DOI: 10.1111/cgf.14828

Eurographics Conference on Visualization (EuroVis) 2023 COMPUTER GRAPHICS forum
D. Archambault, R. Bujack, and T. Schreck Volume 42 (2023), Number 3
(Guest Editors)

visMOP - A Visual Analytics Approach for Multi-omics Pathways

N. Brich1®, N. Schacherer1®, M. H0ene2®, C. Weigert2®, R. Lehmann2®, M. Kronel"3®

"Institute for Bioinformatics and Medical Informatics, University of Tiibingen, Germany
*Institute for Clinical Chemistry and Pathobiochemistry, University Hospital Tiibingen, Germany
*Tandon School of Engineering, New York University, USA

EEEEETEEEEEEFEEEE E G

FEEEEEEEEEE

100000000000 O0000000000000000000000000000000000000000000000000

FEEEEEEEEEREREEEEE

Figure 1: The main view of visMOP (visualization of Multi-Omics Pathways) showing the overview of the cluster graph with the Reactome
superpathways laid out as a circle around it (3)). The dark gray regions show clusters of pathways containing similar data, while the light gray
region shows pathways not clustered with other pathways (@)). A selected pathway is highlighted, showing a tool-tip and both hierarchical as
well as non hierarchical connections to other pathways. On the right, the detail view window is shown for a selected pathway (3)). On the left,
the visual filter options, as well as option to control the intra-cluster layouting are displayed (Q)). The input data is shown in a collapisibe
table linked to the main overview visualization ((D).

Abstract

We present an approach for the visual analysis of multi-omics data obtained using high-throughput methods. The term “omics”
denotes measurements of different types of biologically relevant molecules like the products of gene transcription (transcriptomics)
or the abundance of proteins (proteomics). Current popular visualization approaches often only support analyzing each of these
omics separately. This, however, disregards the interconnectedness of different biologically relevant molecules and processes.
Consequently, it describes the actual events in the organism suboptimally or only partially. Our visual analytics approach for
multi-omics data provides a comprehensive overview and details-on-demand by integrating the different omics types in multiple
linked views. To give an overview, we map the measurements to known biological pathways and use a combination of a clustered
network visualization, glyphs, and interactive filtering. To ensure the effectiveness and utility of our approach, we designed
it in close collaboration with domain experts and assessed it using an exemplary workflow with real-world transcriptomics,
proteomics, and lipidomics measurements from mice.
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1. Introduction

Biomedical research often targets questions that require a broad per-
spective: for example, a single mutation inside a gene may cause a
complex disease while on the other hand, apparently simple diseases
are frequently caused by a multitude of genetic and non-genetic fac-
tors. For many years, such rather comprehensive research questions
had to be broken down into quasi-atomic chunks to be answered
with the available techniques. The last decades, in contrast, have
seen a continuous increase in techniques grouped under the umbrella
term omics, where transcriptomics is, for example, the analysis of
the complete set of transcribed genes at a certain time and condition.
The next step towards a comprehensive study of biological systems,
which are characterized by a high degree of interconnectedness, is
to combine two or more of these omics techniques.

For instance, enzymes, which are crucial for the generation of
many essential metabolites, are produced during gene expression us-
ing mRNA transcripts that are, in turn, products of genes, i.e., DNA
transcription. How much of a given gene is transcribed from DNA
into RNA (as measured by transcriptomics), however, is not only
regulated by transcription factors but by a multitude of proteins that
either promote or inhibit translation [CMH*99; Lat13]. The mRNA
produced in this step is further regulated by proteins that affect,
e.g. its stability, and the same is true for translation, the production
of proteins from mRNA. And of course, translation—the reading
of the processed mRNA and the production of proteins—is also
facilitated by various protein and other metabolic processes [Her§9].
That is, the presence and abundance of the proteins (e.g., measured
by proteomics) is an important factor. Even the metabolites them-
selves have been shown to play a significant role during many steps
of the gene expression process and the regulation of enzyme ac-
tivity [Lad06; WMWH15], therefore, metabolomics measurements
also needs to be considered. Therefore, conclusions about biological
function and regulation can, ultimately, only be drawn by investi-
gating several of these layers in a combined fashion. Performing a
combined, comprehensive analysis that considers the interconnect-
edness increases the effectiveness of and confidence in the analysis,
as well as enhancing the acquired information of a given process or
system [WZR*19; CSB*20]. Utilizing multiple data sources, how-
ever, leads to a growing amount of data—especially since the data
volume is constantly increasing due to higher resolution, be it spatial,
temporal, or depth of sampling. Simultaneously, the complexity of
the data increases as well, as different methods often do not yield
data that can be mapped directly to a common denominator.

While several advances in the past, like the increase in computa-
tional power and the development of improved visualization tools,
facilitate the analysis of these complex data sets, working on this
kind of data still remains a challenge [RS18]. Depending on the
type and specificity of the research question, different approaches to
interpret this data can be taken. For very specific research questions,
purely algorithmic approaches might yield sufficient answers. If a
more exploratory analysis is needed—for example, to formulate,
refine, or reject a hypothesis based on the available data—a visual
analytics approach might be more appropriate.

To enable comprehensive visual analysis, the measured omics
data needs to be embedded into the relevant biological pathways
(i.e., prior knowledge about reactions and interactions between

molecules). Consequently, metabolic pathway visualizations that
are already familiar to the domain experts are a suitable starting
point for designing an advanced, effective visualization. Many of
the most common metabolic pathway visualizations are, however,
manually curated diagrams, which limits the flexibility to reuse this
information and makes it difficult to incorporate them into a visual
analytics application. On the other hand, common generic network
visualization methods, like force-directed node-link diagrams, often
disregard the biological background knowledge and can result in
unfamiliar layouts that are hard to understand for the users.

