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Figure 1: The conceptual design of MULTIPLA, annotated to show the main components. The UMAP Overview (1) and the Grid Overview
(2) show overviews of which sequences are present in the data with three semantic zoom levels, allowing lasso selection. The Focus View (3)
displays the sequences selected in the overviews in two different levels of detail shown in 3A and 3B. The Control Panel (4) provides summary
metrics and can be used to configure the views. The figure consists of different views on rose data.

Abstract

Comparing gene organization across genomic sequences reveals insights into evolutionary and functional diversity among
different organisms and varieties. Performing this task across many sequences, such as from a pangenome, is challenging
because of the scale, the density of information, and the inherent variation. Often, analyses are centered on a genomic region
of interest—a locus that might be associated with a trait or contain genes within the same family or biological pathway. Within
these regions, researchers examine the conservation of gene order and orientation across organisms and assess sequence
similarity, along with other gene content features such as gene size, to find biological variations or potential errors in the data.
Automated methods in comparative genomics struggle to identify meaningful patterns due to varying and often unknown features
of interest, leaving manual, time-intensive, and scalability-challenged visualization as the primary alternative. To address these
challenges, we present a multiscale design for studying gene organization within pangenomes, developed in close collaboration
with domain experts. Our tool, MULTIPLA, enables users to explore organization at multiple levels of detail in a decluttered
manner through layout abstractions, semantic zooming, and layouts with flexible distance definitions and feature selections,
combining the advantages of manual and automated methods used in practice. We evaluate the design of MULTIPLA through
two pangenomic use cases and conclude with lessons learned from designing multiscale views for pangenomic locus analysis.

CCS Concepts
* Human-centered computing — Visual analytics; Visualization design and evaluation methods; * Applied computing —
Genomics;
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1 Introduction

Studying the way genes are organized on genomes is an impor-
tant topic in comparative genomics. Gene organization—referring
at a minimum to their order—influences how genes work together
in biological processes and contribute to an organism’s observable
and biochemical characteristics (i.e., phenotype). Comparing gene
organizations across genomes can reveal variations, indicating ei-
ther variation in biological functionality or errors in the genome
assembly or annotation, both of which are valuable to uncover for
understanding diversity and improving data quality. It can provide
insights into evolutionary relationships or explain the genetics un-
derlying differences in function and characteristics, as genomes
change over time under evolutionary pressures. For example, genes,
or entire regions, can change position, become duplicated, or get
lost, all of which can severely impact an organism by causing dis-
ease, affecting morphology, inducing resistance, etcetera.

The field of comparative genomics increasingly makes use of
pangenomes to study gene organization to extend the analysis
scope. Pangenomes combine the genetic content of multiple related
organisms to capture their diversity [M*18]. Thus they enable all-
versus-all analysis of the gene organization as opposed to tradi-
tional approaches that use a single genome as a reference for com-
parison. Such reference-based approaches are biased towards the
contents of the chosen reference, often ignoring genomic regions
that are missing in or too different from the reference. Moreover,
reference-free pangenomes enable the analysis of organization both
across genomes and within genomes, thus providing a more com-
plete picture. This is especially relevant for diploid and polyploid
organisms containing two or more (likely non-identical) copies of
the genome respectively [VAPMM17].

However, interpreting pangenomic information is challenging
due to the complex nature of the data and the need to integrate
multiple sources of information. Distinguishing common variation
from relevant deviations is difficult with automated methods alone
as the importance of features is not known in advance and may vary
between organisms and genomic contexts. Therefore, integrating
automated analyses with human domain expertise is necessary to
explore and interpret gene organization patterns effectively.

Researchers rely on visualization tools for exploring gene orga-
nization across (pan)genomes. However, our interactions with do-
main experts uncovered that existing tools make assumptions that
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Figure 2: Schematic of the basic concepts of pangenomes. A
pangenome consists of the genomes of a number of plant varieties.
Each genome is an assembly of several sequences. A locus is a sec-
tion of a sequence.

limit their flexibility and effectiveness for pangenome exploration.
These include pre-determining which features are most important
for studying gene organization or which order to use when display-
ing sequences. There is also a lack of methods for effective interac-
tion with the complex and inherently multiscale pangenome data.
Thus, there is an important gap for visualization research to fill.

In this paper, we present MULTIPLA, an interactive visual inter-
face for exploring gene organizations at multiple scales in a pange-
nomic region of interest or locus. Developed in close collabora-
tion with domain experts, MULTIPLA combines interactive cluster-
ing with flexible encoding and rearrangement options. It supports
multiple levels of detail, across several linked views, enabling re-
searchers to explore genes in their genomic context and facilitating
comparisons. The components of the developed visualization de-
sign also bring several distinct research contributions: (1) the intro-
duction of interactively customizable distance metrics for cluster-
ing, (2) a force-directed layout achieving reference-free alignment,
and (3) a semantic zoom approach for multiscale analysis combin-
ing multiple comparison strategies.

With MULTIPLA, we also contribute to the transformation of es-
tablished visualization techniques into a domain-specific design
for (pan)genomics, demonstrating how these techniques can be
adapted to support user needs. We evaluate the effectiveness of our
approaches with two case studies involving pangenomes of roses
and peppers, and share lessons learned from our design process.

2 Biological Background

The genome of an organism is the complete set of genetic material,
found in each cell. It consists of one or more large DNA molecules,
called chromosomes. Chromosomes are chains of four types of
nucleotides or bases: Adenine, Thymine, Guanine, and Cytosine.
Because sequencing technologies cannot read entire chromosomes
front to back, shorter reads have to be assembled into larger se-
quences, representing stretches of nucleotides in the DNA. In ge-
nomics, this assembly of sequences represents the genome of an
organism (Fig. 2). So-called “phased” assemblies separate mater-
nally and paternally inherited (non-identical) copies, enabling the
analysis of subgenomes. Depending on the assembly quality, se-
quences may correspond to complete chromosomes or merely parts
of them. Furthermore, assemblies vary widely in completeness.

