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Figure 1:We assembled a corpus of 347 data videos, applied amulti-stage filtering pipeline to select 6 exemplars, and conducted a
preregistered online experiment with 477 participants comparing versions with and without background music. Quantitatively,
we did not observe measurable effects of music on persuasion, engagement, or recall. However, qualitative responses revealed
nuanced perceptions; some participants reported that music enhanced enjoyment, focus, or emotional connection, indicating
that music’s impact is complex, subjective, and highly dependent on design and context.

Abstract
Data videos combine visualization, animation, narration, and of-
ten background music to tell stories with data. While music is
widely believed to enhance emotion and persuasion, its impact
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in data videos remains unexplored. We conducted a preregistered
between-subjects experiment comparing six widely-viewed data
videos with or without backgroundmusic. Using Bayesianmodeling
and thematic analysis, we did not observe consistent measurable
effects of backgroundmusic on persuasion, engagement, or informa-
tion recall. Qualitative responses revealed a more nuanced picture:
some participants described the music as distracting or mismatched,
while others reported that it enhanced enjoyment, supported fo-
cus, or strengthened emotional resonance when well aligned with
the video’s tone. These findings suggest that the influence of back-
ground music in data videos is highly context-dependent, shaped
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by genre, familiarity, and its alignment with visual–narrative struc-
ture. We discuss possible reasons for the limited measurable effects
observed in real-world videos and outline opportunities for future
work on purpose-designed, incidental, or adaptive music for data-
driven storytelling.

CCS Concepts
• Human-centered computing → Empirical studies in visual-
ization.
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ment
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1 Introduction
Data videos are “custom motion graphics combining both visual and
auditory stimuli to promote a data story” [1]. They are thought to be
an effective medium for educating the public, persuading, and rais-
ing awareness around global and social issues [1, 77]. For instance,
there are videos with over tens of millions of views related to the
COVID-19 pandemic [101], wars [32], and world development [8].

In order to inform, engage, or persuade viewers, data video de-
signers have explored a plethora of techniques, including narrative
structures [14], audio-visual components [83], and cinematic cam-
era techniques [107]. Additionally, a substantial amount of data
videos are accompanied by some form of background music [14].
Music has long been used to evoke emotions, inspire change, and de-
liver messages [58, Chap. XI], and it can have a profound impact on
viewers’ subjective interpretation of a scene [27]. Prior research has
demonstrated mostly the impact of background music on consumer
behavior [27], such as increasing time spent shopping [60] and
customer loyalty [61] Music was also found to influence decision-
making in other contexts, such as risk-taking in financial markets or
compliance with public policy [62]. Yet, evidence of music’s effect
is mixed. In particular, some studies found no impact [22, 71] and
others have even found detrimental effects of background music
on behavioral and psychological outcomes [33, 38].

Although the effects of music have been widely studied in var-
ious domains, music has received little attention in information
visualization. While it has been suggested that background music
can make data videos more memorable, enjoyable, and immer-
sive [81], these claims remain largely untested. To our knowledge,
no prior studies have examined how background music shapes
viewers’ experiences of data videos. In this work, we address this
gap by investigating three key ways in which music could impact
the experience of data-video viewers:

• RQ1: How does the inclusion of background music affect the
persuasive power of data videos?

• RQ2: How does the inclusion of background music affect engage-
ment with data videos?

• RQ3: How does the inclusion of background music affect infor-
mation recall with data videos?

To answer these questions, we conducted a preregistered, between-
subjects online experiment with 477 participants. Participants were
randomly assigned to watch one of six data videos in either their
original form with background music or a version with the music
removed. The six data videos were systematically selected from a
large corpus of data videos based on corpora published in previous
work [1, 105–109], partly based on their quality and popularity.

We employed Bayesian estimation [44] to evaluate the impact
of background music on our three primary outcomes: persuasion,
engagement, and information recall. We also analyzed participants’
open-ended responses using thematic analysis [17]. Across all three
outcomes, we did not observe a measurable overall influence of
background music in this experimental context, as the differences
between music and no-music conditions were close to zero. While
music has been postulated to be an important design element in
data videos [81] and has been shown to enhance emotional and
persuasive impact in other contexts, our quantitative results indi-
cate no consistent directional effect across persuasion, engagement,
or information recall. However, qualitative responses revealed that
some participants perceived benefits, such as increased enjoyment,
improved focus, or stronger emotional resonance, suggesting that
music’s impact may be subjective and contingent on contextual or
design-specific factors. Taken together, these findings suggest that,
in our stimuli, measurable differences were not detectable; however,
audience experience may still be shaped by music under certain
conditions. This underscores the importance of considering other
well-established factors, such as visual clarity, narrative structure,
and informational content, while also acknowledging that auditory
design may matter for some viewers and in certain contexts.

Our study provides the first empirical evidence on how back-
ground music influences viewers of data videos. It extends both
prior work investigating the impact of music in various areas, and
prior work in visualization looking at persuasion [77], viewer en-
gagement [2, 107], and information recall [11, 12] in data visualiza-
tion. Our contributions are threefold:
(1) Empirical evidence. A preregistered, between-subjects study in

which we did not observe substantial or consistent measurable
effects of background music on persuasion, engagement, or
recall across six real-world data videos. Our results reflect what
we were able to detect with these stimuli and this design, rather
than a universal absence of influence.

(2) Qualitative insights. Thematic analysis of participant feedback
revealed a more nuanced picture: while many participants de-
scribed the background music in some videos as distracting,
manipulative, or poorly matched, others reported that music en-
hanced enjoyment, supported focus, or strengthened emotional
resonance when it fit the tone of the narrative. These responses
also showed that some viewers believed music would improve
certain videos, and others felt that the music they heard did
enhance their experience.

https://doi.org/10.1145/3772318.3791466
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(3) Design and research implications. A reframing of music as a
context-dependent design element in data storytelling. Draw-
ing on both quantitative and qualitative findings, we highlight
how the influence of music may depend on genre, tone, fa-
miliarity, and integration with narrative structure. We discuss
opportunities for aligning music with data-driven pacing, tai-
loring auditory choices to audience expectations, and exploring
personalization. We also outline future research directions to
examine subtle, delayed, or design-specific influences of music.

2 Related Work
In this section, we discuss prior works investigating the design
elements of data video and their effects. Additionally, we highlight
prior studies that evaluate the impacts of music in cases where
music complements visual content.

2.1 Data Videos and their Components
In the last few decades, conveying data and disseminating knowl-
edge through visual and audio narration has seen major successes
in communicating scientific discovery [88], persuading informed
decision-making [103], enabling sensemaking [111], and uncov-
ering complex dynamics [37]. As a powerful yet complex multi-
media form, data videos have attracted substantial research into
their components and design strategies. Animations have been
the dominant focus. Amini et al. [3] first summarized eight com-
mon types of chart animations in data videos, such as creation
and destruction (animations that create or destroy a visualization)
and transitions (animations that smooth the transition from one
chart to another). Subsequent work introduced extensive animation
designs for purposes such as conveying narrative intents [15, 86,
109], evoking emotions [46], and smoothing the transition between
scenes [94, 96, 113]. In addition, much research provides strate-
gies incorporating different components (e.g., narratives, visuals,
sounds) to achieve high-level effects, such as realizing narrative
structures [1, 14, 105, 109], building climaxes [104], and achiev-
ing cinematic styles [20, 106, 107]. In recent surveys by Shen et
al. [81, 82] on empirical research and authoring tools of data videos,
it is revealed that research in background music and sound effects
constitutes only a small fraction of the literature. Past research rec-
ommended music as a tool for setting the tone and mood based on
observed uses of music in real-world cases [95, 104–107]. However,
none of them conducted experiments to evaluate the effects of mu-
sic in data videos. To address this gap, we conducted comparative
studies to provide empirical evidence to inform background-music
design in data-video production.

2.2 Impact of Data Videos on Viewers’
Experience

With the variety and complexity of data, there is a growing need to
understand the real effects and impacts of data video designs. Prior
studies have evaluated how the design of data videos can influence
the viewer experience, knowledge acquisition, and decision-making.
They reflected the common interests of this community. Our study
design draws on their selections and designs of measurements.

In terms of viewer experience, enhancing viewer engagement in
data videos has been a primary research focus. It has been found

that increasing user engagement can benefit from pictographic and
animations [2], visual foreshadowing [51], and immersive tech-
niques [108]. To measure engagement, Amini et al. [2] developed a
Likert scale by extracting an initial set of items that capture five key
engagement attributes from questionnaires in related disciplines
(e.g., game design, psychology, storytelling), and then refining these
items through user studies. Our study adapts this highly used in-
strument for evaluating engagement.

In terms of knowledge acquisition, past studies have evaluated
whether data videos enhance the understanding and retention of
information [72, 76]. However, the results remain inconclusive re-
garding their effect on data comprehension or information retention.
In these studies, both measures were assessed using the accuracy of
participants’ responses to quizzes about the video content. In our
work, we focus specifically on information retention and therefore
also employ a quiz-based assessment.

