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Abstract

Mass spectrometry (MS)-based metabolomics analysis is a powerful tool, but it comes with
its own set of challenges. The MS workflow involves multiple steps before its interpretation
in what is denominate data mining. Data mining consists of a two-step process. First, the
MS data is ordered, arranged, and presented for filtering before being analyzed. Second,
the filtered and reduced data are analyzed using statistics to remove further variability. This
holds true particularly for MS-based untargeted metabolomics studies, which focused on
understanding fold changes in metabolic networks. Since the task of filtering and identifying
changes from a large dataset is challenging, automated techniques for mining untargeted
MS-based metabolomic data are needed. The traditional statistics-based approach tends
to overfilter raw data, which may result in the removal of relevant data and lead to the
identification of fewer metabolomic changes. This limitation of the traditional approach
underscores the need for a new method. In this work, we present a novel deep learning
approach using node embeddings (powered by Graph Neural Networks), edge embeddings,
and anomaly detection algorithm to analyze the data generated by MS-based metabolomics
called GEMNA (Graph Embedding-based Metabolomics Network Analysis), for example for
an untargeted volatile study on Mentos candy, the data clusters produced by GEMNA were
better than the ones used traditional tools, i.e., GEMNA has silhouette score = 0.409, vs the

traditional approach has silhouette score = —0.004.

keywords: Mass spectrometry, Metabolomic networks, Graph neural networks, Graph
embeddings.
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Resumen

El andlisis metabolémico basado en la espectrometria de masas (EM) es una herramienta
poderosa, pero conlleva sus propios retos. El flujo de trabajo de la EM implica maltiples
pasos antes de su interpretacion, el cual tipicamente se denomina mineria de datos. La
extraccion de datos consiste en un proceso de dos pasos. Primero, los datos de la EM
se ordenan, organizan y presentan para su filtrado antes de ser analizados. Segundo, los
datos filtrados y reducidos se analizan utilizando técnicas estadisticas para eliminar mas
variabilidad. Esto es especialmente cierto en el caso de los estudios metabolémicos no
dirigidos (untargeted) basados en EM, que se centran en comprender los cambios en las redes
metabdlicas. Dado que la tarea de filtrar e identificar cambios a partir de un gran conjunto de
datos es un reto, se necesitan técnicas automatizadas para la mineria de datos metaboldmicos
no dirigidos basados en MS. El enfoque tradicional basado en estadisticas tiende a filtrar
en exceso los datos en bruto, 1o que puede dar lugar a la eliminacion de datos relevantes y
conducir a la identificacién de menos cambios metaboldmicos. Esta limitacion del enfoque
tradicional subraya la necesidad de un nuevo método. En este trabajo, presentamos un nuevo
enfoque de aprendizaje profundo que utiliza node embeddings (impulsado por Graph Neural
Networks), edge embeddings y un algoritmo de deteccion de anomalias para analizar los datos
generados por la metabolomica basada en EM llamado GEMNA (Graph Embedding-based
Metabolomics Network Analysis), Por ejemplo, para un estudio de volatilidad no dirigida en
caramelos Mentos, los grupos de datos producidos por GEMNA fueron mejores que los de las
técnicas tradicionales, es decir, GEMNA consigue una silhouette score = 0.409, vs el enfoque

tradicional que consigue una silhouette score = —0.004.

Palabras claves: Espectrometria de masas, Redes metabolomicas, Graph neural networks,

Graph embedding.
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Chapter 1

Introduction

1.1 Problem description

In the field of health, scientific advances are important aspects for the development and
well-being of mankind, possessing techniques for data processing and analysis are crucial
for making decision. Chemistry and biology are fields that are closely related to health.
Specifically the omics sciences, such as genomics, proteomics, metabolomics, etc. However,
the processing and analysis of this type of data is very expensive due to its complexity
and size. Within metabolomics, the data generated by the analytical technique of mass
spectrometry (MS) are subject to several factors that can alter their environment, some of
these are: electrical noise, chemical contamination, etc. Thus, in a metabolomics study, the
influence of these factors causes the data to be mostly composed of noise (approximately
90%) [2, 10].

1.2 Problem statement

Metabolic networks composed of mass spectrometry data, by their nature, are complex and
noisy data. Analyzing (filtering and identifying changes) these data in a controlled and
efficient manner for interpretation and making decision still remains a challenge to overcome.
Traditionally statistical-based techniques perform the filtering task very aggressively, and
there is the possibility of eliminating data that could be valuable, as well as identifying less

significant changes, which would affect interpretation.
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1.3 Justification

Our proposal promises to help non-specialized MS researchers in chemistry and biology
better understand/visualize their MS studies for decision-making and data interpretation.
Moreover, in the case of an unknown sample or first-time measurement, these steps together
represent approximately 90% of the time in an analytical laboratory. Hence, graph machine
learning models plus anomaly detection algorithm could accelerate this process, providing

life scientists and health researchers with a new toolbox.

