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Abstract

Understanding how behaviour changes under genetic or experimental conditions is a key challenge in behavioural neuro-
science. High-throughput tracking enables the collection of high-dimensional datasets describing locomotion, posture, and
stimulus orientation in Drosophila melanogaster larvae (fruit fly). However, exploring relations across numerous dimensions
remains challenging. We present a Visual Analytics system that integrates coordinated views, type-aware relation metrics, and
hierarchical clustering to support relation discovery and validation in behavioural data. The system was initially developed
based on prior experience and refined through evaluation with domain experts to address key analysis tasks, including group-
ing dimensions, exploring behavioural patterns, and validating hypotheses. We demonstrate how it supports both confirmatory
and exploratory workflows, enabling users to confirm known effects and uncover novel patterns—such as an unexpected corre-
lation between head-casting behaviour and locomotion speed. This work highlights how tailored visual analysis can advance

behavioural research.

1. Introduction

A central challenge in behavioural neuroscience is understand-
ing how behaviour adapts to neural, genetic, or environmental
manipulations [PRPS17, TVM*19, TPS*23]. The fruit fly larva
(Drosophila melanogaster) is a widely used model for studying
how neural activity and memory formation shape behaviour.

Existing practices combine univariate or bivariate plots (box-
plots, scatterplots, summary statistics) with heatmaps or correlation
matrices for overview. Since these components are not integrated,
users must manually connect findings and relation analysis across
mixed numerical and categorical data remains poorly supported.

We present a visual analytics (VA) system that integrates coordi-
nated views, type-aware relation metrics, and interactive clustering
to support both hypothesis-driven and exploratory analysis of be-
havioural data. Following a design study methodology [SMM12],
we worked closely with behavioural neurobiologists through inter-
views, task observations and iterative feedback to ensure domain
alignment.

The remainder of this paper first presents the domain background
and data (Section 2) to provide context for our design goals, then
reviews related work (Section 3), describes the Visual Analytics
system (Section 4), demonstrates use cases and expert feedback
(Sections 5-6), and concludes with discussion (Section 7) and con-
clusion (Section 8).

This paper contributes:

© 2025 The Author(s).

Proceedings published by Eurographics - The European Association for Computer Graphics.

This is an open access article under the terms of the Creative Commons Attribution License, which
permits use, distribution and reproduction in any medium, provided the original work is properly
cited.

DOI: 10.2312/vmv.20251234

e A task analysis of relation exploration in high-dimensional be-
havioural data.

e A VA system that unifies type-aware metrics, interactive cluster-
ing, and coordinated views.

e A qualitative expert evaluation showing support for both hypoth-
esis validation and novel pattern discovery, including an unex-
pected correlation between head-casting and locomotion speed.

2. Domain Background and Requirements

According to Munzner’s nested model of visualization de-
sign [Mun(9], effective systems should address both high-level do-
main goals—what users ultimately want to understand—and lower-
level tasks that support these goals. In this section, we outline
both aspects for behavioural neuroscience, focusing on Drosophila
melanogaster larvae.

2.1. Higher-level Domain Goals

Behavioural neuroscience seeks to understand how animals adapt
their behaviour in response to sensory input, learning, or inter-
nal states. The larva of the fruit fly (Drosophila melanogaster) is
a widely used model, offering genetic accessibility and relatively
simple yet quantifiable behaviour [PRPS17,SRP*15, TPS*23].

A common paradigm is associative learning. Larvae are placed
on a Petri dish where an odour (e.g., amylacetate, a banana scent
component) is paired with a reward such as fructose. After a short
exposure, they are transferred to a neutral Petri dish, and this se-
quence is repeated several times. In the subsequent test, larvae are
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released onto a Petri dish with the odour on one side and no odour
on the other. The proportion orienting toward the odour provides
a measure of memory strength. Such paradigms illustrate the over-
arching goal: to link experience and neural manipulations to be-
havioural strategies.

2.2. Data Collection

In a typical experiment (Fig. 1), a research question (a) guides ex-
perimental design (b), larval behaviour is recorded via computer
vision (c¢), producing time series of locomotion, posture, and orien-
tation across thousands of frames. These are aggregated into high-
dimensional profiles (d), which are then explored through visual-
ization to generate and refine hypotheses (e).

