’ overall impressions and quantitative outcomes using
VisTips. We then examine which VisTips features were perceived
as most effective, before turning to a deeper analysis of how SEA
reshaped sensemaking and exploration, and how future systems
might better support or extend this interaction-driven approach.

All 12 participants in the VisTips condition were strongly pos-
itive about their experience. During the post-task semi-structured
interviews, participants highlighted how VisTips accelerated their
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understanding by providing on-demand explanations and easy in-
teractions. For instance, P17 said, “It is surprising that when you
hover on anything, it explains, makes things quick to understand”.
VisTips was easy to use according to P3 who said “It is much easier
to interact with than the traditional ones [‘ones’ refers to visualiza-
tions they had seen before]”.

We asked VisTips participants to evaluate each VisTips feature
and share opinions on their helpfulness. They completed Likert
scale questions assessing whether each specific feature aided their
understanding of the visualization. As shown in Figure 3, partici-
pants found most features helpful in enhancing their understanding
of the visualization. Participants reported the highest level of agree-
ment for the Progressive Exploration (F1) feature, indicating that it
was perceived as the most helpful; After interacting with the bar, P1
said, “oh, it breaks apart, cool, I can interact with each discrete
data.[...] It is like a drawer opening up to reveal what is inside”.
The Hoverable Buttons (F5) were used the most and were help-
ful in the sensemaking process. P6 said, “It’s nice to have these. I
feel like we’ve been trained to drop-down lists, but I did like it, it
saves so much time. And I like the description that was given.” Two
features, Interactive Legend (F3) and the Annotated Connections
Between Text and Visuals such as labels at the top (F2), also re-
ceived positive feedback from those who used them; however, 4/12
participants did not use them. In interviews, these participants men-
tioned that they did not expect these elements to be interactive and
suggested adding visual cues to encourage viewers to engage with
them. In the exit interview, when original WPHPVis participants
saw the VisTips version, we received strong positive comments,
such as: “This has exactly what I wanted”(P5), “It is a lot more
clearer and more comprehensive ”(P19), indicating that VisTips
offers advantages and additional clarity. This suggests that bene-
fits perceived by participants stem from embedding explanations
directly within the visual representation and interaction flow.

VisTips yielded faster completion times than the original condi-
tion in 5/6 tasks, although only Q3 and Q6 reached statistical sig-
nificance under a Mann-Whitney U test. In Q1, VisTips was faster
by an average of 23.4 s, but the difference was not significant (95%
CI: [–55.7 s, 8.9 s]; p = 0.132). Q2 showed a 7.4 s difference (95%
CI: [–18.0 s, 3.2 s]; p = 0.099). Q3 was notably quicker with Vis-
Tips, by 47.0 s (95% CI: [–78.2 s, –15.8 s]; p = 0.003). For Q4,
the difference was 16.3 s, not significant (95% CI: [–34.2 s, 1.6 s];
p = 0.072). Finally, Q5 showed no difference (95% CI: [–44.8 s,
21.2 s]; p = 0.224), and Q6 had a significant 36.3s faster comple-
tion time with VisTips (95% CI: [–62.4 s, –10.2 s]; p = 0.032).
6.1. Questionnaires
Participants rated VisTips better than the original visualization on
all six 5-point statements (with lower scores indicating more favor-
able responses). Ranked from largest to smallest differences (origi-
nal minus VisTips), “The visualization supported the tasks effec-
tively” (Q3) was rated 1.78 points higher by participants in the
original condition (95% CI: [1.12, 2.44], p < 0.001), followed by
“It was easy for me to use” (Q1) with a difference of 1.47 points
(95% CI: [0.80, 2.14], p = 0.002), “I would reuse this visualiza-
tion design if I had similar data” (Q6) with a difference of 1.22
points (95% CI: [0.55, 1.89], p = 0.005), “I enjoyed using the vi-
sualization” (Q4) with a difference of 1.17 points (95% CI: [0.51,
1.83], p = 0.007), “The information presented in the visualization

