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Figure 1: The three tabs and three exploration interactions in Swipytics. Left – Charts Tab: a short-form-video-inspired carousel
where swiping up ((1)) moves from the current chart (A) to a recommendation based on history and preferences; liking by double-
tap or heart button ((2), ) steers related recommendations; the History Indicator (B) shows prior states ( ) and liked charts ( ).
Middle – Search Tab: users query charts by tapping attribute tags ((3), C), view matching charts (D), and add them to the Charts
Tab. Right – Likes Tab: users revisit liked charts (E).

ABSTRACT

We present Swipytics, a mobile interface designed to lower the on-
boarding barrier to exploratory data analysis (EDA) by leveraging
the metaphor of short-form video streams. While EDA tools are
increasingly accessible to a broad and diverse audience, they of-
ten require users to first learn the interface through verbal instruc-
tions or lengthy video tutorials, leaving an onboarding barrier. To
lower this barrier, we leverage the metaphor of short-form video
streams, offering minimal and familiar user interactions for EDA,
such as swipe gestures for exploring new visualizations, with visu-
alizations recommended one at a time in a linear, user-controlled
sequence. Our user study demonstrates that participants quickly
achieved high levels of proficiency and confidence in EDA after a
short self-learning period (approximately 100 seconds on average).

Index Terms: Visualization, Exploratory Data Analysis

1 INTRODUCTION

Exploratory data analysis (EDA) is a fundamental step in data sci-
ence workflows, where users iteratively manipulate and visualize
data to uncover insights [16]. This iterative process requires the
user to construct and interpret a sequence of meaningful visualiza-
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tions, which can be complex and time-consuming, especially for
novices [5] and non-programmers [13]. The visualization commu-
nity has explored remedies to lower this cost, such as providing
more familiar interactions like post-WIMP interactions [9, 11], or
alleviating manual configuration through visualization recommen-
dations [8,27,28,32]. While these techniques have proven effective,
they still demand that users first learn to operate the interface, typ-
ically through guided tutorials, interactive tours, or verbal instruc-
tions lasting tens of minutes in practice [4,9,27,28,32]. We refer to
this initial training requirement as the onboarding barrier.

Aiming to lower the onboarding barrier, we present Swipytics,
a mobile interface that leverages the metaphor of short-form video
platforms (e.g., TikTok, YouTube Shorts, and Instagram Reels)—
among today’s most prevalent media consumption platforms. Our
goal is not to maximize expressive power, but rather to ensure that
novices can begin exploring data immediately, shifting their cogni-
tive effort from learning the interface to interpreting visualizations.
Swipytics employs a carousel of visualizations, analogous to the
carousel of short-form videos, that users scroll through with sim-
ple swiping, with new visualizations recommended based on explo-
ration history. In designing Swipytics, we formulated three design
rationales grounded in prior research on novices’ barriers, resulting
in an interface that offers minimal, familiar interactions with visual-
izations delivered at a controlled and linear pace. A user study with
14 participants showed that participants acquired high proficiency
and confidence after a self-learning period of under two minutes on
average, without any tutorial videos or verbal instruction.

2 RELATED WORK

Prior research has identified barriers to the initial use of visualiza-
tion systems and proposed remedies, including post-WIMP inter-
actions and recommendations. Building on these efforts, our work



combines both in a familiar metaphor-based interface to mitigate
the onboarding barrier [22].

Barriers in Visualization Systems. Despite the potential of visu-
alization, steep learning curves and interaction barriers persist for
novices [5, 12–14, 29]. Lam [13] identified seven interaction costs
classified into three critical “gulfs”: the gulf of execution (difficulty
translating intentions into actions), the gulf of evaluation (difficulty
assessing system state), and the gulf of goal formation (difficulty
deciding on analysis goals). Subsequent research [5] elaborated on
specific hurdles like data selection and visual mapping. To mitigate
these, researchers explored literacy assessment [18], post-WIMP
interactions [9, 11], and visualization recommendation [8, 27]. Re-
cent work highlights that overcoming these hurdles requires effec-
tive visualization onboarding to fill users’ knowledge gaps [22].
These studies informed our design (Sec. 3.1), aiming to alleviate
the three gulfs [13] through gesture-based interactions and recom-
mendations. In the context of Lam’s framework [13], the onboard-
ing barrier we aim to address encompasses all three gulfs. Novices
not only struggle to translate their analytical intentions into sys-
tem operations (execution), but also face difficulties in formulating
meaningful questions (goal formation) and interpreting unfamiliar
visual outputs (evaluation) when using a new system without effec-
tive onboarding mechanisms.

