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Abstract

Computational metabolomics workflows have revolutionized the untargeted metabolomics field. How-
ever, the organization and prioritization of metabolite features remains a laborious process. Organizing
metabolomics data is often done through mass fragmentation-based spectral similarity grouping, resulting
in feature sets that also represent an intuitive and scientifically meaningful first stage of analysis in untar-
geted metabolomics. Exploiting such feature sets, feature-set testing has emerged as an approach that is
widely used in genomics and targeted metabolomics pathway enrichment analyses. It allows for formally
combining groupings with statistical testing into more meaningful pathway enrichment conclusions. Here,
we present msFeaST (mass spectral Feature Set Testing), a feature-set testing and visualization workflow
for LC-MS/MS untargeted metabolomics data. Feature-set testing involves statistically assessing differential
abundance patterns for groups of features across experimental conditions. We developed msFeaST to make
use of spectral similarity-based feature groupings generated using k-medoids clustering, where the result-
ing clusters serve as a proxy for grouping structurally similar features with potential biosynthesis pathway
relationships. Spectral clustering done in this way allows for statistical testing on the scale feature-sets
using the globaltest package, which provides high power to detect small concordant effects via joint model-
ing and reduced multiplicity adjustment penalties. Hence, msFeaST provides interactive integration of the
semi-quantitative experimental information with mass-spectral structural similarity information, enhancing
the prioritization of features and feature sets during exploratory data analysis. The msFeaST workflow
is available through https://github.com/kevinmildau/msFeaST| and built to work on MacOS and Linux
systems.

1 Introduction organize and prioritize features for in-depth evalu-
ations (Watrous et al.l |2012; Nothias et al.l [2020)).
Molecular Networking comprises a combination of
data subdivision and exploratory data visualization.
Large heterogeneous datasets are subdivided into
smaller, more manageable feature groups based on
spectral similarity scoring (Nothias et al.| |2020; |[Mil-
dau et all [2024)). Those feature groups are further
presented to the user as subnetworks (molecular fam-
ilies) for exploration of relationships across features
within them (Nothias et al.l |2020). While advanta-
geous as a first analysis step, relationships between
subnetworks are lost completely (Olivon et al., |2018;
Mildau et all 2024), parameter setting and opti-
mization are time-consuming and opaque, and fur-
ther customization of resulting molecular networks in
Cytoscape is usually necessary to highlight statisti-
cal features for sub-network for feature prioritization

Untargeted metabolomics deals with the compre-
hensive characterization of the composition of small
chemicals, or metabolites, in biological samples.
Typically, high-resolution LC-MS/MS (Liquid Chro-
matography Tandem Mass Spectrometry) workflows
are used to provide comprehensive snapshots of
the metabolome (Wolfender et al) [2018)). How-
ever, despite recent advances in computational
metabolomics, the reliable annotation of ms/ms
spectral data remains a challenge (de Jonge et al.,
2022). Hence, further complementary analyses, la-
borious manual annotations, and detailed valida-
tions of putative structure hypotheses remain a
necessity (Wolfender et al., 2018; |[Beniddir et al.,
2021). The exploratory analysis of typical untar-

geted metabolomics data is a daunting task due to
large data heterogeneity and largely unknown chem-
ical spaces. Here, molecular networking has estab-
lished itself as a vital tool enabling researchers to

(Pakkir Shah et al., [2023).

While statistical data can often be manually in-
tegrated into Cytoscape networks, there is currently
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a lack of workflows in untargeted metabolomics that
provide both spectral clustering and statistical data
integration on the spectral group level aimed at fea-
ture prioritization (McLuskey et al.;|2021)). As a no-
table exception, the PALS (Pathway Activity Level
Scoring) workflow makes use of molecular families,
i.e. feature groupings representing “pathways” via
linking together chemical analogues, for latent vari-
able summation-based statistical comparisons across
treatment groups (McLuskey et al., [2021; Tomfohr
et al., [2005)). However, PALS stops short of visually
integrating such analysis results back into the net-
work representations it is based on. The field is thus
still lacking an integrated approach providing spec-
tral data clustering, statistical analysis at the group
level, and integrated visualization of the results of
both of these features for streamlined exploratory
data analysis.