1.4 Objectives

In this work, we present a novel deep learning approach using node embeddings (powered by
GNNs), edge embeddings, and anomaly detection algorithm to analyze the data generated by
mass spectrometry (MS)-based metabolomics called GEMNA, i.e., Graph Embedding-based
Metabolomics Network Analysis. Although embeddings have been used previously in mass
spectrometry, this is the first time they have been used for MS-based data filtration, and later
identify changes in the filtered metabolic networks. Receiving as input the MS data obtained
either by a flow injection MS or chromatography coupled-MS system, then, GEMNA identifies
the “real” signals by using embedding filtration couple with a Graph Neural Network (GNN)
model; and generating as output the filtered MS-based signal list and a dashboard with graphs
showing the changes between metabolites among two or more samples. To achieve the main

goal, the following specific objectives are established:

* Develop a pipeline for the analysis of metabolomic networks.

* Comparing the quality of node embeddings (generated by GNN models) for the analysis

of metabolomic networks.
» Evaluate execution times for the analysis of metabolomic networks.

* Implement a web application for the analysis of metabolomic networks.

1.5 Thesis structure

The content of this thesis is focused on the study and exploratory analysis of mass spectrom-
etry data, using machine learning algorithms (graph machine learning, anomaly detection),

and is organized as follows:



1.5 Thesis structure

Chapter 2 contains additional definitions regarding graph theory, graph machine learning,
and mass spectrometry.

Chapter 3 contains the first manuscript, which presents a review about graph embeddings
and their connection with mass spectrometry data.

Chapter 4 contains the second manuscript, which focuses on experimentally evaluating the
use of graph machine learning models for exploratory analysis of mass spectrometry data.

Chapter 5 presents our general conclusions and future works.



Chapter 2

Theoretical framework

2.1 Graph theory

Graph theory is a branch of mathematics that focuses on the study of a structure of data
called graphs. Graphs model pairwise relationships between objects (entities). The versatility

of graphs has made them a widely used tool across numerous domains, including [6]:

* Computer science, graphs can be employed to model the structure of computer pro-

grams, facilitating a clearer understanding of how various system components interact.

* Physics, graphs can be utilized to model physical systems and their interactions,

capturing relationships between particles and their properties.

* Chemistry, graphs can be applied to model molecule systems, such as shown in Figure

2.1, atoms or residues are nodes and chemical bonds or chains are edges.

* Biology, graphs can be applied to model biological systems, such as metabolic path-

ways, representing them as networks of interconnected entities.

* Social sciences, graphs can be used to analyze and understand complex social networks,

capturing the relationships between individuals within a community.

* Finance, graphs can be utilized to analyze stock market trends and the relationships

between several financial instruments.

* Engineering, graphs can be employed to model and analyze complex systems, including

transportation networks and electrical power grids.



2.1 Graph theory

Figure 2.1 A single CH3;OH molecular [8].

Definition 1 (Graph) In mathematics and computer science, a graph (network) is defined as
G = (V,E), where V. ={vi,v,,...,vn} is the nodes (vertices) set and E = {ey, ez, ...,enm },€; €
V XV a set of edges formed by unordered pairs of nodes [3-5, 7, 20]. Additionally, the
definition can be extended to G = (V,E.X), where X = {x1,x2,...,xN },X; € RF is the node

features (attributes) matrix, such that x; is associated with v;.

Definition 2 (Weighted graphs) A weighted graph G = (V,E,w), where each of the edges

has a real number associated with it. This weight is denoted w(uv) for edge (u,v) [14].

Definition 3 (Subgraph) A subgraph of a graph G| = (V1,E}) is a graph G, = (V2,E»)
which satisfies that: Vo, C Vi and Ey C Ey [14].

2.1.1 Graph measures

Definition 4 (First-order and second-order proximity) 7he first-order proximity measures
the proximity between a pair of nodes v;, vj, and represents the weight w of the edge e;;
(w > 0). If the edge does not have a weight, then the default value is 0. Then, first-order
proximity is defined as the neighborhood of the node v; containing a set of adjacent nodes
Ny, = {vi | eix > 0,k # i}. The second-order proximity measures the number of 2-hop paths
between a pair of nodes v, v; [1, 9].

Definition 5 (Degree) The degree of a node v; € V is the number of edges incident in v; and
is denoted as deg(v;). If the degree is even, the vertex is called even; if the degree is odd,
then the vertex is odd [14].

Definition 6 (Density) The density provides a measure of the proportion of edges present in

the network compared to the maximum possible number of edges.

2.1.2 Graph operators

Definition 7 (Union and intersection) Given two networks G| = (V1,E1), and Gy = (Va, E»).
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e The union is defined as: G1UG, = (Vi UV, E] UE)).

