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Figure 1: ResonaVis combines interaction-data and audio-feature visualizations to help composers explore participant engagement
with musical layers, including analysis selection, comparative audio inspection, participant-level summaries, and session timelines.
Abstract—Designing music for therapeutic contexts requires navigating complex relationships between musical structure and listeners’
sensory responses, yet composers often lack structured representations of these interactions to inform compositional decisions, relying
instead on intuition. We present ResonaVis, an interactive visualization system to help composers analyze interaction and audio
data from prior sessions with children with Autism Spectrum Disorder (ASD), informing future compositions. ResonaVis integrates
audio features and interaction logs to capture how children engage with layered musical compositions, representing this engagement
through coordinated visualizations of temporal transitions, layer co-occurrence, rhythmic activity, and spectral characteristics. Rather
than prescribing strategies or directly supporting therapy sessions, the system surfaces patterns in past session data, supporting
data-informed reflection during iterative composition. We evaluated ResonaVis through a mixed-methods study with eight music
students and a follow-up case study with two experienced composers. Results demonstrate good usability (SUS = 72.23), exceeding
benchmarks for early prototypes, and indicate that participants were able to identify interaction patterns, reason about layer relationships,
and make informed compositional decisions. Despite moderate cognitive demands, participants reported high perceived performance
and low frustration, suggesting productive engagement. Participants’ confidence in interpreting interaction and acoustic data when
composing for individuals with ASD also increased significantly across multiple dimensions—rhythm and dynamics, pitch and timbre,
and spectral characteristics (all p < 0.05). Finally, qualitative findings suggest the potential to shift composers from intuition-driven
toward more adaptive, data-informed composition. This work contributes a visualization design space for therapeutic music interaction
data, an integrated system for compositional reflection, and empirical evidence that visualization tools can support analytical reasoning
and confidence in data-informed creative practices.
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Music therapy is a widely recognized intervention for children with
Autism Spectrum Disorder (ASD), supporting emotional regulation
[25], communication [26], and social engagement [63]. However,
some therapeutic approaches rely on passive listening or facilitator-
guided participation, limiting opportunities to adapt music to individual
sensory preferences and behavioral needs. Because children with ASD
exhibit highly individualized responses to rthythm, timbre, and musical
structure, therapeutic outcomes depend on how effectively music can
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be personalized [16,39]. While prior work has focused on the benefits
of music exposure, less attention has been given to how data generated
during interactive sessions can inform compositional decisions.

Interactive music systems such as uCue [36] enable children to ex-
plore music by activating and modifying instrumental layers, producing
rich temporal interaction logs that capture when musical elements are
added, sustained, or removed. These logs encode behavioral responses
to musical structure and offer a potential foundation for data-driven
composition. However, they are high-dimensional, multi-layered, and
temporally complex, making them difficult to interpret through raw
data or listening alone. Composers must reason about patterns such
as layer co-occurrence, temporal evolution, and relationships between
interaction behavior and acoustic features—tasks that are challenging
without appropriate visual representations. Prior work has shown that
visualizing interaction data can reveal meaningful patterns and support
analytical reasoning that would otherwise remain hidden [30].

Interactive visualization systems, particularly visual analytics dash-
boards, are well-suited to support such tasks by enabling users to
explore heterogeneous data, identify relationships, and derive insights
through coordinated views [38,65,68]. While dashboards have been
widely adopted in domains such as healthcare, education, and business
intelligence, their role in supporting creative practices—especially in
music composition and therapeutic contexts—remains underexplored.
This gap motivates an open question: can interactive visualization
support composers in interpreting complex interaction logs to inform
therapeutic music composition? To address this, we design and evaluate
ResonaVis, an exploratory visual analytics system that investigates how
visual representations can support compositional reasoning.

ResonaVis integrates multiple coordinated visualizations—including
temporal session timelines, layer transition diagrams, co-occurrence ma-
trices, and acoustic feature plots—to enable exploration of interaction
patterns across musical layers and listening sessions. The system was
developed through co-design sessions and iterations with composers
experienced in therapeutic music composition, ensuring alignment with
real-world analytical and creative tasks. We investigate the following
research questions: (RQ1) How can interactive visualization techniques
support the process of composing music for children with ASD? (RQ2)
In what ways can a visual dashboard help composers identify and
interpret relevant musical patterns from session data? And, (RQ3)
what design implications emerge from music composers engaging with
visualization dashboards for therapeutic music composition?

We evaluate ResonaVis through a mixed-methods exploratory study
with eight music students trained in music composition/education and
familiar with music therapy, alongside an observational case study with
two experienced composers. Participants used ResonaVis to analyze
uCue session data and reported significant increase in confidence in
composing therapeutic music, particularly in musical aspects such as
rhythm and dynamics (p = 0.0004), pitch and timbre (p = 0.038),
spectral energy and brightness (p = 0.004), as well as interpretation of
visualizations to support music compositional decisions (p = 0.032).
The system supported the identification of interaction patterns not easily
perceived through listening alone and achieved a System Usability
Score (SUS) of 72.23 over the two studies, indicating good usability.

This work contributes: i) ResonaVis, an interactive visual analytics
system that integrates temporal interaction logs and acoustic features to
support exploratory analysis of therapeutic music sessions. ii) Visual-
ization design studies demonstrating how composers interpret complex
interaction data to inform creative decision-making. iii) Empirical
evidence showing how visualization supports insight generation and
confidence in therapeutic music composition. iv) Design implications
for visual analytics systems supporting creative practices in music and
other domains involving complex temporal interaction data.

2 RELATED WORKS

This work builds on research in music therapy for ASD, interactive and
technology-supported music composition, and visual analytics systems
for creative sensemaking. We situate our contribution at the intersection
of data visualization and music composition to empower composers to
interpret listener interaction data and inform therapeutic music design.

2.1 Music Therapy and Interactive Music Systems for ASD

Music therapy is a well-established intervention for children with ASD,
supporting communication, social interaction, and emotional regula-
tion [6,11,42,73,75]. Prior work demonstrates that music provides
a non-verbal medium for expression, enabling meaningful behavioral
and emotional engagement [25,37,41]. However, a growing body
of research highlights that therapeutic effectiveness depends on spe-
cific musical elements, including rhythm, pitch, timbre, and frequency,
which shape sensory and emotional responses. Studies show that indi-
viduals with ASD often exhibit distinct sensitivities to these attributes,
such as preferences for rhythmic predictability, lower brightness, and
stable pitch ranges [1,34,51,64]. Similarly, observational and interview-
based studies indicate that lower-frequency sounds and gentle timbral
qualities can promote engagement and reduce sensory overload [12].
While this literature provides important insights into ASD-specific
musical preferences, most work focuses on therapeutic outcomes rather
than supporting the compositional process itself. In practice, composers
must translate these principles into design decisions, often without tools
that connect behavioral interaction data with musical structure. Our
work builds on these findings by enabling composers to interpret inter-
action patterns and acoustic features through visualization, supporting
alignment between compositional and therapeutic considerations.

2.2 Music Technology and Creative Confidence

Music composition is inherently a creative and exploratory process [33].
Advances in digital tools and interactive systems have expanded the
design space for composers, enabling new forms of experimentation,
iteration, and personalization [8, 17,70]. Technologies such as digital
musical instruments and interactive interfaces support adaptive and
participatory music-making, particularly in contexts involving children
or users with diverse needs [7,48]. These systems facilitate rapid
exploration of musical ideas and enable compositions to evolve dy-
namically based on user interaction [14,61]. Beyond technological
affordances, confidence plays a critical role in shaping compositional
practice. Prior work shows that higher confidence is associated with
increased creativity, willingness to experiment, and the development of
distinctive musical styles [31,66]. In therapeutic contexts, confidence
is particularly important, as composers must balance artistic intent
with sensitivity to user needs and therapeutic goals [50]. Nonetheless,
existing tools primarily support music creation rather than reflective
reasoning about how compositions align with user behavior or therapeu-
tic outcomes. This gap suggests an opportunity for tools that not only
enable composition but also support interpretation and decision-making.
We explore how visual analytics can enhance composers’ confidence
by making complex interaction and acoustic data more interpretable.