A core concept in genomics data analysis is the gene. Genes are
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Figure 3: Basic concepts of pangenome visualization. A sequence
has a length and contains genes. Genes belong to homology groups.
The concept of alignment refers to the x-position of genes and se-
quences, and the concept of order refers to the order of the rows.
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segments of the DNA with a function, like encoding a molecule. A
protein-coding gene produces one or more messenger RNAs (mR-
NAs), each of which gets translated into a protein. In genomics,
genes and mRNAs are computationally predicted, ab initio or based
on evidence, and represented as annotations on a genome assembly.
Sequences are often visualized as stacked horizontal tracks, with
glyphs representing the presence of genes, see Fig. 3. For additional
background we refer to the survey by Nusrat et al. [NHG19].

Comparative analysis of these genes relies strongly on the con-
cepts of homology and synteny [Tek16]. Homologous genes, con-
ceptually “the same” gene across species, are evolutionarily related
and often identified through similarity of (protein) sequence. Syn-
teny, the conservation of gene order and orientation among genes,
is used as additional evidence to disentangle evolutionary relation-
ships. To further inform the analysis, various other gene features are
used, such as size, location, presence-absence variation (PAV), and
copy number variation (CNV), as well as sequence context met-
rics, such as the sequence length or nucleotide frequency. Together,
these features provide a rich source to identify and characterize the
majority pattern of organization and variations thereof. It is often
unclear in advance which feature will define a variation, making an
exploratory approach essential.

Pangenomes enable the analysis of gene organization across
multiple genomes from different (related) organism varieties, see
Fig. 2. A locus is a section of a sequence. Analysis typically starts
with a query locus on one of the genomes containing one or more
genes of interest. The pangenome is used to identify matching loci
across the other genomes based on sequence similarity and/or ho-
mology relationships between genes. In addition to genes that are
physically co-localized within a locus, such as gene clusters or fam-
ilies, researchers also explore non-clustered sets of genes such as
those involved in a biological pathway.

3 Characterization of Pangenome Locus Analysis

Through two informal in-person meetings (two hours each) with
three genomics researchers—including two co-author collabora-
tors, front-line analysts [SMM12], with whom we met weekly (one
hour) for a year—we identified key user questions and tasks related
to exploring gene organizations. As a starting point for exploration,
we assume that the user has queried a locus or set of genes from the
pangenome. We identified five main tasks (labeled T1- T5):

T1 Identify and compare gene content across sequences. Before div-
ing into the organization patterns, users need an overview of the
gene content across sequences, addressing questions such as:
How many sequences, with how many genes, are there in the
pangenome? Which of those have loci matching the query, and
how many genes do those loci contain? How many homology
groups are shared between the sequences?

T2 Select sequences for gene organization analysis. After having
gained an overview of the gene content across sequences, users
want to select sequences for analysis of their gene organization.

T3 Explore and identify feature patterns. Users want to assess how
the organizations of the genes across sequences may differ from
the perspectives of various (gene) features such as (protein) se-
quence similarity from homology, order, orientation, PAV, CNV,
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size, and position. What is the majority organization pattern for
different (combinations of) features? What features contribute to
deviations? Are neighboring genes relative to a target conserved?

T4 Browse sequence context information. To gain further insights
into the biological meaning and likelihood of the gene organiza-
tion patterns, sequence context information is taken into account.
For example: what is the length of a sequence? What is the over-
all count of genes on this sequence (beyond the selected locus)?

T5 Corroborate patterns. To understand whether a gene organiza-
tion deviation could be an annotation issue or a true biological
variation, users want to cross-correlate it with additional (se-
quence) data attributes that can be mapped to that location, e.g.,
mRNA abundance, gene size, or phenotype information.

4 Related Work

In this section, we review literature related to synteny, pangenome,
and gene visualization. We also include force-directed and multi-
scale layouts as they are relevant to our proposed solution.

4.1 Synteny Visualization

Many tools for visualizing gene organization calculate and show
macro-level synteny, allowing researchers to identify genomic re-
gions of conserved gene order and arrangement. So-called syn-
tenic blocks (of genes) are calculated across the genomes or
chromosomes and are typically displayed in linear (e.g., Apollo
[LSH*02], Cinteny [SMO7]) or circular (e.g., Circos [KSB*09],
MizBee [MMPQ09]) layouts for comparison. Synteny relations be-
tween these blocks, such as size, orientation, and position on the
genome, are then depicted using a combination of color, connection
links, and glyph encodings. The above tools are all designed to sup-
port pairwise comparisons to a reference genome. Tools that allow
beyond pairwise, pangenomic, comparisons use flexible layouts
(e.g., GENESPACE [LSS*22], NGenomeSyn [HYJ*23]). These
tools mainly aid in macro-level synteny exploration. Some tools
allow inspections at the micro-level, i.e., showing genes in addition
to blocks, but with limited context (74), feature details (72), and
flexibility to explore patterns (72, 73).

Tools to view micro-level synteny typically depict genes as col-
ored arrows along genomes (e.g., BactoGeNIE, [ARJ*15], clus-
termap.js [GC21], and more [BL24, HAA*24,HCLZ18]). Genome
browsers (e.g., JBrowse [DSX*23]) are limited in the number of
genomes and genes they can display. While these tools provide de-
tailed representations, they lack overview (71), are constrained to
specific features (i.e., based solely on protein similarity), or gener-
ally lack the interactivity and customization required for effective
exploratory analysis (72, T3).