Post-WIMP Interactions for Visualization. Visualization systems
increasingly employ post-WIMP interactions like pen, touch [9],
gestures, and speech [11] to alleviate the gulf of execution [13].
Mobile visualization further motivates such designs: small screens
and touch input constrain view coordination, control density, and
precise manipulation, making desktop EDA interfaces hard to trans-
fer to mobile [19, 21]. However, these advanced interactions of-
ten require a learning curve. For example, users can be confused
by numerous touch gestures or forget specific speech commands,
reverting to explicit modalities like touch [11]. These difficulties
stem from the low discoverability of implicit post-WIMP interac-
tions [9]. We address this discoverability issue while preserving ef-
fectiveness by exploiting the familiar metaphor of short-form video
streams, leveraging users’ existing mental models.

Visualization Recommendation. Visualization recommendation
alleviates the gulf of execution by suggesting visual encodings
or meaningful data subsets. Several systems automate visual en-
coding selection [8, 28]. For instance, Voyager [28] uses heuris-
tics, Draco [31] formalizes design knowledge as constraints,
and VizML [8] leverages deep learning. Other systems focus
on identifying noteworthy insights, using deviation-based metrics
(SeeDB [23]). In EDA, systems recommend subsequent visual-
izations based on the current view (e.g., Voyager [27, 28], Chart-
Seer [32]). Prior EDA research shows that revisiting analysis his-
tory helps refine exploration goals and analytic trajectories [1,6,26].
However, reviewing multiple recommendations simultaneously can
increase cognitive load, and these systems often demand lengthy
video tutorials or verbal guidance, hindering onboarding. We use a
familiar metaphor to lower early exploration cost and support goal
formation through history-aware recommendations.

3 THE SWIPYTICS INTERFACE

3.1 Design Rationale

We clarify how Lam’s three gulfs [13] inspired our design rationales
for lowering early interaction costs. We describe how each rationale
addresses the training requirement novices face when learning to
use a visualization system, i.e., what we collectively refer to as the
onboarding barrier, drawing on barriers identified in prior work [5,
7, 12, 29].

DR1. Use minimal and familiar interactions. Swipytics targets
users with minimal prior knowledge of visualization design (e.g.,

marks, channels, and mappings) [7] and EDA. Providing numer-
ous interaction options to users often makes them feel lost or over-
whelmed among the many available choices. To address this, we
employ a small set of interactions inspired by familiar short-form
video interfaces, such as swipe gestures, to minimize the gulf of
execution [13,17] for the user engaging in EDA. These minimal in-
teractions enable the user to focus on EDA rather than struggling
with the construction of visualizations, a major barrier identified in
previous studies [5, 7, 12, 29].

DR2. Show simple visualizations at a controllable pace. Existing
EDA systems typically present multiple coordinated views either
as lists or dashboards [28, 32]. However, this can increase cogni-
tive load and potentially overwhelm the user [12, 25]. To address
this, rather than presenting complex multivariate charts or multiple
views at once, Swipytics surfaces one simple visualization at a time,
i.e., univariate, bivariate, or at most trivariate, each time the user
swipes. This linear, slideshow-like pacing [20] lets users inspect
charts sequentially with reduced visual overload, while exploration
history contextualizes the current state [13, 17].

DR3. Make the exploration sequence linear. While expert ana-
lysts typically navigate through complex exploration graphs or trees
[27,28], novices often struggle to design and determine their explo-
ration paths independently [13, 29]. To alleviate this, we choose to
keep the exploration path linear, i.e., the user navigates through vi-
sualizations in a sequence. Inspired by how experts construct and
explore analysis graphs [1, 26], we make Swipytics automatically
compute relationships with prior analysis history to recommend
a linear exploration path. Motivated by the gulf of goal forma-
tion [13], this design reduces the burden of choosing an initial path,
while history-aware recommendations cue emerging goals during
exploration.

3.2 Views and Interactions
To reduce the initial learning friction, we leverage widely used in-
teractions and interfaces from short-form video platforms (DR1),
such as swipe gestures (vertical navigation), double-tap (like), hash-
tags, and content recommendation (Fig. 1). We treat each visualiza-
tion as analogous to a short-form video, and the data attributes of
a visualization as hashtags; built around this metaphor, the Swipyt-
ics user interface consists of three tabs (Fig. 1), Charts Tab, Search
Tab, and Likes Tab, which can be navigated using the tab bar at the
bottom of the interface.