* The intersection is defined as: G NGy = (ViNVo, E} NEy).

2.2 Graph machine learning

2.2.1 Node-level embeddings

It is a function f(.) that maps each node of the graph G = (V,E) or G = (V,E,X) into a
d-dimensional vector. In the case of shallow embeddings models (see Fig. 2.2(a)), the
function is defined as: f: A — Z, and in case of graph neural network based models (see
Fig. 2.2(b)) it is defined as f : (A,X) — Z. Where, Z = {z1,22, ...,zn}» z € R? withd < N.
Usually, z; and Z are called node embedding and embedding matrix, respectively.

(b) Graph neural networks.

Figure 2.2 Graph embedding schemes.

2.2.2 Edge-edge embeddings

The set of edge embeddings Z = {21, %2, ..., 2y } is calculated for each pair of nodes (v, v;) € E
according to their node embeddings using the operators, such that ¢; € E has its own 2; € Z
[17].

* Concatenate: z; D z;



2.3 Mass spectrometry

e Sum: z; +z;

* Average: “Tzf

e Hadamard: z; *z;

Weighted-L1: |z; —z}|

Weighted-L2: |z; — z;|?

2.2.3 Graph-level embeddings

The representation is calculated using the previous node embeddings Z = {z1,22,...,2n}»
zi € R?. Thus, it simply aggregates the node embeddings in the (sub) graph by the following

operation called global pooling or graph-level readout [6].
* Mean global pooling: JLVZ?’: 13i
* Max global pooling: max¥_, (z;)

* Sum global pooling: ¥V, z;

2.3 Mass spectrometry

Mass spectrometry (MS) is a microanalytical technique used to detect and determine the
amount of an analyte, it is also used to determine the elemental composition and some
aspects of the molecular structure of an analyte. Hence, mass spectrometry determine the
mass-to-charge ratio (m/z) of the ions [19]. Moreover, mass spectrometry in combination
with chromatography and nuclear magnetic resonance are the two major analytical avenues
for the analysis of metabolic species in complex biological mixtures [13]. The analytical
tools of choice for small-molecule analysis in metabolomics are mass spectrometry and
nuclear magnetic resonance (NMR). MS and NMR methods are both supplementary and
complementary to one another [13]. To date MS-based metabolomics approaches have
been applied to study, among others, the effect of drugs, toxins, and various diseases on
metabolite levels, to trace metabolic pathways and measure fluxes [13]. With consideration
to the high complexity of biological mixtures, the vast majority of MS analysis methods
involve prior separation using liquid chromatography (LC), gas chromatography (GC),
or capillary electrophoresis (CE) [12, 13]. The main advantages of a mass spectrometer,

are speed of analysis, high sensitivity, high resolution, simultaneous analysis of many
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components of mixtures, ability to obtain information on the structure of the compounds,
possibility of combining with separation techniques, quantitative analysis, analysis of the
elemental composition, analysis of isotopic composition, unambiguous identification of
the substance [12, 16]. In order to perform metabolomics research, researchers require
specialized knowledge from three main research domains: bioscience, analytical chemistry,
and informatics. These interdisciplinary disciplines are essential to achieve successful
metabolomics studies [12]. An example of the mass spectrum is shown in the Figure 2.3,
where the signal of 195.0 corresponds to the protonated molecule of caffeine.

Figure 2.3 Mass spectrum of caffeine obtained by electrospray ionization mass spectrometry
(ESI-MS) technique [16].

2.3.1 Mass spectrometer

Components of the mass spectrometer are: ion source, analyzer, detector, and data processing.

Figure 2.4 shows the parts of the mass spectrometer with their different settings.

Ion source

Several ionization techniques are selected based on the type of organic compounds. Volatile
samples are subjected to either electron or chemical ionization (CI), while non-volatile
samples are fast-atom bombardment (FAB), matrix-assisted laser desorption ionization
(MALDI), and electrospray ionization (ESI) [11].

In this process, a part of the kinetic energy of the accelerated electron, which is higher
than the ionization energy of M, is transferred to the newly formed molecular ion. Thus, the
resulting high internal energy of the open-shell [M]** ion induces its extensive fragmentation.
The ions of the product thus formed as well as the eventually survived [M]™"*® ion are finally
extracted through an exit hole to the MS analyzer [16].



2.3 Mass spectrometry

Mass analyzer

Mass spectrometer analyzers separate ions based on their m/z ratio, using an electric or
magnetic field to achieve this separation. All ions resolved by mass are concentrated on a

single focal point [11].