We present a visual analytics approach that allows for exploratory
analysis of multi-omics datasets. To facilitate the analysis, we pro-
pose to use a clustered graph to visualize multi-omics datasets on a
pathway level while representing the pathways as glyphs encoding
the contained data. Our contributions can be summarized as follows.
We present an approach that works with a variable number of dif-
ferent omics measurements, which are mapped against all known
metabolic pathways from the Reactome [GJS*22] database. The re-
sulting pathways containing the measurement data are summarized
in an overview graph, which is visualized as a node-link diagram
showing the interconnections between the pathways. For this net-
work of pathways, we present a data-driven layout algorithm that
can be customized by the users according to their specific needs,
interests, and research questions. The pathways, which are the nodes
of the overview graph, are represented by glyphs showing the omics
measurements mapped to those pathways. That is, our approach
allows users to compare different pathways with respect to the mea-
sured data and facilitates the detection of correlations or mismatches
in the data that require further investigation. We developed visMOP
(visualization of Multi-Omics Pathways), a web-based prototype
implementing our approach that also provides level-of-detail func-
tionality for the overview graph and multiple linked views for a more
detailed inspection of individual pathways. We tested our approach
on a real-life dataset together with domain experts.

2. Related Work and Biological Background

This section provides links to surveys about network visualization
(Section 2.1) and introduces applications of networks in biology and
data sources for pathway data (Section 2.2). We also briefly discuss
related visualization applications for multi-omics data (Section 2.3).

2.1. Network Visualization

The visualization of networks can help to analyze the encoded re-
lationships and elucidating underlying structures. It has been the
target of research for a considerable time and has, thus, grown into an
extensive field of research. Giving a comprehensive overview of net-
work visualization is beyond the scope of this paper. Therefore, we
only give a very brief introduction and refer to state-of-the-art reports
about the visualization of large [VLKS*11], dynamic [BBDW17],
multivariate [NMSL19], and multilayer [MGM*19] graphs, which
summarize foundational methods and recent advances in the field
of network visualization and provide pointers for further reading.
Koutrouli et al. [KKPP20] recently gave an overview of commonly
used graph visualizations for biological networks.

There are various ways networks can be displayed, depending on
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the use case. The most common representations are adjacency ma-
trices and node-link diagrams [KEC06]. While adjacency matrices
make it easy to look up direct connections between nodes and—
depending on the sorting—identify cliques and clusters, they are
often considered to be less intuitive, and it is harder to find paths be-
tween nodes compared to a node-link diagram. Node-link diagrams,
on the other hand, highly depend on the layout, i.e., the spatial po-
sitioning of the nodes. A recent study [ASA*22] investigated and
compared the performance of adjacency matrices, bipartite layouts,
and node-link diagrams for five network overview tasks.

Especially for large networks with many nodes and edges, a good
layout algorithm is crucial to enable users to detect important fea-
tures like clusters, symmetries, and interconnected areas [KKPP20].
Many approaches to generate layouts have been proposed. The most
simple layouts place the nodes on grids or circles. Many layout
algorithms are based on simple simulations, e.g., modeling net-
works as a set of bodies connected by spring-like forces. While
these approaches can be useful for analyzing smaller networks, they
are often not useful for analyzing larger, more complex networks
because they usually do not consider any property of the network.

2.2. Biological Networks

Many disciplines in biology use networks and their visualization,
most commonly node-link diagrams, to model and analyze rela-
tions between different entities e.g., phylogenetic trees showing the
evolutionary relatedness of species [PDA10; HMB*18], or graphs
modeling the connections between neurons in neurobiology [Pes14;
YSD*17]. Molecular biology has a plethora of different applica-
tion cases for networks, e.g., gene-regulatory networks [KSOS;
DGC*17], protein-protein-interaction graphs [NYP12; SMO03],
or gene-variation graphs [ENS*20; AHN*21]. The modeling of
metabolic pathways is an important application area of networks
in biochemistry [NDG*17; KBC*19; GJS*22]. These metabolic
pathways describe how cells and, in turn, organisms function on a
molecular level. They are, thus, instrumental in understanding any
biological process. The nodes of the graph usually represent reac-
tants that are connected by edges indicating reactions. Reactants can
be a wide variety of biologically relevant molecules, e.g., proteins,
small molecule metabolites, or DNA/RNA. As many organisms fea-
ture tens of thousands of biologically active entities (genes, proteins,
RNA), and even more different types of interactions, the resulting
networks are very large and complex. This makes it challenging to
generate clear, meaningful visualizations of these networks. Thus, in
the applied biomedical domain, many of the most well-known and
widely used metabolic pathway visualizations are manually curated
and laid out diagrams. Recently, a first approach for the automatic
generation of metabolic pathway maps that can retain many of the
desirable features of the manually laid out diagrams has been pre-
sented [WNSV19]. However, it just considers information about the
known interactions and does not incorporate omics measurements,
making it unfeasible for our intended use case.

Reactome [GJS*22] is a pathway database offering information
about molecular entities in conjunction with metabolic reaction path-
ways. The pathways are arranged in a hierarchy: each pathway is
part of a multilevel hierarchy in which general metabolic topics
constitute the roots and fine-grained reaction sequences constitute
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Figure 2: Metabolic pathways visualized by Reactome [GJS*22].
Left: excerpt of the overview of the metabolic pathway network
where each metabolic region is the root for a hierarchy visualized
using a radial layout. Right: excerpt of a detail reaction pathway
containing molecule-level information. These pathways are located
in nodes closer to the leaves of the radial hierarchy.

the leaves. The more complex pathway diagrams found at the roots
and the levels further removed from the leaves are created manu-
ally (Fig. 2). Reactome is part of the ELIXIR [CT12] initiative and
offers its data and software under a creative commons license. This
includes the instructions of all pathway diagram drawings, allowing
a fast and efficient way of querying large amounts of data.

