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Abstract

Data videos are widely used in media and education, but can over-
whelm viewers if poorly organized. We assess whether a hierarchi-
cal drill-down structure improves comprehension and reduces extra-
neous cognitive load in linear, non-interactive data videos. Building
on cognitive load theory and narrative visualization research, we
propose a conceptual model that divides a narrative into successive
layers of detail. We conducted an online between-subjects experi-
ment (N = 100) comparing a drill-down video with an equivalent
flat baseline. To isolate visual-structuring effects and reflect com-
mon sound-off contexts (e.g., autoplay feeds, public displays), we
used short, caption-free videos without audio. Independent-samples
t-tests showed slightly better recall with drill-down but no statisti-
cally significant differences in recall, cognitive load, or self-reported
comprehension. Qualitative feedback highlighted that fast pacing
and high visual density in both videos imposed substantial cogni-
tive demands, likely overshadowing any structural benefits. Our
findings encourage designs that combine drill-down structuring
with adaptive pacing, persistent visual anchors, and multimedia
cues.

CCS Concepts

« Human-centered computing — Empirical studies in HCI.

Keywords

Narrative visualization, Data video, Drill-Down structuring, Cogni-
tive load, User comprehension.

ACM Reference Format:

Yongqing Chen, Jie Liang, Kaye Chan, Nina Errey, Chenxuan Zhou, and Yi
Chen. 2025. Enhancing Cognitive Clarity through Drill-Down Structuring
in Data Videos. In Proceedings of the 18th International Symposium on Visual
Information Communication and Interaction (VINCI 2025), December 01-03,

“Corresponding author.

This work is licensed under a Creative Commons Attribution 4.0 International License.
VINCI 2025, Linz, Austria

© 2025 Copyright held by the owner/author(s).

ACM ISBN 979-8-4007-1845-8/25/12

https://doi.org/10.1145/3769534.3769597

Jie Liang
University of Technology Sydney
Sydney, Australia
Jie Liang@uts.edu.au

Chenxuan Zhou
University of Technology Sydney
Sydney, China
chenxuanzhou90@gmail.com

Kaye Chan
University of Technology Sydney
Sydney, Australia
kaye.chan@uts.edu.au

Yi Chen
Beijing Technology and Business
University
Beijing, China
chenyi@th.btbu.edu.cn

2025, Linz, Austria. ACM, New York, NY, USA, 5 pages. https://doi.org/10.
1145/3769534.3769597

1 Introduction

Data videos are a powerful form of narrative visualization that
integrate animated data graphics with storytelling [2, 3, 20]. They
are used across journalism, education, marketing, and public cam-
paigns [3, 20]. Despite their growing popularity, the definition of a
“data video” varies inconsistently in previous works. Prior work uses
the term variously for author-driven narratives with a strict linear
path and no interactivity [20]; for data videos as motion graphics
combining sound and visuals to tell a data story [3, 27]; and for
designs leveraging animation and pictographs to increase engage-
ment and sometimes comprehension [3]. In this study, we focus on
linear, non-interactive, sound-off videos that incorporate animated
data visualizations into storytelling. This format is often viewed on
social platforms as well as in sound-restricted public contexts (e.g.,
digital signage, transport hubs, and classrooms) [24]. These videos
are designed for passive consumption, meaning viewers cannot con-
trol the pace or sequence of information. Thus, effective structuring
is essential for communicating dense content. Interactive systems
support exploration and user pacing that can mitigate complexity
[13, 19, 20, 23]. Multimedia learning also shows that structuring,
especially segmentation, reduces extraneous load [16]. By contrast,
linear and non-interactive data videos have received comparatively
little empirical study on delivering detail without overload through
structural design alone. In such passive settings, viewers have little
control over pace or order, so designers need to manage flow and
segmentation carefully [6, 16, 26].