Ion detector

One of the most important, part of MS, is ion detector. This part is very important for
sensitivity of the entire instrument. At the beginning of MS, photosensitive plates or Faraday
cups were routinely used. Element multipliers are currently used as basic detectors in the
majority of mass spectrometers due to their cost efficiency, sensitivity, and reliability. It
consists of a few electrodes (usually from 10 to 20) called dynodes. An ion leaving analyzer
hits the first dynode (so-called conversion dynode or conversion electrode). Kinetic energy
of the ion is enough to remove few electrons from the electrode surface. As a result of this, a
simply measurable signal coming from moving electrons (electric signal) rather than moving

ions is generated [16].

Data processing

Metabolite data generated by mass spectrometry are normally complex, and hence mul-
tivariate statistical methods are often needed to extract information from such complex
datasets. Of these, commonly used workhorse approaches are principal component analysis
(PCA), logistic regression, and partial least squares discriminant analysis (PLS-DA). PCA,
an unsupervised method, PLS-DA, a supervised method, logistic regression analysis enables
selection of the highly ranked metabolites that contribute most to the classification. Data

preprocessing, including peak picking, peak deconvolution, peak alignment, etc. [13].

2.3.2 Targeted and untargeted analyses

The mass spectrometry analysis includes two approach: targeted analysis and untargeted

analysis.

Targeted approach

Target approaches can be classified into two acquisition methods: (1) using MS (protonated
[M+H]+ or molecular ion peak M+ or in-source fragment ion) and (ii) using MS and MS/MS
(parent and product ions based). During targeted analysis, the molecule of interest or m/z
values (for MS and MS/MS) are predefined, and it is one of the most popular analyses for



Theoretical framework
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Figure 2.4 Parts of mass spectrometer. Adapted from [11, 16]

quantitation of analytes present in a complex samples matrix, with high sensitivity, accuracy,

and specificity. [11].

Untargeted approach

Untargeted analysis can be classified into two types of acquisition modes: data-dependent
analysis (DDA) and data-independent acquisition (DIA) full-scans. During both analysis
modes, the purpose is to acquire MS and MS/MS spectra. The untargeted analysis (using
MS and MS/MS) is the analysis to identify the unknowns in a sample, using parent ion and
product or fragment ion analysis (MS/MS) [11].

n [15], to distinguish between the biological and non-biological, they consider human
plasma as an example. As shown in the Figure 2.5, non-biological features do not originate
from the sample being measured. Unlike artifacts, contaminants do represent real chemicals.
Contamination-derived features from contamination are not biologically relevant because the
compounds were not originally present in the sample prior to its preparation for metabolomic
analysis. One approach to assess the potential conflation of biological and non-biological
signals is to analyze a blank, which helps identify background interferences that can then be
experimentally or computationally removed. In contrast, these biological features are divided
into unique compounds and redundant. There are multiple causes of redundancy, also called

peak degeneracy.

10
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Figure 2.5 Composition of an untargeted metabolomic data. Adapted from [15].

2.3.3 Metabolomics workflow

A typical metabolomics workflow involves: experimental design, sample preparation, metabo-
lite analysis (data acquisition), data processing and analysis; each of them are essential for
obtaining reliable and biologically relevant data. An overview of the main steps is shown in

Figure 2.6.

Experimental design

This step includes five main points: (1) generation of a working hypothesis, (2) determination
of metabolomics targeted or untargeted approach, (3) data acquisition (e.g., analytical condi-
tions), (4) sample preparation (preparation of biological samples, quenching, and extraction
methods), and (5) data analysis (use of statistical analyses to visualize the data). This will not
only help in the data interpretation but also in making a good experimental design in order to

understand how many and what kind of samples are really important for analysis [12].

Sample preparation of biological samples

The sample preparation protocols for metabolomics analysis in wide-ranging studies in-
volving microbiology, plant, animal, medical sciences, and food subjects. There are four
processes in sample preparation: harvesting, quenching, grinding, and extraction. The most
important processes are quenching and extraction. Quenching is the process of stopping
biological reactions in a cell, and extraction is the process of obtaining metabolites from the
cell [12].

11
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Metabolite analysis using various instruments

b

The analysis can be targeted or untargeted. Targeted analysis hunts only “known metabolites’
detected by single ion monitoring or selected reaction monitoring mode with the purpose
of validating a biological hypothesis or machine-learning studies such as regression and
discriminant analyses. On the other hand, untargeted analysis covers all detected peaks
by means of scan mode and utilizes both annotated and unannotated peak information for
statistical analyses. Scan mode analysis is usually utilized for data acquisition of mass spectra
in GC/MS for untargeted analysis. This approach has been widely applied to discovery-phase
studies such as biomarker identification for medical diagnostics [12].