The Kyoto Encyclopedia of Genes and Genomes (KEGG) [KG00]
is another widely used database offering information about different
molecular entities and metabolic pathways. It presents the pathways
in a flat hierarchy in which they are linked by functional connec-
tions. A separate class hierarchy groups the pathways. Similar to
Reactome, the pathway diagrams are created manually to consider
previous knowledge and conventions for a given process the diagram
describes. However, it introduced a subscription model in 2011 due
to funding issues and detailed information about how to draw the
pathway diagrams is not available, making it less convenient to use.

>

Especially among practitioners, the two “Biochemical Pathways’
posters by Roche [Mic17] are popular. They show a comprehensive
summary of known pathways and processes. The manually created
graphs are structured into labeled sections on different high-level
topics, e.g., Citrate and Glyoxalate Cycle or Steroid Metabolism.
The lower level shows the actual chemical reactions with all partici-
pating molecules. Roche offers print and zoomable online versions
of the posters, however, the data is proprietary and not publicly
available, severely limiting the use for visual analytics applications.

2.3. Multi-omics Pathway Analysis Tools

In contrast to KEGG and the Roche biochemical pathway map, Re-
actome [GJS*22] offers an interactive visual analysis tool, which
allows the user to map multi-omics measurement data onto the
Reactome pathways. The visualization is rather simple: all omics
measurements are aggregated and the pathway nodes, which are
arranged in a hierarchical node-link diagram, are colored by either
coverage or significance in coverage, or (when measurement data is
supplied) the average over all supplied omics. It does not influence
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the graph layout. Additionally, the data can be shown as “React-
foam”, a hierarchical Voronoi treemap used to show the data in
lieu of the node-link diagram. Any further analysis then has to be
performed on a detail pathway level.

Paintomics [LSP*22] is a tool tailored to multi-omics. It can
map different omics types—including, but not limited to: transcrip-
tomics, metabolomics, proteomics, and different regulatory and
region-based omics—to pathway maps from KEGG, Reactome, and
MapMan [SPK*19]. Using these data, significantly enriched path-
ways are searched in these databases. The user can then select the
pathways, and the molecular entities in the pathway visualization
are then colored according to the corresponding data value. That
is, the provided overview network visualization is mainly an entry
point for the analysis of individual pathways. Our approach, in con-
trast, aims at generating a rich overview using layout and clustering
techniques to generate insights from this overview by combining
multiple omics, e.g., allowing users to identify groups of similarly
regulated pathways and mismatches between the different omics lev-
els. Pathview Web [LPB*17] follows a similar approach: it simply
maps colors showing the regulation to the KEGG pathway drawings.

OmicsNET [ZX18] leverages the third dimension to accommo-
date for the complexity of multi-omics networks. Besides the omics
data, it also allows the user to load additional information like SNPs
for genomics or taxon information for studies involving multiple
organisms. 3D visualizations, however, have not been shown to
yield additional insights without the use of stereo-vision, i.e., VR or
AR [MGM*19]. Such systems are typically not widely available in
molecular biological laboratories, which are our target audience. Ad-
ditionally, 3D network visualizations suffer from occlusion, perspec-
tive distortion, and usually require more user interaction [Mun15].
To avoid this, we settled for 2D visualization. Furthermore, instead
of focusing on details brought in by additional data, we want to
show large-scale, pathway-overarching effects on the metabolism.

There are also frameworks targeted at systems biological net-
work visualizations like VANTED [JKS06; RJH*12], which can ac-
commodate multiple omic types. While VANTED can also provide
overviews, its focus lies on analyzing and visualizing biological data
on a detail level in the context of systems biology, tracking changes
in biological reactions and single molecule types like metabolites.

3. Tasks and Requirements

Our domain experts currently use different tools, such as
g:Profiler [RKK*19], to either perform pathway enrichment an-
alyzes for each type of omics data individually or for subsets of
features that overlap in the individual statistical analyzes of the dif-
ferent omics datasets. Similarly, MetaboAnalyst [PCZ#21], which
allows for an integrated analysis of metabolomics and either tran-
scriptomics or proteomics data, combines the data without allowing
for an exploration of the contribution of individual features from the
different omics sets. This obscures the structure of the data, which
is particularly problematic given that both parallel and antiparallel
responses of different omics types can be relevant, e.g., an enzyme
in a pathway can be upregulated, causing a higher amount of its
product, but a higher amount of its product could also decrease the
amount of the enzyme in a regulatory feedback mechanism.

Thus, our explicit goal was to develop an approach to unify the
analysis and visualization of multiple omic types. Our domain ex-
perts explained that they are in need of a approach to give an
exploratory overview of the data at hand, which can provide an
entrance point for hypothesis generation and further detail inves-
tigations. When formulating the tasks together with the experts,
we considered several tasks taxonomies as a reference [MMF17;
BM13]. A concrete overview task is to identify high level groupings
of metabolic pathways to uncover sets of co-regulated or connected
pathways. Detail investigations require an additional view on the
more granular aspects of the data, requiring the framework to sup-
port various additional by offering detail-on-demand functionality.
They, for example, need more details about a specific pathway on a
molecular level, thus requiring a detailed pathway view, as found in
the Reactome or KEGG pathway visualization. Additionally, users
might want to compare different pathways to assess if similar omic
patterns appear within them.

We propose a combination of a layout algorithm tailored to multi-
omics data and glyphs that show information about the pathways.
We combine these with a level-of-detail approach to further increase
the scalability and to declutter the visualization. Both the layout and
the glyph design were created with several requirements in mind.
The requirement analysis was done together with four domain ex-
perts working in biochemical and biomedical research. In a series of
semi-structured interviews, we first collected information about the
data, analysis challenges, and common tools and workflows. From
this information, we inferred an initial set of requirements, which
we then discussed with the experts to ensure their validity. During
this phase, we also showed several iterations of an earlier proto-
type [KDC*20] to the experts and reiterated on the requirements.
Finally, we converged on the following set of five requirements:

R1 The visualization must be able to integrate multiple omics types
and assess differences in the measured data.