2.3 Visual Analytics for Creative Sensemaking

Interactive visualization systems are widely used to support sensemak-
ing in complex data environments by enabling users to explore patterns,
relationships, and trends through coordinated views [38,65,68]. These
systems support iterative exploration and abstraction across data and
task levels, aligning with established models of visualization design
and analysis [55]. Visual analytics research emphasizes the role of in-
teractive systems in supporting analytical reasoning, insight generation,
and decision-making [10, 60, 62]. Dashboards, in particular, have been
adopted across domains such as healthcare and education to support
monitoring, reflection, and intervention [5,47,53,56]. In creative and
therapeutic contexts, visualization has been used to represent emotional
states, engagement patterns, and creative processes over time [15,24].
However, most systems are designed for retrospective analysis rather
than supporting ongoing creative decision-making. Within music-
related applications, visualization has been used to analyze audio fea-
tures and listener responses, such as mapping spectral, rhythmic, or
perceptual attributes to emotional interpretations [49]. Prior work also
explores visualizing performance and interaction traces, including ges-
tural input, timing, and improvisational structure [2,21,23,77]. While
these approaches reveal meaningful patterns, they rarely connect inter-
action data back to compositional workflows. In therapeutic settings,
this limitation is particularly significant, as interaction patterns may
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serve as proxies for user preferences and sensitivities [40, 74]. Our
work addresses this gap by framing visualization as a creativity support
tool that enables composers to interpret interaction data and translate
insights into compositional decisions.

2.4 Music Visualization and Multimodal Representations

Visualization techniques for music have traditionally focused on rep-
resenting individual musical attributes such as waveform, pitch, and
spectral structure [22,35,45]. These representations are widely used
in analysis and education but often operate on isolated dimensions of
musical data. Similarly, compositional support tools have explored
visual representations of rthythm and harmony but typically within con-
strained or pedagogical settings [4,9,27]. Recent surveys highlight
that most music visualization systems do not integrate multiple data
modalities, such as combining acoustic features with interaction or
behavioral data [45]. Emerging work has begun to explore visualization
as a component of creative workflows, but these systems remain limited
in scope and rarely address real-world therapeutic contexts [18, 52].
In contrast to traditional digital audio workstations (DAWs), which
focus on direct music creation, our approach emphasizes reflective
analysis through multimodal visualization. ResonaVis integrates tem-
poral interaction logs with acoustic features such as spectral energy,
pitch, and dynamics, enabling composers to explore how user behavior
and musical structure interact over time. This multimodal perspective
supports a deeper understanding of engagement patterns and provides
a foundation for data-informed compositional reasoning. ResonaVis
operationalizes this perspective by enabling exploratory analysis of
complex session data to inform creative decision-making.

3 ITERATIVE DESIGN PROCESS

We describe the dataset, design process, composition challenges, dash-
board design, and how the visualizations address these challenges.

3.1

The dataset used in ResonaVis consists of approximately four hours
of music interaction logs collected from six children with ASD during
guided play sessions using the uCue interface [36,46]. While derived
from sessions with children with ASD, they were not involved in the
system’s design or evaluation; instead, the data serve as a proxy for
understanding interaction patterns. During these sessions, children
interacted with modular musical compositions by activating and deacti-
vating instrumental layers in real time through a tangible button-based
interface. Each interaction event corresponding to a button press or
release was automatically recorded by the system with timestamps and
layer identifiers, producing a temporally ordered log of user actions.
Logs were exported as CSVs and are referred to as Interaction Data.

The interaction logs are meaningful because they provide a fine-
grained, behavioral trace of how children engage with different musical
elements over time. Unlike post-hoc observations or subjective reports,
these logs directly capture moment-to-moment interaction patterns,
including which layers are preferred based on how frequently they
are activated and how long they are sustained. As such, they offer
an objective basis for understanding how musical structure influences
engagement in therapeutic contexts.

Importantly, these logs also serve as a proxy for engagement behav-
ior. Sustained activation of layers can indicate one’s continued interest
or comfort with specific sounds, while frequent toggling or rapid transi-
tions may reflect exploration, curiosity, or sensitivity to certain auditory
stimuli. Patterns such as repeated co-activation of layers, temporal
sequencing of musical elements, and duration of interaction provide
insights into how children respond to rhythm, timbre, and musical
complexity. However, because these behaviors are encoded as high-
dimensional temporal data across multiple layers, they are difficult to
interpret without appropriate visual representations.

In addition to interaction data, we incorporate the full collection of
musical tracks used in uCue to extract audio features, referred to as
Musical Data. Together, these two data sources inform the selection
of ten visualizations: five derived from interaction behavior and five
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Figure 2: ResonaVis workflow for data-driven music composition.
(1) Children interact with the uCue system during therapy sessions,
generating interaction logs. (2) These logs are processed into interaction-
based visualizations. (3) In parallel, musical data is transformed into
acoustic feature visualizations. (4) ResonaVis integrates both interaction
and musical representation. (5) Insights from this analysis inform the
composition of new therapeutic music.

from acoustic characteristics. Figure 2 illustrates the ResonaVis work-
flow, showing how interaction and musical data are transformed into
coordinated visual representations to support compositional analysis.

3.2 Participatory Design

Participatory Design emphasizes collaboration between stakeholders
and designers to create user-centered solutions [28, 54]. We adopted
this approach to develop ResonaVis with music composers, ensuring
alignment with real-world compositional practices. Beyond interface
design, we focused on identifying visual representations and analytical
workflows to support interpretation of interaction data from therapeutic
sessions. Following a visualization design study methodology [78], we
iteratively refined data abstractions, tasks, and visual encodings with
domain experts. Prior work in music and affective technology high-
lights the importance of participatory approaches for aligning systems
with users’ perceptual and creative needs [29, 76].

3.2.1

Our team collaborated with two additional undergraduate researchers
and music composers as a part of the University of Delaware’s (UD)
Undergraduate Research Program, distinct from the Study 1 evaluation
participants, over a seven-week period through weekly design sessions.
The collaboration began by eliciting composers’ existing workflows,
challenges, and strategies for reasoning about musical structure. We
then introduced sample interaction logs from uCue and explored how
such data might inform composition. Through iterative discussions,
sketching, lo-fi and mid-fi prototyping, we co-developed candidate
visual representations, refined their encodings, and evaluated their use-
fulness for compositional reasoning tasks. This process was informed
by prior work in music visualization [45], and supported through feed-
back via meetings and asynchronous communication.

Stakeholder Collaboration

3.2.2 Design Challenges in Music Composition

The collaboration revealed recurring challenges in composing for di-
verse audiences, including understanding sound compatibility, bal-
ancing complexity, and interpreting listener preferences. Importantly,
composers emphasized the difficulty of reasoning about temporal inter-
action patterns and layer relationships from raw data, highlighting a
gap between available data and actionable insight.

Across discussions, three themes consistently emerged. First, com-
posers struggled with relational reasoning, particularly identifying
which layers or sounds work well together and how combinations
evolve over time. Second, they noted challenges in managing com-
plexity, where increasing the number of layers often led to diminished
clarity or overwhelming auditory experiences. Third, composers ex-
pressed difficulty in understanding and validating listener preferences,
especially given the variability across individuals and contexts.
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These challenges collectively point to the need for visual representa-
tions that make interaction behavior interpretable, support comparison
across compositions, and provide insight into both structural and per-
ceptual aspects of music. A comprehensive list of identified challenges
is provided in Sec. A.2.