Charts Tab. The Charts Tab shows one recommended chart at a
time (Fig. 1A), similar to short-form video interfaces and narrative
slideshows [20]. The user can swipe up the chart to see the next
chart recommended by the system or swipe down to see the previ-
ous chart (Fig. 1(1), DR1). To help the user navigate the carousel of
charts, Swipytics provides a compact indicator on the left edge of
the screen, the History Indicator (Fig. 1B). Each chart is represented
with a circle, where the enlarged circle indicates the currently dis-
played chart (DR3).

Consistent with most short-form video interfaces, the user can
express their preference for a certain chart (i.e., the “Like” inter-
action) by either double-tapping a chart (Fig. 1(2)) or tapping the
heart button (Fig. 1 ). The red circles in the History Indicator cor-
respond to the liked charts. This interaction steers the recommen-
dation engine to recommend charts related to the liked charts. Note
that Swipytics does not precompute the carousel of charts; once
the user arrives at the end of the carousel, only the next chart is
computed on the fly. The collection of liked charts can be quickly
browsed in the Likes Tab (Fig. 1, Right).

Search Tab. The Charts Tab carousel may not suffice for targeted
EDA tasks, such as inspecting a chart with attributes of interest [1].
To address this, we design the Search Tab where the user can
choose data attributes of interest and see the charts that include



the attributes. Previous studies employed shelf-configuration inter-
faces [27,28] for the targeted tasks. However, using such interfaces
can be challenging for the user who lacks a prior understanding
of visualization encoding (i.e., visual mapping barrier [5]). More-
over, shelf-configuration interfaces use drag-and-drop interactions,
which are difficult to perform on touch devices [9].

Instead, we draw inspiration from hashtag-based search interac-
tion in short-form video platforms, treating data attributes associ-
ated with a chart as the chart’s tags (Fig. 1C). Instead of manu-
ally specifying visual mappings between data attributes and visual
channels, the user can tap the data attributes (i.e., tags) they want
to visualize in the Search Tab (Fig. 1(3)). The matched charts are
shown in the list (Fig. 1D), and the user can tap a chart of interest
to add it to the end of the carousel in the Charts Tab.

Likes Tab. The Likes Tab enables the user to see their liked charts.
Charts are displayed with simplified thumbnails (Fig. 1E) that omit
several visual elements (e.g., grid, axis, title, and legend) to enhance
recall of previously liked charts [6]. The user can quickly revisit
past charts in the Charts Tab by tapping a thumbnail (DR3).

3.3 Implementation Details

In this section, we describe the implementation details of Swipyt-
ics’s heuristic-based recommendation algorithm, which emphasizes
simplicity. Our algorithm operates in two steps: 1) Attribute Selec-
tion, which scores possible analysis states (i.e., sets of attributes
to be displayed) [1, 27, 28], and 2) Visual Mapping, which selects
a high-scoring state and maps it to an appropriate visualization.
Further details on each step can be found in Appendix A and B.
A live demo and the open-source implementation are available at
https://github.com/jiwnchoi/Swipytics.

Attribute Selection. This step evaluates analysis states using a
scoring function based on exploration history. Each state is a set of a
maximum of three attributes (DR2) with three types: numeric, cat-
egorical, or temporal. We exclude categorical attributes with cardi-
nality above ten to prevent visual clutter on small screens. The scor-
ing function combines four weighted components. 1) Relevance
maintains exploration continuity, scoring higher for states sharing
attributes with recent charts. 2) Preference aligns with user inter-
ests, assigning higher scores to states containing attributes from
visualizations marked “Like” (Fig. 1 ). 3) Simplicity prioritizes
simple analysis states (i.e., univariate), mitigating complexity dur-
ing initial exploration and aligning with natural exploration pat-
terns [1]. 4) Freshness balances novelty and revisitation, assigning
the highest scores to unencountered states while gradually increas-
ing scores for shown states.

Visualization Mapping. After selecting the highest-scoring state,
the algorithm maps it to a suitable visualization. This mapping uses
chart templates indexed by the types of selected attributes. For ex-
ample, a combination of one temporal and one numeric attribute
yields a line chart, while two numeric attributes make a scatterplot.
Inspired by previous studies [8, 27, 31], we constructed these tem-
plates with Draco 2 [31] using example datasets [24] and stored
them in a hashmap. Using templates instead of invoking the recom-
mendation engine at interaction time reduced latency and removed
noticeable delays.

4 USER STUDY

We conducted an observational user study evaluating the effective-
ness of our system in lowering the onboarding barrier, focusing
on self-learning experiences and exploration patterns. We chose
a qualitative approach over quantitative baseline comparisons be-
cause comparable mobile-first EDA systems are lacking and exist-
ing desktop tools assume prior visualization knowledge. This let us
investigate how users adopt Swipytics’s metaphor-based design.