There are also tools for visualizing the context at both macro-
and micro-levels. Genome Context Viewer [CF18] visualizes syn-
teny using two track-views. The user can search new areas for gene
context and tune the parameters for gene matching and genome
alignment, but the tool lacks continuous zoom functionality, essen-
tial for navigation and contextual interpretation (74, 75). SynVi-
sio [BG20] supports analysis from chromosome to micro-level and
the user can zoom and interact with the visualization, but it differs
in design objectives by focusing on conserved regions rather than
gene organization (T1, T3, T5). Plotsr [GS22] encodes synteny with
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ribbons but assumes a predetermined order of the genomes (73).
JCVI [TKZ*24] also uses ribbons for synteny and is customizable
but requires coding to do so and it is not interactive, reducing the
effectiveness of the exploration process (72, 173).

4.2 Pangenome and Gene Set Visualization

Set operations and visualizations are often used to compare the
gene content of genomes [AMA*16]. They are frequently used for
pangenomes to understand what is the core set of genes (intersec-
tion) and what is variable per genome. Most visualizations sup-
port genomic researchers in exploring subset divisions of the entire
gene collection. Except for Pan-Tetris [HBN15], which uses a ma-
trix representation to explore and curate genes in homology groups,
these tools mainly show the sets in abstract overviews with chord
diagrams (e.g., PanViz [PNWUM17], GenomeRing [HIBN12]),
or as parallel sets (e.g., GenoSets [CKG12]), providing effective
overviews. Furthermore, tools often have detailed views for set at-
tributes or metadata and interactivity. Since these tools are designed
for a different analysis purpose, views and encodings for exploring
organization and context are not present, and tasks 7/-T5 are not
supported. Our design incorporates encodings used in synteny and
gene set visualization that are adapted to allow for micro-level ex-
ploration of gene organization.

4.3 Force-Directed Layouts

Force-directed layouts aim at dynamically aligning elements based
on relationships or constraints (73). Using a physical simulation
of springs to find an optimal graph layout has a long history
[Ead84, FR91, FLM95]. It has been paired with simulated anneal-
ing, where the temperature of the system decreases with time, de-
creasing the movement with it [DH96]. Schreiber et al. [SDMW09]
apply this algorithm to the visualization of biological networks,
including constraints that must be met. Force-directed layouts are
common in biological network visualization [EBK*24], and a rele-
vant variant is attribute-driven faceting, where an attribute restricts
the node positions for example to specific areas or lines [NMSL19].
Dang et al. [DPF16] and Pham et al. [PND20] both use forces to
layout comparison of timelines, fixing the x-position and letting
forces act on the y-position to group connected rows.

4.4 Multiscale Visualization

Multiscale visualizations allow users to present, navigate, and
relate large data across multiple abstraction levels. They are
widely applied across data types and domains, combining differ-
ent view configurations and interaction strategies (see Cakmak
et al. [CJS*22] for a comprehensive review). There are diverse
view configurations, e.g., Miao et al. [MKK*19] or Lekschas et
al. [LBB*19]: overview+detail, single view focus+context, or in-
sets. Interactions such as semantic zooming [PF93] are important
for effective navigation between scales. One of the main challenges
in the application of semantic zooming is the specific tailored vi-
sual design and interaction per domain and data types. For graphs
(e.g., [PFH*18)), a single focus+context or inset-based approach is
common, and semantic zooming is applied to reveal details in graph
topological substructures (e.g., clusters or edges) or attributes (e.g.,
specific data properties of nodes or edges). 1D data, specifically ge-
nomic sequences (e.g., [MMP09, CF18]), primarily use juxtaposed

overview+detail views, with linked selection and highlighting en-
abling users to drill down into specific sequence attributes. We ex-
pand this approach by combining it with semantic zoom. We apply
semantic zoom to the exploration of pangenomes, specifically, gene
organization analysis. This analysis depends on dynamic attribute
exploration across scales, sequences, and genomes. The semantic
zoom highlights gene organization and reveals increasing informa-
tion on gene features on zoom. To our knowledge, this is not yet
well-represented in existing multiscale (pan)genomics tools.

5 Flexible Multiscale Design

Here we describe the core design concepts to support our goal of
gene organization exploration. The concepts are guided by data
characteristics (Section 2), tasks (Section 3), our review of related
work (Section 4), and discussions with our front-line analysts. Be-
low we describe the concepts and our design philosophy.

5.1 Multiscale Design through Hierarchical Aggregation

From our task and related work analysis, we learned that our de-
sign needs to present overview and details (C1), i.e., the "overview
first, zoom and filter, then details-on-demand" mantra [Shn96].
To achieve this, the design should provide viewing a high-level
(pan)genome-wide content and organization, while enabling de-
tailed inspection of specific sequences of interest through interac-
tive selection, navigation, and filtering (71, 72, 73).

To ensure seamless navigation between levels and support con-
textual exploration, our design incorporates semantic zooming
(C2), integrating aggregated and detailed information within a sin-
gle view, minimizing clutter, and allowing users to drill down to
deeper levels of detail through smooth interaction (71, T3, T4).

A multiscale visualization through hierarchical aggregation of-
fers a way to achieve these objectives. This approach provides
overviews while also conveying information about the underlying
data, preventing information overload by simplifying and aggre-
gating the data. We adopt the hierarchical aggregation model by
Elmqvist and Fekete [EF10] to design multiscale views for explor-
ing gene organization. The power of the model is to create scalable
and less cluttered visualizations, through the use of aggregation.
MULTIPLA employs aggregation on multiple levels, following the
model’s design guidelines. This helps keep the number of visual
entities down. The entities provide visual summaries of aggregated
data, and visual simplicity is maintained. Importantly, in genomics
data, which is inherently multiscale, we can directly utilize the ex-
isting tree structure (e.g., genes, mRNAs, exons) as the basis for
hierarchical aggregation. The aggregation is described in Section 6.