Data processing and data analysis

A data matrix (sample vs. metabolites) acquired from a mass spectrometry-based metabolomics
study includes not only biological information but also technical noise. There are several
techniques for univariate or multivariate statistical analysis. Some statistical methods used
are: Principal component analysis (PCA), Hierarchical cluster analysis (HCA), Correlation
analysis (CA), Projection to latent structure regression (PLS-R), Projection to latent structure
discriminant analysis (PLS-DA), and t-Test. It is very important to use and interpret the

statistical result accurate [12].

Figure 2.6 Metabolomics workflow [12].

12



2.3 Mass spectrometry

2.3.4 Mass spectrometry data and interpretation

MS data contains real signal and noise. Approximately 90% of signal are noisy or redundant
[2, 10]. While interpreting data obtained during analysis, it should be carefully noted that not
always the m/z value can be directly related to the molecular mass of the analyzed compound
[16]. The interpretation of the combined spectral data is often sufficient to establish the
structure of the unknown compound. This approach will depend on the kinds of information
desired and the unique style of the analyst [18]. In fact, metabolic pathway interpretation
is an important step in metabolomics for connecting different omics domains in systems

biology; however, it is highly dependent on the study purposes [13].

2.3.5 Mass spectrometry applications

MS has extensive application in different fields, including pharmaceuticals/nutraceuticals,
food, health science, etc. The main applications of MS are categorized in qualitative,

quantitative and both [11].

* Qualitative: determination of molecular weight, determination of the molecular for-
mula, determination of the partial molecular formula, determination of the compound

Structure

* Quantitative: isotope abundance assessment, determination of isotope ratio, differenti-
ation between cis-isomers and trans-Isomers, mass spectrometry in thermodynamics,
measurement of ionization potential, determination of ion—molecule reactions, detec-

tion and identification of impurity, identification of unknown compounds

* Both qualitative and quantitative: phytochemical analysis, structural elucidation of un-

known phytochemicals, drug metabolism studies, clinical studies, forensic applications

13



Chapter 3

Graph embedding on mass spectrometry-
and sequencing-based biomedical data

This first manuscript was published in the BMC Bioinformatics journal.

Alvarez-Mamani, E., Dechant, R., Beltran-Castafién, C.A. et al. Graph embedding on mass
spectrometry- and sequencing-based biomedical data. BMC Bioinformatics 25, 1 (2024),
https://doi.org/10.1186/s12859-023-05612-6.

In this chapter, we present a review, focused on studying the data generated by the analytical
technique known as mass spectrometry, as well as its characteristics, with emphasis on the
traditional workflow: experimental design, sample preparation, data acquisition, processing,
analysis, and interpretation. Mass spectrometry data can be represented by graphs (networks)
and take advantage of graph theory and graph machine learning algorithms. We then survey
state-of-the-art models/algorithms/techniques for processing and analyzing mass spectrome-
try data. At this point we find models based on graph machine learning, specifically graph
embeddings models, where the traditional tasks that can be solved are: node classification,
edge prediction and community detection. In the study of mass spectrometry data, the type
of study, either targeted or untargeted, must be taken into account. This information is
important for the choice of a particular model. Graph machine learning models are classified
from various points of view. The classical classification consists of: random walk-based,
matrix factorization-based, and deep learning-based models. Another classification is from
the point of view of the tasks to be solved, that is, methods that solve supervised learning
and unsupervised learning tasks. Finally, another classification that we consider important
is according to the characteristics of the input data. These can be a data set with static or

dynamic graphs; homogeneous or heterogeneous graphs. In this first approach, we also

14
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study the application of this type of models for the analysis of biomedical data, such as

protein-protein networks interaction, drug-protein interactions, etc.

15
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Abstract

Graph embedding techniques are using deep learning algorithms in data analysis

to solve problems of such as node classification, link prediction, community detec-
tion, and visualization. Although typically used in the context of guessing friendships
in social media, several applications for graph embedding techniques in biomedical
data analysis have emerged. While these approaches remain computationally demand-
ing, several developments over the last years facilitate their application to study
biomedical data and thus may help advance biological discoveries. Therefore, in this
review, we discuss the principles of graph embedding techniques and explore the use-
fulness for understanding biological network data derived from mass spectrometry
and sequencing experiments, the current workhorses of systems biology studies. In
particular, we focus on recent examples for characterizing protein—protein interaction
networks and predicting novel drug functions.

Keywords: Graph embedding, Biomedical data, Biological network

Introduction

In the literature, several reviews present graph embedding models used to solve mul-
tiple tasks such as pathogen-host protein interactions, predicting drug efficiency, link-
ing a metabolite with a metabolic network, etc [1-3]. However, wide spread application
of graph embedding techniques in the life-science community has been scarce, which
may be in part because the complex mathematical framework underlying graph embed-
ding requires considerable bioinformatical expertise. To make graph embedding known
to a wider research community we have focused our review to be accessible for wet-lab
biologists as well as bioinformaticians, mainly using more accessible wording for life sci-
entists and focussing on potential future applications.