3.3 Design Goals

Based on these challenges, we derived a set of design goals to guide the
development of ResonaVis: (DG1) the system should support reasoning
about relationships between musical layers, including co-occurrence
and transitions, (DG2) it should enable analysis of temporal interaction
patterns, capturing how engagement evolves over time, (DG3) it should
integrate interaction data with acoustic features to support cross-modal
reasoning, (DG4) it should facilitate comparison across sessions, songs,
and participants, and (DGS5) the system should support the generation of
actionable insights, enabling composers to translate observed patterns
into compositional decisions.

3.4 ResonaVis Design

Guided by these goals, ResonaVis integrates multiple visual encodings
and interaction techniques to support exploratory analysis of musical
and behavioral data (Figure 1).

3.4.1 Visual Encoding of Interaction Patterns

A central design goal was to transform raw interaction logs into visual
encodings whose structure matches each analytical task, rather than
encodings chosen for visual appeal alone. Guided by established task-
encoding principles and refined through informal composer feedback,
we selected each representation after weighing alternatives. To support
reasoning about layer relationships (DG1), Sankey diagrams were cho-
sen over chord diagrams or adjacency matrices because directed flow
preserves transition order and remains legible across many co-occurring
layers. Covariance matrices were favored over scatterplot matrices for
representing pairwise layer co-usage, since composers prioritized rapid
identification of strongly correlated pairs over precise distributional
detail. To capture how engagement evolves over time (DG2), temporal
session diagrams and time-series plots record layer activations over
time, enabling detection of patterns such as sustained usage or rapid
transitions; we aligned these plots on a shared, continuous time axis
specifically to support the cross-layer and cross-song comparison re-
quired by (DG4), rather than disjoint or circular timelines that would
obscure such comparisons.

3.4.2 Cross-Modal Visualization

To integrate interaction data with acoustic features (DG3), ResonaVis
combines interaction data (e.g., layer activations, sequences, and dura-
tions), musical data (e.g., acoustic features such as loudness, spectral
centroid, and frequency distribution), and composition structure (e.g.,
modular layers and their variations). By coordinating these modalities
within a unified visual interface, composers can relate behavioral pat-
terns—such as engagement spikes—to underlying musical properties,
including changes in timbre or spectral energy. This cross-modal inte-
gration enables analyses that would not be possible when considering a
single data source in isolation.

3.4.3 Visual Analytics Workflow

The workflow emerged from participatory design sessions and is struc-
tured to support comparison across sessions, songs, and participants
(DG4). Composers begin by inspecting interaction data through time-
lines and summary visualizations to build an understanding of overall
session behavior. They then detect patterns such as repeated layer
usage, co-occurrence, and temporal trends, which provide insight into
engagement and musical structure. This is followed by comparing
behaviors across songs or participants to identify consistent preferences
or variations. To deepen their analysis, composers relate interaction
patterns to underlying musical features using acoustic visualizations
(DG3), enabling connections between behavioral responses and proper-
ties such as timbre, pitch, and spectral characteristics. These ultimately
inform compositional decisions (DG5), where composers modify or

select layers based on the patterns identified which reflects a shift from
passive log observation to active, visualization-supported exploration.

3.4.4 Supporting Insight Generation

The combination of visual encodings and analytical workflow enables
composers to generate insights that are difficult to obtain through lis-
tening or raw data alone (DGS5). These insights span both interaction
behavior and musical characteristics, bridging user engagement with
compositional structure. For example, composers identified rhythmic
stability through layers that remained active over extended durations,
as well as variations in activation frequency that reflected changes in
musical dynamics. By integrating interaction data with acoustic fea-
tures, composers further reasoned about pitch and timbre relationships,
using representations such as spectrograms to understand how different
timbral qualities influenced engagement. These insights - reported
in detail in Section 4.5.2, directly informed compositional decisions
across relational, acoustic, and temporal dimensions.

3.5

The dashboard incorporates ten coordinated visualizations grouped into
two categories: Interaction Data and Musical Data. All views were
implemented using Plotly! and deployed via Dash?, enabling inter-
active exploration and linked analysis across representations. Design
decisions were guided by established usability principles [69], ensuring
consistency, responsiveness, and interpretability.

Rather than introducing novel visualization techniques, our con-
tribution lies in the systematic integration and contextualization of
existing visual representations to support therapeutic music composi-
tion. The visualizations are designed to support three complementary
analytical challenges. First, relational analysis is supported through
views such as the Sankey diagram and covariance matrix, enabling
composers to reason about layer transitions and compatibility. Sec-
ond, temporal analysis is facilitated by timeline-based representations
(e.g., full-session diagrams and time-series plots), which reveal inter-
action patterns and engagement over time. Third, acoustic analysis is
enabled through signal-based visualizations (e.g., waveplots, MFCC
(Mel-Frequency Cepstral Coefficients), and spectrograms), supporting
reasoning about pitch, timbre, and spectral characteristics. Together,
these coordinated views enable composers to move between interaction
behavior and acoustic properties, supporting both exploratory analysis
and composition-oriented decision-making. A detailed description of
each visualization, is provided in Sec. A.3. Color schemes (Viridis) and
layout choices were refined with stakeholders to ensure accessibility
and perceptual clarity, resulting in a cohesive visual analytics system.

Implementation and Interface Design

4 STUDY 1: EVALUATION WITH MUSIC STUDENTS

For this preliminary study, we selected music students (undergraduate
and graduate) trained in composition and music education as our target
population [44,57]. This group was accessible for iterative testing,
possessed sufficient knowledge of music structure to interpret the vi-
sualizations, and was pedagogically oriented toward developmental
contexts relevant to therapy. Their novice-to-intermediate status also
made them more open to tool support, allowing us to surface usability
and conceptual challenges before involving professional composers.

4.1 Recruitment and Participants

We recruited 8 student composers (5 females, 3 males) via mailing lists
and word of mouth. They were aged between 19 and 46 years (mean
=24.75, SD = 8.83) and had formal training in music composition or
music education. Six of the eight participants reported familiarity with
music therapy or similar practices. The study welcomed participants
of all genders, ethnicities, and backgrounds. Importantly, there were
no specific medical conditions or exclusion criteria beyond the stated
requirements. The study design was approved by the Institutional
Review Board (IRB) of UD (Protocol #2097325), ensuring that all
research activities were conducted in accordance with ethical standards.

Uhttps://plotly.com/
Zhttps://dash.plotly.com/
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Table 1: Participant demographics and background.

ID G Age Deg Major Music Vis
Pl F 46 BSc English (Music minor) Both N
P2 F 22 MSc Linguistics Edu Y
P3 F 19 BSc Music Perf./Comp. Both Y
P4 F 20 BSc Music + Psychology Comp Y
PS5 F 20 BSc Cognitive Sci., Viola Perf. Both N
P6 M 22 MSc Music Composition Both Y
P7 M 24 MSc Music Performance Both N
P8 M 25 MSc Music Performance Both N

Informed consent was obtained from all participants, and individual
identities were not linked to the data used in the analysis. All participant
data was anonymized. Table 1 gives an overview of the participants.
The session with P2 was a virtual Zoom session, conducted based on
their availability. We also removed data for one participant (P5) from
our analysis, as the session was canceled midway due to technical
difficulties. Thus, our results focus on the seven participants who
successfully completed the study session.