Therefore, it is crucial to examine whether the inherent struc-
ture of the content, through sequencing and layering, can serve as
a compensatory mechanism when interactivity is lacking. To ad-
dress this gap, we propose a drill-down structuring model for linear,
non-interactive data videos. This approach leverages cognitive load
theory, chunking principles, and multimedia learning guidelines
to direct attention, gradually reveal complexity, and support un-
derstanding. In the empirical experiment stage, we developed two
versions of data videos: one with a drill-down structure and one
with a flat linear baseline, while keeping all other factors constant.
We then measured factual recall, cognitive load, and perceived com-
prehension. This paper contributes to research on data storytelling
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and HCI in two ways. First, we present a conceptual model for
hierarchical drill-down structuring in data videos and empirically
compare it with a flat baseline. Second, the results indicate that fast
pacing and high visual density likely dominated the viewing expe-
rience, motivating adaptive pacing and persistent visual anchors in
future designs, informing practice.

2 Related Work

2.1 Data Videos in Narrative Visualization

Data videos are recognized as a narrative-visualization genre that
integrates storytelling with animated, data-driven graphics, as char-
acterized by Segel and Heer [20]. Building on this line, Amini
describes data videos as motion graphics incorporating visual-
izations and narrative devices [2], and Zhao and Elmqvist sur-
vey media types for data-driven storytelling, explicitly including
video [27]. Regarding communicative intent, Cao distinguishes
five goal-driven genres—factual event, factual knowledge, hypoth-
esis, persuasion, and prediction [8]. Structurally, some videos are
strictly linear with designer-set sequencing [20], while others adopt
modular/segment-based organization via partitioning and sequence
[28]. Consequently, we consider three dimensions: structure (lin-
ear vs. modular), interactivity (author-driven/non-interactive vs.
reader-driven/interactive), and purpose. Differentiating from prior
works, this study focuses on non-interactive, linear videos aimed
at explanation commonly seen in social media and public-facing
communication.

2.2 Cognitive Load in Passive Multimedia

Cognitive Load Theory and the Cognitive Theory of Multimedia
Learning distinguish intrinsic, extraneous, and germane load, and
recommend reducing extraneous load through design [16, 25]. In
instructor-paced or interactive settings, techniques such as seg-
mentation, signalling, and worked examples have been shown to
improve comprehension by reducing unnecessary processing de-
mands [16, 25]. However, most evidence comes from contexts with
narration or user control rather than non-interactive, sound-off
data videos. Furthermore, recent investigations suggest that cog-
nitive overload may not only stem from information density but
also from how the information is temporally organized [15, 16].
Moreover, excessive video playback speed can raise cognitive load
and impair learning video-based study [18]. These gaps motivate
our test of a purely structural intervention—hierarchical drill-down
in a non-interactive, linear format.

2.3 Hierarchical Exploration and Drill-Down
Structuring

Following Segel and Heer, we use structuring to mean author-driven
linear ordering of scenes and discrete segmentation of the narrative
flow [20]. Following Elmqvist and Fekete, we use hierarchical struc-
turing for multiscale organization across levels of detail, and we
use drill-down to denote moving deeper in the aggregate hierarchy
to reveal increasing detail [9], consistent with the “overview —
zoom/filter — details-on-demand” mantra [22].

In interactive or computational contexts, hierarchical represen-
tations support tasks such as action segmentation and cross-modal
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video-text alignment, underscoring the value of multilevel structure
[1, 26]. In instructional and exploratory settings, frameworks such
as HETree and semantic windows operationalize hierarchy through
chunking and level-wise navigation, improving exploration and
retrieval [4, 7, 14]. However, to our knowledge, most prior sys-
tems assume user interactivity to access layered content, and it
remains underexplored whether similar benefits can be achieved in
non-interactive, fixed-pace videos where viewers cannot control
pacing. Although many data-change operations exist, including
aggregation/roll-up, filtering, and reconfiguration, we focus on
drill-down transitions because they align with overview-to-detail
traversal along a predefined hierarchy, which mirrors many real-
world decision processes [9, 12, 26]. Recent evidence shows that
adding narrative structure to visualization improves task efficiency
and, for single-insight comprehension tasks, effectiveness compared
with conventional visualizations, which strengthens the rationale
for progressive drill-down disclosure in passive videos [21]. Finally,
following chunking principles, we present information in manage-
able units, which is particularly pertinent to passive data-video
formats [17].