4.1 Participants and Setup
We recruited 14 university students (eight females, six males; ages
19–30) from diverse backgrounds. Following prior work [30], we
selected participants without formal training or experience in visual
analysis tools (e.g., Tableau). Participants used their own smart-
phones (11 unique iOS/Android devices) in the 45-minute on-site
study and received ∼$21 USD. Sungkyunkwan University IRB ap-
proved the study (No. 2024-11-025).

4.2 Study Protocol
Introduction (10 min). Participants completed a demographic
questionnaire, consented, and took the Mini-VLAT test [18] to en-
sure minimal visualization literacy. All scored above our 2.9 screen-
ing threshold (µ = 8.71, σ = 2.11, Min = 5.00). We then installed
Swipytics on their smartphones.

Self-learning Phase (up to 5 min). Participants freely explored the
Cars dataset [24] in the system for up to five minutes. We inten-
tionally used a lightweight tutorial sheet (Appendix C), similar to
common first-use mobile overlays [10], rather than verbal instruc-
tion or lengthy training [9,27,28,30], to study whether the interface
could be appropriated under minimal and unsupported onboarding
conditions. They could stop early when ready, then rated their per-
ceived proficiency and confidence on a 5-point Likert scale.

Exploration Phase (15 min). Following Voyager’s design [28],
participants were asked to “comprehensively explore the data”
without specific tasks to avoid bias. We used the Movies
dataset [24] (8 quantitative, 2 categorical, 1 temporal attribute).
Dataset questions were allowed, but questions about using Swipyt-
ics were restricted to observe natural usage. Participants could take
notes and finish early if satisfied; we logged all interactions.

Debriefing (10 min). Participants verbally articulated findings us-
ing saved charts and notes, then completed the System Usability
Scale (SUS) [2] and a custom questionnaire. To verify whether
the brief self-learning was sufficient, we asked the two ques-
tions on proficiency and confidence again. Three additional ques-
tions assessed recommendation helpfulness, chart interpretability,
and smartphone usability (Appendix D). We concluded with semi-
structured interviews on exploration patterns and responses.

4.3 Results & Analysis
Participants generated 573 charts (µ = 40.93, σ = 16.05): 175 uni-
variate (µ = 12.50, σ = 3.41), 356 bivariate (µ = 25.43, σ =
13.15), and 42 trivariate (µ = 3.00, σ = 4.22), liking 72 charts
( → , µ = 5.14, σ = 4.93). More charts were added via
Charts Tab swiping (µ = 28.21, σ = 15.57) than the Search Tab
(µ = 12.71, σ = 14.48).

Figure 2 shows diverse exploration patterns. Participants ap-
propriated Swipyticsin varied ways rather than following a single
scripted mode. Many began with lightweight discovery via repet-
itive swiping, used the Search Tab for targeted follow-up, and re-
turned to the Charts Tab for insights (P1, P5, P8, P12). This suggests
complementary rather than redundant roles. They also progressed
from simpler to more complex (e.g., trivariate) charts, suggesting
paced exploration rather than immediate overload, aligning with
Battle and Heer’s findings on open-ended exploration [1]. While
most followed this swipe-then-search pattern, exceptions existed:
P4, P7, and P14 used only the Charts Tab, whereas P9 and P10 pre-
ferred or relied on the Search Tab.

Self-learning took under two minutes (µ = 101.07s, σ =
18.18s). Immediately afterward, participants rated proficiency (µ =
4.29, σ = 0.83) and confidence (µ = 4.71, σ = 0.47) highly. After
exploration, proficiency slightly increased (µ = 4.57, σ = 0.51),
while confidence stayed consistent (µ = 4.71, σ = 0.47), suggest-
ing that the initial brief onboarding was sufficient for comfort, with
subsequent use mainly reinforcing it. Swipytics received favorable

https://github.com/jiwnchoi/Swipytics


0 5 10 15 20 25 30 35 40 45 50 55 60 65

Chart Index

P1

P2

P3

P4

P5

P6

P7

P8

P9

P10

P11

P12

P13

P14

P
ar

ti
ci

p
an

ts

Charts
Univariate
Bivariate
Trivariate
Preferred Chart (    )

Chart Tab
Search Tab

Appended By

Figure 2: User interaction and exploration patterns during the exploration phase. Participants appropriated Swipytics in heterogeneous ways
rather than following a single scripted mode. For many, swiping supported lightweight discovery while the Search Tab enabled targeted follow-up,
suggesting complementary rather than redundant roles. The gradual shift from univariate to more complex charts suggests paced exploration
rather than immediate overload.

helpfulness (µ = 4.50, σ = 0.65), interpretability (µ = 4.21, σ =
0.89), and smartphone usability (µ = 4.93, σ = 0.27) ratings. Fi-
nally, Swipytics achieved a “good” SUS score of 83.75 (> 68) [3].