Research Work Flow of Drosophila Behaviour Research
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Figure 1: Research Work Flow for Drosophila Larvae behaviour:
(a) A research question or hypothesis guides the study. (b) Ex-
periments are conducted in the lab. (c) Larvae are tracked using
specialized software. (d) The resulting high-dimensional dataset is
processed. (e) Data interpretation leads to new hypotheses, return-
ing to (A).

2.3. Data Sets

We analysed five behavioural datasets (Fig. /d), each with d = 103
dimensions but differing in sample size and aggregation level:

Dy: Age-dependent locomotion, group-level (n = 249). Behaviour
recorded from larvae aged four to six days [Sch24].

Dj: Odour conditioning, group-level (n = 358). Classical
conditioning with fructose (CS) paired with amylacetate
(US) [RW72].

Ds3: Odour conditioning, individual-level (n = 869). Equivalent to
D, at single-larva resolution.

Dy: Training trials, group-level (n = 321). Behaviour across dif-
ferent numbers of training trials.

Ds: Training trials, individual-level (n = 818). Equivalent to D, at
single-larva resolution.

The 103 dimensions span five categories: odour orientation
(PREF), head-casting metrics (HC), run statistics (RUN), posture
and motion features (TS), and tracking features (TRACK). Detailed
formulas are provided in the supplementary material.

2.4. Lower-level Domain Goals

Most behavioural researchers are familiar with standard statisti-
cal methods, but current workflows rely on custom code and static

plots, limiting flexible multivariate exploration. To inform our sys-
tem design, we conducted a structured feedback session with four
experts at Hokkaido University, who routinely perform larval learn-
ing experiments and data analysis (see Section 6). This process led
to four key requirements:

R1: Dimensions exploration. Inspect distributions, variance, and
group-wise differences of behavioural dimensions, supported by
clear attribute descriptions to capture inter-individual variabil-
ity [TPS*23].

R2: Relation discovery. Identify relations across categorical, nu-
merical, and mixed dimensions (e.g., whether turning depends
on stimulus history).

R3: Relation validation. Judge relations for robustness and bio-
logical plausibility through outlier inspection and subgroup com-
parisons.

R4: Dimension grouping. Manage complexity by clustering cor-
related or dependent dimensions to reduce redundancy.

These requirements directly informed our system design, which
combines linked views, type-sensitive relation metrics, and inter-
active filtering to support both hypothesis-driven and exploratory
workflows.

3. Related Work

This work intersects VA for relation exploration in heteroge-
neous high-dimensional data and design studies in scientific do-
mains. Following the design study methodology [BLI*11,SMM12,
Sed16], our approach addresses real-world challenges faced by be-
havioural neuroscientists, with a system tailored to their analyti-
cal workflows (R1-R4). Design studies contribute through prob-
lem abstraction, iterative refinement, and domain-specific insights,
balancing practical utility with methodological rigor.

3.1. Relation Visualization Techniques

Relation visualization typically relies on matrix-based heatmaps
or node-link diagrams. Seo and Shneiderman’s rank-by-feature
framework systematically explores multidimensional data by rank-
ing 1D distributions and 2D scatterplots according to statisti-
cal criteria [SSO5]. Our system follows a similar idea of sup-
porting systematic relation discovery, but extends it beyond axis-
parallel 1D/2D projections to heterogeneous numerical and cat-
egorical dimensions. Heatmaps are common in biological sci-
ences [EWJP17, GES16], using color gradients and hierarchical
clustering to reveal dense relation patterns. However, scalability
suffers as axis referencing becomes cumbersome with increas-
ing dimensionality. Variants like Meshmap [KAB*20] add a third
encoding (height) but at higher cognitive cost. Layouts such as
force-directed [FR91], or projections such as MDS [Tor58], t-
SNE [vdMHO08], and UMAP [MHSG18] emphasize clusters. They
scale better for sparse matrices but suffer from clutter when
densely connected. Heatmaps remain dominant in confirmatory
tasks [GES16].