Finally, as for decision-making, past studies investigated the per-
suasive power of different data video designs in influencing people’s
attitudes. For instance, Choe et. al [16] found that incorporating
four persuasive elements, including primary task, dialogue, system
credibility, and social support, resulted in higher perceptions of
persuasive potential of data videos by participants. Concannon et.
al [19] found that participants had strong empathic responses after
watching personalized data videos that explained young adults’
financial pressure based on data from areas where viewers are.
Sakamoto et al. [77] found that including affect-centered narratives
in data videos increased participants’ positive attitudes towards
contact-tracing apps, especially when they hold a neutral to a posi-
tive pre-attitude towards the topic. Sallam et al. [78] emphasized
the interaction between health-related data video content and view-
ers’ affective states. They also found that viewers’ personalities
are interlinked with persuasion, showing that highly neurotic in-
dividuals are less likely to change their opinions than people with
other personalities. Shifts in attitudes after watching data videos
are commonly used to indicate their persuasive power. Our study
followed this approach by asking participants about their attitudes
toward each video’s main message both before and after viewing.
While prior research has explored data video designs across varied
metrics, the impacts of music on data videos remain underexplored.
Nonetheless, they informed the design of the evaluation metrics
and questionnaires in our study.

2.3 Effects of Background Music on Viewers
Music is extensively studied as a complementary factor to the vi-
sual modality in supporting comprehension of visual representa-
tions [45]. Due to its pervasive nature, music has been demonstrated
to influence human behavior, such as prosocial activities [41], so-
cial movements [91], decision-making tasks [70], and purchasing
behaviors [4, 60]. For instance, strategic music in war-related docu-
mentaries might lead people to make humanitarian aid decisions or
fair donations [80]. A selective music might reduce the fear of nee-
dles and promote blood donation campaigns (e.g., Keep the World
Beating) [92]. A slower-tempo music has been shown to encourage
shoppers to move more leisurely, leading to increased sales [60].
Additionally, music can complement narratives, such as dramatic
sounds typically used in fiction films to form a sense of tension,
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create empathy with certain characters, or emphasize particular
narratives [75]. For instance, in Jaws, John Williams’ music defined
the character of sharks as menacing and fearful 1.

However, the effects of background music are not always pos-
itive. A meta-analysis revealed that background music can have
beneficial, detrimental, or no effect on adult listeners in different
behavioral and psychological outcomes [38]. Although no existing
work directly investigates the effects of background music in data
videos, we reviewed studies on instructional and explanatory videos,
as they similarly aim to present abstract or complex information
clearly and engagingly. Contrary to the above literature’s findings
that highlight the influences of music on decision-making, its ben-
efits for information retention, comprehension, and engagement
have not been observed consistently. For example, in a study where
students learn basic concepts with textual learning material, fol-
lowed by a narrated instructional video, adding background music
to the video does not affect students’ information retention [71]. In
another study about instructional videos, no significant differences
were found in video watching time and frequencies and knowl-
edge retention between students who watched with and without
background music and sounds [22]. There are external factors that
influence the effects of background music. A study found that stu-
dents with prior knowledge performed better when the video had
background music, while students without prior knowledge per-
formed better without the background music [33].

Considering the mixed evidence on how background music in-
fluences viewers, it is important to assess its effects specifically
within data videos. The major challenges for measuring the effec-
tiveness of music in data videos are mainly from the ubiquity of
highly tailored music in our everyday lives, increasing people’s
sonic awareness [73], and varied preferences of music and align-
ments on the visualization topic [110]. Prior to the present work,
we conducted a preregistered study investigating the effects of
background music on persuasion, engagement, and emotion in
data videos using a single existing video presented without mu-
sic, with default music, or with custom-composed music [29]. The
study found increased perceived persuasiveness with default mu-
sic, mixed effects for custom music, and no consistent increases
in engagement; however, its focus on a single stimulus limited
generalizability. In this work, we extend this line of inquiry by
examining six widely viewed real-world data videos and the effects
of pre-existing, production-authored music across contexts. We
investigate three key dimensions related to the impact of music on
data videos — persuasion, engagement, and information recall.

3 Methodology
We conducted a preregistered between-subjects online experiment
on Prolific with 477 participants, using six data videos in their
original form and the same six with background music removed.
In this section, we describe the study design and methodological
details of our study.

3.1 Data Video Selection
This section describes how we selected the data videos in our study.

1https://www.soundstripe.com/blogs/the-psychology-of-music-for-film

3.1.1 Data Video Corpus Construction. We began by compiling a
large corpus of existing videos from seven published corpora that
focus specifically on the design, structure, or storytelling techniques
of data videos. Next, focusing on alignment with our research ob-
jectives and content diversity, we applied a structured three-round
filtering process to identify a final set of six videos. Each round
introduced increasingly specific inclusion criteria, moving from
general accessibility constraints to detailed qualitative assessments.

The seven published corpora used for our first round include:
Wei et al.’s Hero’s Journey framework for data storytelling [105],
Xu et al.’s work on cinematic endings [106], Yang et al.’s exploration
of 3D data videos [108], Xu et al.’s guidelines for compelling open-
ings [107], Shi et al.’s design space for animated narratives [86],
Yang et al.’s application of Freytag’s pyramid to data stories [109],
and Amini et al.’s work on narrative visualizations through a cine-
matographic lens [1]. We merged the video lists from these corpora
using a custom Python script, which also removed duplicate entries
based on video title and URL. The resulting collection comprised
347 unique videos in English and Mandarin. To ensure accessibil-
ity and usability, we manually reviewed all video links to confirm
that they were functional and not behind a paywall. For videos
with broken or outdated links, we attempted to locate alternate
sources. This process resulted in a curated set of 320 videos with
verified working links to target videos. The full list of videos and
additional information about the filtering process is available in
our OSF repository.2

This initial corpus of 320 videos served as the foundation for a
multi-stage refinement process. Because our study required a small,
well-defined set of videos that varied in topic, style, and visual
density, but met both technical constraints and conceptual aims, a
single round of filtering was insufficient. We therefore applied an it-
erative, three-round approach: 1) Apply broad, objective criteria for
accessibility and baseline quality, 2) Assess visual and structural fea-
tures of the videos, including the presence and type of visualizations
and whether they employed sequential comparison formats, and
3) Apply qualitative coding for persuasive message presence and
clarity. This stepwise narrowing allowed us to preserve thematic
and stylistic diversity.

3.1.2 First Round of Filtering: Accessibility and Baseline Quality.
The first round of filtering applied a set of baseline criteria to ensure
accessibility, relevance, and quality. These criteria were determined
iteratively: we initially experimented with restrictive thresholds
(e.g., excluding voice narration, requiring ≥1M views, etc.), but
relaxed them when they proved too limiting, resulting in fewer
video candidates. The final criteria we used are as follows:

(1) Background music. Each video must include background mu-
sic, as this was central to our experiment and created the basis for
the music ( ) / no-music ( ) comparison.
(2) Language. Videos must be in English, either through narration
or on-screen text, to ensure consistency of comprehension across
participants.
(3) Platform. Videos must be publicly available on YouTube with
a working link. YouTube was chosen to ensure accessibility, stable
hosting, and comparability of view counts across videos.
2https://osf.io/htq82

https://osf.io/htq82/?view_only=bfc8170441314fcd9effbc60624e45c3


Does Background Music Matter in Data Videos? CHI ’26, April 13–17, 2026, Barcelona, Spain

(4) Publication date. Eligible videos must have been published in
2015 or later, so that the sample would reflect contemporary design
and production practices in data videos.
(5) Duration. Videos must be between 30 and 300 seconds. Short
videos (< 30 seconds) risk lacking sufficient narrative or persuasive
development, while long videos (over 5 minutes) pose risks of par-
ticipant fatigue and reduced comparability across conditions [112].
(6) Popularity. To ensure that the selected videos had reached a
broad audience, we selected videos that had a minimum of 100,000
views. This threshold served as a proxy for visibility and relevance,
reducing the likelihood of including obscure or low-quality videos
that had little audience engagement.

Applying these criteria yielded 85 videos (∼ 25% of the original
corpus), which provided a diverse pool of candidates for subsequent
coding and experimental design.

3.1.3 Second Round of Filtering. In the second round of filtering,
we introduced more nuanced criteria, including qualitative coding
of 85 videos that passed the first round. While the first round relied
on metadata and quantitative attributes, the second-round filters
involved direct visual content analysis. The following four main
dimensions guided this analysis:

(1) Visualization focus. We measured the proportion of a video’s
runtime during which a data visualization was shown (0%–100%).
We defined visualization as a visual encoding of data; visuals that
did not represent actual data (e.g., simulated or decorative graphics)
were excluded. This criterion allowed us to emphasize actual data,
rather than relying primarily on narration or illustrative imagery.
To calculate visualization focus, we developed a custom pipeline
that extracted frames from each video at 3-second intervals. The
teammembers labeled each frame as containing a data visualization
or not. The percentage of frames labeled as visualizations was used
as the operational measure of visualization focus.
(2) Visualization type. We coded whether the video featured pri-
marily 2D visualizations, 3D visualizations, or a combination of
both. This criterion was included because 2D and 3D encodings
may differ in accessibility, interpretability, and cognitive load. Re-
taining this distinction allowed us to preserve a mix of stylistic and
structural approaches across the candidate pool.
(3) Sequential comparison. We coded whether a video presented
different quantities in sequence, usually from smallest to largest.
We defined sequential comparison video as videos that emphasize
relative magnitudes by presenting values one after another, often
using a horizontally scrolling 3D bar chart format. Prior work has
shown that sequential comparison is a dominant but stylistically
specific genre of data video [108], highlighting the importance of
examining its presence in our candidate pool.
(4) Sequential size comparison. Finally, we identified whether
a video used sequential comparison specifically to depict physical
sizes. We defined sequential size comparison video as a subtype of
sequential comparison focused on the physical dimensions of ob-
jects or phenomena. We separated this category because physical
size comparisons may evoke different perceptual and rhetorical
responses than other kinds of sequential comparisons, making it

useful to distinguish in coding.