Biological data is usually presented as graphs; some of the most famous ones are rep-
resented in the book Cellular Biochemical Networks (Editor: Gerhard Michal), which
describes the known metabolomic network of eukaryotic cells and comprises most of
the cellular metabolites and their interactions (i.e., possible conversions and connections
between metabolic pathways such as sugar and amino acid metabolism). Although tradi-
tional biology tools have been extremely successful in identifying most components and

©The Author(s) 2023. Open Access This article is licensed under a Creative Commons Attribution 4.0 International License, which permits
use, sharing, adaptation, distribution and reproduction in any medium or format, as long as you give appropriate credit to the original
author(s) and the source, provide a link to the Creative Commons licence, and indicate if changes were made. The images or other third
party material in this article are included in the article’s Creative Commons licence, unless indicated otherwise in a credit line to the mate-
rial. If material is not included in the article’s Creative Commons licence and your intended use is not permitted by statutory regulation or
exceeds the permitted use, you will need to obtain permission directly from the copyright holder. To view a copy of this licence, visit http://
creativecommons.org/licenses/by/4.0/. The Creative Commons Public Domain Dedication waiver (http://creativecommons.org/publicdo-
main/zero/1.0/) applies to the data made available in this article, unless otherwise stated in a credit line to the data.
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some of the major linear interactions contained in the Cellular Biochemical Networks
graphs, one of the significant challenges in biology is comprehending the nonlinear or
dynamic interactions among the cellular constituents to unravel the organization and
interactions within cellular networks. For example, understanding which metabolic sub-
networks are active in a particular cell type under specific conditions is critical to deci-
pher the influence of the metabolic network on cellular function.

Mass spectrometry (MS) is an excellent example of a tool for understanding the under-
lying interactions among large numbers of cellular constituents. MS-based metabolomic
and proteomics studies can follow various linear and nonlinear interactions (based
on signal abundances) and dynamic interactions from time series measurements. The
interactions are visualized via correlation plots of the MS signals [4, 5]. In a correlation
plot, metabolites, proteins, etc., are represented as dots (or nodes), and a line illustrates
their correlations with other network elements. Using carefully designed experiments
and bioinformatic tools makes it possible to model and quantify the different types of
interactions between the nodes. Hence, a traditional approach in molecular biology is to
compare two or more graphs to identify which metabolites or proteins in the biological
network are associated with a particular physiology (i.e., disease) or phenotype of inter-
est [4, 5].

Unfortunately, clear insight into biological information via visual inspection of the cor-
relation plots is challenging due to the large number of biological species present in cells
that MS can detect. Furthermore, artifacts such as the presence of ghost peaks or batch
effects can futher obscure the information within these graphs [4, 5]. Graph embedding
techniques have been developed to analyze complex graphs of diverse origins. A graph
embedding technique takes graphs as input and converts the graphs into a matrix of vec-
tors (i.e., a lower-dimensional latent space), thus allowing researchers to better identify
the interactions between their different elements. Although graph embedding tech-
niques have been applied to various fields of study, e.g., to analyze relationships between
client and providers in financial transactions [6], to recommend locations using recom-
mender systems [7], or to detect malware [8]; they have not been routinely applied to
biological systems and are not well-known to life-scientists.

This review discusses the suitability of graph embedding techniques for analyzing
masss spectrometry- and sequencing-based biomedical data and explains the theoretical
background to understand graph embedding. We classify graph embedding techniques
from the perspective of biomedical data, considering the canonical classification, thereby
subdividing graph embedding techniques into random walk-based, matrix factorization-
based, and deep learning-based algorithms. Additionally, we review articles that applied
graph embedding for link prediction, node classification, and node clustering tasks on
biomedical data and highlight novel biological insights obtained by graph embedding. In
particular, we will focus on protein—protein and drug—protein interactions. Our review
will help future readers to identify, which graph embedding models can be applied to
solve a given task on biomedical datasets, which datasets can be used, and which metrics
are available to evaluate the results.

The paper is structured as follows: section “Theory of graphs embeddings” contains
the necessary definitions and summarizes the theoretical background of graph embed-
ding. Then, section “Applications of graph embeddings in mass spectrometry- and
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sequencing-based biomedical data” describes the existing applications of graph embed-
ding techniques on biomedical data. Finally, section “Conclusion” discusses conclusions

and future applications.