Our system combines network-based relation views and dendro-
gram clustering [War63] to support relation exploration and valida-
tion in heterogeneous high-dimensional data.
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3.2. Visual Analytics for Heterogeneous High-Dimensional
Data

Visual analysis of heterogeneous high-dimensional data is compli-
cated by the need to preserve both numerical and categorical se-
mantics. Early solutions like interactive quantification [JFJJO8] and
MixSOM [HL12] converted categorical data into numerical proxies
to enable joint analysis, as also seen in Correlation Map [ZMZM15]
and Zhou et al.’s dual-analysis framework [MGU*21]. Bernard et.
al [BRS™12] combine numerical and categorical data by enriching
clusters with metadata information.

Network-based systems [BSW*14,ZCYY19] use type-sensitive
similarity metrics and interactive filtering to manage sparsity in
relation networks. CatNetVis [TBL23] focuses on categorical-
categorical relations but lacks integration of numerical variables
and validation tools. Muhammad et al. [SMM*20] combine star
coordinates for numerical data with enhanced mosaic displays
and pairwise contingency plots for categorical data, providing
tightly linked exploration of heterogeneous datasets. DimLift
[GMS*21] extends this space by combining dimensional bundling
with embedding-driven exploration, allowing analysts to navigate
heterogeneous data at multiple semantic levels. Efforts like the Par-
allel Assemblies Plot [CMADDEF23] and evaluations by Linsen et
al. [ML22] further underline that naive mappings of categorical
data onto numerical axes increase cognitive load, reinforcing the
need for type-aware relation visualization.

Our solution extends network-based relation analysis with type-
sensitive metrics, hierarchical grouping, and integrated statistical
validation, directly supporting scientific workflows in behavioural
research without requiring full data-type transformation.

4. Visual Analytics System

Our system supports the visual exploration of relations through six
coordinated views (Fig. 2): the Dimension View, Network View,
Inspection View, Validation View, Dendrogram View, and Set-
tings View. Following Shneiderman’s Visual Information-Seeking
Mantra [Shn96], the system provides an overview of global rela-
tions (via the Network View), supports zoom and filtering (through
the Selection View), and offers details-on-demand with statistical
plots and distributions (in the Validation View). The Dimension
View and Dendrogram View help users structure and group di-
mensions to reduce complexity and enhance interpretability.

4.1. Data Processing

For each pair of dimensions, we compute a type-aware associ-
ation measure: Spearman’s rank correlation coefficient (ps) for
numerical-numerical pairs, Cramér’s V for categorical—categorical
pairs, and the coefficient of determination (R?) from a linear regres-
sion model with the categorical variable as predictor and the nu-
merical variable as response for mixed-type pairs. These measures
yield values in [0,1] (or [—1,1] for ps, which we take in absolute
value to quantify strength independent of direction). We interpret
these association strengths a;; as similarities between dimensions i
and j. To obtain a metric suitable for projection and clustering, we
convert them into dissimilarities d;; = 1 — a;, forming a symmetric
dissimilarity matrix D. This matrix serves as input to dimensional-
ity reduction (force-directed layout or multidimensional scaling) to
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embed dimensions in 2D, and to hierarchical clustering (average
linkage) to group related dimensions. Previous approaches, such
as [BSW*14], rely on binning and compute mutual information,
which requires selecting binning parameters. In contrast, our type-
aware approach avoids binning entirely, eliminating the need for
parameter tuning while ensuring appropriate association measures
for each data type.

4.2. Visual Design

The Dimension View (Fig.2a) presents all dimensions in a com-
pact grid. Stroke color indicates cluster membership; fill color en-
codes centrality. Users can sort by name, cluster, type, or centrality.
Tooltips provide descriptions on hover to aid interpretation. Select-
ing a dimension (highlighted in red in Fig.2 (SI)) links it across
all views. This view supports initial exploration and grouping for
hypothesis generation or validation (R1, R4).