3 Proposed Approach
3.1 Conceptual Model: Drill-Down Structuring

Building on prior work, we propose a conceptual model in which
hierarchical drill-down structuring serves as segmentation and
chunking for data videos, to guide the future design for optimising
cognitive clarity.

Signaling Cues
Semantic Zooming

Hierarchical Reduced
Drill-Down H Extraneous | =1 I‘“P';’l"ed_
Struct}lring | 1" Cognitive ol;pg’i ension
Design / | : Load arity
! I

Narrative Pacing

Figure 1: Expanded model of hierarchical drill-down struc-
turing.

As shown in Figure 1, we posit this design enhances understand-
ing primarily by reducing extraneous cognitive load. The model
builds on a causal chain (design improvement — lower cognitive
load — better comprehension) by adding four key design elements
as mediators: signalling cues, semantic zooming, visual anchors,
and narrative pacing (aligned with multimedia learning principles).
Each element, based on multimedia learning theory and past re-
search, helps direct viewer attention or organize information to
reduce unnecessary mental effort. For example, signalling cues
(visual highlights or pointers) focus attention on important parts,
lessening the effort needed to search or filter content [16]. Semantic
zooming gradually discloses data at increasing levels of detail, avoid-
ing overload by matching the information density to the viewer’s
cognitive capacity [5, 9]. Visual anchors (persistent reference vi-
suals or motifs) keep context as the story progresses, preventing
disorientation and unnecessary processing [11]. Narrative pacing
(the controlled speed of information flow) makes sure the video’s
rhythm matches the viewer’s necessary processing speed [6]. These
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mechanisms help structure the information flow, and the model also
suggests that there can be direct benefits on understanding from the
well-designed structure itself. Overall, our model suggests that an
effective drill-down structure can enhance understanding of com-
plex content by reducing extraneous load and directing attention.
Notably, fixed pacing rarely matches everyone’s viewing habits,
which poses practical challenges for experimental implementation.

3.2 Drill-Down Structuring Video Design

We created two short animated data videos on electric vehicle (EV)
adoption and the state of New South Wales in Australia (NSW)
rebate policy: a hierarchical drill-down version and a flat baseline.
Both used the same data from the International Energy Agency
and the Electric Vehicle Council. The drill-down video had three
layers: a global overview, a focus on Australia comparing BEVs and
PHEVs, and NSW local details. Both videos were silent to isolate
structural effects. This ensured that participants’ understanding
and cognitive load were influenced only by the visual content and
its structure, rather than by explanatory audio or emotional cues.
This also reflects common scenarios where such videos may be
played without sound (e.g., autoplay feeds, public displays) [24]. The
baseline presented the same material in one continuous sequence
without drill-down.

In the drill-down video, transitions between levels employed
semantic zooming and animated object continuity: a visual ele-
ment (e.g., an EV icon or the bar for Australia) persisted across
scenes, changing size or position to signal the drill-down from
global to national to state. Rather than abrupt cuts, smooth motion-
based transitions guided the viewer from overview into details,
preserving context and reinforcing relationships. For example, the
national-level pie chart morphed into a localized bar chart, high-
lighting EV distribution in NSW and visually “zooming in” on the
data—mimicking an interactive drill-down while the video remained
non-interactive [11]. We also applied multiple visual encoding tech-
niques to enhance interpretability: colour (consistent palette for
categories, e.g., BEVs vs. PHEVs), position & layout (clear left-to-
right, top-to-bottom arrangement), size & scale (proportional scal-
ing to emphasize quantitative differences), and motion (smooth
animations that show how one view transitions to the next).

3.3 Research Questions and Hypotheses

Guided by our model, we ask: RQ1—Does drill-down structuring
improve factual recall relative to a flat baseline? RQ2—Does it re-
duce perceived cognitive load (NASA-TLX)? RQ3—Does it increase
perceived comprehension of complex data? Accordingly, we posit:
H1—Viewers of the drill-down video will recall more factual details
than viewers of the flat baseline video. H2—Viewers of the drill-
down video will report lower perceived cognitive load. H3—Viewers
of the drill-down video will report higher perceived comprehension
than baseline viewers.