To fill this gap, we developed msFeaST (Mass
Spectral Feature Set Testing), a comprehensive
workflow for integrated analysis and visual explo-
ration. msFeaST draws inspiration from gene-set
testing and pathway enrichment analyses, which shift
the focus from the often large and cluttered fea-
ture space to aggregated groups such as gene ontolo-
gies or pathways. This approach provides the basis
for meaningful scientific conclusions in group-based
comparisons of experimental conditions that can
then be further explored in detail (Maleki et al., {2020
Rosato et al.,|2018;|Chong et al.| |2020)). To achieve a
similar approach in untargeted metabolomics, where
genes are replaced by metabolite features with un-
known pathway membership, we make use of k-
medoids clustering on the pairwise similarity ma-
trix to provide more homologous subdivisions of the
data with higher implied structural relationship as in
molecular networking (Mildau et al., |2024; [Schubert
and Rousseeuwl 2021). Feature-set testing is then
performed for each cluster using globaltest, provid-
ing high power to detect small concordant treatment-
specific effects across cluster members via a single
statistical test (Goeman et al. 2004). msFeaST
draws visualization inspiration from both specXplore
and MetGem making use of t-SNE embeddings to
represent the entire spectral dataset based on the
spectral similarity matrix in one overview (Olivon
et al., |2018; Mildau et all [2024; Maaten, 2008]).
Furthermore, it draws inspiration from EdgeMaps
and specXplore emphasizing topological views of
neighborhoods via top-k neighbor edge drawings and
group-based color overlays (Mildau et al., {2024} |Dork
et al., 2011)).

2 Methods & Implementation

The msFeaST workflow is a combination of data
clustering, statistical testing at the cluster level,
and interactive visualization using overlays of two-
dimensional embeddings with an ego-network, i.e.,
a node-centric neighborhood graph. An overview of
the Python and R-based processing pipeline can be
seen in Fig. [T}

2.1 Data Processing for msFeaST

The msFeaST pipeline requires spectral data, fea-
ture quantification tables, and statistical group in-
dicator data for samples to work. When working
with feature based molecular networking data, pre-
processing functionalities are available to load the
data accordingly (Nothias et al., 2020). Once the
data are loaded, the msFeaST pipeline method is
initialized and handles all intermediate data struc-
tures. The workflow guides the user through the
data processing steps in the form of spectral similar-
ity computations using the desired similarity score,
k-medoid clustering based on the resulting distance
matrix, and t-SNE embedding using the same struc-
ture. We refer to supplementary sections 1.1 to 1.4
for further details. Here, we will focus specifically
on the statistical testing and interactive visualiza-
tion components.

2.2 Statistical Testing via globaltest

Within this step of the pipeline the clustered data
are passed to a R script for group-wise testing. The
msFeaST workflow makes use of the well established
globaltest method, a feature-set testing approach
based on a so-called self-contained null hypothesis
(Goeman et all 2004; |Goeman and Oosting, 2023;
Goeman and Biihlmann, [2007; Maleki et al.| 2020)).
The test was originally developed for genetic
analyses, but has since found use in the field of
targeted metabolomics as well (Rosato et al., 2018
Chong et al., |2020). The test is based on a gen-
eralized linear model which aims to assess whether
any of the feature-specific effects in a pre-specified
group of features have predictive utility in differen-
tiating treatment groups, a task that is closely re-
lated to testing whether treatment group-specific ef-
fects are not null (for further details see support-
ing information section 4). This test does not re-
quire concordance of effects but is considered power-
ful at detecting even small concordant effects (Goe-
man et al.l [2004). Within msFeaST, each feature-set
and contrast combination, that is control vs [treat-
ment group 1, treatment group 2, etc.], is tested us-
ing this model, and p-values for the group as a whole,
as well as feature-specific p-value contributions, are
extracted. Multiple testing correction is done using
the Bonferroni method at the family size given by
the number of groups times the number of contrasts.
This correction is usually substantially smaller than
the correction needed if feature-specific testing was
performed, resulting in less stringent cutoff adjust-
ments. However, special attention is needed when
using globaltest with small sample sizes as results
may be unreliable when using very small numbers of
statistical units per group (Maleki et al., |2019).

2.3 Visual Integration via Interactive
Dashboard

In this final step of the processing workflow results
from the workflow are integrated into a .json format-
ted file that can be read by the msFeaST visualiza-
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tion dashboard. The visualization dashboard is run
as a local browser-based javascript tool and makes
use of the plotly and visjs libraries (Inc., [2015; [visjs
community} 2024). Upon opening the website in a
modern browser (e.g., Firefox, Chrome, Safari, Edge,
etc.), the user may load the generated json file.