R2 The approach must be able to scale up/down when more/less
omics types are available.

R3 The representation must give equal importance to all the in-
cluded omics types.

R4 The visualization needs to provide a summary of the individual
pathways that allows for a quick comparison while also providing
the opportunity for detailed inspection.

R5 The network layout should make use of established pathway
layouts.

4. Visualization of Multi-omics Pathway Networks

Some of the mentioned visualizations, like the Roche or KEGG
pathways, helped to establish mental maps for many metabolic
processes. These visualizations, however, present information on
a detailed level and are not suitable as an overview. In an earlier
iteration of visMOP, we attempted to generate a global network
incorporating all detail pathways utilizing the established detail
layouts of KEGG, resulting in a very large graph with thousands of
nodes and tens of thousands of edges. Based on the domain expert
feedback, however, we realized that this approach does not yield
much useful insight, which prompted us to change the focus of the
application onto giving an overview of the data, with details-on-
demand for individual pathways.

© 2023 The Authors.
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This left us with the challenge of uniting existing mental maps
with a data-driven overview. The overview maps of KEGG or Roche,
however, are not particularly well suited for overview tasks as they
are high-resolution abstractions of the detail pathways, difficult to
use on regular-sized screens. Reactome’s more abstract overview,
on the other hand, is based on a hierarchy, making it more suitable.
However, it can not be easily adapted to a data-driven layout. We,
thus, chose to implement a novel layout based on the Reactome
hierarchy, which maintains the mental map of users familiar with the
Reactome hierarchy. Additionally, we maintain the detail pathways’
layout of Reactome. Consequently, users who perform a more detail
analysis using visMOP can build on their previous knowledge.

Our approach combines multiple views and uses a glyph metaphor
to encode pathways, as recommended by Cruz et al. [CAM19]. We
use a data-driven layout approach to tailor the visualization to the
underlying data. Users can interactively adjust the input data, the
parameters for the data-driven layout, and the appearance of the
visualization to facilitate the analysis.

4.1. Pathway Network

The multi-omics pathway overview graph (see Fig. 1, ®) consists of
nodes representing different metabolic pathways obtained from the
Reactome database. Relationships between the nodes—i.e., edges—
correspond to two categories: They are either hierarchical, as de-
fined by Reactome or non-hierarchical, logical connections directly
inferred from known molecular interactions (e.g., “pathway A pro-
duces metabolite X which is then used in pathway B”). There are
two different subtypes of pathways: superpathways, which represent
broad metabolic topics (e.g. Signal-Transduction or Innate Immu-
nity) and are positioned at the root of the pathway hierarchy, and
non-root “regular” pathways, which include molecular-level infor-
mation and can be found either as leaves or closer towards the leaves
of the hierarchy. To create a clear visualization, we apply two dif-
ferent layout algorithms to these two subsets of nodes (R5/R1). For
the superpathway hierarchy level, we use a simple circular layout,
since there are only a few superpathways. To make it easy to find a
certain superpathway, the nodes are sorted clockwise in alphabetical
order by their names. The labels showing these names can be placed
outwards to ensure good readability (see Fig. 1, 3)). In the center
of this circle of superpathway nodes, the nodes that are lower in
the hierarchy are shown (see Fig. 1, @). This is the main pathway
network, consisting of pathways that include the actual molecular
interactions. Here, a more complex, data-driven layout is applied,
which is described in Section 4.2. It should be noted that not the
complete hierarchy provided by Reactome is displayed. We limit
our overview network to the first pathways (in root-to-leaf order)
for which Reactome associates a molecule-level diagram (thus omit-
ting intermediate levels between the superpathways and the actual
molecular interactions).

As the network is densely connected, especially to the superpath-
way nodes on the surrounding circle, the edges would cause intense
visual clutter if all of them would be displayed. This would make
the identification of source and target nodes and paths between them
very difficult. To alleviate this, edges are hidden by default. Only
when a node—superpathway or pathway—is hovered, the edges
connected to this node are shown.

© 2023 The Authors.
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4.2. A Data-Driven Layout Algorithm for Pathway Networks

Many node-link visualizations utilize simple layout algorithms that
only consider the graph topology to generate a somewhat under-
standable visualization. These layouts usually minimize overlaps
and reduce edge crossings; however, since they usually do not con-
sider non-topological information, i.e., the underlying data values,
they rarely result in layouts that are meaningful for the interpretation
and analysis of the data, in the sense that the semantics of the data
are taken into account. Therefore, we devised a layout algorithm
that takes the characteristics of the underlying data into account.

Our proposed layout is based on the idea of using clusters, sim-
ilar to the Grid- and Modularity-based Layout algorithm by He et
al. [HLY*19]. For the clustering, the values and statistics about the
supplied multi-omics data are taken into account, such as the average
fold change per omics, the number of regulated entities per pathway,
etc. (R1). The fold change is commonly used in bioinformatics to
express the change of a given measurement value from an exper-
imental condition—most often the control—to another one. Note
that either all available parameters or only a user-defined subset can
be used as input. While these metrics, available in the presented
prototype, are not exhaustive, and include others (Supplement, Ta-
ble 1), they serve to highlight the user customizable approach of
selecting data metrics which are relevant to the analysis case. For
further, more specific applications additional metrics tailored to the
use case can be implemented straightforwardly.