The Network View (Fig. 2b) provides an overview of relations
between all dimensions in the dataset. Nodes represent dimensions
and edges indicate the strength of pairwise relations. Node shapes
indicate dimension type: circles for numerical and squares for cate-
gorical dimensions. Edges are double-encoded by color and stroke
width according to relation strength. Node color reflects cluster
membership from hierarchical clustering using Ward’s method.
Users can interactively filter edges by relation strength using slid-
ers, and choose to exclude outliers from relation calculations based
on an adjustable IQR threshold. Brushing into a region activates
the Selection View (Fig. 2¢), which magnifies the selected subset
while preserving the layout and encodings of the Network View.
This facilitates focused analysis without losing context. We can see
the selected dimensions are highlighted in red (Fig. 2 (S2)).

To explore hierarchical structure among dimensions, we include
a Dendrogram View (Fig. 2e). Users can select linkage methods
and adjust a cutoff threshold to control cluster granularity. This sup-
ports grouping dimensions based on relational patterns and com-
plements the spatial layout of the Network View with a structural
perspective (R4). The colour coding in both the Dimension View
and Network View updates accordingly.

The Validation View (Fig. 2f) offers detailed visualizations tai-
lored to the types and number of selected dimensions. For uni-
variate analysis, numerical dimensions are displayed as histograms
to show their distribution, while categorical dimensions are repre-
sented with bar charts indicating category frequencies. For bivari-
ate analysis, pairs of numerical dimensions are shown as scatter
plots annotated with Spearman’s rank correlation coefficient and
corresponding p-values. Categorical pairs are visualized as contin-
gency table heatmaps, accompanied by results from a chi-square
test. When analyzing one numerical and one categorical dimen-
sion, boxplots grouped by category are used, with additional sta-
tistical annotations such as the coefficient of determination (Rz)
and p-values to support interpretation. For analysis of three numer-
ical dimensions, the third variable is color encoded. When all three
selected dimensions are categorical, the system generates faceted
heatmaps grouped by the third dimension.

To support flexible analysis, users can apply custom binning
strategies, exclude outliers from the plots, or interactively rearrange
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Figure 2: System using coordinated views: (a) Dimension View displays all attributes grouped by cluster, with color and layout encodings for
type, centrality, and cluster membership. (b) Network View encodes type-aware relations (Spearman, Cramér’s V, R?) using colored edges
and clustered layout. (c) Selection View magnifies selected subnetworks for closer inspection. (d) Settings Panel allows users to control
relation strength thresholds, layout options (e.g. UMAP, t-SNE) and outlier filtering. (e) Dendrogram View visualizes hierarchical relations
based on Ward linkage, enabling dimension grouping. (f) Validation View shows statistical plots for selected dimensions with interactive
filters and tooltips. (S1) Selection in the Dimension View (S2) Linking in the Selection View, (S3) Linking in the Validation View

axes to explore different dimension combinations. All interactions
are coordinated with the rest of the system (Fig. 2 (S3)), enabling
users to link observations in the Validation View back to other vi-
sual contexts, thus supporting deeper investigation of discovered
relations (cf. R2, R3).

The Settings View (Fig. 2d) provides interactive controls for ad-
justing the layout and filtering parameters of the relation network.
Users can switch between different layout algorithms, includ-
ing force-directed, multidimensional scaling (MDS), t-distributed
stochastic neighbor embedding (t-SNE), and uniform manifold ap-
proximation and projection (UMAP). Correlation thresholds for
positive and negative relations are controlled via separate sliders
to refine which links are displayed. Additional options allow users
to hide singleton nodes and disconnected edges for a cleaner and
more interpretable view. An interquartile range (IQR)-based filter
is applied to remove outliers from the relation matrix calculation.
These controls enable users to dynamically adapt the network to
their current analytical focus.

4.3. Implementation

The system is implemented as a web-based application using R and
Shiny [CCA*21]. The server-side logic handles data preprocess-
ing, computation of relation matrices, clustering, and statistical val-
idation using native R functions and the ggplot2 [Wicl6] library
for generating statistical plots. The client-side interface is built with
D3. js [BOHI11] to render the interactive network view.

5. Use Cases

We demonstrate how the system supports relation exploration, di-
mension grouping, and validation through use cases on real be-
havioural datasets. These examples show how users can reveal

global patterns, inspect clusters, and investigate correlations in line
with our domain requirements (R1-R4).