4.2 Study Design

We follow a design study approach, grounding system development in
domain-specific needs and iterative collaboration with composers, con-
sistent with established visualization design study methodologies [67].
We combine qualitative and quantitative metrics, focusing on how well
composers could interpret the visualizations and their overall satisfac-
tion with the interface. To keep sessions under one hour, we selected
a subset of visualizations for the structured evaluation tasks, focusing
on relational and acoustic analysis (Section 3.5)—covering rhythmic
attack, pitch, frequency, amplitude, overtone, brightness, darkness, tim-
bre, and instrument type—based on discussions with our research team
and stakeholders. Temporal analysis visualizations (e.g., full-session
diagrams, time-series plots) remained available but were not the fo-
cus of a dedicated evaluation task; their value was instead assessed
qualitatively through usability feedback (Section 4.5.3). Participants re-
ceived verbal definitions and examples for shared understanding (sheet
in Supplementary Materials). We did not test clinical outcomes, but
explored whether the dashboard could scaffold composition decisions
aligned with therapeutic goals. Task 1 focused on Interaction Data, and
responses from this task served as input for Task 2.

During the study, participants interacted with two sections of the
interface: the Interaction and Audio section, which included the Par-
ticipant Analysis (S1) and Comparative Analysis (S2) interfaces, as
shown in Figure 3. In S1, participants were required to select a song
of their choice, choose the number of participants to include (with a
preference for selecting all to obtain a net average), pick a plot for the
challenge, and select the appropriate options from a dropdown menu.
The observations made in S1 were then used as input for S2. In S2,
participants selected the same song chosen in S1, selected a plot for the
challenge, and input their observations from S1 into two comparative
plots provided in this section. Finally, they were asked to write down
their findings in response to specific questions related to their observa-
tions (see Supplementary Materials for the entire study design). Table
2 describes the three design challenges which we formulated collab-
oratively with our stakeholders using language commonly employed
in music therapy [71]. These design challenges were used to assess
the participants’ understanding and the dashboard’s ability to facilitate
analysis. We calculate the raw NASA-TLX workload scores [32] after
each challenge which captured participants’ perceived cognitive and
emotional workload, and the System Usability Score (SUS) [72] at the
end to determine the overall usability.

4.3 Procedure

Participants engaged with ResonaVis through multiple coordinated
visualizations. Each session lasted approximately one hour, and par-
ticipants took part only once. Sessions were conducted in person at
the Sensify Lab in UD for all participants except P2, who participated
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Figure 3: Study interface used in evaluation tasks. (a) Participant
Analysis Interface (Task 1): users select a song, participants, plot type,
and category to explore individual interaction patterns; shown here, a
Sankey diagram of status transitions. (b) Comparative Analysis Interface
(Task 2): users independently select a plot, song, and layer per panel for
side-by-side comparison; shown here, waveplots for the same song and
layer on a shared temporal axis (0—160s).

Table 2: Design Challenges and associated visualizations.

Q Evaluation Question Visualizations
1 How do rhythmic/dynamic characteristics of selected ~ Covariance Matrix
layers complement each other? (S1), Waveplot (S2)
2 How does popularity of frequently used layers relate  Bar Graph (S1),
to spectral energy and perceived brightness? Spectral
Rolloff/Centroid (S2)
3 How do layer transitions correspond to fre-  Sankey Diagram
quency/pitch changes over time, and how might they ~ (S1), Mel

affect listening experience? Spectrogram (S2)

remotely. In-person sessions were conducted on a 24-inch monitor
(1920%1080 resolution), while the remote participant was instructed
to use the largest available screen and share their display. All sessions
were audio recorded with participants’ consent.

The session began with a brief introduction to the dashboard, during
which participants were guided through its features and interaction
mechanisms. They were encouraged to freely explore the interface to
become familiar with the visualizations before proceeding. This was
followed by a short pre-session interview, where participants described
their typical music composition process, including how they develop
and refine musical ideas. Participants then completed a pre-session
questionnaire assessing their confidence in composing music for chil-
dren with ASD and their ability to interpret visual data. Following this,
they engaged in the three design challenges designed to evaluate the
dashboard. These design challenges required participants to analyze
visualizations, extract insights, and relate these insights to potential
compositional decisions. After each design challenge, participants
documented their observations and provided feedback on the useful-
ness and clarity of the visualizations.To assess cognitive workload,
participants completed the NASA-TLX after each challenge. At the
conclusion of all challenges, they completed the SUS test to evaluate
overall usability. Participants then repeated the confidence question-
naire to capture changes in perceived ability following interaction with
the system. Finally, sessions concluded with a short debriefing, where
participants reflected on their experience, discussed challenges encoun-
tered, and suggested potential improvements.

4.4 Data Collection and Analysis

In this study, data analysis was conducted using both quantitative and
qualitative approaches. Quantitative analysis involved statistical exami-
nation of metrics such as SUS scores, and the Raw Task Load Index
(scale of 10, following Hart [32], which validates its reliability) for each
task. These metrics provided measurable insights into participant per-
formance and the overall usability of the dashboard. On the qualitative
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side, thematic analysis [13] was employed to analyze feedback from
participants and their responses to study questions. This analysis helped
identify common themes and suggestions, offering deeper insights into
the participants’ experiences and guiding potential improvements to
the dashboard. The responses of the participants were double coded by
the first author along with the music composers on the team.

4.5 Results

The results are organized into subsections covering pre-session inter-
views, task performance, insights from visualizations, workload and us-
ability scores, confidence changes, and qualitative feedback. Together,
these findings provide a holistic view of how participants engaged with
the visualisations and ResonaVis. A post-session interview further
examined whether their perspectives on composing for children with
ASD had shifted.

4.5.1

We conducted a pre-session interview to understand participants’ ex-
isting approaches to music composition and the decision-making pro-
cesses underlying their work. Participants were asked to describe their
typical workflow, from initial inspiration to refinement, including how
they iteratively develop and evaluate their compositions. Analysis of
the responses revealed three primary compositional approaches. First,
some participants adopted an inspiration-driven approach, drawing
from familiar musical pieces and using emulation or adaptation as a
starting point (P1). Second, a majority of participants described a seg-
mented and iterative workflow, in which individual musical elements
(e.g., thythm, melody, or harmony) were composed separately and
refined through repeated listening, visual cues, and feedback (P2, P3,
P6, P7, P8). Third, one participant emphasized a therapeutic align-
ment approach, revisiting and adjusting compositions to better match
emotional goals and principles from music therapy (P4)—such as re-
ducing sensory overload and promoting calmness through predictable
rhythmic and tonal structures. Across these approaches, participants
relied heavily on subjective judgment, prior experience, and iterative
listening, with limited use of structured data or visual analysis to guide
their decisions. This suggests that, prior to using ResonaVis, compo-
sitional strategies were largely experience-driven and heuristic-based
rather than explicitly informed by multi-dimensional analysis of mu-
sical features. These baseline insights provide an important point of
comparison for subsequent results, enabling us to examine how par-
ticipants’ workflows evolved from intuition-driven practices to more
data-informed and adaptive compositional strategies after interacting
with the system.

Pre-Session Interview Results

4.5.2

We conducted a thematic analysis of participants’ written responses,
organized around the three analytical dimensions from Section 3.5:
relational, acoustic, and temporal analysis. As noted in Section 4.2,
structured evaluation tasks addressed relational and acoustic dimen-
sions; temporal analysis is discussed qualitatively below. First, rela-
tional reasoning emerged through compatible layer combinations and
transitions. Covariance-based visualizations enabled participants to
interpret co-occurrence patterns as indicators of rhythmic alignment
and dynamic complementarity, while Sankey diagrams supported in-
terpretation of flow thickness and structure to understand how layer
changes contributed to variation, contrast, and perceived smoothness
in the auditory experience. Second, acoustic reasoning was observed
as participants connected frequency-based representations (e.g., spec-
tral centroid) to perceptual qualities such as calmness, intensity, and
brightness, and related spectral energy distributions to sustained or re-
duced engagement. Third, while temporal reasoning was not the focus
of a dedicated evaluation task, participants qualitatively reported that
timeline-based views helped them identify engagement patterns over
time that would be difficult to perceive through listening alone. Impor-
tantly, participants did not treat these dimensions in isolation. Instead,
they integrated acoustic, relational, and dynamic cues to form holistic
interpretations of musical structure and perception. This suggests that
ResonaVis supports multi-dimensional reasoning, enabling users to

Insights Derived

connect low-level acoustic features with higher-level perceptual and
therapeutic interpretations.