Density-based clustering in high-dimensional Euclidean spaces
can become problematic due to the sparseness of the space—a
phenomenon often dubbed the “curse of dimensionality” [Ass12;
HK99]. One way to overcome this is to use dimensionality reduction
methods like UMAP [MHM20] as a preprocessing step [Ass12]. As
an input to UMAP we use the parameters derived from the input data,
which are normalized by transforming them to a Z-score. We apply
UMAP twice: once, if more than two features are chosen, to generate
a lower-dimensional space (with a default N /2-target dimensions)
for clustering with OPTICS [ABKS99]. For visualization purposes
time we project the data a second time, this time to two dimensions,
to determine cluster centers as the basis for a next step. We chose
OPTICS, because it is an unsupervised method that determines the
ideal number of clusters and can classify entities as noise if they
do not fit into a cluster. We run the clustering several times with
different values for the minimum size of a cluster to find an ideal
clustering by means of the silhouette value [Rou87] for differently-
sized datasets. That is, the user does not have to parameterize the
OPTICS clustering (for epsilon, we use the default value of c0). We
assign the noise entities to a virtual cluster that is marked in the final
visualization to illustrate that these entities are not similar (region
with light gray background; see, e.g., Fig. 1, @).

In these next steps, the space formed by the above-mentioned
high-level hierarchy nodes is partitioned in a way that both the
distance from one cluster to another and the proportion of nodes
contained vs. space allocated are considered. He et al. [HLY*19] use
rectangular regions for the clusters in this step and try to optimize
their placement to reduce edge crossings. In contrast, we use a
circular layout, in which a Voronoi treemap is used to allocate
space [BDO0S; NB12]. This results in a layout in which similar
clusters are placed next to each other (see Fig. 3).
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Figure 3: visMOP overview annotated to show similar cluster
aggregate nodes in groups. As the aggregated nodes indicate the
average regulation of the supplied omics data of the pathways con-
tained in the cluster, this grouping thus also groups by average
regulation. The cluster regions similar to each other are placed
in proximity to each other, leading to contiguous groupings. The
w/m-dashed line highlights the fact that clusters, although sharing
similar coloring for two of the three omics, can be separate due to
the lack of measurements in the third omic type. The other colors
indicate different trends in the respective clusters.

After the cluster space is allocated, the nodes are distributed inside
their cluster regions. For this final step in our layout pipeline, we use
an adapted version of the ForceAtlas 2 [JVHB14] layout algorithm,
modified to restrict the layout to a convex polygon. We randomly
position, the pathway nodes inside the Voronoi-cell, disconnecting
it from the UMAP embedding space. We apply weights using a
simple weight function. Nodes belonging to the same Reactome
superpathway will be weighed more than other edges (RS). Thus, all
pathways in a cluster that belong to the same superpathway will be
placed in closely together. This shows the semantic relations of the
pathways based on the Reactome hierarchy and, thus, facilitates the
analysis using biological domain knowledge. He et al. [HLY*19],
in contrast, again only optimize the layout by using intra- and inter-
cluster connectivity and minimizing edge crossings.

4.3. Pathway Glyphs

Since the nodes of the network represent whole pathways and multi-
omics data is used, the amount of data per node can be large and
diverse. This makes it challenging to give the user an overview of
the measured data per pathway. We propose a radial glyph repre-
senting the multi-omics data contained in the respective pathway.
Our glyph is divided into equally-sized radial sectors, depending on
the amount of omics to be displayed, i.e., two half circles for two
omics types, three third-circles for three omics types, etc. (R1/R2).
Each sector is split into an outer and inner ring, as shown in Fig. 4
(right). The outer ring presents the regulation data per measured
entity and is, therefore, again divided into equally-sized radial sub-

(@) (b)

Figure 4: Glyphs for different levels of detail using a blue-white-
red diverging color scale (W M) to encode measurement values.
The high-detail version (a) shows discrete circle segments for each
entity and the measurement coverage, while the low level-of-detail
version (b) uses averaging to reduce the amount of information.

sectors. Each sub-sector represents one omics measurement for an
entity in the pathway (e.g., the transcription rate of a certain gene or
the abundance of a certain protein). To convey this information in
a simple way, we color the sub-segments according to their sorted
measurement data, using a diverging color map from red (high posi-
tive regulation value) over white (neutral, no up-/down-regulation)
to blue (high negative regulation value) (R1). The inner ring is used
to display the number of measured molecular entities in relation to
the absolute number of entities of the same type that are contained in
the given pathway (dark gray portion). An annotated version of the
glyph additionally shows these key information as text (Figure 9).

We also designed a simplified version of this glyph for scenar-
ios in which the zoom level makes the detailed reading of values
infeasible. The simplified glyph is shown in Fig. 4 (left). Here, the
average of the regulation values for each omics type is computed
and mapped to the corresponding color. Furthermore, we do not
show the inner ring, thus providing more space for showing the av-
erage regulation value. This supports the at-a-glance analysis of the
average regulation of the respective omics level per pathway (R4).

We chose a radial glyph for several reasons. Radial glyphs have
been successfully applied in a similar scenario where a large amount
of glyphs is drawn in proximity to each other [FEM12]. As nodes
can be positioned rather close to each other in our layout, a linear
glyph could lead to that undesired effect that bars could appear to be
continuations of other, unrelated glyphs. Additionally, linear glyph
designs could imply different degrees of importance to the different
omics types due to the sorting. That is, radial glyphs allow for a
clear separation of single pathways and do not impart any inherent
hierarchy to the different omics (R3). Our circular design also easily
scales with the number of displayed omcis types (R2).

5. Prototypical Application Design and Implementation Details

‘We implemented our approach as a prototypical web-based client-
server application shown in Fig. 1. On the server side, we used a
python flask [MRLU] backend to perform the mapping of the mea-
surement variables to the Reactome pathways and to calculate the
clustering using the UMAP [MHM20] and OPTICS [ABKS99] im-
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() (d)

Figure 5: When the zoom level is reduced below a threshold, the
pathway nodes inside the clusters (a) are aggregated into larger
nodes utilizing the low level-of-detail glyph (b).

plementations of scikit-learn [PVG*11]. Furthermore, all Reactome
data like the detail pathways are served by the flask backend.