After applying these criteria, we tested the impact of excluding
videos with less than 50% visualization focus. After excluding videos
by applying these filters, the set of eligible videos was reduced to
17, which we designated as Tentative Shortlist #1. This collection
served as an initial pool for final video selection. The full list is
available as both a spreadsheet and a YouTube playlist.3

3.1.4 Third and Final Round of Filtering. In the third and final
round of filtering, our focus shifted from structural and visual char-
acteristics to the presence and clarity of a persuasive message. As
part of this shift toward evaluating the videos’ overall communica-
tive design, the members of the research team also qualitatively
examined the role and character of each video’s background music.
Specifically, we discussed whether the background music appeared
to support, distract from, or be neutral with respect to the persua-
sive goals of the content. While these observations were not used
as formal scoring criteria, they informed our broader discussions
of each video’s multimodal design. These qualitative observations
were intended to contextualize the experimental stimuli and to
support interpretation of the study results. They were not used
to define experimental conditions, nor did they function as in-
dependent variables or formal classification schemes. With these
contextual considerations in mind, each member of our research
team independently applied the following four qualitative coding
criteria (using a 1–5 scale where applicable) to the 17 candidate
videos in Tentative Shortlist #1:
(1) Message presence. The extent to which a video conveyed an
explicit or implicit persuasive message.
(2) Message vs. mere information.Whether the content reflected
persuasive intent rather than neutral fact delivery.
(3) Connection to action. The degree to which the message con-
veyed in the video was linked to potential individual or societal
actions.
(4) Message clarity. The consistency and salience of the persuasive
message portrayed across the video.

In parallel, all members of the research team provided open-
ended descriptive notes on the background music of each candidate
video, including observations such as: “carefully designed selection
of tracks,” “generic or template-like,” “engaging and well matched,”
“monotone or contradictory in tone,” “distracting crescendos,” “ef-
fective soundscape but overshadowed by narration,” or “music not
playing an important role.” These comments offered additional con-
text about how the soundscape functioned within each video’s
overall design. It is important to distinguish between the effects
of background music as reported by study participants and the
inferred design intentions derived from the research team’s qualita-
tive assessment of how the music appeared to function. The former
captures audience response measured through experimental data,
whereas the latter reflects the researcher’s interpretation of commu-
nicative design. (Refer to our OSF epository4, under Video Selection,
for more details).

Following this independent coding, we met as a team to review
the ratings, discuss points of divergence, and collectively decide

3YouTube playlist link
4https://osf.io/htq82

https://www.youtube.com/watch?v=3lrJYTsKdUM&list=PLAAN65rg1bqsRq5UfKRsEbEkESaTLEESr
https://osf.io/htq82/?view_only=bfc8170441314fcd9effbc60624e45c3
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which videos to retain or eliminate. Our decisions were guided by
both the coded scores and broader design considerations. Specif-
ically, we aimed to (a) balance thematic diversity across societal
issues, (b) represent a range of visual and narrative styles, and (c)
avoid including multiple videos from the same producer. The latter
was not always possible: videos made by Vox Media [102] appeared
frequently in the candidate pool, and we ultimately retained two of
its videos because they scored highly across our criteria.

This rigorous filtration process resulted in the final six selected
videos spanning climate change, democratic processes, economic
forecasting, global demographics, pandemic data, and historical
reflection (see Figure 2 for screenshots of these videos):

• BEEF: Why beef is the worst food for the climate: A
data-rich and visually engaging explanation of beef production’s
impact on climate, combining charts, physicalization, and a clear
call to action. The soundtrack consists of several short elec-
tronic–orchestral cues varying in intensity to accompany topic
transitions. The titles for the credited music include “Out of Cu-
riosity” (Pierre Henry Jacques Adenot, SACEM), “Cautious Opti-
mism” (Matthew Sanchez and Sam Taylor, PRS), “Mischievous
Pizzicato” (Paul Brian Hart and David John Arnold, PRS), and
“Illustrious Prince” (Laurent Dury, SACEM).

• VOTE:Why America needs automatic voter registration:
A persuasive breakdown of benefits and mechanics of automatic
voter registration, framed with international comparisons to
broaden relevance. The soundtrack consists of several energetic
electronic and synth-driven cues, which maintain a steady rhyth-
mic pulse and vary moderately in intensity. The titles for the
credited music include “Cheeky Peek (B)” and “Wonky Step”
(Rob Persaud, Matt Black, and Adrian Quick, ASCAP), “Illumina-
tion” (Benjamin MacDougall, ASCAP), and “Behind the Fence”
(Michael Price, PRS).

• ECON: TheWorld’s Largest 10 Economies in 2030: A data-
driven projection of the shifting global economic landscape, rank-
ing emerging and established markets by their forecast GDP. The
video uses a modern corporate–cinematic instrumental sound-
track that maintains a steady, driving rhythm throughout and
varies modestly in intensity when new data segments are intro-
duced. Specific music credits were not provided in the video.

• 100P: If The World Were 100 People: A vivid reimagining
of global population statistics through unit-based visualizations,
distilling large-scale demographics into a relatable 100-person
world. The soundtrack consists of light, upbeat instrumental
cues, using bell-like melodic instruments (such as xylophone or
glockenspiel) supported by soft percussion and a steady rhyth-
mic pulse, complementing the video’s rapid-paced transitions.
Although the video did not provide music credits, audio identi-
fication tools (e.g., Shazam5) indicate that the track is likely “A
Flower” by Red Red Groovy.

• COVD: Corona race meme (COVID-19 growth by coun-
try): A bar chart race tracking the rapid spread of COVID-19, jux-
taposing somber data with intentionally incongruous meme mu-
sic. The video uses the Eurobeat track “Gas Gas Gas” by Manuel,
a song widely associated with online “race” memes and the Initial
D franchise. The music features a very fast tempo, prominent

5Shazam.com

electronic drums, and energetic synthesizer melodies. In this
context, the background music is used primarily for comedic
contrast, creating an exaggerated sense of acceleration as the
bars depicting COVID-19 diagnosis cases update rapidly.

• WW2D: Number of deaths in WW2 per country: A sober-
ing 3D visualization of wartime casualties, using physicalized
coffin stacks to convey scale and human cost. The video uses
the instrumental track “Space Coast” by Topher Mohr and Alex
Elena. The soundtrack features cinematic-style orchestral ele-
ments, including strings and percussion, combined with a steady
rhythmic progression.

After finalizing these six selected videos, we conducted an ad-
ditional round of design-space coding [81] to characterize their
multimodal properties. As part of this process, we rated the relative
presence of background music in each video through assigning an
ordinal tag of “Medium” or “High” based on the perceived loud-
ness, continuity, and prominence of the soundtrack relative to the
narration and/or data visuals. These tags are shown as the “Music
Presence” column in Table 1.

Together, these six videos provided thematic breadth, stylistic
variety, and consistent persuasive intent. They were published be-
tween 2016 and 2020, collected between 370,000 and 20 million
YouTube views in 2025, and ranged from 45 seconds to 5 minutes in
duration. Three videos included voice narration, while three did not.
Their visualization focus ranged from 57% to 100%, and message
presence scores ranged from 3.3 to 5.0. All details are in Table 1.

3.2 Study Design
We conducted a between-subjects online experiment to investigate
how background music affects people’s experience of data videos.
Each participant was invited to watch a video with or without
background music, after which they answered questions measuring
persuasion, information recall, and engagement with the data video.
Our study was approved by the institutional review board (IRB) of
Louisiana State University.

3.2.1 Stimuli and Conditions. We created twelve experimental
stimuli: six data videos in their original form with background mu-
sic (see subsection 3.1 on how they were selected) and six matched
versions with the music removed. For better experimental control,
the “no music” versions retained all their original content (visuals
and voiceover when present) except the music track, which was
removed using the AI-based tool Audiostrip [5]. Videos were embed-
ded in the Qualtrics survey and presented using Qualtrics’s random
assignment feature to balance conditions across participants.

3.2.2 Study Design. Participants were randomly assigned to watch
one of twelve stimuli. We chose this between-subjects design i) to
prevent fatigue, as watching six videos and completing question-
naires for each would have been time- and energy-intensive; and ii)
to avoid carryover effects and reduce response bias due to demand
characteristics [66]. While within-subject designs can increase sta-
tistical power, this benefit depends on correlated responses within
participants [21, Chap. 8], which is unlikely in our case, given the
large effect of video topic relative to music. Thus, although we
initially planned for each participant to view two videos on differ-
ent topics, one with music and one without, we abandoned this

https://www.youtube.com/watch?v=3lrJYTsKdUM
https://www.youtube.com/watch?v=Hd5Qs0fc_I0
https://www.youtube.com/watch?v=L5v9jt4__ho
https://www.youtube.com/watch?v=QFrqTFRy-LU
https://www.youtube.com/watch?v=4f6-MDhygWc
https://www.shazam.com/
https://www.youtube.com/watch?v=7cgRwDkP6vk
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Figure 2: Data videos included in our study: (1) Why beef is the worst food for the climate (Vox Media, 2020) [100] ; (2) Why
America needs automatic voter registration (VoxMedia, 2018) [99] ; (3) TheWorld’s Largest 10 Economies in 2030 (Visual Capitalist,
2019) [98] ; (4) If The World Were 100 People (GOOD Magazine, 2016) [30] ; (5) Corona race meme (COVID-19 growth by country)
(Kori, 2020) [43] ; and (6) Number of deaths in WW2 per country (MetaBallStudios, 2018) [59] .