5.1. Overview and Dimension Grouping

This use case demonstrates how the system supports an overview of
behavioural dimensions, their clustering, and their relational struc-
ture, as well as detailed inspection of specific relations (Fig. 3). The
Dimension View (Fig.3a) provides an overview of all attributes,
grouped by cluster and colored according to the dendrogram cutoff.
The cluster assignments are derived from the Dendrogram View
(Fig. 3c), where the cutoff threshold determines the cluster bound-
aries.

The color encoding for clusters, centrality, and relation strength
is explained in the Legend (Fig. 3b). The Network View (Fig.
3d) reveals a global structure, with three main clusters. The or-
ange cluster (C3) consists primarily of speed- and morphology-
related metrics, such as Midpoint Speed, Tail Forward Velocity, and
Body Length. In contrast, the green cluster (C2) contains variance-
related metrics like IS Speed Variance and Head Velocity Variance.
A strong negative correlation between C3 and C2 is clearly visible
as the dominant pattern of red edges between them. This indicates
that individuals with higher average speed tend to exhibit less vari-
ability in their speed—an intuitively plausible relation.

The blue cluster (C1) contains head-movement-related metrics
including Head Cast Rate, Bending Angle, and Head Vector Angu-
lar Speed, alongside odour orientation features (PREF), indicating
a close relation between navigation behaviour and head movement
dynamics.

To confirm the negative correlation observed between speed and
speed variance in the Network View (Fig. 3d), the relation between

© 2025 The Author(s).
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Figure 3: Dimension grouping (using D3): (a) Dimension View, (b) Legend for cluster, centrality, and relation strength, (c) Dendogram View,

(d) Network View showing negative correlation between
and IS speed variance

IS Speed Mean and IS Speed Variance was further inspected in the
Validation View (Fig. 3e). The scatterplot confirms the negative
correlation, with a Spearman coefficient of —0.23 (p < 0.001), sup-
porting the global network pattern with statistical validation.

This use case demonstrates how the coordinated views facilitate
grouping behavioural dimensions based on their interdependencies
and examining both the composition of each group and their rela-
tions to others.

5.2. Relation Validation and Interpretation

After obtaining an overview of all dimensions, their clusters, and
relationships, the VA system enables users to explore specific re-
lations in greater detail. For this, dimensions can be selected using
the Dimension View or the Selection View. We proceed to give
examples where such validation confirmed previous research and
present a surprising discovery that was enabled with our approach.

Different Stages of Development The first dataset, D [Sch24],
examines larvae at different ages: four, five, and six days old. Ini-
tially a subset of nodes from the Network View is selected for in-
spection (Fig. 4a). The analysis reveals a clear relation between lar-
val width and age (Fig. 4b). Further exploration highlights a cluster
of interconnected dimensions. Selecting these dimensions shows
that length, perimeter and run speed are all correlated (Fig. 4c).
This correlation is plausible, as these dimensions describe physi-
cal characteristics that change as the larvae grow. Interestingly the
correlation between the length and the run speed is weaker for 4
days old larvae (0.54) than for 5 day old larvae (0.38) (Fig. 4d).
The correlation of these dimensions is strongest for the 6 day old
larvae (0.69).

Unexpected Relation between Head Cast Rate and Midpoint
Speed Using a force-directed layout and a correlation filter of
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and C2, (e) Validation View showing negative correlation between IS speed mean

0.4-1, domain experts observed a positive correlation between HC
rate and midpoint speed. Fig. 5 shows this for D,, but the pattern
persists in both learned behaviour datasets (D, and D3). This is sur-
prising for our domain experts as HC events are known to reduce
the speed - which would have predicted the opposite correlation, if
any. Upon closer investigation, our domain experts found that there
is also a positive correlation between the HC rate and the run speed
which explicitly excludes HC events in the calculation. This cor-
relation could be found in all groups of both experiments, but it
seemed to be more pronounced with more training trials.