Role of ResonaVis: These insights were closely tied to the visual
encodings provided by the system. Covariance and Sankey diagrams
supported relational reasoning about co-occurrence and transitions,
while spectral plots enabled acoustic interpretation of energy distribu-
tion and brightness. Together, these coordinated views supported users
in constructing meaningful interpretations of complex musical rela-
tionships. Qualitatively, thythmic alignment and spectral energy were
among the most frequently observed themes, while transition-related in-
sights captured more holistic aspects of the auditory experience. These
findings align with observed confidence increases (Section 4.5.6) and
NASA-TLX (Section 4.5.4) workload patterns, suggesting that the cog-
nitive effort contributed to deeper understanding rather than overload.
A detailed codebook is provided in Sec. A.4.

4.5.3 Usability Results

We evaluated the usability of ResonaVis using the System Usability
Scale (SUS). The interface achieved a mean SUS score of 70.7 (SD
= 17.8) in its first iteration, exceeding both the average score for ini-
tial systems (62) and the overall benchmark for web-based interfaces
(68.05) reported by Bangor et al. [3], placing it in the Good range on
associated adjective rating scale, above OK and approaching Excellent.
This indicates that participants generally perceived the system as usable
and approachable, even at an early stage of development. However,
scores varied substantially across participants, ranging from 42.5 to
92.5. While several participants (e.g., P6: 92.5, P8: 85.0) reported high
usability and found the system intuitive and well-integrated, others (e.g.,
P2: 42.5, P7: 52.5) indicated challenges in using the interface. Across
analytical dimensions, usability varied by visualization type: relational
views, particularly the Sankey diagram, required additional explanation
before participants could confidently interpret layer transitions, whereas
bar graphs and the covariance matrix were comparatively intuitive to
read. Acoustic visualizations were generally accessible, supporting
spectral reasoning with minimal guidance. Temporal views, while not
formally evaluated in structured tasks, received qualitative endorsement:
participants reported that full-session diagrams and time-series plots
surfaced engagement patterns difficult to perceive through listening
alone. This variability suggests that while the system is effective for
some users, it may require additional support or refinement to ensure
consistent usability, particularly for those less familiar with interpreting
visualizations or multi-dimensional musical data. These observations
align with the improvements in confidence (Section 4.5.6) and the
moderate cognitive demands observed in the NASA-TLX results (Sec-
tion 4.5.4), suggesting that the system supports meaningful analytical
engagement even when usability is not uniformly optimal. Overall, the
SUS results indicate that ResonaVis provides a strong foundation for
usability in its current form, while also highlighting opportunities for
improving learnability, consistency, and guidance to better support a
wider range of users.

4.5.4 NASA-TLX for Each Challenge

We used NASA-TLX to assess perceived workload across tasks and
identify opportunities to improve ResonaVis.

Challenge 1: Participants reported high mental demand (5.86) and
effort (5.43), with low physical (0.43) and temporal demands (2.43).
Despite this, performance was high (7.86) and frustration remained
low (2.71), suggesting that while the task required sustained reasoning,
participants could engage effectively without negative effect. This
indicates that ResonaVis supports cognitively intensive compositional
tasks while maintaining usability.

Challenge 2: Mental demand (5.43) remained similar to Challenge
1, but effort (5.00) and frustration (3.00) increased, alongside a drop
in performance (6.43). Physical (0.43) and temporal demands (1.57)
stayed low. This suggests greater cognitive complexity or ambiguity
in interpreting the visualizations. The increased effort and frustration
point to opportunities for improved guidance for interaction support.

Challenge 3: All workload dimensions were low, including mental
(2.57), physical (0.29), and temporal demands (1.00), while perfor-
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Figure 4: NASA-TLX scores across the three challenges. Error bars
indicate standard error.

mance remained high (7.57). Effort (3.29) and frustration (2.57) were
also minimal, indicating that the task required little cognitive overhead.
This reflects strong baseline usability for simpler tasks.

Cross-Challenge Insights: A clear gradient emerges: Challenges
1 and 2 required higher cognitive engagement, while Challenge 3 was
lightweight. Notably, high mental demand in Challenge 1 did not reduce
performance or increase frustration, indicating productive cognitive
load. In contrast, Challenge 2 suggests that some forms of complexity
are less well supported, highlighting the need for better interpretability
and scaffolding. Figure 4 summarizes these results.

Relation to Confidence Gains: These workload patterns con-
textualize the significant confidence gains (Section 4.5.6). Although
Challenges 1 and 2 required moderate to high cognitive effort, partic-
ipants still showed increased confidence across all dimensions. This
suggests that the effort was productive, supporting learning and deeper
engagement. Rather than minimizing cognitive load, effective visual
analytics systems should help users manage and leverage it.

4.5.5 Qualitative Feedback

We analyzed participants’ reflections on their compositional strategies
before and after using ResonaVis to understand how the system influ-
enced their approach to designing music for individuals with ASD. The
analysis reveals a clear shift from rule-based to adaptive composition
strategies. Prior to using the system, participants largely relied on
conservative heuristics grounded in assumptions about sensory sensitiv-
ities. Across themes, compositions emphasized simplicity, predictabil-
ity, and reduced sensory complexity, including steady rhythms, limited
dynamic variation, mid-to-low pitch ranges, and less bright timbres.
These strategies reflected a precautionary approach aimed at avoiding
overstimulation. After interacting with ResonaVis, participants demon-
strated a transition toward data-informed exploration. Rather than
adhering to static rules, they began incorporating controlled variation
in rhythm, dynamics, timbre, and spectral properties based on observed
interaction patterns and visual insights. Participants experimented with
rhythmic transitions, and actively balanced spectral energy to achieve
desired perceptual effects. Importantly, this shift did not reflect a move
toward complexity alone, but toward informed flexibility. Participants
continued to consider sensory sensitivity but adapted their decisions
dynamically based on context. This transition from rigid heuristics to
nuanced, context-aware reasoning suggests that ResonaVis supports
more reflective and responsive compositional practices.
Cross-Participant Trends: Across participants, a consistent pat-
tern emerged: initial strategies were precautionary and generalized,
whereas post-session approaches were more individualized and adap-
tive. Participants reported increased willingness to experiment, refine,
and iterate on compositional elements, indicating a shift toward more
context-aware music design. These qualitative changes align with the
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Figure 5: Pre—post confidence gains: Error bars show standard error;
* indicate statistical significance (* p < 0.05, ** p < 0.01, *** p < 0.001).

observed increases in confidence (Section 4.5.6) and NASA-TLX work-
load patterns, suggesting that the cognitive effort required by the system
contributed to deeper understanding rather than overload. A detailed
breakdown of these changes is provided in Sec. A.5.

4.5.6 Changes in Confidence Level

Participants’ confidence in composing music for individuals with ASD
(0-5 scale) increased significantly after using ResonaVis. Confidence
was evaluated across four dimensions: (i) rhythmic and dynamic ele-
ments, (i) pitch and timbre, (iii) spectral energy and brightness, and
(iv) interpretation of graphs and data.