Table 1: Summary of videos used in the study

ID Video title Creator Datasets Year Views
Length
(min)

Narra-
tion

Music
presence

Vis.
focus

Message
presence

BEEF Why beef is the worst food for the
climate [100]

Vox Media [105–107] 2020 1.1 Ma 4.5b Yes Medium 73% 5.0

VOTE Why America needs automatic
voter registration [99]

Vox Media [106, 107,
109]

2018 370 K 4 Yes Medium 57% 5.0

ECON The World’s Largest 10 Economies
in 2030 [98]

Visual
Capitalist

[86] 2019 480 K 3 Yes Medium 68% 3.8

100P If The World Were 100 People [30] GOOD
Magazine

[86] 2016 3.3 M 2.5 No High 92% 3.5

COVD [V3] Corona race meme (covid-19
growth by country) [43]

Kori [109] 2020 20 M 1 Noc High 100% 3.3

WW2D Number of deaths in the WW2 per
country [59]

MetaBall-
Studios

[86, 108] 2018 8.6 M 2.5 No High 85% 4.3

a View counts are rounded to the nearest hundred thousand [23] (K = Thousand, M = Million).
b The time is rounded to the nearest half minute.
c There is a brief audio narration in some frames of the video.

approach due to concerns about carryover effects, response bias,
and minimal expected benefit.

3.2.3 Procedure. The experiment session began with participants
consenting to participate and answering a set of screening questions.
These covered language fluency, auditory and visual impairments,
and participants’ ability to watch and listen to videos (including a
short audio test). We also collected demographic information and
viewing preferences (e.g., typical video consumption and music gen-
res). The full question set is available as supplementary materials.
Following the screening, participants answered a set of pre-study
questions, watched a randomly-assigned data video, and answered
a set of post-study questions. Participants completed the study in 13

minutes on average (𝑆𝐷 = 8, range = 3–51). Theywere compensated
$3.50 USD, corresponding to a rate of $14/hour on average.

We implemented multiple measures to identify bots and ensure
data quality:
1. Screening: Participants were not included if they reported not

being fluent in English, having significant visual or auditory
impairments, or lacking the necessary technology to watch and
listen to videos.

2. Audio check: Participants completed a brief audio test in which
they typed a number spoken in an audio clip. Those who entered
incorrect responses were not included.

https://www.youtube.com/watch?v=3lrJYTsKdUM
https://www.youtube.com/watch?v=Hd5Qs0fc_I0
https://www.youtube.com/watch?v=L5v9jt4__ho
https://www.youtube.com/watch?v=QFrqTFRy-LU
https://www.youtube.com/watch?v=4f6-MDhygWc
https://www.youtube.com/watch?v=7cgRwDkP6vk
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3. Attention check:An attention-check questionwas used to confirm
that participants were following instructions. Those who failed
(about 14% of all submissions) were not included.

4. CAPTCHA: A bot detection question was included at the end of
the survey. Responses failing this check were discarded.

5. Duplicate or incomplete responses: Any incomplete or multiple
submissions from the same participant were removed.

6. Completion code: Participants who submitted invalid Prolific
completion codes were not included.
Prolific replaced participants whose responses failed to meet

criteria 1–5. This process yielded 480 responses, in line with our
planned sample size (further discussed in subsection 3.4). Among
these, three participants submitted invalid Prolific completion codes,
resulting in 477 valid responses for analysis.

3.2.4 Measurements. Participants answered questions related to
persuasion, engagement, and recall (our three primary outcomes),
as well as music perception, along with demographic and screening
items. All the following measurements, except information recall,
use 7-point Likert-type scales. For instance, for questions that start
with “To what extent would you likely...,” participants selected from
1—extremely unlikely to 7—extremely likely. For questions that
start with “To what extent do you agree...,” the participants selected
from 1—extremely disagree to 7—extremely agree. To measure in-
formation recall, participants were asked to answer multiple-choice
questions about basic facts from the video.

(1) Persuasion. We assessed persuasion by measuring attitudinal
shift. It aligns with previous research [69] that suggests measuring
the changes in participants’ attitudes before and after treatment as
an effect of a persuasive message to measure its persuasive power.
Following the practice in [69], participants’ attitudes are measured
by single-item scale questions that plainly ask them to what extent
they agree with the main messages from the videos. Given that the
videos are not long and have a few key takeaways, we decided to
tailor three questions for each video. Before designing questions,
all members of the research team wrote and discussed what they
believed were the key takeaways of the videos to try to avoid a
wrong or incomplete understanding. Before viewing the data video,
participants answered three questions gauging their initial level
of agreement with the video’s main messages. For example, par-
ticipants who were assigned the BEEF video were asked “To
what extent do you agree that changing eating habits can help reduce
greenhouse gas emissions?”. We will refer to these questions as pre-
agreement questions. After having watched the video, participants
answered the same three questions (post-agreement questions).
Persuasion was defined as the average difference between post- and
pre-agreement, as will be further explained in section 4.

(2) Perceived video persuasiveness. As a complementary metric,
we measured the video’s perceived persuasiveness: after having
watched the video, participants rated how persuasive and believable
they found it. Items include: “To what extent do you agree that the
information in the video is reliable?” ; “To what extent do you agree
that the video has the potential to influence its viewers?” ; “To what
extent do you agree that the video gives viewers a new behavioral
guideline?”. The questions were the same for all videos.

(3) Behavioral intention. After having watched the video, partic-
ipants indicated their intention to take action based on the video’s
message. The behavioral intention questions were tailored to each
video. For example, for BEEF, participants were asked: “To what
extent would you likely take action to reduce greenhouse gas emis-
sions?” and for ECON, the question was: “If you were planning
a personal investment, how likely would you be to invest in Asian
markets (e.g., by purchasing stocks or funds based in Asia)?”

(4) Engagement. To assess viewer engagement, we adapted an
11-item scale developed by Amini et al. [2] for measuring viewer
engagement for data videos. It covers five engagement attributes,
including cognitive involvement, affective involvement, enjoyment,
focused attention, and aesthetics. The original scale was developed
by deriving an initial set of 53 items from surveys in psychology,
HCI, and game design, followed by refining the list through a user
experiment. Minor modifications were made to better align with
our study goals, including rewording or removing entertainment-
specific items and adding a question on interest in learning more
about the topic. For example, among the four original items for mea-
suring enjoyment, two focused on entertainment were removed (i.e.,
“This video was fun to watch” and “The video was entertaining”)
as entertainment is not the purpose of all videos. Moreover, some
videos are about serious and heavy topics (e.g., WW2D), and the
questions would be inappropriate. More details are provided in the
supplementary materials. Example questions include “I would like
to learn more about the topic” and “The video triggered my emotions”.
The questions were the same for all videos.

(5) Information recall. At the end of the study, each participant
answered multiple-choice questions assessing the extent to which
they could recall basic facts from the video. Deciding on multiple-
choice questions for measuring recall follows is inspired by previous
work in visualizations [42]. We designed recall questions that reflect
salient and important information in the videos. When the video
had voiced narration, we segmented the video script into parts,
such as the background, major arguments, or findings. From every
part, we identified key facts and conclusions to inspire the recall
question design. When the video did not have voiced narration,
we selected salient data points (e.g., the largest value) as well as
information emphasized through visual cues (e.g., prolonged cam-
era focus or zoom-ins). We distributed questions across the video
timeline as evenly as possible. An example includes: “According
to the video, what is the primary greenhouse gas emitted during the
digestion process of cows and sheep? (a) Methane (b) Nitrous oxide
(c) Ammonia (d) None of the above.” Compared to the attitudinal
questions from before (i.e., pre- and post-agreement questions),
these questions were more factual. There were 3 to 6 questions,
depending on the video. Responses were scored for full or partial
credit. All questions were piloted to ensure appropriate difficulty.

(6) Music perception. After watching the video, participants an-
swered one music-related question based on their assigned condi-
tion. Participants who watched a data video with music were asked:
“To what extent do you agree that music enhances this video?” Oth-
ers who watched a data video without music were asked “To what
extent do you agree that adding music would enhance this video?”

https://www.youtube.com/watch?v=3lrJYTsKdUM
https://www.youtube.com/watch?v=3lrJYTsKdUM
https://www.youtube.com/watch?v=L5v9jt4__ho
https://www.youtube.com/watch?v=7cgRwDkP6vk
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3.3 Research Questions
Our primary research questions were:
• RQ1: How does the inclusion of background music affect the
persuasive power of data videos?

• RQ2: How does the inclusion of background music affect en-
gagement with data videos?

• RQ3: How does the inclusion of background music affect infor-
mation recall with data videos?
We sought to answer these research questions by estimating the

overall effect of music on the relevant metric across all six videos.
As secondary research questions, we also examined the effect of
music within individual videos.

Expectations. Based on prior insights from visualization re-
searchers [81] and our own intuitions, we expected data videos
with background music to be more impactful than those without.
At the same time, we anticipated the effect of music to be tenu-
ous, since music is only one of many elements in a data video and
is typically not the most salient. This aligns with findings from
other domains, where some studies were unable to detect the effect
of background music [38]. More specifically, we anticipated (and
preregistered) a small effect6 of music on persuasion overall (RQ1),
with potentially medium effects for certain videos. We anticipated
a medium effect of music on engagement (RQ2) and a small to very
small effect of music on recall (RQ3). Our reasoning was that while
background music can be reasonably expected to affect reported
engagement, its causal link to persuasion seems less direct, and its
causal link to information recall even less so. Furthermore, persua-
sion and information recall are likely dominated by other factors,
such as the video’s content and the participant’s prior beliefs and
knowledge, making any effect of music possibly hard to detect.