5.2 Flexibility versus Automation

To understand the contributions of features to organizations and
reveal patterns from different feature combinations (73), the de-
sign needs to facilitate interactive feature-based reordering (C3) of
the sequences carrying the genes (Fig. 3). Furthermore, the design
should not only support vertical reordering of sequences but also
provide flexible alignment options (Fig. 3). These options should
enable users to flexibly align sequences (C4) according to their
analysis needs, ensuring the most relevant information is visible
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in a single view. This is particularly important because genes may
be located far apart across sequences and gene order is of higher
relevance to organization analysis than gene position (73, T5).

Together, these concepts highlight the need to integrate manual
and automated methods to balance efficiency and user control for
effective exploration. Our target data is error-prone, and the feature
importances are not known in advance. This requires that visualiza-
tions and layouts are steered by users’ domain knowledge. At the
same time, the size of data—specifically the number of sequences
and genes to compare—calls for automated layout schemes to pro-
vide a starting point for exploration and ensure scalability. The
key idea is to enable an interplay between automation and flex-
ibility, recognizing that automated layouts serve as a reasonable
data-driven approximation for domain experts to identify patterns
and incorporate their knowledge.

We apply this combination of automation and flexibility in all
views of our design: in the overviews, we use a projection of fea-
tures to reveal high-level structures, while in the Focus View de-
sign, we enable customizable ordering and alignment automation
to uncover lower-level feature organization patterns (Fig. 3).

6 MULTIPLA

This section introduces the views implemented in MULTIPLA,
an interactive design for exploring gene organization through
MULTIscale Pangenomic Locus Analysis. The design consists of
three views (UMAP, Grid Overview, and Focus View) and a col-
lapsible control panel shown in Fig. 1. The three views are linked
such that the sequence selection is consistent in all views. More-
over, on hovering over a sequence, the corresponding sequence
glyph or label is highlighted in the other views, helping the user
switch between the views. Tooltips offer on-demand details for
lower-level features, alternative identifiers, or names. A demo is
available here: http://vappl.win.tue.nl/multipla. Below we describe
the design details for each view.

6.1 UMAP Overview

The UMAP Overview (Fig. 1.1) functions as an overview of the
data and an interface for selecting sequences to analyze in the Fo-
cus View (T1, T2). Each sequence is represented by a glyph shaped
like a dot, indicating selection with a change in color. Lasso selec-
tion allows the user to rapidly select sequences for the Focus View,
with CTRL-key interaction to add individuals. The view supports
panning and semantic zooming with three levels of detail. In the
first, most zoomed-out level, the glyph is a simple dot. At the sec-
ond level, the border width of the dot encodes the count of genes
on that sequence (in the locus). At the third level, the sequences
that share a homology group are connected with ribbons (edges),
which are highlighted on hover. The width of the edge encodes the
number of shared homology groups.

The position of each glyph is determined viaa UMAP [MHM?20]
projection of sequence feature vectors. The UMAP could be based
on any combination of features of the sequences. We selected pro-
tein distance (obtained from the homology calculations) as a start-
ing point based on collaborator recommendations. We selected
UMAP over other dimensionality reduction layouts such as t-SNE
because it tends to better capture global structures [CVW23], which
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Figure 4: Organization of the Grid Overview. Each sequence is
represented by a dot, and the dots are arranged in rows based on
which genome (plant variety) they belong to. Sequences are sorted
within the rows based on their sequence number. Selection is indi-
cated with blue and sequences with query hits have a thicker out-
line.

are important to overview and selection tasks (77, 72). By cluster-
ing similar sequences together, the user can detect structures in the
data. Through the semantic zoom, they can further investigate the
sequences before making a selection and moving to the Focus View.

6.2 Grid Overview

The Grid Overview (Fig. 1.2) presents identical data to the UMAP
Overview, using the same glyph with another layout scheme. It
also features the same interactive functionalities as the UMAP
Overview. The Grid Overview visualizes the sequences grouped in
rows, where the groups are based on some sequence characteristic,
creating a structured view of the data, Fig. 4. The default group-
ing characteristic is which genome the sequence belongs to. Units
within the group are ordered by their sequence number, which is
often analogous to their chromosome number.

The Grid Overview complements the UMAP by enabling an-
other perspective of the data, but it aims to support the same tasks
(T1, T2). The grid structures the sequence glyphs as a discrete seg-
regated layout [MMPOQ9], allowing the user to select and spot char-
acteristics within one genome (e.g. for phased sequences), whereas
the UMAP would resemble an interleaved segregated layout, help-
ing to spot differences between sequences regardless of their se-
quence labels, which is useful for error-prone annotation data.

6.3 Focus View

In the Focus View (Fig. 1.3), the user can inspect selected se-
quences at a more zoomed-in level compared to the overviews.
Here the organization and different features of each sequence are
visible, with flexible ordering and alignment for dynamic rear-
rangement, and semantic zooming to prevent clutter and overload.

6.3.1 Sequence ordering

The order of sequences (rows) of the Focus View plays a cru-
cial role in determining which organization patterns can be spot-
ted. In the Focus View, this order is determined by a customizable
distance. Initially, the sequence order is determined by clustering
based on protein similarity. However, a key feature of MULTIPLA
is that the clustering algorithm includes flexible distance definitions
for changing the order to explore different feature patterns (73).