4 Experiment

We conducted an online survey through Prolific with English-fluent
adults living in Australia (N=100, 50 per condition) from various
backgrounds. Participants provided informed consent. No person-
ally identifiable information was collected, and no deception or

VINCI 2025, December 01-03, 2025, Linz, Austria

invasive procedures were involved. Participants could withdraw at
any time. Figure 2 presents the overview of the study procedure.
(Study ID: 68574218797a3e6e4ea92fc5 / 6860bleb2efb8555194d6683)

Survey Methods
e [Multiple-Choicel
Accuracy Recall Test
Baseline Condition
Participants from Ll
Prolific | Cognitive Load NASA-TLX
N=100 (——————
Drll Down Structuring
Condition

oed Likert Scale for|

Cm‘ "m“hmm Self-Reported

L Understanding

Figure 2: Overview of the study procedure.

4.1 Measurements

The post-video questionnaire collected objective and subjective
measures: Factual Recall: Participants answered seven multiple-
choice questions testing their recall of specific facts and figures
presented in the video (e.g., what car models fully met NSW rebate
criteria). A score (%) was computed based on correct answers. Per-
ceived Cognitive Load: We adapted NASA-TLX to gauge mental
effort and difficulty (Likert scale 1-7) [10]. Sample items included
“The video’s pace was overwhelming at times” and “I had to put a lot
of mental effort into following the story” These targeted extraneous
cognitive load. Perceived Comprehension: We used a 7-item scale
on clarity and understanding (Likert 1-7). Sample items: “The video
content was easy to understand” and “The structure of the video
helped me retain key facts” Higher ratings indicate greater per-
ceived clarity and understanding. Each study session lasted about
4-5 minutes.

4.2 Evaluation

Participants were assigned to view either a drill-down version or a
baseline version of the same data video, and afterward, they com-
pleted a series of validated measurement tasks. We used two-tailed
independent-samples t-tests (a = 0.05) and also reported the stan-
dardized effect size, Cohen’s d, along with 95% confidence intervals
(CI) for the difference in group means. The mean difference is de-
fined as A = Drill-down — Baseline (recall in percentage points, pp;
load and understanding in 1-7 raw units), and Cohen’s d is signed
similarly (positive values favour drill-down). We also summarized
group variation using standard deviations (SD), expressed in the
same units (pp for recall; 1-7 for load and understanding).

Recall Accuracy. As expected, factual recall was numerically
higher in the drill-down condition compared to the baseline (42.3%
vs. 40.7%; A = +1.6 pp), but this difference was not statistically
significant, t (98) = 0.50, p = 0.617, 95% CI = [-4.8, +8.0] pp; Cohen’s
d = +0.10 (small, favouring drill-down). SDs were similar (15.5
vs. 15.2 pp), indicating comparable response variability. Therefore,
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while drill-down layering might help organize information, it did
not produce a reliable improvement in factual retention under the
current pacing and density.

Cognitive Load. Perceived load was numerically higher in the
drill-down than in the baseline condition (M = 5.12 vs. 5.00; A =
+0.12), t (98) = 0.67, p = 0.504, 95% CI = [-0.24, +0.48]; Cohen’s d
= +0.13 (small). SDs were comparable (1.18 vs. 1.13). Qualitative
comments from both groups noted fast tempo and dense visuals,
suggesting that these shared constraints likely elevated cognitive
effort across conditions and diluted any benefit expected from seg-
mentation.

Perceived Comprehension. Perceived comprehension was
numerically lower in the drill-down than in the baseline condition
(M =3.22 vs. 3.47; A = -0.25), ¢ (98) = -1.02, p = 0.310, 95% CI = [-
0.74, +0.24]; Cohen’s d = -0.20 (small, favouring baseline). The drill-
down group also showed wider variance SDs (1.38 vs. 1.32), hinting
at individual differences: some viewers found layering clarifying,
while others experienced transitions and speed as disruptive.