3.4 Participants
3.4.1 Sample Size Rationale. After coding our planned Bayesian
analyses (further detailed in subsection 4.2), we conducted frequen-
tist power analyses by simulating multiple datasets and calculating
the proportion where the 95% credible interval excluded the null.7
For our primary analyses—examining the overall effect of music
across all videos—we estimated that 𝑁 = 480 would provide approx-
imately 0.75 power to detect a small standardized effect (𝑑 ≈ 0.2)
and >0.99 power to detect a medium effect (𝑑 ≈ 0.5), under reason-
able simulation assumptions (see code in supplementary material
for details). For video-specific effects, power was roughly 0.15 for
𝑑 ≈ 0.2 and 0.6 for 𝑑 ≈ 0.5. Overall, given our effect size expec-
tations (subsection 3.3), 𝑁 = 480 should allow us to estimate the
direction of most primary effects while offering at least limited
sensitivity to subtler effects.

3.4.2 Recruitment and Inclusion/Exclusion Criteria. Following our
sample plan, as detailed in our preregistration, we aimed to recruit

6Following the convention proposed by Cohen [18, p.24], we use the term medium
effect to refer to 𝑑 ≈ 0.5, small effect to refer to 𝑑 ≈ 0.2, and very small effect to refer
to 𝑑 ≈ 0.1, with 𝑑 being Cohen’s standardized effect size 𝑑 .
7We also tested frequentist counterparts of our Bayesian models (i.e., linear models
and linear mixed models) and found highly consistent results. To save computation
time, we used these frequentist models as approximations for our power estimations.

480 participants through four badges. We configured Prolific to pro-
pose our study only to participants corresponding to the following
criteria:

• having a 95% or higher completion rate,
• having at least 10 prior studies approved, but no more than
10,000,

• being fluent in English (self-declared).
Additionally, we added our own screening procedure as described
in subsubsection 3.2.3 to ensure that all participants were able to
hear the music and or narration of the tested videos.

We included one attention check question in the form of an
instructional manipulation check [65]: “Please select the type of
topic of the video that you just watched. When asked for the type of
topic, you must select Video Game. What is the type of topic of the
video?” Initially, we provided the following four answer options:
(1) Politics, (2) Health (3), Climate Change, (4) Video Game. However,
while running the first batch of participants, we noticed that an
unusually high number failed the attention check (47 out of 120,
i.e., about 28%), and this specifically for videos whose topic was
in the list of answer options. We therefore changed the options so
that none of them matched the topic of any of the videos. The final
total number of participants who failed the attention check is 79,
which results in a failure rate of about 14% overall, and 8% when
excluding the first batch from the calculation.

3.4.3 Sample Characteristics. Prolific provides basic demographic
information for the participants recruited for a study. We summa-
rize in Figure 3 information on age ranges, country of residence,
sex (Prolific only provides data on binary sex not on self-reported
gender), and the number of previously accepted contributions on
the Prolific platform.

4 Quantitative Data Analysis
In this section, we outline the methodology we used to quantita-
tively evaluate the impact of background music on our outcomes of
interest, and we present our results. We used Bayesian estimation
as our statistical inference framework [44]. This approach bases
conclusions on the interpretation of posterior distributions and cred-
ible intervals, viewing statistical evidence as a continuum rather
than a binary outcome [9, 44]. All analyses were preregistered un-
less stated otherwise, and extensive supplementary materials are
available online.8

4.1 Data Transformations
We aggregated and normalized the measurements presented in
subsubsection 3.2.4 as follows:
• Persuasion score ∈ [−1, 1]: we computed pre- (resp. post-)
agreement scores by summing up responses to the three pre-
(resp. post-) agreement questions and normalizing between 0 and
1, with 0 meaning no agreement with the video’s messages, and
1 meaning full agreement. The persuasion score is the difference
between post- and pre- agreement scores. Therefore, 0 means no
persuasion, i.e., no shift of the participant’s agreement with the

8Link to the preregistration on OSF: https://osf.io/fzde7/; link to the OSF project with
supplementary material: https://osf.io/htq82

https://osf.io/fzde7/?view_only=604d385c91e043528e2c900ccc0463de
https://osf.io/htq82/?view_only=bfc8170441314fcd9effbc60624e45c3
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Figure 3: Basic demographics describing our participant sample.

video’s messages, while 1 means maximum persuasion, and -1
means maximum negative persuasion.

• Perceived video persuasiveness ∈ [0, 1]: the normalized sum
of the responses to the three questions capturing the extent to
which participants found the video persuasive.

• Behavioral intention ∈ [0, 1]: normalized response to the ques-
tion capturing the participant’s intent to take action based on
the video.

• Engagement score ∈ [0, 1]: composite of 11 items from an en-
gagement questionnaire, with reverse-coding and normalization
applied.

• Recall score ∈ [0, 1]: total score obtained to the video-specific
questionnaire testing participant’s recall of factual information
in the video, with 0 being the worst possible score and 1 being
the best possible score (see supplementary material for exact
questions and scoring schemes).

4.2 Bayesian Models
Weused Bayesianmodels to estimate the effect ofmusic on our three
primary outcomes of interest: persuasion score (addressing RQ1),
engagement score (addressing RQ2), and recall score (addressing
RQ3).

For persuasion (RQ1), we fit a Bayesian linear mixed-effects
model [56] predicting persuasion score from the binarymusic condi-
tion, with a random intercept for video, and a Gaussian likelihood:

persuasion_score ∼ Normal(𝜇, 𝜎), 𝜇 = music + (1 | video)
(1)

This model accounts for some videos being naturally more per-
suasive, but assumes that the effect of music is the same across all
videos. Note that since each participant only saw one video, we
could not include participant effects explicitly in the model. This
model was chosen over more complex models (e.g., the interaction
model persuasion ∼ music × video and the random-intercept
model persuasion ∼ music + (1 + music | video) based on power

analyses and informal testing on simulated data, suggesting a better
predictive power for the chosen model.

Although observations were theoretically bounded between -1
and 1, the Gaussian likelihood was chosen because the persuasion
measure is a difference between pre- and post-agreement scores
with a meaningful 0, and because the observations were expected
to lie close to 0 and away from their theoretical bounds (confirmed
by pilot data and then experimental data). We use weakly informa-
tive priors that do not favor any particular direction of effect. Full
details about the analyses (including R code for the Bayesian anal-
yses with comments explaining and justifying the choices made,
R code for generating the simulated datasets, R code for running
the power analyses, and a table with results from power analyses)
were preregistered and available in the OSF storage.

For engagement (RQ2), the model was similar to the persuasion
model (fixed effect of music and a random intercept for video),
except that we used a beta likelihood with a logit link function [56]
to account for the response variable being bounded between 0 and
1 and, in contrast to the persuasion measure, expected to produce
values near the bounds:

engagement_score ∼ Beta(𝜇, 𝜙), logit(𝜇) = music + (1 | video)
(2)

The model for recall (RQ3) was the same:

recall_score ∼ Beta(𝜇, 𝜙), logit(𝜇) = music + (1 | video) (3)

These three models were used to estimate the overall effect of
music across all six videos. To examine how the effect of music
varied across individual videos, we also fit separate Bayesian linear
models for each video, predicting persuasion with only a fixed effect
of music:

persuasion_score𝑣𝑖𝑑𝑒𝑜 ∼ Normal(𝜇, 𝜎), 𝜇 = music (4)
engagement_score𝑣𝑖𝑑𝑒𝑜 ∼ Beta(𝜇, 𝜙), logit(𝜇) = music (5)

recall_score𝑣𝑖𝑑𝑒𝑜 ∼ Beta(𝜇, 𝜙), logit(𝜇) = music (6)
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Again, these models were chosen over alternative approaches
(e.g., extracting video-specific effects from a general interaction
model or random-intercept model) based on power analyses and
informal testing on simulated data. All model choices were prereg-
istered.

Plots. For all models, we extracted the posterior distribution of
the estimated increase in the outcome due to music, on the original
normalized scale (from -1 to 1, or 0 to 1). In all plots that follow, the
blue density curve shows the posterior distribution, the dot shows
its median, and the error bar indicates its 95% credible interval.
Together, these elements convey the uncertainty around the effect:
the point estimate is our “best bet” for the true increase, the interval
very likely (with 95% probability) contains the true increase, while
the density curve provides the full range of probabilities.

4.3 Results

−1 0 1

Raw responses Increase due to music
Persuasion

music

no music

−0.2 −0.1 0.0 0.1 0.2

Figure 4: Effect of music on persuasion across all videos.
Left: Raw responses for persuasion without music and with
music; Right: Bayesian estimation of the effect of music on
persuasion on the same -1 to 1 scale. The error bar is a 95%
credible interval.

4.3.1 Persuasion (RQ1). Results for the persuasionmetric are shown
in Figure 4. The two gray histograms on the left display the distri-
bution of all 477 persuasion scores. The top histogram shows scores
from the 239 participants who saw a video without music, while
the bottom one shows scores from the 238 participants who saw a
video with music. These two histograms indicate that videos were
generally persuasive, regardless of the inclusion of background
music, which appears to have no discernible effect.