Mean confidence increased across all four dimensions. Confidence
in working with rhythmic and dynamic elements increased from 2.86
(SE =0.34) to 4.14 (SE = 0.26; p = 0.0004), representing the largest
gain. Similarly, confidence in pitch and timbre improved from 2.86
(SE =0.51) to 3.86 (SE = 0.34; p = 0.038), while confidence in rea-
soning about spectral energy and brightness increased from 2.29 (SE =
0.42) to 3.57 (SE = 0.38; p = 0.004). Participants also became more
confident in interpreting visual representations of musical data, with
scores increasing from 3.07 (SE = 0.22) to 4.14 (SE = 0.26; p = 0.032).
This improvement suggests that ResonaVis not only supported compo-
sitional reasoning but also helped users develop the ability to read and
make sense of complex visual encodings.

While the sample size is small and confidence was measured using
a Likert scale, the consistent direction of the mean changes indicates
a positive trend. We note that participants also received verbal termi-
nology training prior to the tasks (Section 4.2), and we cannot fully
disentangle gains attributable to this exposure from gains attributable
to interacting with the visualizations themselves; we view confidence
as reflecting the combined effect of terminology familiarity and visual
analytical practice. These results should therefore be interpreted as
indicative rather than conclusive, motivating further validation with
a larger and more diverse participant pool. Overall, the gains across
all four dimensions indicate that ResonaVis facilitated a broader un-
derstanding of acoustic features and their role in therapeutic music
composition. Notably, improvements in both compositional aspects
(e.g., rhythm, timbre, spectral features) and analytical skills (e.g., graph
interpretation) suggest that the system supports both creative and an-
alytical engagement. Figure 5 illustrates these changes in confidence
before and after using ResonaVis.

4.5.7 Post-Session Interview Results

Following the study, participants reflected on how the visualizations
aligned with or differed from their existing compositional practices,
and whether these representations influenced their approaches to de-
veloping and refining music. Overall, participants reported that the


https://doi.org/xx.xxxx/TVCG.202x.xxxxxxx/

visualizations provided new and actionable perspectives on composi-
tion. Several participants described how the system supported more
informed decision-making prior to composing. For example, P3 noted
that the visualizations enabled them to pre-select instruments and iden-
tify compatible layers for mixing, particularly when aiming to create
soothing auditory experiences. Similarly, P6 and P8 highlighted the
usefulness of comparative analysis features, which allowed them to
quickly identify differences between layer combinations. P6 further
indicated a strong intention to incorporate the tool into their regular
compositional workflow, suggesting that ResonaVis can integrate ef-
fectively into existing creative practices for some users. At the same
time, participants’ responses revealed variability in how well the sys-
tem aligned with individual compositional styles. While P1, P2, and
P7 acknowledged the potential value of the tool, they indicated that
they might not frequently use it due to differences between their estab-
lished workflows and the visualization-driven approach. For instance,
P7 emphasized a preference for composing through musical notation,
suggesting that the absence of note-level representations limited the
tool’s relevance for their practice. However, participants also noted that
increased familiarity with the visualizations, or alignment between the
tool and their compositional approach, could improve its utility.

Cross-Participant Insights:  Across responses, a key pattern
emerges: ResonaVis is particularly effective as a pre-compositional
and analytical support tool, helping users explore layer relationships,
evaluate combinations, and reason about perceptual outcomes before
or during composition. Rather than replacing existing workflows, the
system appears to augment them by providing additional perspectives
that are difficult to obtain through listening alone.

Implications for Adoption: These findings suggest that the use-
fulness of ResonaVis depends on the degree of alignment between its
visualization-driven paradigm and the user’s existing compositional
style. For participants open to integrating visual and data-driven rea-
soning, the system supported deeper insight and workflow integration.
For others, particularly those relying on notation-based or highly in-
ternalized processes, the system was perceived as complementary but
not essential. This highlights the importance of designing flexible
interfaces that can accommodate diverse compositional practices.

5 STuDY 2: OBSERVATIONAL CASE STUDY

This case study explored ResonaVis within the workflows of two expe-
rienced composers (P9 and P10) who have created music for children
with ASD and were recruited via word of mouth and through the re-
search team’s existing contacts (IRB Protocol #2097325). By observing
their interactions with the system and gathering reflections, we exam-
ined how engagement-driven visualizations could inform advanced
compositional decisions and validate their design choices.

5.1 Method

We conducted two one-hour sessions with experienced composers. P9
(21, Female) was a composer who had previously contributed to the
creation of a musical library for children with ASD. P10 (Age not
reported, Female) was an experienced music composer and director
who has composed for children with ASD. She was pursuing a Master’s
degree in piano performance and had no prior experience with data vi-
sualization tools. P9 participated in a virtual session, while P10 was an
in-person session. Participants were introduced to ResonaVis’s features
and visualizations, followed by a task where they explored interaction
logs and musical features (Study design in Supplementary Material).
They were encouraged to verbalize their thought processes, identify
patterns, and propose compositional adjustments. Both sessions were
audio recorded and transcribed for thematic analysis.

5.2 Findings
5.2.1 Baseline Confidence and Composition Approach.

Both participants reflected on the challenges of composing for children
with ASD, particularly in the early stages of their practice. P9 described
initially relying on intuition and focusing on simple, calming compo-
sitions without explicitly considering how different musical features
might influence engagement over time. Similarly, P10 reported low

initial confidence when beginning to compose for this audience, noting
uncertainty about what musical elements were appropriate. To address
this, she relied on prior research on sensory preferences, particularly
differences in high, medium, and low frequency ranges. Her com-
positions emphasized simplicity and clarity of layers, with a primary
goal of producing calming musical experiences. However, like P9, she
noted that aspects such as transitions and temporal dynamics were not
systematically considered in her early work.

5.2.2 Experience Using ResonaVis.

After being introduced to ResonaVis, both participants found the sys-
tem useful in supporting compositional reasoning, though in slightly
different ways based on their backgrounds. P9’s responses aligned
closely with findings from Study 1, particularly in using engagement
patterns to reason about when to introduce or delay layers to shape mu-
sical structure. She highlighted how the system consolidated “a lot of
information” in one place, enabling efficient review of interaction logs
without replaying full recordings and supporting rapid “what-if”” explo-
ration. P10, despite having no prior experience with data visualization,
responded positively to the system and found it valuable for practical
composition. She particularly appreciated the bar charts and covariance
matrix, noting that they clearly conveyed which layers were most used
and how different musical elements co-occurred. She was also able
to relate the frequency distributions shown in the mel spectrogram to
her compositional decisions, using them to reason about pitch ranges
and refine transitions between sections. Reflecting on this process, she
noted, “I can almost imitate the sounds while looking at the transitions
in the Sankey Chart (While imitating some musical transitions after
this quote)” indicating how the visualizations supported a mapping
between visual patterns and auditory expectations. Across both partici-
pants, integrating interaction logs and audio features enabled efficient
identification of patterns such as frequently activated layers and transi-
tions, supporting more deliberate decisions about when to introduce,
delay, or combine layers to shape the composition’s energy and flow.

5.2.3 Perceived Value, Usability, and Suggestions.

Both participants perceived ResonaVis as a useful tool for supporting
therapeutic composition. P9 emphasized that such a system could
have improved her confidence and independence when she first began
composing for this audience, stating, “When I first started composing
for this audience, I often lacked confidence in knowing whether my
choices were appropriate. A tool like this could have provided useful
guidance and helped me make decisions more independently.”

In terms of usability, P9 rated the system at 77.5 (SUS), while
P10 rated it at 70, resulting in an average usability score of 73.75,
indicating good overall usability. P10’s rating is notable given her lack
of prior experience with visualization tools. She described the system
as practical and applicable to real-world composition workflows, noting
“It feels like a practical tool I could actually use in my composition
process, not something abstract.” At the same time, P10 reported some
difficulty in interpreting certain visualizations (similar to section 4.5.3),
highlighting a learning curve for users without technical backgrounds.
This aligns with P9’s suggestion to include clearer explanations or
onboarding support. Both participants emphasized the importance of
making visualizations more accessible to musicians who may not be
familiar with data-driven tools.