There is no single feature or distance that completely expresses
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Figure 5: The same data ordered based on different cluster algo-
rithm settings: protein and order (A) and orientation (B). It also
displays the result of rerunning the spring simulation with higher
weighting for evenness (gravity and repulsion) (C).

a gene organization. Depending on the analysis task, some features
may be more important than others, and their contributions can be
explored through flexible use of the distances. In the Control Panel
(Fig. 1.4), users can adjust the weights for the clustering parame-
ters. As a result, the clustering updates, leading to a change in the
sequence order. This supports rapid iteration to find insightful or-
derings and to consider different aspects of the data. For example,
a user suspecting that CNV is important for their analysis can pri-
oritize this feature by increasing its weight and reducing others.

We can compute distances D« (A, B) between sequences A and B
based on gene set content (PAV and CNV) and their distinct gene
features (order, orientation, protein distance, location, and size). We
present the combined distance D(A, B) as the weighted sum of these
distances, all normalized to an interval [0, 1], with weighted factors
wy. The distance D« (A, B) with % one of {r, p} is given as the sum
of distances dx of the mRNA sets corresponding to the gene sets
g(A) and g(B) restricted to the different homology groups h. The
features were obtained through discussion with collaborators and
review of related work [MMPO09, ARJ*15, GC21,ZES19]. We im-
plemented five distances as a proof of concept: PAV, CNV, order,
protein distance, and orientation. We shortly present them here; for-
mulas and details per feature are available in the Supplement.

PAV and CNV The genes’ PAV based distance D, is based on the
Jaccard dissimilarity J of the sets of genes g(A) and g(B) as they
appear in A and B, respectively. The CNV based distance D, is the
same but using multisets (sets allowing duplicates) of genes.
Order Distance D, reflects gene order, using the Leven-
shtein [Lev65] distance on the sequence of genes on A and B.
Orientation Distance d, = J(signs(a), signs(b)) also uses Jaccard
dissimilarity of two multisets where signs(x) contains the orienta-
tions of mRNAs in a set x.

Protein The distance d, is based on protein sequence similarity
scores s between mRNAs, obtained from PanTools [SAdRSS18].

The distances D resulting from these five user-adjustable fea-
tures are used for clustering and ordering of the sequences. Users
can interactively adjust their weights, wx, depending on their im-
portance at each point during the exploration, allowing for flexibil-
ity and accounting for changing perspectives that a fixed weighting
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Figure 6: Spring system concept. Each node is connected to all
other nodes of the same type with springs, as the circled node in
(A). Springs only operate in the x-direction but are drawn in 2D
for illustrative purposes. Neighboring nodes are also connected.
When the simulation ends the nodes are realigned so that nodes
of the same type stack up (B), as the purple nodes. Stretching and
compressions are marked by thinner and bumped lines respectively.

scheme cannot offer. The use of weighted distances has been used
successfully in existing tools for gene sets [GC21,BSK*21]. How-
ever, they only use protein similarity and order, and little to no in-
teractive adjustment of the distance components is possible. We use
hierarchical clustering with Ward linkage by default, as it has been
shown to be adequate in other work [GC21], but we also provide
a choice among single, average, and complete linkage [DHSO1].
Fig. 5.A and B show example sortings based on different features.

6.3.2 Design considerations for alignment

A fundamental issue in sequence comparison is alignment. Ge-
nomics data in particular is sparse, consisting of long featureless
stretches, with densely populated intervals in between, where ex-
act positions have no direct meaning. Different orders of genes and
copy number variations add to the alignment complexity. The pre-
requisites constrain the design space as follows.

No reference sequence Genomics analysis typically employs a
reference sequence, to which all other sequences are aligned.
Pangenomes avoid using a single reference to reduce biasing the
analysis, but as a consequence, this complicates how positions can
be aligned or compared.

No joint coordinate system The data structure defines position
as the distance from the sequence start, but this is not useful for
comparing the gene organization between sequences, as shown in
Fig. 6.A. Neighboring genes might appear with vastly different sep-
arations in two sequences, meaning that all the subsequent genes
are offset. Therefore, a joint coordinate system preserving relative
positions is not appropriate.

No homology anchoring In initial designs, we explored anchoring
based on one homology group. However, this is not possible for
sequences where the homology group is absent and becomes com-
plicated when the group has several instances in a sequence.
Preserved gene order Domain experts indicated that preserving
gene order within each sequence is a hard constraint, order should
not be altered. In contrast, distances between genes are less rele-
vant. It matters if there is a relatively large or small distance, but
the exact distance is of no relevance.

Repeated rearrangement Our collaborators described their work

© 2025 The Author(s).
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Figure 7: The types of forces on a node applied by the nodes on
the same sequence. The gravity force pulling neighboring nodes to-
gether, the repelling force pushing them apart. The genome force
works to maintain the sequence length, and the normal force ap-
plies when a neighboring node is within the minimum distance.

not as finding a single optimal arrangement, but rather as repeated
rearrangements adapting to how the analysis evolves.

6.3.3 Spring simulation system

We designed a layout algorithm adapted to the alignment design
constraints above. The algorithm preserves and aligns genes of
the same homology group. By compressing the scale in-between
genes separately for each sequence, comparison of gene order in
sequences of vastly different lengths is made possible. Distance and
position are prioritized lower according to the preserved gene or-
der constraint, however, compression and stretching of empty in-
tervals is indicated by a bulge or thinning in the connecting line, as
illustrated in Fig. 6.B. The effect is more subtle in MULTIPLA, to
avoid interference with visual pattern detection.

With respect to the repeated rearrangement process, we sought
to create an automation that captured the trade-offs of the manual
process well enough to satisfy the domain expert. We modeled the
manual process by creating a system of springs and nodes, similar
to force-directed layouts but operating only in one dimension and
with a specific set of restrictions. Each factor affecting the align-
ment is represented in the system by one or two types of springs,
allowing the system to consider all factors simultaneously. The user
can manually change the settings for the springs, to tune the impact
of each factor on the resulting alignment.