was clear” (Q2) with a difference of 1.03 points (95% CI: [0.40,
1.66], p = 0.015), and “I am confident in the correctness of an-
swers I provided” (Q5) with a difference of 0.74 points (95% CI:
[0.12, 1.36], p = 0.042). These findings indicate that VisTips was
generally rated more favorably, as evidenced by consistently lower
scores relative to the original interface. For completeness, a figure
comparing participants’ ratings across conditions is included in the
Supplementary Material.
6.2. Insights into Viewers’ Spontaneous Interaction
Spontaneous Interaction as a Stable Sensemaking Strategy: All
participants, across both conditions, engaged in spontaneous, un-
structured interactions, such as hovering and clicking, particularly
during their initial encounters with the visualization, supporting be-
havioral foundations of our proposed approach. P23 who used the
original version said, “I’m just looking through the options to get a
better idea [...]. So, I’m just clicking this up to see what will show
up.” Similarly, P20, who used VisTips, said, I’m playing around
to see what each line represents. Importantly, participants contin-
ued to engage in spontaneous interaction across all phases of the
sensemaking process, from initial orientation to task completion.
Reshaping Sensemaking: VisTips, as a responsive interface,
prompted more interaction as expected [Bea07]. As participants
discovered that many elements were interactive, they began ac-
tively testing more of them to see what would respond. “I think
after realizing almost everything is interactive, I started hovering
more on things just to see like, if I can hover another one and like
where it takes me.” (P13) This also meant a shift in how viewers
approached sensemaking, as they used each immediate response to
construct and refine their understanding of the visualization. Com-
pared to less interactive visualizations, this behavior reflects a more
dynamic and feedback-oriented process of understanding.
Facilitating Insight: VisTips facilitated insights as participants
were decoding the visualization. In contrast, the original version
did not facilitate insight or discovery as effectively: either partici-
pants did not mention insights or discovery about the data or it took
a longer time in comparison VisTips.

Figure 5: Interaction timelines for two VisTips participants, show-
ing the sequence and duration of their interactions. It shows differ-
ent paths of sensemaking and how viewers first trying out different
elements followed by deep exploration of them.
Temporal Phases of Spontaneous Interaction: In both condi-
tions, participants began sensemaking by randomly hovering over
(or clicking in Original Version) various visualization elements.
The first phase of spontaneous interaction was characterized by
quick and scattered movements, where participants tested differ-
ent elements to see which ones responded. In the VisTips condi-
tion, participants’ engagement was not limited to detecting inter-
activity alone; they also closely observed the changes triggered by
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VisTips, such as the appearance of tooltips, highlights, and filter-
ing effects. After this initial round of exploration, participants re-
turned to a subset of elements, this time engaging with them more
intentionally. In this second phase, they spent more time on spe-
cific elements, carefully inspecting the explanations provided and
analyzing how interactions influenced the visualization. These two
phases are illustrated in Figure 5, which shows the timelines of in-
teractions for two VisTips participants. This behavior suggests that
spontaneous interaction is a layered process: first, viewers probe the
interface to gather initial information for understanding how the vi-
sualization works and what it represents, and then they refine their
comprehension through more deliberate interactions with elements
they find relevant or informative.
Sensemaking Paths: Despite the consistency in its occurrence,
among all 24 participants, the form that spontaneous interaction
took varied in how they moved their cursors, which elements they
hovered over or clicked, how long they explored certain features,
and in what order they interacted with elements. We observed dis-
tinct interaction patterns with no exact repetition, underscoring the
inherently personal nature of this behavior (Figure 5). This vari-
ability aligns with prior studies which similarly report no fixed
global sequence of analytic processes. For example, Isenberg et
al. [ITC08] observed substantial temporal variation across partic-
ipants in studying collaborative visual analysis. Our observations
indicate that the sequence in which elements are explored can in-
fluence both comprehension and overall experience. P6, who ini-
tially interacted with the person bars, later noted upon seeing the
title bars and their connections, “If I started with the Titles first, I
would understand it sooner.” This insight suggests that the initial
choice of interaction points can set the stage for how effectively
users decode the visualization.
Support for Verifying Assumptions: Participants often used Vis-
Tips to confirm their initial assumptions, echoing prior findings
that viewers seek to validate their interpretations [LKH∗15,RTC24,
MMF19]. P6, for example, initially attempted to connect people,
titles, and firms before realizing that the relationships were struc-
tured differently and said:“I think previously I was trying to connect
the person and the title and then the firms that they have published.
But firm is related to title individually, and the person is also related
to title individually.” Similarly, P13 adjusted their understanding
through repeated interaction, saying: “Oh, so these are women. Oh,
I got it now. So these are women that are authors. These are women
that are publishers.” In both cases, participants initially formed
mental models based on their observations and then verified them
by re-engaging with the interactive explanations. This was also ob-
served in the original version of the visualization; however, without
VisTips, participants lacked an immediate way to confirm their in-
terpretations. When participants of the original version were shown
the VisTips version in the exit interview, they tried to verify their
guesses. For example, P19, after interacting with the interactive leg-
end part said, “oh, so length of each bar does show quantity. This
is really helpful because in the previous one [the original Version]
It wasn’t really clear why they made different lengths.”
6.3. Insights into Design
Direction of Element Expansion: Progressive exploration of ag-
gregated elements (F1) stood out as the most helpful feature of
VisTips. In this visualization, each blue bar represents an aggrega-
tion of multiple entities, with the bar’s length corresponding to the