5.3 Summary

Overall, the case study demonstrates that ResonaVis can support both
experienced and non-technical composers by bridging domain knowl-
edge with data-driven insights. While P9 leveraged the system to refine
existing strategies, P10 used it to ground her compositional decisions
in visual evidence, particularly in relation to frequency and transitions.
Together, their feedback highlights the system’s practical value, while
also underscoring the need for improved interpretability to support
broader adoption among musicians.
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6 DISCUSSION

We explore how visualization supports data-driven music composi-
tion by enabling composers to interpret patterns and generate insights.
Rather than evaluating clinical outcomes, we focus on how visual
representations shape compositional reasoning and decisions.

6.1 RAQ1: Visualization-Supported Compositional Insights

Our findings show that visualization enables composers to reason about
musical structure through observable patterns in rhythm, spectral prop-
erties, and temporal transitions (Sections 4.5.2 and 4.5.5). Participants
consistently identified relationships such as rhythmic alignment across
layers, balance in spectral energy and brightness, and structured transi-
tions between musical elements. These insights were not derived from
listening alone, but from recognizing patterns in visual encodings such
as timelines, covariance matrices, and flow-based representations.

These observations align with prior work highlighting the impor-
tance of rhythmic predictability, timbral balance, and low-brightness
sound textures in therapeutic music contexts [1,34,51,64]. However,
our contribution lies in showing how such domain knowledge can be
surfaced and operationalized through visualization. Rather than pre-
scribing compositional rules, ResonaVis enables composers to discover
and validate these relationships through data-driven exploration. From
a VIS perspective, this demonstrates how visualization can bridge low-
level acoustic features and high-level compositional intent, supporting
insight generation in creative domains.

6.2 RQ2: Interpretation and the Role of Interaction Data

Our results further show that the value of ResonaVis emerges not only
from individual visualizations, but from the integration of interaction
data with audio features within a unified workflow (Section 5.2.3).
Participants emphasized that interaction logs—capturing when and
how layers were activated—provided essential context for interpreting
musical properties. Without this temporal and behavioral grounding,
acoustic features were perceived as static and less actionable.

This integration enables a shift from analyzing what the music con-
tains to understanding sow it unfolds through interaction. Visualiza-
tions such as Sankey diagrams and timelines supported tracing engage-
ment patterns, identifying co-occurrence across layers, and reasoning
about transitions over time. These findings align with prior work on
visualization as a tool for exploratory analysis [45], but extend it to a set-
ting where interpretation is inherently creative and context-dependent.

Importantly, usability metrics (SUS scores of 70.71 and 73.75) in-
dicate that the system is learnable and falls within the range typically
considered acceptable in HCI studies [3]. However, usability alone does
not fully capture the system’s impact. Participants also demonstrated
consistent increases in confidence across multiple compositional and an-
alytical dimensions (Section 4.5.6), suggesting that ResonaVis supports
not only interaction with the interface but also a deeper understanding
of musical structure and data representations.

While the sample size is small n=7 (Study 1) and n=2 (Study 2), such
sizes are common in visualization and HCI research, where studies
emphasize depth of insight and formative evaluation over statistical gen-
eralization [20,43,58]. Prior work has also shown that parametric tests
remain robust for small samples and Likert-scale data when effects are
consistent, supporting the interpretation of observed confidence gains
as indicative of meaningful trends [19,59]. Accordingly, we interpret
these results in conjunction with consistent directional improvements
across participants.

Taken together, these findings suggest that, in creative workflows,
the primary value of visualization lies in supporting interpretability and
contextual reasoning. By linking interaction behavior with acoustic
features, ResonaVis enables users to connect abstract data patterns with
concrete compositional decisions, highlighting the importance of inte-
grated, interpretable representations over isolated feature presentation.

6.3 RQ3: Implications for Visualization in Creativity

We demonstrate how visualization can support creative, interpretive
tasks by linking ResonaVis design goals with observed user behavior:

Support cross-modal reasoning. Aligned with our goal of inte-
grating interaction and acoustic data (Section 3.4.2), participants used
combined views to relate engagement patterns to musical structure (e.g.,
sustained layer use with stable spectral energy), enabling deeper insight
beyond isolated features (Sections 4.5.2 and 4.5.5).

Design for interpretability over completeness. Although the sys-
tem provides feature-rich views, participants consistently favored inter-
pretable representations, while more abstract features required effort
but led to measurable confidence gains (Section 4.5.6), reinforcing our
emphasis on intuitive encodings.

Scaffold domain-specific understanding. Consistent with our goal
of supporting non-expert interpretation, participants initially strug-
gled with abstract features (e.g., spectral properties) (Section 4.5.6)
but demonstrated significant post-use confidence improvements (Sec-
tion 4.5.6), indicating that visualization can facilitate learning when
grounded in domain context.

Enable iterative exploration. Reflecting our exploratory work-
flow design, participants moved iteratively between inspection, pattern
detection, and refinement, highlighting the importance of supporting
non-linear analysis in creative tasks. These implications suggest that
visualization systems for creative domains should prioritize integrated,
interpretable, and workflow-oriented designs over isolated analytics.

6.4 Limitations and Future Work

This study has several limitations. The uCue dataset used for visual-
ization is modest, serving as formative design material rather than a
representative sample. This evaluation focuses on early-stage ideation
and exploratory analysis, not long-term compositional outcomes. The
visualizations represented only a subset of musical parameters, primar-
ily rhythm, dynamics, spectral energy, and brightness, and may not
encompass the full range of factors relevant to composition. Finally,
the participant pool is limited in size and diversity, which may restrict
generalizability, and findings may reflect a narrow slice of composi-
tional approaches. Relatedly, this study does not include clinical trials
evaluating the therapeutic benefits, if any, of ResonaVis-composed
music for children with ASD; our focus is on the visualization system’s
capacity to support composers’ analytical and compositional reasoning,
with clinical efficacy left to future work.

Future work should also explore both technical and methodologi-
cal extensions. On the technical side, incorporating adaptive compo-
nents—such as pattern recognition or recommendation modules—could
support more proactive guidance for insight generation. At larger data
scales, aggregation and filtering mechanisms will be needed to maintain
legibility across encodings; child-level comparison across sessions is a
natural extension of the current session-level design. Developing alter-
native visual encodings that better represent simultaneity and hierarchi-
cal musical structure remains an open direction. On the methodological
side, longitudinal studies are needed to understand how visualization
supports full composition workflows over time. Expanding partici-
pation to include professional composers and therapists will further
ground the system in real-world contexts.

7 CONCLUSION

ResonaVis demonstrates the potential of visualization-driven ap-
proaches to support composers in reasoning about music for thera-
peutic contexts by making key elements—such as rhythm, dynamics,
pitch, spectral energy, and brightness—more interpretable. Through
interactive visualizations, the system surfaced patterns that enabled
participants to reflect on compositional decisions, including aligning
rhythmic and dynamic structures, balancing spectral properties, and
designing smoother transitions to achieve cohesive musical outcomes.
While these observations are consistent with prior work on therapeutic
music, our contribution lies in showing how such relationships can be
revealed and operationalized through visual analytics. More broadly,
this work highlights how integrating interaction and audio data can sup-
port composer-centered workflows that move beyond passive analysis
toward active exploration and decision-making. Future work will ex-
tend this approach by incorporating richer analytical methods, refining
visualization designs, and exploring additional musical dimensions.
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A APPENDIX

We include our positionality statement, design challenges in music com-
position, the visualizations in the dashboard, our qualitative codebook,
and the qualitative feedback analysis in the appendix.