Loading the data initiates the interactive visual-
ization tab of the dashboard (Fig. . The leftmost
panel contains the t-SNE embedding of the spectral
similarity matrix, which serves as both a global data
view and an exploratory analysis medium. Node
sizes encode feature-specific statistical mappings in
the form of either feature-specific p-value contribu-
tions from globaltest, or log-2 fold changes (abso-
lute) for the contrast in question. Dropdown menus
allow toggling between measures displayed and con-
trasts. Users may hover over nodes to receive node
information (e.g., node identifier, group identifier),
and click to receive node details including feature-
specific and group-specific statistics results, as well
as local topology via edge overlays giving a glimpse
into the top-K neighbors of the feature. Edge over-
lays make use of a discrete similarity mapping allow-
ing quick assessment of similarity, while quantitative
similarity score labels provide more precise informa-
tion. Clicking successively on different nodes adds
additional edge overlays until a click on the empty
canvas is used to reset edge overlays. In this way,
focused local node neighborhoods can be explored
easily without causing computational bottlenecks or
visual overload. In addition to the t-SNE embedding,
the tool allows the user to make use of iterations of
force-directed layout stabilization to mitigate over-
lapping nodes caused by the t-SNE embedding. To
assist group-based prioritization, the network view
is supported by a connected heatmap representation
of group-level statistics which provides a quick ref-
erence to groups with statistically significant devia-
tions for the different selected contrasts. Clicking on
a group entry in the heatmap highlights the respec-
tive group in the t-SNE embedding.

3 Illustrative Example

To showcase msFeaST we make use of the high-
resolution LC-MS/MS data from the study of Kathib
et al. (Khatib et al.,[2024). Specifically, we make use
of the contrast of the Pleurotus eryngii fruiting body
samples grown on 0% olive mill solid waste substrate
against those grown on 80% olive mill solid waste
substrate. While each treatment group contained
only 3 samples each, substantial differences in the
metabolome can be observed with msFeaST, where
many metabolites show elevated log-2 fold changes,
and a lower number showing corresponding statisti-
cal enrichment patterns. We note that msFeaST al-
lows generating a snapshot overview of features with
differential abundance, both using set-wise p-values
and feature-specific descriptive fold changes and p-
value contributions within the globaltest set statis-
tic. Feature subsets of potential interest are easily
spotted and their local topology can be explored (see

supplementary figure 1). For example, the differen-
tial feature in Figure [1| B is visualized with its top
30 neighbor nodes, highlighting relatively strong con-
nectivity of this feature beyond its small feature clus-
ter highlighted in color. Edges discretely encode sim-
ilarity while providing quantitative labels with exact
similarity values, allowing inspection not only of top-
k neighbors but also the degree of their potential re-
lationship.

The processed data files are available on github
with the respective processing notebooks and can
be used to inspect the results within the visualiza-
tion dashboard. No installation is required for this,
only the pre-processed .json file and the html dash-
board bundle that can be used using web-browsers
are needed (see github readme quickstart). In addi-
tion to files for the illustrative example shown here,
additional runs using the modified cosine score, as
well as a modified cosine score comparison using a
comparison between the different mushroom types
are included. The latter show large differential in-
tensity patterns resulting in wide scale feature high-
lighting.

4 Conclusion

The msFeaST workflow separates visual design con-
siderations from data subdivision and clustering cri-
teria. Clustering is dealt with separately, using its
own optimality criteria. It thus allows for a more
principled approach to subdividing spectral data
that is not impacted by network visualization set-
tings aimed at limiting visual overload (such as edge
thresholds, top-K edge limits on each node, maxi-
mum cluster sizes). This separation is made possible
by making use of its network visualization approach
that remains manageable via “interactive details on
demand”. Here, interactive local topological neigh-
borhood explorations guided by statistical informa-
tion integration provide a robust means of exploring
and visualizing data that can adapt to different sim-
ilarity scores without extensive visual tuning. The
msFeaST workflow thus seamlessly combines formal
spectral similarity-based feature clustering, feature
cluster prioritization using statistical contrast infor-
mation, and local topological neighborhood explo-
ration in a molecular networking like context. We
believe that msFeaST can assist researchers in better
understanding their untargeted metabolomics data
and identifying relevant chemistry by leveraging both
qualitative spectral and quantitative relative inten-
sity information.
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Figure 1: msFeaST workflow overview and dashboard network visualization example. (i) Feature-based molec-
ular networking data is translated into the expected msFeaST input data format. Once loaded, a msFeaST
pipeline instance is created. Using msFeaST pipeline methods, spectral similarities are computed, clustering is
performed (python package kmedoids), t-SNE embedding is performed (using scikit-learn), feature-set testing
is performed (via an embedded R script, globaltest), and data is integrated into a json format compatible with
the interactive javascript based visualization (visjs, plotly). The user only needs to run a sequence of commands
while intermediate data structures are handled by the pipeline object. (ii) msFeaST network visualization ex-
ample run on the illustrative example mushroom data using ms2deepscore as the scoring approach. Example
of a feature within a feature set that shows differential abundance across fruiting bodies of Pleurotus eryngii
cultivated using 0% and 80% olive mill solid waste mixed into their substrate. The selected node is shown with
its top 30 neighbors, connecting to other clusters within the local t-SNE area.
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