This is confirmed by the right plot showing our Bayesian esti-
mate of the increase in persuasion score due to music (see end of
subsection 4.2 on how to interpret the different elements of this
plot). The overall effect of background music on persuasion, across
all six videos, was 0.0036 (95% CI [-0.023, 0.031]). This effect is
extremely small—likely less than 1% of the full range of possible
persuasion scores (from -1 to 1)—and its direction is uncertain, as it
could be slightly positive or slightly negative. Overall, the influence
of background music on persuasion is negligible. In subsubsec-
tion 4.4.1, we will further discuss the magnitude of the effect and
compare it with our prior expectations.

4.3.2 Engagement (RQ2). Results for the engagement metric are
shown in Figure 5. Again, the two gray histograms show the raw
distribution of responses for the no-music and the music condition—
indicating rather positive engagement overall, while the blue plot
shows our Bayesian estimate of the effect of music on persuasion
score. The overall effect of music on engagement is 0.0033, 95% CI
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Figure 5: Effect of music on engagement across all videos.
Left: Raw responses for engagement score without music and
with music; Right: Bayesian estimation of the effect of music
on engagement on the same 0–1 scale. The error bar is a 95%
credible interval.

[-0.022, 0.030]. Once more, this effect is negligible, with no stronger
evidence for a positive than for a negative effect. This finding is
even less expected than the previous one, as we anticipated a sub-
stantial (medium) effect of music on engagement. We will again
further interpret expected and measured effect sizes in subsubsec-
tion 4.4.1, and will discuss possible reasons for this surprising result
in section 6.

0 1

Raw responses Increase due to music
Recall

music

no music

−0.2 −0.1 0.0 0.1 0.2

Figure 6: Effect of music on information recall across all
videos. Left: Raw responses for recall scores without music
and with music; Right: Bayesian estimation of the effect of
music on recall on the same 0–1 scale. The error bar is a 95%
credible interval.

4.3.3 Information Recall. Finally, results for the information recall
metric are shown in Figure 5. The overall effect of music on recall
was 0.01, 95% CI [-0.030, 0.049]. As before, the effect appears small,
although there is slightly more uncertainty as to its size, likely due
to a wider spread in raw responses. As for the direction of the effect,
the results are again inconclusive. These results are, however, in
line with our initial expectation of a small to a very small effect of
music on information recall.

4.3.4 Per-Video Effects. As per our preregistration, we also ex-
amined the effect of music for each of the six videos separately.
Although splitting the dataset in this way substantially reduces
sample size (𝑁 ≈ 40 per condition) and therefore the reliability
of our inferences, we conducted this analysis to identify videos in
which music may have an unusually large impact. All results are
reported in Figure 7. There appears to be some variability across
videos, especially for information recall, where the effect seems to
be positive for some videos and negative for other videos. However,
these patterns should be interpreted cautiously due to the small



CHI ’26, April 13–17, 2026, Barcelona, Spain Djavaherpour et al.

persuasion engagement recall

−0.2 0.0 0.2 −0.2 0.0 0.2 −0.2 0.0 0.2

WW2D

COVD

100P

ECON

VOTE

BEEF

Increase due to music

Figure 7: Effect of background music on our three key outcomes of interest (as columns) for each of the six videos (as rows).
Positive values indicate higher scores in the music condition relative to the no-music condition, while negative values indicate
lower scores. Error bars are 95% credible intervals.

sample sizes and the statistical multiplicity9, and more focused
studies are needed to confirm these effects. For the time being, the
only conclusion we can reasonably draw is that there is no evidence
of a very strong effect of background music for any of the videos.

4.4 Additional Analyses
The analyses in this section were not preregistered and were con-
ducted post-hoc.

4.4.1 Standardized Effect Sizes. To help us interpret how small
the effect of music is, we estimated Cohen’s 𝑑 [18] for our three
primary outcomes. Cohen’s 𝑑 is a standardized, unitless measure
of effect size, where the difference between two group means is ex-
pressed relative to the variability within the groups. We performed
a Bayesian estimation of 𝑑 by fitting Gaussian regression models
and dividing the posterior draws of the fixed effect for music by the
corresponding posterior draws of the residual standard deviation.

The resulting estimates are reported on the right of Figure 1
(blue density plots, black error bars and black dots).

All three point estimates (dots) are extremely close to zero, with
the 95% credible intervals (error bars) suggesting that the maximum
plausible effect size in either direction is less than |𝑑 | = 0.2, which is
conventionally considered as a small effect size [18, p.24]. Overall,
these results confirm that music likely has little to no practically
meaningful impact on persuasion, engagement, or recall in this
study.

Comparing these results with our prior expectations (gray plots
in Figure 1, see subsection 3.3), we anticipated a small positive
effect of music on persuasion (𝑑 ≈ 0.2); while our results do not
entirely rule out this possibility, the prediction was likely on the
optimistic side. For engagement, we speculated a medium positive
effect (𝑑 ≈ 0.5), which is fully contradicted by the small and possibly
negative effect we observed. Finally, for information recall, our

9Since we fit a total of 3 × 6 = 18 models, each on a different dataset, the probability
of observing at least one 95% credible interval excluding zero by pure chance is
1 − (1 − 0.05)18 ≈ 0.6, assuming there is no effect in any of the datasets [50].

predictions were already cautious, anticipating a small or very
small positive effect (𝑑 ≈ 0.1–0.2); our findings are consistent with
these predictions, but we did not anticipate the possibility of a
negative effect, which as likely as a positive one. Note that in order
to get unbiased estimates, we did not use our effect size expectations
as priors in our models.

4.4.2 Additional Measures. We additionally measured the degree
to which participants perceived the video as wanting to persuade
them. Responses were overall high irrespective of the presence of
music (see Figure 8–left).

We also measured quite a high behavioral intent, operational-
ized as willingness to take action after having watched the video.
However, again, we were not able to find evidence for an effect of
music on this measure either (see Figure 8–right).

Finally, we had asked participants if they thought that the music
enhances the video (for those who were in the music condition)
or if they thought that the addition of music would enhance the
video. Raw responses to these two questions are summarized as
histograms in Figure 9. The patterns in participants’ responses re-
veal meaningful differences across video types. For videos with
voiced narration viewed in the no-music condition (9, top row, left-
most three columns), opinions were mixed: some participants felt
that adding music would improve the video, while others were
unsure or believed it would add little. In contrast, for videos with-
out voiced narration, participants more consistently indicated that
music would enhance the experience, suggesting that when nar-
ration is absent, viewers may expect or value a musical layer to
support pacing or emotional tone. In the music condition (9, bot-
tom row), many participants reported that the background music
enhanced the video they watched, though with notable variability
for COVD ( ), whose intentionally incongruous meme music
was polarizing, being appreciated by some participants who were
familiar with the reference but considered distracting by others.

https://www.youtube.com/watch?v=4f6-MDhygWc
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Figure 8: Effect of music on perceived persuasion (left) and behavioral intent (right). The two histograms on the respective left
sides show raw responses for the two measures while the respective right sides show the Bayesian estimation of the effect of
music on the two measures. The error bar is a 95% credible interval.

5 Qualitative Data Analysis
To complement our quantitative results, we conducted a qualitative
analysis of participants’ open-ended feedback to better understand
their experiences during the study. Of the 477 participants, 318
either left the comment section empty or provided only brief, non-
substantive remarks (e.g., “no,” “thank you,” “n/a,” etc.). This resulted
in 159 substantive comments, which we coded inductively using
an open coding approach. Two coders independently coded the
data, resulting in 198 individual codes. Then, across two sessions,
the codes were discussed, conflicts resolved, and consolidated in
groups following the thematic analysis approach [17]. The groups
were then iteratively discussed and finalized into themes through
discussions within the research team.

5.1 Results
17 participants commented explicitly on the audio design, with 16
remarks focusing on the background music and one on the narra-
tion. These responses reflect a wide range of opinions, highlighting
the challenge of creating soundtracks that are both effective and
unobtrusive in data videos.

Participant comments were unevenly distributed across the six
videos (see again Table 1 for details about the videos). The largest
number concerned COVD ( ), which accounted for eight com-
ments. Three comments focused on WW2D ( ), two on 100P ( ),
and one each on VOTE ( ), ECON ( ), and BEEF ( ). The
sole remark about narration occurred in the BEEF ( ). As a re-
minder, BEEF, VOTE, and ECON featured voice narration
and were rated by coders as having a medium presence of music (in
the music condition, where the music track was intact). Meanwhile,

100P, COVD, and WW2D had no voice narration and were
rated as having a high presence of music.

5.1.1 Background music influenced focus, sometimes in distract-
ing ways. Out of 16 comments on the music, 14 participants ex-
pressed concerns about the music’s impact on their ability to focus
or trust the message. For instance, P003 stated, the music used for

COVD ( )“was actually very distracting.” Some other responses
were more severe in tone: P067 described the soundtrack of the
same video as “some cheap ... theme song,” and P081 offered a particu-
larly strong critique on VOTE ( ): “The music is standard, cookie
cutter, commercialized, soulless and boring ... I’d prefer no music at
all if the outcome ... comes off as just insulting to intelligence.” This
participant (P081) also framed the video itself as part of a broader

“carefully constructed exercise of manipulation” ; reflecting deeper
skepticism toward persuasive media. Similarly, P138 warned that
music might make WW2D ( ) feel “emotionally manipulative.”
Some participants explicitly preferred the absence of music due
to the clarity it offered. P383 remarked, “I was glad that the video
wasn’t accompanied by music because I could concentrate better with-
out it” ; referring to 100P ( ). In contrast, for the same video
( 100P ( )), P144 mentioned how music could have served as
a focusing aid: “Without music it was very hard to stay focused. I
had to actively retain my focus.” This is consistent with prior re-
search suggesting that music can support attentional engagement
if appropriately matched to content and tone [40, 52, 67].