Theory of graphs embeddings

Background techniques

To be able to understand graph embedding, we first must introduce the term word
embedding, which transforms a group of words (i.e., text) into a matrix of vectors
and is frequently used in natural language processing (NLP) [9]. In more detail, word
embedding technique results in the (n-dimensional) vector representation of a word
(token) within a text [10]. Since words often occur in the same semantic or syntactic
context, a cosine similarity measure among the vectors in the matrix can be used to
identify the relationship between words. Hence, the semantic and syntactic similarity
between words can be mathematically identified [11, 12]. For example, word embed-
ding is used when a word processing program suggests a phrase after the computer
user types just a few words. Two different strategies were proposed for word embed-
ding (i.e., architectures): Continuous bag-of-words (CBOW) [13] predicts a word
w; in one particular position in the sentence based on the context of words surround-
ing that position w;_y, w;_1, wit+1, wit+2, while continuous skip-gram model [13]
predicts the context (surrounding words) with respect to a particular word in the sen-
tence. The first formulation of skip-gram model defines the conditional likelihood
P(Weontext | Weenter) = P(Wo | we) utilizing the function softmax [13, 14],

exp(u;r Ve)

Pwo | We) = —gr————
Zi:l‘ exp(u;rvc)

(1)

where o is the index of the context word (output) in the dictionary, c is the index of the
central word (input) in the dictionary, and W is the vocabulary.
Similarly, continuous bag-of-words defines conditional likelihood P(w, | wy,, ..., Wo,,,)

[13, 14], where 01, . . ., 02, are the indexes of the context words in the dictionary.

I -
exp(=—uy Vo, + -+ + Vo,,,))
- 2m
P(WC | Wolr---’Woz,,,) - |W| 1 (2)
2ic1 exp(ﬂu?(vol ++ V02m))

Although the skip-gram architecture performs slightly worse on syntactic tasks than
the CBOW model, it does much better on semantic tasks [13]. Executing the definition
(Equ. 1) has a very high computational cost [13, 14]. Therefore, [15] optimized the train-
ing process of the skip-gram model by adding the hierarchical softmax and
negative sampling techniques.

Graph embedding is applied to dot (scatter) graphs. In analogy to word embed-
ding, in graph embedding a point (i.e., node) in a graph is considered as a word, which
is surrounded by other points (i.e., words). Furthermore, the graph contains informa-
tion about the relationship between any two given points (words); this relationship is
defined as an edge between two nodes. Hence, graph embedding can be used to create a
matrix of vectors for all the nodes in a graph based on their edges by using the following
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analogy [16—19]: given a sequence of words, S = (w1, wa, ..., wy,) where w; € W/, it can
be inferred P(w,, | wi, wa, ..., wy—1) = P(v; | v1,Vv3,...,v;—1) and v; represents a node in
a graph G.

Graph embedding
The following definitions are useful to better understand and develop graph embedding

and its applications.

Definition 1 (Graph) In mathematics and computer science, a graph is a scat-
ter plot with a defined data structure. Let G be a graph, defined as G = (V, E) where
V = {v1,v2,...,v,} is a set of nodes (vertices), and E represents the connection (edge)
between 2 nodes (v;,v;) € V' [1, 20-23]. Given a graph (Fig. 1a), this graph can be rep-
resented by an adjacency matrix: is 1 when there is an edge from node v; to node v}, and
is 0 when there is no edge (Fig. 1b). The adjacency list groups the neighboring nodes of
each node v; (Fig. 1c), while the edge list consists of ordered pairs (v;, v;) when there is an
edge from node v; to node v; (Fig. 1d) [20, 21, 24, 25].

Definition 2 (Homogeneous and heterogeneous graphs) In a homogeneous graph, all
nodes and/or edges are of the same type. For example, in the friends’ network, each node
represents a person, and an edge represents friendship between two people. In contrast,
in heterogeneous graphs, nodes and edges can be of different types. Heterogeneous
graphs are exemplified by an education network, in which there may be nodes represent-
ing teachers and students, and it is possible to have the relationships (edges) between
teachers (colleagues), between teachers and students, and between students (classmates)
[1, 20, 21, 24]. By their nature, biochemical networks can be defined as homogeneous or

heterogeneous graphs. For example, protein—protein interaction studies are represented

albj|c|d

al0|1]|1]0

b{1]0(1]1

c|1]|1]0(1

° 0 dlof1]1]0

(a) Input graph (b) Adjacency matrix

alb
alb|c ajlc
bla|c|d b|c
cla|b|d b|d
d|bjc cld

(c) Adjacency list (d) Edge list

Fig. 1 Graph representation
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in homogeneous graphs [26—29], while miRNA-disease/gene interaction studies are rep-
resented by heterogeneous graphs [30-32].

Definition 3 (Directed and undirected graphs) In directed graphs (digraph), the list
of nodes (i.e., vertices) that generates the graph is ordered, and each interaction (i.e.,
edge) has a direction. Traversal in this type of graph is done according to the direction of
the interactions among nodes, while in undirected graphs traversal can be done in both
directions [1, 20, 21, 24]. In metabolic pathways, both types of graphs are present. Meta-
bolic pathways, in which each product (i.e., node) is solely dependent on its precursor
(i.e., a previous node in the pathway), can be defined as directed. However, most meta-
bolic pathways are represented as undirected graphs, since their chemical reactions are
reversible and regulated by feedback loops, where downstream products influence the
formation of their upstream precursors (e.g., in glycolysis) [33, 34].