number of entities. When a user hovers over a blue bar in ’person’
column, it expands to reveal individual squares, each represnts a
person. Moreover, each square further expands vertically to display
lines that indicate the connections between that person and the ti-
tles to which they contributed (Figure 2a). All VisTips participants
recognized the correct interpretation as soon as they saw the hor-
izontal expansion while 3 participants misinterpreted the vertical
expansion and assumed that the arrangement, which spans multiple
years, indicated that the person was actively publishing throughout
that period. In fact the vertical expansion was unrelated to the time
scale. For instance, P3, said: “I think this [the expanded square]
is the timespan this author was active, or the time it took to write
something because it is covering to these years”.
Layers of Explanation: For explanatory bubbles provided as part
of F1, some participants expressed a desire for additional layers of
explanation within the visualization. In particular, they indicated
that hovering over the explanatory bubbles, and even over indi-
vidual words within these bubble (e.g Figure 2a)s, could trigger
the highlighting of related visual elements or display further details
about the specific term. This behavior suggests that users may re-
quire more granular explanatory support to effectively decode the
visualization. Moreover, several participants clicked on links ex-
pecting the interface to update and reveal more information about
the corresponding author or title.
Tutorial or VisTips? The intention behind VisTips was to give
viewers the freedom to start with any element and receive expla-
nations as needed. This approach successfully provided flexibility
for viewers to build their own sensemaking path by allowing them
to interact with elements in any order (shown in Figure 5). Most
participants appreciated the explanations being available on inter-
action, as it allowed them to access information only when they
wanted or needed it. For instance, P13 said: “I think it’s great that
each line, when you’re hovering over them, at least you get some
information right then and there.” However, two participants sug-
gested that incorporating more structured guidance could further
enhance the experience. For example, P7 said, “I was a little bit
confused when I first entered this interface because I didn’t know
where should I start.” Also, P3, P7 and p17 asked for visual cues
to show the things that would provide explanation on hover. These
observations raise this research question: how can a visualization
system balance on-demand explanations with lightweight guidance
mechanisms that provide direction?
Differences in Responses to Overlaid Visual Changes: Partici-
pants exhibited varied responses to the visual changes triggered by
VisTips, highlighting differences in how users noticed and reacted
to the overlaid visual and textual feedback. Eye-tracking data re-
vealed that while 10 VisTips participants immediately noticed high-
lights and tooltips appearing on hover, two participants either over-
looked them or took time to become aware of them. This delay sug-
gests that subtle visual cues may not always be sufficient, and view-
ers may require additional reinforcement to recognize the provided
explanations. One participant even misinterpreted explanations on
the links as an error message, as certain words were highlighted in
red (shown in Figure 2a). P8 said: “I thought that is an error, so I
ignored it!” These findings indicate that while immediate feedback
supports sensemaking for many users, its effectiveness varies based
on individual attention patterns, expectations, and prior experiences
with interactive visualizations. This raises a research question: how
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can visual and textual feedback be designed to accommodate di-
verse attention styles and avoid misinterpretation?
7. Discussion
We introduced an interaction paradigm, SEA, as a complemen-
tary approach to existing onboarding strategies, such as tutorials.
Its novelty lies in empowering viewers to build their own learning
paths by treating spontaneous interactions as moments to deliver
lightweight, transient explanations through visual and interaction
mechanisms (e.g. visual transformation.)