One participant directly addressed the narration, noting that
it made concentration difficult. P059 wrote, “... the voice over [on

BEEF ( )] was a little bit boring and made it hard to concentrate
well to the video.” While not a major focus in participant feedback,
this comment suggests that narration quality, similar to music,
can modulate engagement and comprehension, and indicates the
importance of narration design in data videos.

5.1.2 Background music depends on selection and execution. While
most of our participants who commented on music (14/16) were
negative about background music in the data video they viewed,
some of them emphasized that the effect of music depends heavily
on its specific selection and execution. As P129 pointed out, “It
would really depend on the music—this can be a challenge to find
the right one” ; referring to ECON ( ). In addition, two partici-
pants mentioned being familiar with the music being played in the

COVD ( ) video they watched. The video follows a template
for a popular internet meme, amassing over 20 million views. How-
ever, the participants reacted differently to the familiar music. P274
mentioned “I knew the song used in the video”, but P275 said, “Cringe
2020 meme.”

5.1.3 Background music shaped emotional responses. 9 participants
described strong emotional responses to the videos, underscoring
how data-driven narratives can resonate on a personal and affective
level. These reactions ranged from sadness and empathy to shock
and surprise. Many of these comments reflected how participants
connected with human suffering or broader social realities. For
example, P124 found the content of WW2D ( )“very moving and
shocking” ; and P330 described it as “heartbreaking to think most of
the deaths were young men with so much life ahead of them.” Other
participants expressed astonishment or disbelief toward specific
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Figure 9: Top row: Responses to the question if music would enhance the video (only asked in the no music condition. Bottom
row: Responses to the question if music was experienced as enhancing the video watched (only asked in the music condition).

statistics. For instance, p325 remarked, “If these numbers are correct,
it is surprising” ; suggesting that the magnitude or nature of the
figures in 100P ( ) challenged their prior expectations. Another
participant (P266) found the COVD ( ) video amusing despite
the seriousness of the topic: “Although about a serious subject, I
thought the video was hilarious.”

Notably, every participant who reported an emotional reaction
to the WW2D video viewed the music condition ( WW2D ( )).
While such anecdotes may not establish causality, this pattern sug-
gests that the somber background music may have heightened the
emotional salience of the already intense visual content.

The diversity of these participant responses points to an impor-
tant nuance in our findings: many critical comments may reflect
not general dislike or indifference to background music, but dis-
satisfaction with a specific music track used, including its genre,
tone, or mixing. Themes of commercialism, manipulation, and tonal
mismatch suggest that music’s role in data videos may not be abso-
lute, but contingent on aesthetic, emotional, and technical factors.
Moreover, the comments on music, together with those specifically
tied to individual videos, indicate that familiarity may play a role
in shaping audience reactions. When viewers recognize a theme
or background track, they tend to respond more positively and
enjoy the video more, such as in COVD ( ), rather than feeling
distracted or offended.

6 Discussions and Future Work
While prior work suggests that background music can enhance
emotional impact or persuasiveness in videos, our findings suggest
that its effect may be limited, subjective, or context-dependent
when applied to data videos. Surprisingly, we found no measurable
effect of background music on persuasion, engagement, or recall,
suggesting that the communicative power of data videos may lie
more in factors such as visual and narrative structure than in the
presence of background music. In this section, we speculate on
possible reasons for this limited impact, drawing on prior research
and our own findings, and we discuss implications for both future

studies and design practices to further tease apart when and how
music could have a potential impact on data videos.

6.1 The Delicate Interplay Between Auditory
and Visual Narrative Elements

While prior works [25, 26] on integrating music with visualization
suggest that music can enhance engagement and emotional reso-
nance, our quantitative results did not reveal measurable effects in
our stimuli, yet the qualitative responses indicate that the influence
of music may depend on how it interacts with the visual and narra-
tive layers of the video. One possible reason for the limited effect of
background music is that viewers of data videos may focus mainly
on elements most critical for comprehension. Research in multi-
media learning suggests that people give most of their attention
to information that directly helps them understand the material,
such as graphics and spoken explanations [55]. Similarly, in data
videos, the visualization is the central source of meaning, while
the narration provides context and guides interpretation [34]. At
the same time, background music occupies a more delicate posi-
tion: it does not provide factual content, but it can shape pacing,
tone, and emotional resonance when it aligns with the narrative.
This interplay may help explain why some participants perceived
music as enhancing focus or emotional connection, even though
these effects did not emerge in our quantitative measures. Taken
together, this highlights a distinction between the inferred commu-
nicative role of background music in the original video design and
the effects of music as perceived and reported by viewers, which
did not always align. Rather than being purely peripheral, music’s
influence appears contingent on how it complements the visual
storyline and the viewer’s interpretive needs.

This idea is supported by studies on selective attention: when
people face several types of information at once, they tend to ig-
nore elements that do not seem essential to the task [48]. For data
video viewers, the main task is to understand the patterns and argu-
ments shown in the visuals and narration. This suggests that in data
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storytelling, visual and narrative design carry most of the commu-
nicative weight, while music plays a supporting role. This emphasis
on narration is also reflected in our findings. Even though Figure 7
shows no measurable difference in persuasion, engagement, or re-
call across conditions, participants often indicated a preference for
having some form of audio rather than complete silence. As illus-
trated in Figure 9, many in the no-music conditionwho hadwatched
the videos without narration ( 100P, COVD, and WW2D)
noted that the videos felt less engaging without background sound.
This suggests that when narration is present, background music
may become less critical, but in its absence, silence can make the
viewing experience feel incomplete or awkward.

Another potential reason whymusic may have shown little effect
in our study is that the data videos used in our experiment might
already have been sufficiently informative and visually engaging.
For example, P337 who watched the BEEF video without mu-
sic commented that the video is “very informative and well made.”
When the content itself is rich in information and visually well de-
signed, additional auditory cues may not add much to the viewer’s
experience. Studies in multimedia learning show that extra ele-
ments often help only when the main material is difficult to process
or lacks clarity [55]. Research on cognitive load also suggests that
adding non-essential elements can sometimes have neutral or even
negative effects, especially if the core material is already demand-
ing [90]. Data videos often rely on dynamic graphics, comparisons,
and explanatory narration, which already provide multiple cues
for engagement [7]. In such contexts, music may not significantly
increase attention or motivation where the data videos are designed
well enough to demand viewers’ full attention. Therefore, the ef-
fectiveness of music may depend on situations where the content
alone is less capable of sustaining attention, or where emotional
framing is needed to guide interpretation.

6.2 Tailoring Music for Effective Data
Storytelling

In some cases, the background music tracks used in our study may
not have been well aligned with the content of the videos. Con-
sistent with this are participants’ comments on COVD ( ) and

VOTE ( ) finding the background music to be “generic” (see Sec-
tion 5.1 for more details). Prior research in film and media studies
suggests that music is most effective when carefully synchronized
with narrative shifts or emotionally important scenes [10]. Generic
or template-based tracks may not be strong enough to shape per-
ception, whereas incidental and ambient [47] music (broadly, back-
ground music that supports mood or pacing without dominating
attention) have the potential to more effectively guide emphasis or
transitions when selected or edited to align with narrative structure.
In data videos, this alignment does not require bespoke composi-
tion; rather, even modest timing or stylistic adjustments can help
the soundtrack better reinforce key data-driven moments. For ex-
ample, musical cues can emphasize a sudden change in scale, a
surprising comparison, or a narrative turning point. Music may
even be directly driven by the data visualized [89]. Research has sug-
gested that music carefully synchronized with a video’s emotional
and narrative content can enhance audience engagement and the
perceived quality of the storytelling [87]. Prior studies integrating

visualization, sonification, and music also indicate that when sound
or music is designed deliberately, it can set tempo, direct attention,
and integrate with graphics to create richer meanings [74].

A related consideration is that data videos vary in how their tem-
poral structure is established. In some cases, creators begin with a
preselected music track and edit the visuals to match its tempo and
intensity; the COVD video in our corpus is an example of this
approach, where the rapid acceleration of the COVID-19 diagno-
sis bars is deliberately aligned with a high-energy Eurobeat song.
Participants who recognized the meme associated with this track
often reported that the match between the music and the visual
pacing enhanced their experience. Such workflows are analogous
to pre-lay or voice-over editing in animations [28, 53], where the
audio is recorded first, and then the visuals are adjusted to it. Both
approaches represent meaningful forms of audio–visual alignment.

At the same time, our results leave open the possibility that mu-
sic could make a difference under the right conditions. As shown in
Figure 7, the estimated effects of music were small and uncertain,
but Figure 9 indicates that many participants nonetheless perceived
music as enhancing the video compared to silence. This contrast
suggests that while generic tracks may fade into the background,
music chosen or adapted to better fit the intended narrative rhythm
may more effectively support attention or perceived engagement.
Future research could therefore examine whether incidental or am-
bient tracks curated for narrative fit, or simple timing adjustments
at key transitions can translate perceived improvements into mea-
surable effects. Building on this possibility, an important next step is
to consider practical strategies for aligning music with data-driven
storytelling without requiring large-scale compositional effort.