A.1 Positionality of the Research Team

As a multidisciplinary team, we brought together expertise in music
composition, data visualization, and experience working with children
on the autism spectrum. This combination informed both the framing
of the problem—understanding interaction-driven composition—and
the selection of visualization techniques that balance analytical rigor
with musical interpretability.

A.2 Design Challenges in Music Composition

Table 3: Challenges in music composition and their descriptions.

Challenge

Description

Finding Universally
Appealing Sounds

Sound Compatibility

Balancing Complexity and
Simplicity

Generating New Musical
Ideas

Identifying Listener
Preferences

Designing Listener
Preference Tests

Visualizing Sonic Space

Visualizing Track
Relationships

Identifying sounds that resonate with a general au-
dience, considering significant variability in listener
preferences.

Determining which sounds work well together in a
composition by exploring harmonic and rhythmic
compatibility between musical elements.

Creating musically complex pieces that remain sat-
isfying yet simple to the ear, balancing layering and
dynamics.

Supporting innovation in composition through tools
that inspire and facilitate the creation of new ideas.
Understanding and predicting listener preferences
to craft compositions that are well received, using
creative insight and empirical testing.

Developing effective methods to test and measure
listener preferences to refine compositions and en-
sure appeal.

Providing tools to visualize the sonic space each in-
strument occupies within the hearing range, aiding
in balancing overall sound.

Understanding the relationships between different
tracks in a larger composition to create cohesive
musical pieces.

12

A.3 Dashboard Visualizations

Table 4: Dashboard visualizations, their descriptions, challenges
addressed, and parameters visualized.

Plot Name Description Addresses Parameters
Challenge Visualized
Sankey Illustrates Understanding Layer
Diagram transitions between relationships and transitions;
audio layers, transitions between interaction
showing the flow layers. sequences
from one layer to
another.
Covariance Shows relationships Identifying Layer
Matrix between layers and compatible sound  compatibility;
indicates frequently combinations. interaction
used combinations. frequency
Bar Graph Displays the most ~ Balancing Interaction
with Error frequently used complexity and frequency;
Bars layers across simplicity based on usage

Full Session
Diagram

Time Series

Plot

Waveplot

MFCC

Spectrogram

Spectral

Centroid

Spectral
Rolloff

participants, with

error bars showing

usage variability.

Provides a timeline
of layer activations

for each song,

showing interaction
patterns over time.
Tracks interactions

with audio layers

across the session.

Visualizes changes
in audio amplitude

over time,

representing energy

dynamics.
Visualizes
frequency-related

audio features that
approximate aspects
of perceived timbre.
Displays frequency

content over time,

showing harmonic

and melodic
structure.

Shows the center of

spectral energy,
indicating sound
brightness over
time.

Indicates where

most spectral energy

is concentrated,
revealing sound
characteristics.

listener preferences.

Visualizing the

temporal structure

of compositions.

Visualizing
engagement and
how tracks relate
over time.
Balancing
complexity and
simplicity by

visualizing dynamic

range.
Visualizing the
sonic space
occupied by
instruments.

Analyzing pitch and

frequency
relationships.

Crafting complex

yet satisfying pieces.

Manipulating
frequency
characteristics to
match listener
preferences.

variability

Layer
activations;
temporal
patterns

Engagement
levels; temporal
interactions

Amplitude;
loudness
variations

Frequency
components;
timbral features

Frequency;
intensity; pitch
dynamics

Spectral energy;
brightness
characteristics

Spectral energy
distribution;
frequency
concentration
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A.4 Qualitative Codebook

Table 5: Codebook for qualitative analysis of participant responses.

Theme Code Definition Representative
Example from
Data
Rhythmic Matching Layers that exhibit “Layers with
Alignment rhythmic spikes aligned rhythmic matching or
peaks are perceived as overlapping spikes
more cohesive. sounded well
together.”
Rhythmic Contrast between “The stochasticity
contrast steady ambient sounds of ambient sounds
and broken melodies  contrasted with a
creates diversity. stable percussive
bass line.”
Rhythmic Certain layers, “High beat tracks
dominance particularly high-beat frequently
tracks, tend to dominated, while
dominate the song. ambient noises
remained steady.”
Dynamic Amplitude com- Layers with different “Layers with
Balance plementarity amplitude ranges differing amplitude
complement each ranges
other. complemented each
other without
clashing.”
Dynamic Certain layers stand ~ “A hierarchy was
hierarchy out while others play a established, where
supporting role. certain layers stood
out prominently.”
Clustered Blended layers had “Layers with spikes
dynamic spikes energy peaks closer  closer together
together, improving ~ blended more
harmony. harmoniously.”
Spectral Low-frequency Participants preferred “Lower brightness
Energy & preference layers with lower levels were
Brightness frequencies, which observed in the

may be calming.

Spectral energy
consistency

Layers that maintain
stable spectral energy
across the song were
perceived as
structured.

Percussion layers had
higher frequencies and
overtones, creating a
strong auditory
presence.

Percussion
dominance

Transitions from
complex overtones to
simpler ones create a
sense of contrast.

Overtones
contrast

Transitions &
Auditory
Experience

Frequency shifts Transitions commonly
lowered frequency,

creating a calming

effect.
Percussion- Percussion layers
driven increased variation,
variability making transitions

more dynamic.

middle to low end
of the graph.”
“Harp spanned the
spectrum but
concentrated at
lower frequencies.”

“Percussion
covered the entire
frequency
spectrum, often
overshadowing the
bass drum.”
“Children often
switched from

melody to harmony,

providing a
satisfying
transition.”
“Frequency
generally lowered
as transitions
occurred.”
“Percussion
enhanced the
auditory experience
of other layers by
adding rhythmic
variety.”

A.5 Qualitative Feedback Analysis

Table 6: Summary of participants’ feedback on music composition
before and after the session, grouped thematically according to the

challenges.

Theme Pre-Session Post-Session Changes
Observations

Rhythmic and Preferred simple, steady, Participants considered

Dynamic Elements

(T1)

Pitch, Range,
Timbre, and
Overtones (T2)

Spectral Energy
and Brightness of
Sound (T3)

Adaptive Strategies

Post-Session

and predictable rhythms;
dynamic ranges were kept
soft or moderate. P1 and
P3 emphasized
easy-to-follow rhythms.
P4 and P6 emphasized
consistency and avoiding
complexity. P7 and P8
emphasized small
dynamic ranges and
steady rhythm.
Participants were cautious
with pitch selection,
favoring mid-to-lower
pitch ranges and avoiding
overstimulating timbres.
P1 and P7 preferred
warmer timbres, while P2,
P3, P4, and P6
emphasized lower or
mid-range pitches.

Participants generally
preferred darker or
moderately bright sounds,
particularly P3, P6, P7,
and P8. P1 and P4 were
open to brighter sounds
but expressed caution.

Initial strategies were
more rigid and based
primarily on prior
knowledge.

more rhythmic variation
after the session,
particularly P1, P2, P4, P6,
and P7. They also
considered greater use of
percussion and transitions.
Some participants, such as
P8, maintained simplicity
but adjusted based on
children’s responses.

Participants showed
greater openness to
timbral variation,
particularly P1, P4, and
P6. Some retained a
preference for mellow and
consistent ranges,
including P7 and P8.
Others made minor
pitch-range adjustments to
enhance dynamics,
including P2 and P3.
Participants made greater
efforts to balance spectral
energy and brightness,
particularly P1, P4, and
P7. Some retained a
darker sound preference,
such as P6 and P8, while
also considering more
dynamic contrasts.
Participants adapted their
compositions more
dynamically based on
observed responses and
data insights. More
variation in rhythm, pitch,
and timbre was
introduced.
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