The remaining functionality of the prototype is facilitated by the
client-side frontend, developed using TypeScript and Vue.js. For the
network visualization, d3.js [BOH11], a Voronoi treemap plugin
for d3 [Leb], and customized versions of the WebGL-accelerated
Sigma.js [PJ] and ForceAtlas2 [JVHB14] are used. Our prototype
contains four basic Ul sections: an input sidebar for data selection,
the main canvas showing the overview pathway network, a resizable
view displaying the detail pathway, and a menu to parameterize
the filtering and to control the intra-cluster layout. The detailed
algorithmic pipeline can be found in the Supplement Material.

Since the visMOP network is designed to support the user in
examining different data sets for different characteristics, there are
various ways to customize the network to suit personal needs. The
users can filter the input data by any data column supplied with
the data. This can be, but is not limited to, the data variable used
for mapping onto the Reactome hierarchy. In addition, the user can
select from a list of statistical parameters per omics type, according
to which the pathways should be clustered, and can, thus, influence
the layout. After these two settings have been made by the user, the
data is sent to the server to be summarized into pathway datasets.
These are then sent back to the client together with the clustering
data and subsequently, the network is drawn.

Depending on the zoom level, the pathway glyphs are either
shown in full or reduced detail, as explained in Section 4.3. When
the user further reduces the zoom level, the pathway nodes get aggre-
gated into one node per cluster (Fig. 5). Each of these cluster nodes
is shown using the low-detail variant of the proposed glyph design
to show averages over all pathways that are part of the aggregated
cluster. If the user selects a node, a focused and zoomed-in state of
the respective cluster is shown, which again contains all pathway
glyphs of this cluster (Fig. 6) (R4), i.e., hiding all other clusters.

As the size of the glyphs only allows for a limited in-detail inspec-
tion, the user can select one or more pathways to add them to a small
multiples view, the pathway compare functionality, which allows the
user to compare of different pathways (R1/R4). As shown in Fig. 11,
the interactive glyphs additionally contain text labels showing the
data values. This includes the total amount of entities, the proportion
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Figure 6: Clicking a cluster aggregate node hides all structures
not belonging to the cluster and instead displays the cluster in a
zoomed state in the center of the canvas.

of measured entities, as well as the average measurements per omic
when the corresponding section is hovered. The user can interact
with these glyphs, switching their order via drag-and-drop or via
mouse-over, which will displaying the name and associated data
value of the respective molecular entity, or the average value of
the respective omics category. Furthermore, utilizing the input data
tables, the user can interactively search and select one or multiple
molecular entities, highlighting pathways containing the union and
intersection-sets of the selected entities, respectively (Fig. 7). The
table (Fig. 1, (D) is located in a collapsible section in the left of the
application, shared with the pathway compare functionality, between
which it is possible to switch.

To reduce clutter and increase the focus on the selected character-
istics, the user can apply filters, which act on the pathway level (see
Fig. 1, ®). Here, several predefined filter criteria can be used to
hide pathways in the visualization. In our prototype, these criteria
are: belonging to a Reactome pathway superpathway, sum of mea-
sured values (relative and absolute), average changes, and relative
or absolute coverage of the pathways for each omics type.

The overview visualization constitutes the centerpiece for this
visual analytics approach. However, it has—by design—certain lim-
itations with respect to the details that are available when zooming
in. Due to the missing details about the interactions of the molecular
entities, it can be difficult to investigate more complicated research
questions or to further refine hypotheses generated via the overview
visualization. Thus, users can select a pathway to display the path-
way diagram on a molecular level (see Fig. 1, (3)). We choose the
layout and node/link encoding provided by the Reactome pathway
browser (see Fig. 2 right) to preserve mental maps established by
users familiar with Reactome (R5). We draw the diagram in gray
scale and apply the same diverting red-white-blue color map that
was used for the regulation values in the pathway glyphs to the
molecular entities in the pathway diagram (see Fig. 8). That is, the
omics measurements are color-coded onto the corresponding visual
elements, which was shown to be beneficial in other tools [LSP*22;
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Figure 7: Selecting entries in the input data table highlights path-
ways containing the selected entities in blue, indicating a union, or
green, indicating an intersection of all selected entries.

EETD

Figure 8: Excerpt of a detail visualization of a pathway, using the
Reactome layout. Measured entities are mapped onto their corre-
sponding nodes. Metabolites are colored by the corresponding mea-
surement value. Single protein nodes are split at the center, showing
color information about transcriptomic and proteomic regulation.
Complexes are divided in thirds and colored by transcriptomic, pro-
teomic, and metabolomic regulation. These complex nodes can be
clicked to show a labeled detail glyph containing all the members of
the complex (analogous to the pathways, as shown in Fig. 9).

*‘?{“

CRRESHSROPe)

LPB*17]. This way, users can investigate the regulation of the molec-
ular entities in detail and immediately see where no data values are
available. The pathway diagrams can also be panned and zoomed.

A central element of the Reactome detail pathway diagrams are
complexes. This is due to the fact that many biological processes are
not facilitated by single molecular entities, but instead through an
interplay of several molecules or multi-meres of the same one. To
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Figure 9: Using the detail view of the “Metabolism” super pathway,
an Overview glyph of the Metabolism of lipids sub-pathway can be
shown by clicking on the corresponding pathway node.

keep the familiar appearance of the original Reactome visualization
and to reduce visual clutter, the complex elements are only colored
by the average value per entity type (like the low-detail glyphs).
Analogous to the overview glyphs, the user can click on a complex
to show a glyph that shows each of the molecular entities partaking
in the complex (Fig. 9).