The spring simulation architecture is as follows. Firstly, genes
are transformed into nodes, where overlapping genes from the same
sequence form one node. Each node is connected to its immediate
neighbors in the sequence, and to all nodes with the same homol-
ogy group. The connections apply forces on the node, resulting in a
position shift when the node is updated. Homology group connec-
tions pull related nodes together, as illustrated in Fig. 6. The forces
are further specified in the Supplement. The algorithm iterates over
states of the spring system, updating one node for each iteration.
The global heat decreases with time and limits the step size, as rec-

© 2025 The Author(s).
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Figure 8: Different strategies for comparing sequences. Strategy
1 (top) colors each element according to its type. Strategy 2 (mid-
dle) places connecting lines between elements of the same element
type. Strategy 3 (bottom) does not encode the element type directly.
Elements of the same type are grouped together by shifting and
stretching the axes. Reversed node order results in compression.

ommended by Davidson and Harel [DH96], and each node has a
local heat to decrease oscillations [FLM95]. For a random selec-
tion of nodes, a step is calculated based on the force and the heat.
The proposed step is constrained to fulfill minimum distance and
order conditions. The node with the largest step is then updated.

Different termination criteria can be applied, and in our case,
it is either the heat, time elapsed, or the size of the constrained
step. Termination by time elapsed ensures termination and limits
the runtime. Termination can occur while the system still moves a
lot and no minimum has been found. However, finding a minimum
is not required since the purpose is to re-layout the visualization.

6.3.4 Design considerations for identity coding

To compare the organization of sequences, the analyst must under-
stand which genes are present and in what order they appear. There
are multiple ways to encode this information, as shown in Fig. 8.
The homology group of each gene can be explicitly encoded, for
example by color, so the user can compare the sequences manu-
ally (Strategy 1). Alternatively, the order of genes relative to an-
other sequence can be directly encoded, for example with ribbons
(Strategy 2). In the absence of explicit encodings, the user can try
to deduce the most likely homology group of genes by their aligned
position (Strategy 3), see Section 6.3.2.

The above strategies have benefits and drawbacks, making them
suitable for different situations. Strategy 1 allows the most versatile
comparisons for the user but does not scale well. Strategy 2 high-
lights order changes and scales better than Strategy 1, but is prone
to clutter and is mainly useful for pairwise comparisons. Strategy
3 scales better than the other two but does not allow the user to
see exactly which genes have the same homology group or capture
order variations. The application of the strategies in MULTIPLA is
described in the Semantic Zoom section below.

6.3.5 Zooming and interactions

The challenges of genomics data are largely due to the multiscale
nature of the data. MULTIPLA uses semantic zooming (C2), al-
lowing analysts to seamlessly move from overview to detail (C/),
leveraging the strengths of each identity coding strategy above.
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Semantic Zoom The Focus View features semantic zooming in
three layers. The spring system layout algorithm functions as a
first layer by reducing unnecessary whitespace while maintaining
a glanceable arrangement. The identity coding of genes constitutes
the second layer of semantic zooming, with two seamless levels.
Strategy 1 is used to encode identity at the most zoomed-in level.
When the number of homology groups exceeds a certain threshold,
Strategy 2 is used instead. At this zoom level, genes are all colored
gray (see Strategy 2 Fig. 8), since nominal color schemes have a
limited number of values. Changes of order are visualized by lines
connecting genes of the same homology group. Connections are
only displayed for homology groups that appear in different orders
between sequences. This helps minimize clutter and highlights ar-
eas with disarray (73, 74). The spring system also indicates node
identity, according to Strategy 3.

The third layer of semantic zooming is the glyph representation
of genes. To maximize information transfer and minimize clutter,
genes have two levels of semantic zoom. The gene is represented by
a bar with an arrow indicating its orientation, according to common
practice in the domain. The length of the gene is encoded by the bar
length, and presence of multiple RNAs is indicated by dots below
the bar. When the length of the gene in the current viewport goes
below a certain threshold, it is represented by a triangle of a fixed
size, oriented according to the gene’s orientation.

Hover To complement the above-described strategies for encoding
identity, we implemented a highlight on hover. As a gene is high-
lighted, all genes of the same type are marked with higher opacity
and the gene’s color. All other elements are given a lower opacity
during hover. In addition, there is a tooltip with the gene name and
homology group unique index, and hovering over a sequence pro-
vides an indication of the genome position at that hover location.

Brushing To reduce clutter, the user can use brushing to select
which homology groups’ links should be highlighted. The interac-
tion is similar to how brushing works for parallel coordinates.

6.4 Control Panel

The Control Panel (Fig. 1.4) allows the user to overview the data
and change the visualization settings. Sliders are used to change
the weights of each feature in the clustering algorithm, controlling
the order of sequences. The spring simulation is tuned with four
sliders: for the genome force, group force, minimum distance, and
a merged measure for the gravity and repulsive forces.

7 Evaluation

We evaluate MULTIPLA’s design through two use-case-based
evaluations. For each use case, the setup involved two experi-
menters—one with visualization expertise and one with bioinfor-
matics knowledge—along with one participant. The participants
were pangenomics experts at the PhD or postdoctoral level, were
not involved in the design process, and engaged in thinking aloud.
We here report the insights obtained for each use case.

7.1 Datasets and Format

We use PanTools [JvVWSA*22] to obtain gene features and genome
sequence information for predetermined loci. We illustrate our

work with two real-world datasets of 16 pepper and 12 rose genome
assemblies. Each dataset consists of 50-2000 sequences, with 15—
20 loci, containing 200-220 genes/mRNAs, and 15-60 homology
groups. The gene organization in each locus is queried from the
graph pangenome and can be accessed as a JSON file, similar to
Clinker [GC21]. Our data is hierarchical and follows the AGAT
and Sequence Ontology conventions to describe parent-child re-
lationships, such as genes (level 1) containing mRNAs (level 2),
and mRNAs containing exons (level 3). It includes: genomes, se-
quences, loci, genes, mRNAs, exons, non-coding RNAs, repeats,
functional domains, homology groups, and homology links.