In addition, in the free locomotion data set Dy that compared
larvae of different age, no such correlation could be observed. No-
tably, these animals were of the same genotype as in the learn-
ing experiments, and the main differences between the experiments
were that in the learning experiments a training procedure occurred
before the recording and an odour source was present during the
recording. Based on the observation that the correlation becomes
stronger with the number of training trials (D4, Ds), our domain ex-
perts hypothesize that the training procedure causes some individ-
uals to become generally more active, leading to both an increased
HC rate and higher speed. This surprising and novel hypothesis was
made possible by the interactive and exploratory nature of our sys-
tem. It has not been reported before and will be further investigated
through targeted experiments by our collaborators.

6. Domain Expert Feedback

To assess usability and effectiveness, we interviewed four domain
experts in Drosophila behavioural research at Hokkaido University:
a PI, a PhD candidate, and two Master’s students. None had been
involved in system development, and this was their first exposure.
The PI was most familiar with data processing, while the students
and PhD candidate regularly perform larval learning experiments
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Figure 5: Relation between midpoint speed and HC rate in D;.
Odour conditions are AM_Rewarded (Amylacetate rewarded)
and EM_Rewarded (Empty rewarded), with odour concentrations
of 20, 200, and 2000 mM.

and data analysis. Feedback was gathered in an earlier develop-
ment stage and led to key improvements, including tooltips, a Den-
drogram view, and enhanced filtering.

Each 30-minute interview followed a structured format: 5 min-
utes of dataset introduction, 5 minutes of system presentation, 15
minutes of hands-on exploration, and 10 minutes for qualitative
feedback and the System Usability Score (SUS) questionnaire. Par-
ticipants are referred to as U1-U4 in the analysis.

6.1. Exploration Tasks

In this part of the interview the users where asked to use the system
to solve three tasks using Dj.

T1: What is the strongest relation that you could find in the data
set?

T2: Use the cutoff, filtering and layout options to determine how
many groups (clusters) of dimensions are related in the data.

T3: In which dimensions do the experimental groups (1 trial, 2
trials and 3 trials) show a difference and why?

The goal was to find out strengths and weaknesses in the ex-
ploration process by using a Think-Aloud-Protocol [ES80]. Partic-
ipants were instructed to verbalize their thoughts as they worked
through the tasks, providing insight into their interactions with the
system.

Across all users, there were common themes related to iden-

tifying relations between dimensions and navigating the system.
Strong relations were found between various dimensions, such as
Tail acceleration, Head forward velocity, and Absolute IS angle
mean for several users, while clusters were identified, though their
interpretation varied. Ul and U4 noted the discovery of multiple
clusters, with U4 identifying 4-5 larger clusters and Ul observing
clusters linked to angular speeds and velocities. U3 also saw differ-
ences in experimental groups, particularly Preference and Experi-
mental Condition (In this case the difference in training trials), a
relation similarly noted by U2.

Users found the system’s filtering, cutoff, and layout options
helpful for identifying relations, though clustering was challenging,
particularly in defining the number of groups and their relations. U2
and U3 found clustering slightly confusing, with U3 struggling to
derive specific insights despite using the options.

Users suggested improvements for navigation. Ul recommended
refining the sliders and dimension selection tool, while U2 sug-
gested better visibility of dimension names in the plots for easier
interpretation. U4 had difficulty navigating between panels. De-
spite these challenges, users appreciated the tool’s effectiveness,
especially its descriptive features, color coding, and ability to re-
veal meaningful relations.

6.2. Usability

Statement U1 | U2 | U3 | U4
I think that I would like to use this system | 4 4 5 4
frequently.

I found the system unnecessarily complex. | 1 2 3 1
I thought the system was easy to use. 5 3 5 4
I would need the support of a technical per- | 1 2 2 2
son to use this system.

I found the functions were well integrated. | 4 5 5 5
I thought there was too much inconsis- | 1 1 1 1
tency.

Most people would learn to use this | 5 4 5 5
quickly.
I found the system cumbersome. 2 1 1 1
I felt confident using the system.
I needed to learn a lot before getting | 3 3 3 3
started.
Overall Score 82.5| 72.5| 80 | 85

w
S}
o
~

Table 1: User responses with System Usability Scale (SUS) results.

To evaluate the system’s usability, we combined a structured

© 2025 The Author(s).
Proceedings published by Eurographics - The European Association for Computer Graphics.