Personalization could allow viewers to select from multiple mu-
sical layers or alternative tracks, adapting the tone of the video
to their own preferences, cultural background, or emotional state.
Additionally, our qualitative findings highlight how familiarity and
preference strongly shapes reactions to background music (e.g.,
in the COVD ( ) condition). Considering these, personalized
music systems could help accommodate such divergent reactions
by aligning the soundtrack with individual expectations and prior
associations. Adaptive systems could take this further by tailoring
music automatically based on contextual or user-specific factors,
such as prior viewing behavior, demographic profile, or even real-
time physiological responses. Beyond personalization, music could
also be leveraged as a supplementary tool for comprehension, such
as using auditory icons or melodic transitions to provide content-
dependent cues [45, 97] or using music as a complementary data
encoding channel [89]. Advancing these approaches will require
closer collaboration between designers and musicians, while grap-
pling with the persistent challenge of musical subjectivity. From
a research perspective, the central question is whether personal-
ization and adaptivity enhance persuasion, engagement, and recall
by aligning with user expectations, or whether they risk diluting
the intended message. Addressing these trade-offs will be key to
establishing design guidelines for more interactive and adaptive
uses of music in data videos.
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6.3 Reassessing Measures and Methods for
Evaluating Music’s Impact

Integrating music into visualization exposes unresolved design and
evaluation challenges across visual and auditory modalities [25].
Traditional measures and methods used to evaluate persuasion,
engagement, and recall may not fully capture the effects of mu-
sic. While these metrics are commonly used in visualization re-
search [2, 12, 69], applying them to music is complicated. Music
often influences viewers indirectly, by shaping mood, framing atten-
tion, or guiding interpretation, rather than by directly improving
comprehension or recall [13, 49, 57, 93]. If the measures are not
sensitive to these more subtle effects, the role of music could be
underestimated. Moreover, single post-study measures may miss
longer-term outcomes. Persuasion or recall tests given immediately
after viewing cannot reveal whether music has lasting impacts on
memory, attitudes, or behavior. Insights from multimedia learn-
ing theory suggest that evaluation should extend beyond factual
recall to include transfer of learning, motivational outcomes, and
emotional responses [54].

As a richer evaluation of user experience is essential for determin-
ing whether music serves more than an enhancer and clarifying its
role in communicative visualization [24, 36, 74], future work should
therefore adopt a broader methodological toolkit. Such toolkits may
combine traditional tests with continuous engagement tracking,
affective self-reports, or physiological measures.

Psychometric instruments such as standardized scales of cogni-
tive load or emotional response [64, 68, 79] could be used in future
work to capture additional dimensions of the viewing experience,
such as mental effort or affective intensity, that were beyond the
scope of our outcome measures. Likewise, implicit measures such
as the Implicit Association Test (IAT) [31, 63] provide a comple-
mentary way to examine subconscious associations that are not
easily accessed through self-report. In persuasion research, the IAT
can reveal whether exposure to a message shifts automatic associa-
tions with a target concept, providing evidence of implicit attitude
change. For engagement, it may help uncover audiences’ positive or
negative associations with content or themes, possibly indicating
levels of involvement not captured in self-reports. Prior research
suggests that music can influence comprehension, distraction, and
implicit persuasion in ways invisible to explicit ratings [85]. System-
atically integrating these measures would provide a more complete
picture of how music operates in data videos and help establish
evaluation frameworks that balance overt outcomes with implicit
dimensions of user experience.

6.4 Possible Negative Effects When Music Is
Mismatched

While our quantitative results did not show consistent effects of
background music, our qualitative findings suggest that music can
introduce challenges when it is not well aligned with the video’s
tone, message, or intended audience. In our qualitative findings, the
role of music emerged as contingent rather than absolute: music
was appreciated when it aligned with the video’s tone, message, and
viewer expectations, but it was reported as distracting or alienating
whenmismatched in genre, tone, or cultural familiarity. Recognition
of familiar tracks, such as the background music in COVD ( ),

sometimes led viewers to focus more on the music than on the
data or argument being presented. This possibility is supported
by research in advertising, which suggests that incongruent or
overly salient music can compete for cognitive resources, reduce
message comprehension, or divert attention away from intended
content [6, 35, 39, 84]. Multimedia learning studies similarly warn
that elements not essential to understanding can impose unnec-
essary cognitive load and impair learning [90]. Importantly, these
observations must be interpreted within the scope of our stimuli:
the background music in the selected videos was chosen by their
original creators but was not purpose-composed to optimize persua-
sion, engagement, or comprehension. Our findings, therefore, speak
to how background music in existing, widely circulated data-videos
function in practice, rather than to the effects of custom-designed or
intentionally crafted music. Purposeful audio design, such as com-
posing music to match narrative arcs, timing cues to key transitions,
or using incidental or ambient music to support pacing, may lead
to different outcomes and remains an open avenue for future work.
In data videos, mismatched or overly familiar music may therefore
interfere with rather than enhance communication, underscoring
the importance of careful alignment between auditory and visual
design.

Future research should investigate these potential negative im-
pacts and how to mitigate them to ensure that the integration of mu-
sic in data videos supports communication rather than undermining
it. Taken together, our results suggest that mismatched or overly
familiar music can interfere with communication in some circum-
stances, but they do not preclude the possibility that well-designed
audio could enhance comprehension or engagement. Future re-
search should explicitly compare off-the-shelf soundtracks with
custom-designed musical treatments to further determine when
music supports—or undermines—the communicative goals of data
videos.

6.5 Limitations
Similar to other studies, our study should also be interpreted in light
of limitations. Despite our attempt to balance thematic breadth,
stylistic variety, and consistent persuasive intent, our selected
videos do not exhaustively capture or represent the full breadth of
visual, topical, and stylistic practices across data videos available
across all domains. We included only six videos to maintain a min-
imum level of experimental control, verifying that all videos met
rigorous selection criteria and were able to detect any substantial
video-specific effects. Future studies could improve generalizability
by including a larger sample of videos, though assessing the con-
tribution of individual videos would likely become challenging: in
our study, dividing 𝑁 = 480 across six videos reduced the group-
wise sample size to just 𝑁 = 40 per condition (with vs. without
music), providing sufficient statistical power only to detect large
video-specific effects (subsubsection 3.4.1).

Moreover, we decided to conduct our studies with videos with
their original background music, which might have impacted view-
ers’ perceptions of said music. Different results may emerge if music
is composed or adapted specifically to accentuate narrative beats
or highlight key data moments. Furthermore, we measured persua-
sion, engagement, and recall immediately after participants were
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exposed to the stimulus, which might have limited their response to
the viewed data videos. We did not measure if other factors, such as
the emotions of participants, their perceived credibility of the video,
and their aesthetic satisfaction, may also interact with the existence
of background music and contribute to participants’ responses. Our
work does not account for long-term or subtle effects such as trust,
enjoyment, or aesthetic resonance, which create avenues for future
investigations.

Moreover, participants watched videos chosen by us, which may
not reflect ecological situations where people freely choose data
videos to watch online or follow links shared with them. Finally,
our participants were recruited from an online crowdsourcing plat-
form, and despite the screening procedure and participation across
all continents, they may not represent the relevant cultural musi-
cal backgrounds and diversity for a broad range of international
audiences.

These limitations can serve as a scaffolding for potential future
research where the data videos for investigation could be sourced
from an expanded, language-agnostic, and culturally-sensitive cor-
pus. Furthermore, bespoke or adaptive background music could be
composed by engaging with expert musicians or generative AI to
accentuate the narrative beats of critical data elements that could
impact persuasion, engagement, or recall. Or perhaps longitudinal
and socially embedded effects beyond these measures could be in-
vestigated to deepen our understanding of the interplay between
background music and visual narratives in data videos.

7 Conclusion
We set out to test a widely held assumption that background music
enhances the communicative power of data videos. In our prereg-
istered study with 477 participants, we did not observe consistent
measurable effects of background music on persuasion, engage-
ment, or information recall across six widely viewed real-world
data videos. At the same time, our qualitative findings revealed
that viewers’ responses to background music were varied: some
described certain tracks as distracting or mismatched, while oth-
ers reported that music enhanced enjoyment, focus, or emotional
resonance when well aligned with the video’s tone or familiar to
them. These findings challenge designers to rethink the role of
music in data storytelling. Rather than treating music as a default
layer, we suggest exploring custom—possibly data-driven—scoring,
soundtrack customization, and evaluation frameworks that capture
both subtle and long-term effects. These results suggest that the
influence of background music in data storytelling is contingent
on selection, genre, familiarity, and narrative alignment. Rather
than treating music as a default design element, future work may
benefit from exploring intentional musical choices (e.g., incidental,
ambient, purpose-designed, or data-driven) and from studying how
different forms of alignment can shape perception and engagement.
By reframing background music as a context-dependent component
of data videos rather than a universal enhancer, we provide a foun-
dation for future research on when, how, and for whom music may
meaningfully contribute to data-driven communication. Advancing
the role of music in data videos requires both cross-disciplinary
collaboration and more nuanced evaluation methods. On the de-
sign side, collaboration among visualization researchers, musicians,

cognitive scientists, and communication scholars may help trans-
late the diverse roles background music can play into practical
strategies for data-video production. On the evaluation side, in-
terdisciplinary methods (e.g., psychometric instruments, implicit
measures, and longitudinal designs) offer ways to capture subtle,
delayed, or user-specific effects that may not appear in immediate
self-report outcomes.
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