7.2 Capsicum Punl Locus

Pungency is a trait in (chili) peppers (Capsicum species), which
is determined by capsaicinoid production. It is controlled by a lo-
cus, containing one or more Punl-like genes [STKL*05, SMS*07].
The study participant wanted to investigate variation (in gene sizes,
order, and copy number) in this locus in a pangenome of 16
assemblies of domesticated and wild Capsicum species. All but
two assemblies are at the chromosome level. Using the Punl lo-
cus (171,671 bp) on chromosome 2 (chr2) of the CM334 assem-
bly [K*14], they found matches on 16 out of 57 sequences (T1).

The exploration started with getting an overview of gene content
(T1) and sequence selection (72). The participant used the zoomed-
in view in the Grid to confirm hits on chr2 (sequence 2) but also
found some on sequence 3 (Fig. 9.B1, B2, thick border). Select-
ing the small cluster from the UMAP shows that sequence 2 of
genomes 11, 12, and 13 are not included (Fig. 9.A2, B2). They used
the Grid Overview again to add these sequences with matching ho-
mologs to the selection. In the Focus View, genomes 7 and 8 stood
out because of density and crossing lines, and highlighting a few
genes through mouse over showed that all genes in these sequences
were in opposite orientations compared to the other genomes, com-
plicating analysis (Fig. 9.C1). Both were removed from the selec-
tion. As shown in Fig. 9.C2, another notable observation is that
some genes encode two mRNAs (77). As most genomes are from
domesticated C. annuum species, except 11, 12, 14, 15 (and the ex-
cluded 7 and 8), the participant wanted to investigate if these could
be grouped. Grouping on a single distance (proteins, order, CNV)
did not place all four genomes together. The user decided to settle
for a mixture of these three distances that gave a group of genomes
12, 14, and 15, and genome 11 apart, likely because it misses some
genes in the selected locus (Fig. 9.C3). Finally, interested in CNV
in Punl-like genes (73), the participant tested various spring lay-
out settings to align genes of interest in the Focus View (74). In-
creased Group alignment and Separation helped to get a clear view.
In the Focus View, groups ending in 730-737 (known to be Puni-
like genes) were brush-selected to trace them during zooming and
panning. The subtle stretching in the intergenic regions (Fig. 9.C4)
helped to get a sense of the distance between genes (74). The color-
coded and connected homology groups helped to trace patterns in
gene order and size. Genes in group 730 (purple) were present
in all genomes, but the gene in sequence 11_2 deviates in size
(Fig. 9.C3), likely due to an annotation error, requiring inspection
with expression data (75). The other groups show PAV and tandem
duplicates (e.g., two blue genes on 13_2). In conclusion, the ex-
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Figure 9: Exploration of the Capsicum Punl locus using MULTIPLA. (A1-2) UMAP reveals two groups. (B1-2) Grid Overview allows
sequence selection. Focus View shows locus organization: (C1) Initial view shows crossing links and reverted sequences; (C2) Observation
of two mRNAs; (C3) Size deviation of group 730 and PAV of others, visible via spring layout and brushing; (C4) sequence stretching.

ploration showed that there is significant copy number variation in
Punl-like genes, while gene order is conserved.

7.3 Rose Myb114 Locus

Roses are highly valued for their beautiful flowers and attractive
scent. Anthocyanin is the primary pigment that determines flower
color. The biosynthesis of anthocyanin is regulated by a complex
network of genes, including Myb114, a transcription factor that in-
fluences the expression of other genes [YMA™17]. In Rosa chi-
nensis, it was found that a 148-bp insertion in the regulatory re-
gion of the Mybl14 gene upregulated the expression of the gene,
causing red petal coloration [LZY *22]. This sparked the partici-
pant to investigate the variation in the Myb114 locus across a Rosa
pangenome with 12 assemblies (4 of which are phased) from 7 dif-
ferent species. The data set spans 2011 sequences of which 19 con-
tain a locus similar to the query. The participant was interested in
PAV between and within genomes, gene order, and size variation.

After hiding the empty sequences, the Grid and UMAP
Overviews showed all sequences on which a locus was identified.
Since the query locus was on genome 3 (R. chinensis), the partic-
ipant first explored highly similar assemblies from the same rose
variety (71, T2) using the lasso selection in the Grid Overview
(Fig. 10.A1). In the Focus View, they could identify the Myb114 ho-
mology group with the tooltip and they used the brush interaction to
turn on the links as a visual reference point (Fig. 10.A2). They then
included the other sequences. Because of significant length differ-
ences both in sequences and loci, the participant tuned the spring
layout to obtain a better alignment of groups, which showed the
conservation more clearly (73, 74). By increasing group alignment
and brushing, the user observed that Mybl14 homologs were not
present in all genomes. Notably, the gene was found only on one
chromosomal copy (4_25) in the phased tetraploid assembly of R.
hybrida (genome 4) [ZYL*24] (Fig. 10.B), indicating significant
intragenomic variation. Comparing the sequences from genome 4
to those from 3 (R. chinensis) (Fig. 10.C), the semantic zoom (71,

© 2025 The Author(s).
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T4) in the UMAP Overview (Fig. 10.D) shows that haplotype A
(4_25) is more similar to sequence 3_7 than haplotype B (4_26) in
this locus, as expected [ZYL*24]. This use case demonstrated the
usefulness of MULTIPLA’s views for exploring inter and intrage-
nomic variation.