Michael Thane, Kai M.Blum, Dirk J. Lehmann / Uncovering Relations in High-Dimensional Behavioural Data of Drosophila Melanogaster 7 of 8

questionnaire with qualitative feedback. Specifically, we adminis-
tered the standardized System Usability Scale (SUS) [Bro96] and
asked open-ended questions about user experience.

The SUS is a widely used 10-item Likert-scale questionnaire for
assessing system usability. While typically applied in larger-scale
studies, SUS has also been used effectively in small-sample qual-
itative design studies to capture subjective impressions of usabil-
ity. Despite its simplicity, it is considered reliable even with expert
groups of 5-10 participants, with scores above 70 indicating good
usability. In our study, all participants rated the system positively,
with scores ranging from 72.5 to 85 (Table 1).

In addition to the SUS, participants answered three open-ended
questions:

Q1: Did the system help to better understand the underlying re-
search question?

Q2: Which features supported understanding the relations in the
data? What features were missing?

Q3: Would you consider using this software in the future?

Participants highlighted the system’s intuitive interaction, clar-
ity of visual encodings, and its ability to support both hypothesis-
driven and exploratory workflows. Network and scatter plots were
praised for effectively conveying relations and clusters (U1-U3),
though one user noted visual density (U3). Suggested improve-
ments included larger viewports, tooltips, and more consistent fil-
tering (U1-U3).

The Dimension View and the search function were valued for
narrowing down relevant dimensions (U2, U3), while the Valida-
tion View was seen as effective for detailed inspection and outlier
exclusion (U1, U2). Familiar visual idioms like boxplots, heatmaps,
and histograms were well-received, although SPLOMs were some-
times mentioned as hard to interpret, this is why we opted f. One
user recommended improved font scaling and onboarding (U3).
Overall, participants expressed that the system would be useful for
exploring behavioural datasets, including in new research contexts
such as decision-making studies in Drosophila larvae (U3).

7. Discussion

This design study demonstrates how type-aware relation visu-
alization supports exploratory analysis in heterogeneous high-
dimensional behavioural data. A key finding is that combining net-
work layouts with hierarchical clustering and interactive selection
addresses typical scalability challenges. While node-link diagrams
are known to suffer from clutter in dense datasets, the integration of
the Selection View mitigates this issue by allowing users to focus
on subsets without losing the global context.

A limitation lies in the expressiveness of the relation measures.
The system focuses on pairwise relations—Spearman correlation,
Cramér’s V, and R>—which capture linear or monotonic depen-
dencies but cannot represent more complex or conditional relation-
ships. Extending the framework to detect nonlinear patterns or con-
ditional dependencies remains an open challenge.

A major lesson learned concerns the importance of integrating

semantic information directly into the visual interface. Features
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like dimension descriptions and linked views were repeatedly men-
tioned as critical for reducing cognitive load. Without these, users
struggled to interpret dimension names and relations.

The design process also revealed how visual overviews shift an-
alytical workflows. While domain experts traditionally relied on
hypothesis-driven comparisons, access to a global relation view en-
couraged open-ended exploration. This shift directly contributed to
the discovery of a previously unknown correlation between head
casting and locomotion speed, illustrating how the tool supports
not only validation but also hypothesis generation.

The system currently relies on pairwise relation metrics, which
do not capture higher-order or conditional dependencies. Future
work should extend the framework to support non-linear or multi-
way relations. Another limitation is the focus on aggregated fea-
tures rather than direct integration of raw time series or video data.
Linking relational patterns back to temporal dynamics would fur-
ther enhance the system’s analytical power.

8. Conclusion

We presented a VA system that helps behavioural researchers
explore, group, and validate relations in heterogeneous high-
dimensional data. Combining type-aware relation metrics, hi-
erarchical clustering, and coordinated views, it supports both
hypothesis-driven and exploratory workflows. Semantic metadata
and validation plots bridge global structure and detailed analysis.

Validated with domain experts, the system confirmed known
patterns and revealed new insights—such as a surprising correla-
tion between head casting and locomotion speed. This highlights
how task-driven visual tools can extend traditional analysis. Future
work will generalize this approach to other domains and extend the
framework beyond pairwise analysis to capture higher-order and
nonlinear relationships.
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