6. Results and Discussion

In this section, we present an exemplary workflow using real-world
multi-omics measurements, which was executed together with a
domain expert, and the feedback provided by the expert. To this
end, datasets were supplied by the expert that had previously been
analyzed separately for the three different omics domains.

Our visMOP approach primarily focuses on generating a rich
overview to facilitate an exploratory data analysis, while allowing
more detailed observations using several linked detail-on-demand
views and techniques. To our knowledge, none of the other meth-
ods and available tools offers a data-driven layout approach that is
interactively parameterizable and allows expert users to generate
network overviews that allow them to focus on exploring the data
to discover entry points for further analysis. The recomputation of
the layout only takes in the order of seconds for typical data set
sizes. Consequently, users can adapt the layout interactively while
investigating the data, in case the user want to explore the data with
a different focus.

Below, we show the application of our prototypical implementa-
tion of visMOP on a real-life experimental datasets from M. mus-
culus (house mouse) by performing a basic workflow to generate
new hypotheses. The data [HKK*21] were acquired in an exper-
imental study investigating the effects of high caloric feeding on
mitochondrial lipid metabolism in the context of fatty liver disease.
Samples were taken from liver tissue, and transcriptomic analy-
sis was performed on whole tissue. Proteomics was performed on
isolated mitochondria. Lipidomics analysis, i.e., a metabolomics
analysis focused on lipids and lipid metabolites, was performed on
both whole tissue and isolated mitochondria. This results in measure-
ments for a reference control group and an interventional group, the
group which was fed the high caloric feed. From these, differences
per measurement, the fold change, can be calculated. From more
than 12,000 and 900 measured transcripts and proteins, respectively,
5,936 and 654 entities could be mapped to Reactome identifiers.
The lipidomics measurements were mapped to 37 identifiers, cor-
responding to either individual lipids or sums of lipid classes with
mitochondrial or pan-cellular localization. While this represents a
considerable loss of data, Reactome takes great care to only include
interactions backed by literature evidence, increasing confidence
in the overview [Jos04; VDS*07]. As new evidence is published,
new interactions are added to Reactome with each new revision,
reducing the loss of data.

For the initial clustering and layout, no input parameters were
changed in visMOP to fully utilize the data, i.e., no filtering or
setting the metrics used for clustering. The first inspection of the
overview revealed that it was not focused enough for the planned
investigation. Therefore, the input values that are considered in the
clustering step of our layout pipeline were adapted: the minimum
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Figure 10: Left: visMOP overview with the “Metabolism” super-
pathway selected, highlighting all pathways in the respective hierar-
chy, and showing the detail view of the “Metabolism” superpathway.
Right: The visual filtering utility of the prototype was used to filter-
ing pathways not containing metabolites

fold change limit for the metabolites was removed (since small
changes in lipid concentration were of interest), unregulated entities
were excluded from the clustering (since they are of little relevance
here), and size of the Reactome pathways was not considered (since
we did not want to focus on pathway size). After this adaption of
the layout, the complete overview network was again inspected to
search for any noticeable high-level trends (Fig. 3). In this case,
a first general observation is that several clusters contain glyphs
with a rather subdued coloring (Fig. 3 W), indicating relatively little
change in the omics. While other clusters show strong tendencies to
red (Fig. 3 W) indicating up-regulation, or mixed between red and
blue (Fig. 3 W) or blue and neutral (Fig. 3 m). Another interesting
observation is the similarity in transcriptome and proteome coloring
of two cluster aggregate nodes (Fig. 3 m/m-dashed), however, there is
no metabolic data associated to the pathways in one of the clusters,
which is a reason why they are separated. Furthermore, it is of notice
that the aggregated cluster nodes in Fig. 3 m appear relatively similar.
As the layout, however, uses data statics other than the average fold
change, clusters might form which do have similar average fold
change characteristics but differ otherwise.

As the data stem from an experiment designed to investigate the
response to an energy-rich diet, an obvious starting point would be
to inspect pathways that are a part of the “metabolism” superpath-
way (Fig. 10). To help to find agglomerations and patterns in these
pathways, the intra-cluster layout positions pathways belonging to
the same superpathway in proximity to each other and to the super-
pathway glyph. Selecting the latter highlights all pathways assigned
to, in this case, the metabolomics superpathway. An immediate ob-
servation is that many of the associated pathways are located in the
two clusters containing mostly red, i.e., up-regulated, pathways.

In agreement with the predominantly red color in the zoomed-out
bird’s eye view, the details of the metabolism superpathway glyph
reveal that most of the transcripts, mitochondrial proteins and lipid
metabolites detected and assigned to the pathway are increased in
the liver of mice fed the energy-rich diet (Fig. 9). The inner sections
of the glyph also show that the coverage is much higher for the
transcripts than for proteins and metabolites, in agreement with the
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Figure 11: By selecting pathways for the “Pathway Compare” util-
ity of our prototype, high detail versions of the pathway glyphs
can be easily compared. Here, pathways associated with lipid
metabolism are shown for Cluster 1 (Fig. 10, D)

fact that these datasets were obtained from isolated mitochondria
and using a lipidomics, i.e., a lipid-focused metabolomics analysis.

Next, the individual clusters connected to the Metabolism super-
pathway can be inspected. The bird’s eye view shows that pathways
pertaining to the metabolism superpathway form sub-clusters in
multiple clusters and in the “noise”-cluster (Fig. 10 left). Among
these sub-clusters, several do not contain data from all three omics
types, in agreement with the preselection due to the mitochondria-
and lipid-focused protein and metabolite analyzes—a fact that can
be easily visualized using the filter functionality (Fig. 10 right).