5 Discussion and Limitations

The drill-down video showed marginally higher factual recall, but
overall differences in outcomes were non-significant. Under fixed-
paced, non-interactive conditions, drill-down structuring alone did
not produce measurable cognitive benefits. These patterns suggest a
complex trade-off: while drill-down design may offer structural ben-
efits in theory, its effectiveness seems sensitive to implementation
factors such as pacing, visual density, and user preferences.

A recurring theme from participant feedback was the fast pacing
and high information density of both videos. Participants in the
drill-down group noted: “The video was quality, but the amount
of stats was a lot to take in,” and “It probably could play a little
slower to be better to digest and give more time to read through
everything” Others commented, “Too fast. Too many facts,” and
“Too many figures in the videos. As someone who has a research
background, the data was still overwhelming for me.” In parallel,
feedback from the baseline group echoed similar concerns: “The
graphs were good to aid understanding, but it was way too fast”
These comments reflect the inherent challenge of visual complexity
and time-locked delivery: when dense quantitative information is
presented rapidly without adaptive pacing or scaffolding, even a
well-designed segment structure may not suffice to alleviate men-
tal burden. Thus, one critical implication is that pacing flexibility
may be a prerequisite for hierarchical drill-down to help viewers.
Another implication is that narrative scaffolding (e.g., narration
or explanatory text) and visual clarity may be needed alongside
structuring. Some participants explicitly mentioned missing narra-
tion: “It needs narration and more interactive animations to help
people understand the information” This suggests that combining
drill-down with voice-over or text cues could reduce the interpreta-
tion effort and integrate segmented visuals into a coherent story.
Besides, visual clutter should also be minimized: simplifying charts,
using clear labels, and employing visual anchors can help guide
attention and reduce load.

Notably, these findings also suggest new directions for future
research. One promising direction is the integration of visual an-
chors—persistent or dynamic graphical elements that help orient
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the viewer across transitions and link segments into a cohesive
visual schema. Specifically, in a public display context, drill-down
should be paired with slower loop pacing, fewer concurrent visuals,
and stronger persistent anchors to improve processing and com-
prehension. For personal viewing, Al-driven systems can adjust
drill-down transitions in real time. By detecting likely overload
from eye tracking or physiological signals, system can pause or
replay segments at a slower pace. When basic controls are available,
Al can personalize drill-down paths using adaptive narration and
simple viewer controls. Although our study found no significant
gains, qualitative feedback points to clear opportunities for future
improvements.

Limitations: The sample size (N=100) was adequate to detect
moderate effects, but the non-significant results suggest that any
benefits of drill-down structuring may be subtle or context-dependent.
Viewing was passive and fixed pace with no pause or rewind, which
likely suppressed benefits and produced elevated load, as noted by
participants. Removing narration and music shifted processing to
the visual channel and may have increased extraneous load. Cog-
nitive load and comprehension were self-reported and may miss
real-time processing, so objective measures such as eye-tracking,
physiological signals, and behavioural performance are needed.
Both videos were visually dense with minimal scaffolding, which
may have limited processing and retention.

6 Conclusion

This study examined whether drill-down structuring in linear, non-
interactive, sound-off data videos improve understanding. We intro-
duced a conceptual drill-down model for hierarchical storytelling
and tested it in a controlled between-subjects experiment. Drill-
down resulted in a small improvement in factual recall, but dif-
ferences in recall, cognitive load, and perceived comprehension
were not statistically significant. Participants’ comments indicated
that high information density and fast pacing often overshadowed
structural benefits during processing. These findings suggest that
structure alone is insufficient under consistent conditions. When de-
ploying drill-down in linear, non-interactive, sound-off data videos,
combine it with calibrated pacing, limited concurrent visuals, con-
sistent visual anchors, and brief on-screen cues to enhance clarity.
Future research should systematically evaluate anchor designs and
adaptive pacing, including Al-assisted overload detection using
gaze or physiological signals. In settings where minimal viewer
controls are feasible, it should also test personalized drill-down
paths to keep cognitive load manageable.
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