The constructs we introduced to describe SEA outline an initial
design space, but they do not exhaust its possibilities. Future work
could explore a broader range of triggers including gaze, scroll, or
touch as well as alternative explanation modalities such as anima-
tion or audio. Additional dimensions may also be worth exploring;
for example, incorporating viewer intent, or what a viewer seeks to
accomplish through specific interactions. Exploration into using the
approach with different data (e.g. spatial data) or on different de-
vices (e.g., mobile, AR/VR) may further expand the design space.
As such, SEA is not a fixed template, but rather a flexible design
lens that invites further experimentation across contexts. Having
said that, our findings reveal design considerations that should be
taken into account when applying SEA in practice.
Designing for unstructured exploration with awareness of vi-
sual flow. We deliberately avoided directing viewers’ attention
with eye-catching elements. Instead, we designed the visualization
to maintain a balanced aesthetic, allowing users to naturally work
with visualization elements. This decision reflects our intention to
empower users to build their own paths of understanding. How-
ever, it is important to recognize that natural tendencies often shape
how interactions unfold. For example, viewers from Western coun-
tries often naturally start exploring from left to right and top to bot-
tom [SH05]. Therefore, being mindful of these natural tendencies
is crucial to ensure that the order in which elements are interacted
with has minimal impact on the sensemaking process.
Explanation design can be nuanced and complex. These find-
ings highlight the importance of carefully designing not only what
explanations are shown, but when and how they are revealed, as
they might add incorrect information or confuse viewers. For ex-
ample, in VisTips, the order in which cumulative elements are ex-
panded may influence interpretations (Direction of element Expan-
sion). This raises design questions about how to align dynamic ex-
planations, especially visual transformation, with expectations to
minimize potential misinterpretations. Additionally, our observa-
tions about viewers wanting explanations (Layers of Explanation)
on the explanations, align with the “overview first, zoom and filter,
details on demand” principle [Shn03], suggesting an opportunity
to incorporate multi-layered explanations that unfold progressively.
Such interactions could support both early exploration and deeper
sensemaking as viewers gain familiarity with the data. Future re-
search could examine how the sequencing and layering of explana-
tions influence comprehension, to what extent these choices shape
the paths users take through complex visualizations, and whether
personalization of the explanation responses is helpful.

7.1. Transferability of the Paradigm: Lessons Learnt
While our implementation of SEA through VisTips was specific to
a complex network visualization (WPHPVis), we believe the con-
ceptual design principles behind Serendipitous Explanations offer

a flexible lens for thinking about interaction-driven comprehen-
sion across diverse visualization contexts. In particular, visualiza-
tions that present unfamiliar encodings, or that have steep learning
curves can benefit from treating spontaneous viewer interactions as
entry points for embedded explanation.

For SEA to be applicable, the visualization must expose mean-
ingful opportunities for interaction without conflicting with exist-
ing controls. SEA could be implemented as a layer in visualization
authoring environments (e.g. Observable, D3.js), where interaction
events are already captured and can be repurposed to trigger in-
tegrated in-situ explanations. In contrast, more dynamic features,
particularly transforming cumulative elements to reveal individual
components, present notable challenges. Yet despite their complex-
ity, these transformations proved to be the most effective feature of
VisTips (Figure 3), offering immediate and intuitive comprehen-
sion by visually externalizing the structure behind the encoding.

Since the paradigm relies on spontaneous behaviors like hover-
ing and clicking as explanation triggers, these interactions must be
available and not already occupied by core visualization function-
ality (e.g., tooltips used for data values, clicks used for filtering).
Furthermore, prior studies [BM19,IH00,GGW13] have shown that
users naturally experiment with interactions such as scrolling, pan-
ning, and zooming, when exploring complex visual representations,
suggesting that it might be valuable for VisTips to support these
behaviors as well. However, this poses a new design challenge, as
interactions such as zooming or panning may conflict with hover-
triggered or click-based explanations. For example, zooming into
an element to examine its finer details might also trigger a hover ex-
planation, creating a conflict between navigation and explanation.
Addressing these challenges requires developing context-aware in-
teraction strategies that can seamlessly integrate explanatory feed-
back without interfering with primary analytic tasks.
7.2. Limitations
VisTips, as an instance of the proposed approach, contains many
variations of serendipitous explanations, but by no means exhausts
the possibilities. While the success of our initial version of VisTips
is promising, we recognize that other instances can be designed to
suit different visualizations, situations and needs. Also, our study
only included 24 participants (16 students). While this sample size
may limit the statistical power, it was sufficient to observe qualita-
tive themes and patterns and to reach thematic saturation.
8. Conclusions
To complement existing structured onboarding approaches, we in-
troduced the Serendipitous Explanations Approach (SEA), which
frames spontaneous viewer interactions, such as hovering on el-
ements, as opportunities to deliver explanations within visualiza-
tions. Through VisTips, an instantiation of SEA, we advanced
understanding of spontaneous interaction, and demonstrated how
SEA supports and influences visualization sensemaking. Visual ex-
planations such as transformations or highlights, were especially
effective in facilitating comprehension. We invite the visualization
community to help expand this approach by exploring new triggers,
explanation techniques, and interaction modalities, to collectively
build a rich design space for Serendipitous Explanations.
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