5 DISCUSSION

5.1 Metaphor-Based Design for EDA

We observed that the familiar metaphor effectively lowered the on-
boarding barrier. Participants reported feeling accustomed to the
system in less than two minutes on average through the short self-
learning period. Feedback from participants such as P13 confirmed
this: “I could work independently... without needing someone to
explain things to me.” Users not only quickly learned basic interac-
tions but also transferred their existing mental models from short-
form video interfaces to EDA. P11 noted, “I repeatedly swiped the
carousel and specified Likes... similar to what I do in Instagram
Reels.” This suggests that familiar metaphors can effectively trans-
fer interaction habits.

Furthermore, users could understand the recommendation algo-
rithm’s behavior through the interface. P9 observed, “Looking at
the History Indicators, I could see that the system recommends
charts related to the ones I had seen before.” This interpretability
led to diverse strategic approaches. For instance, P4 and P5 rec-
ognized the prioritization of univariate charts early on and adapted
their behavior accordingly. These findings highlight the importance
of sensible algorithm design and complementary visual cues in re-
ducing the gulf of evaluation [17].

5.2 Flexibility and Adaptation

Participants demonstrated diverse exploration patterns and interac-
tion preferences. After targeted searches, P12 used swiping for dis-
covery, while P10 relied solely on the Search Tab. Similarly, the
Like interaction (Fig. 1 ) was used for both bookmarking and
recommendation steering. P9 used Likes to focus on specific at-
tributes early on, while P6 used them as rough anchors in the anal-
ysis history. These variations demonstrate Swipytics’s flexibility in
accommodating different exploration strategies according to users’
needs and understanding.

5.3 Limitations of Metaphor-Based Design

One limitation is the emphasis on sequential viewing over fine-
grained configuration. P5 expressed a desire for manual axis con-
figuration to better examine correlations. Additionally, Swipyt-
ics’s linear exploration poses challenges for non-linear comparison

tasks. While the History Indicator (Fig. 1B) helped, sequential navi-
gation remained inefficient for comparing non-adjacent items, lead-
ing users to develop strategies like repetitive swiping or Likes Tab
thumbnails. Accordingly, the short-form video metaphor may be
better suited to low-friction entry into EDA than to later-stage anal-
ysis that requires branching, revisiting, and comparison [1, 6, 26].
Finally, our relatively young university-student participants may
have been more familiar with short-form video interactions; users
unfamiliar with such streams may find the interaction logic less in-
tuitive, limiting broader onboarding and generalizability.

6 LIMITATIONS AND FUTURE WORK

One limitation is the lack of quantitative comparison between
Swipytics and existing systems. Establishing a suitable baseline
was challenging because few EDA interfaces are designed for
small-screen mobile devices while mitigating the onboarding bar-
rier as effectively as ours [19]. Thus, it was difficult to fairly com-
pare exploration effectiveness, such as using insight-based met-
rics [27,28], with a similar training period. In future work, we plan
to develop metaphor-free alternatives, such as shelf-based configu-
rations, to enable more direct comparative evaluations.

Furthermore, our findings may be constrained by the dataset
used. We used the Movies dataset [24] for its familiarity. Using a
familiar dataset may have helped participants formulate questions,
letting us focus on the effectiveness of the metaphor while mini-
mizing dataset complexity. However, this raises a practical ques-
tion: How effectively can participants explore datasets without do-
main expertise? How users formulate meaningful questions with
unfamiliar datasets requires further study. Moreover, because par-
ticipants were non-experts, their questionnaire responses should be
interpreted as perceived usefulness rather than objective evidence
of analytical quality.

7 CONCLUSION

In this paper, we presented Swipytics, a novel mobile interface that
mitigates the onboarding barrier to EDA by leveraging the familiar
metaphor of short-form video streams. By adopting this metaphor,
Swipytics provides a simplified, controllable, and linear exploration
experience, offering visualizations one at a time through minimal
and familiar interactions. Our user study demonstrated that partic-
ipants, even without prior experience with EDA or visualization
tools, achieved high proficiency with Swipytics after an average
self-learning period of under two minutes, using only a lightweight
tutorial sheet, without verbal instruction or video tutorials.
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