One particularly large sub-cluster was selected for a detailed
assessment of the individual pathways using the “compare path-
ways” functionality. Fig. 11 shows the pathways contained in this
sub-cluster that are directly related to lipid metabolism. This view
allows for a more detailed interpretation at the pathway level. In this
example, one striking observation is that not only metabolites—i.e.,
lipids—but also transcripts and proteins are generally upregulated
in pathways related to lipid metabolism. This includes several path-
ways concerned with the metabolism of fatty acids, in agreement
with the original study [HKK*21] and indicates that the increased
amount of fatty acids supplied with the fat-rich diet in the study
caused an increased utilization of these in the abovementioned path-
ways. In contrast, individual proteins and transcripts assigned to the
fatty acyl-CoA biosynthesis pathway, i.e., a pathway concerned with
the synthesis of fatty acids, showed a higher degree of downregu-
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lation. The metabolites associated with this pathway are colored
in red, indicating an increase, but clicking this section of the icon
quickly solves the apparent contradiction and reveals that these are
fatty acids, likely derived from the diet and not from synthesis in
the organism.

This concludes the exemplary workflow on how a hypothesis can
be generated using visMOP, which can then later be confirmed via
different means. In this case we showed a tendency in the data which
was previously analyzed in detail and published [HKK*21]. There
are a multitude of different entry points for further detail analysis,
e.g., other clusters focusing on other processes. Additional analyses
of the same dataset could, for example, investigate the makeup of the
blue clusters, indicating downregulation, or the makeup of the with
respect to the different omics differentially regulated cluster. This
shows that the presented overview approach can be successfully used
to open up the dataset to different research directions, increasing the
knowledge-yield of time-consuming and costly experiments.

In general, the experts reported that our approach offers an innova-
tive way of investigating the data. They particularly mentioned that
the clustered view is helpful to get quick insights into the general
structure of and an overview over the data. At the same time, they
felt that visMOP’s layout and design motivates to explore the data.

7. Conclusion and Outlook

We presented visMOP, a visual analytics approach for multi-omics
pathways that combines pathway-level glyphs with a data-driven
layout algorithm to facilitate an exploratory analysis workflow. Our
main contribution is the overview visualization, not only abstracting
the data but using the underlying structure to support the exploratory
analysis. In our prototypical implementation, users can investigate
experimental data from up to three different omics domains, to
explore the measured data and search for interesting trends, cor-
relations, and outliers. However, our approach is not theoretically
limited to the presented omics types and could be extended straight-
forwardly to support more types. Similarly, while we currently use
pathway data from Reactome, extending our approach to utilize
other databases like KEGG would be straightforward. Filtering,
details-on-demand, as well as level-of-detail visualizations allow the
development of more focused hypotheses for further bioinformatics
or biomedical analyses. We demonstrated the applicability of our
approach in a basic workflow using a real-life data set from mice.

During the design process and the implementation of visMOP,
several important insights were gained. In the beginning [KDC*20],
we attempted to create a unified overview using existing pathway
visualizations, like KEGG pathway maps, to show all details and
fully maintain the user’s mental map. This, however, resulted in a
visualization that was too cluttered and difficult to use, as confirmed
by our domain experts. We realized that combining familiar visu-
alization, i.e., decorated detail pathways utilizing known layouts,
with novel types of visualization yields a more accessible result.
One such novel visualization is the data-driven clustered overview.
We also realized that for complex and detailed data, a “fingerprint”-
style [KOO7] visualization, like our glyphs, can be more helpful than
a more fine-grained display of the data. This is especially true for the
presented overview concept, where general trends in the data might

be more relevant than specific results, and could be transferred to
similar works in which giving an overview is the main focus.

Current Limitations and Future Work: In its current form, vis-
MOP only supports the direct comparison of one experimental group
with a reference at one given time point. While this satisfies many
experimental setups, some scenarios are not covered; including time-
series experiments and multi-condition setups. These directions offer
challenges, as the cluster space might change over time, making a
consistent yet clutter-free visualization difficult.

While the glyph design allows an at the glance overview for the
presented use cases, the radial division for the omic types might
result in limited scalability. As the detail-level Reactome pathways
themselves are limited in size, to be readily understandable by a
human, this only affects the overview pathways. For the overview
pathways, differentiating the entities can indeed become difficult,
but in these cases, the outer channels act as a “fingerprint”, allowing
for a qualitative comparison of the overview pathways. Furthermore,
while this is not an issue for three omics types, higher amounts of
omics would make memorizing the order of omics more cumber-
some. However, as most biomolecular experiments do not collect
more than the omics types presented, with maybe one or two more,
this has little impact on the applicability of the glyph.

Both hierarchical and direct connections between the different
pathways are only drawn on demand. This is due to the high amount
of edge crossings and the general high level of connectivity of the
graph. While this preserves readability of the graph, it also makes it
hard to evaluate connectivity trends of the graph as a whole, which
contradicts the idea of an integrated, comprehensive data analysis we
try to foster with visMOP. Thus, we plan to employ techniques like
edge bundling to reduce the cluttering introduced when displaying
the entirety of the edges while simultaneously making trends with
regard to the edge connections more visible.

To increase the visual analytics capabilities of visMOPs, pathway
enrichment analysis could be added. These enrichment values could
either be used as further input values for the overview layout, or
for filtering pathways. This could reduce the chance of including
irrelevant pathways in the clustering or the visualization. Addition-
ally, further aspects for analyzing the specific omics are conceivable.
One example would be the integration of protein-protein interaction
networks, which can be used to investigate if proteins of interest
found during the previous analysis interact with each other.

While we already offer user choice by filtering of the input data
and by means of selecting from a variety of derived variables, fur-
ther possibilities to influence the clustering would increase its value.
Weighting the derived variables, e.g., using UMAP with a different
distance metric, would allow users to emphasize some attributes
without disregarding others. Thus, investigating the effect of differ-
ent distance metrics and even dimensionality reduction and cluster-
ing approaches on the quality of the results would be an interesting
direction for future research.
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