8 Discussion

The properties of our data present challenges such as vast differ-
ences in scale and a large spread of the data characteristics of in-
terest depending on the organism. Reflecting on our design pro-
cess, we see that these challenges are met by design choices with
minimal assumptions about the data structure while centering the
tasks. Particularly, MULTIPLA differs from previous work by vi-
sualizing data from multiple genomes at multiple levels. Our case
studies showed that multiscale views through semantic zooming
have strong potential. The novel visualization entails, however, a
learning curve. Users expressed varied initial understanding and
needed time to adapt to this interaction. In contrast, UMAP, which
has previously been applied to genomic analysis, was intuitive for
users. Another lesson learned through use case exploration is that
additional space-filling layouts, such as matrices, could comple-
ment the existing unit visualizations and UMAP embeddings, of-
fering perspectives beyond the groupings in the data.

Interactivity and flexibility are key aspects for effective visual
exploration of synteny, which is reflected in feedback from the
user study: “[The interactivity] really helped me to analyze this
locus. Freedom of selection, zooming, and dynamic changing [of
alignment and order] led to a different understanding." MULTI-
PLA features several interaction techniques for synteny exploration.
The two overviews support additional perspectives on the data as
compared to exclusively track-based visualizations such as the R-
package gggenomes [HAA*24]. MULTIPLA extends the conven-
tion of using color and links for visualizing synteny by utilizing
color, links, and position on different zoom levels to create seman-
tic zooming. The brushing and on-hover highlighting of the links is
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Figure 10: Exploration of the rose Myb114 locus using MULTIPLA. (A1) Lasso selection in the Grid Overview. (A2) Focus View brushing to
highlight links. (B) Spring layout reveals Myb114 presence on only one chromosomal copy (4_25) in the phased tetraploid genome. (C,D)
Semantic Zoom in UMAP and Grid Overviews for analyzing inter- and intragenomic variation.

inspired by interaction patterns of parallel coordinates [JF16] and
makes it feasible to render links also to non-adjacent sequences
which causes excessive clutter in current visualizations.

For data with patterns at many scales such as genome data, spe-
cial attention must be given to navigating across those scales. Our
evaluation shows that MULTIPLA supports analysis on macro- and
micro-level well by providing an overview first and details on de-
mand [Shn96] through continuous semantic zoom. MULTIPLA’S
zooming functionality is similar to that in SynVisio [BG20], but
the focus on genes and homology groups, i.e., sparse hierarchical
features, requires more complicated semantic zooming and differ-
ent alignment algorithms. Our system addresses the challenges of
this datatype through customizable alignment and sequence order-
ing. While JCVI [TKZ*24] allows much customizability through
coding, MULTIPLA supports tuning of key parameters in the inter-
face, making it accessible to less code-savvy users and suitable for
rapid iteration as shown in the evaluation. This is key since MUL-
TIPLA explicitly targets exploration of different orderings, and thus
requires quickly reordering and realigning sequences based on cus-
tomized features. Our evaluation demonstrates the usefulness of
this flexibility. It may also apply to other data, e.g., event sequences.

In the evaluation, the force-directed layout proved to fulfill the
intended purpose. Users tweaked the forces to achieve alignment
and separation to assist the exploration and create an organized
overview. Our solution is of the type attribute-driven faceting with
additional restrictions. Previous work used forces to determine the
ordering of rows with a common x-axis [DPF16,PND20]. In MUL-
TIPLA, row order is instead handled through clustering, and the
spring system is employed in the x-direction. Thus we introduce the
novel concept of individual, non-linear x-axes for each sequence.
This prioritizes alignment over distance visualization, motivated by
a corresponding prioritization in the data analysis tasks. Though
this could lead to misinterpretation of the data in some scenarios,
whether axis manipulations are misleading or not is task depen-
dent [LK24]. Moreover, we observed examples of data hunches
[LAML23] when our collaborators knew the data to be flawed
and performed manual rescaling to compare sequences of differ-
ent sizes. In the capsicum case, the spring system performed this
rescaling and the user noted it through the bulges in the segment.
Thus, the spring system constitutes a novel visualization technique

for sequence data, centering comparison of element order while
maintaining a notion of distance.

There are several opportunities for future work to address the
current limitations. The design was developed and evaluated with
partly the same set of end users, and it would be valuable to inves-
tigate how the tool is received outside of this group. Due to limited
time and resources, we prioritized the most important functionality
in the tool, but qualitative feedback from the use cases highlighted
some relevant feature requests. For example, allowing users to click
and drag elements to reorder them interactively, centering the align-
ment on a homology group when clicked, and enhancing zooming
in overviews with a minimap to maintain context could be valu-
able additions. Extension of the complexity of the hierarchical data
would also be of interest, e.g., showing locus boundaries, more ad-
vanced strategies for visualizing a gene encoding multiple mRNAs,
and enabling zoom levels beyond gene length (e.g., intron-exon
structure). Finally, improving the performance of the spring sim-
ulation could yield more stable results faster. This would increase
the ability to recreate layouts since the algorithm would terminate
by minima rather than by time elapsed. In general, further refining
the automation algorithms and adding the suggested features has
the potential to improve the tool.

9 Conclusion

We presented a design and implementation of MULTIPLA, a Vi-
sual interface for exploring pangenomic gene set organizations.
Exploring patterns and deviations in a set is important for uncov-
ering annotation errors and biological variants. However, analysis
of pangenomes requires visualizations that support flexible sorting
and alignment functionality as well as interactivity. Our approach
enables users to explore the organization and the role of different
features by providing interactive clustering and encoding options
facilitating comparison. Through two case studies, we found that
MULTIPLA supports our listed tasks and design goals.
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