Definition 4 (First-order and second-order proximity) The first-order proximity meas-
ures the proximity between a pair of nodes v;, v, and represents the weight w of the edge
e;j (w > 0). If the edge does not have a weight, then the default value is 0. Then, first-
order proximity is defined as the neighborhood of the node v; containing a set of adja-
cent nodes N, = {v | e;x > 0,k # i}. The second-order proximity measures the num-
ber of 2-hop paths between a pair of nodes v;, v; [2, 24].

Definition 5 (Graph embedding) Given a graph as input G = (V, E), graph embed-
ding (see Fig. 2) is defined as a mapping function f :v; — Z; € R? (latent space) with
ie€{l,2,...,n}whered < |V| and Z; is a vector of dimension d known as an embedding
[2, 22, 24].

Classification of graph embedding techniques
Most commonly, graph embedding techniques are classified as either matrix factoriza-
tion-based, random walk based, or deep learning-based [1, 2, 22-24, 35].

However, in the literature, an alternative classification has been introduced based on
the point of view of the mathematical problems, which can be vector point-based, gauss-
ian distribution-based, or based on dynamic graph embedding [1]. Vector point-based
approaches aim to project the nodes of a high-dimensional graph onto low-dimensional
vectors within a vector space [1]. Gaussian distribution-based methods allow the vector
representation (embedding) of a node as potential functions of continuous densities in a

Z Z
°'° Vo' %
- vz
° o Embedding vz
Algorithm \ o Z
\ L]
<N \ %
(o)—) VT
\ T

Fig. 2 Graph embedding scheme
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Table 1 Network embedding models

Category Publications

Non-attributed network

Shallow embeddings [16,17,19,37-53]
Graph neural networks [54-62]

Attribute network

Semantic matching models [63-78]
Translational distance models [79-85]
Meta-path-based methods [18, 86-90]

Fig. 3 BFS (red arrows) and DFS (blue arrows) traversals, from node A with a path length of 3

vector space. [1]. Dynamic graph embedding is often the method of choice for practi-
cal applications, as many networks are dynamic and evolve, leading to the addition of
removal of nodes or edges [1].

Alternatively, it was proposed that embedding techniques can be grouped from the
perspective of biomedical networks, including biomedical relation data, biomedi-
cal knowledge graphs, biomedical ontology, or clinical data, in non-attributed network
embedding and attributed network embedding [36]. Below is the classification of non-
attributed network embedding [1, 2, 22, 24, 35, 36] and attributed network embedding
[2, 36]. Table 1 shows the graph embedding models published by category.

Mathematical concepts behind graph embeddings

Shallow embeddings are the earliest graph embedding technique applied to life-science
data based on homogenous networks (i.e., networks based on only one biological entity,
such as proteins). Shallow graph embeddings are subdivided into random-walk and
matrix-factorization algorithms. Examples of random-walk algorithms are (DeepWalk
[16] and Node2vec [17]; while matrix-factorization examples are graph factorization
[43] and GraphRep [44].

DeepWalk [16] was the first graph embedding technique used to represent the verti-
ces (nodes) of a homogeneous graph in vectors [91]. The process begins when the ran-
dom walk algorithm generates a sequence of vertices. The model is then trained using
the skip-graph algorithm [13]. Finally, the result is the vector representation for each
vertex, also called embedding.

Node2vec [17] is a generalization of DeepWalk [16]. The authors added two
parameters, p, and ¢, which drive the generation of paths (see Fig. 3) by using the
idea of breadth-first traversal (BFS) and depth-first traversal (DFS). When g > 1,
the traversal approaches BFS, and the random walks lead to a micro-view of node
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neighborhoods. In contrast, g < 1 is an exploration macro-view that approximates a
DES traversal for node neighborhoods [1]. The authors of the base article used the
values of p =1, ¢ = 2 for a micro-view and the values of p = 1, g = 0.5 for a macro-
view. The parameters p and g also control how fast a path is explored, and the neigh-
borhood of an initial node v; is left. The authors performed multi-label classification
and link prediction experiments to verify their proposal. Results were evaluated using
the F1-score metric.

While Deepwalk and Node2vec provided a solution to tasks such as link predic-
tion, node classification, node clustering (community detection), and visualization,
two random-walk algorithms, Netpro2vec [92] and Pathway2vec [33], were pro-
posed to better analyze biomedical datasets.

Netpro2vec [92]: In the techniques described above, nodes of a network were
transformed into tokens. Instead, the main concept of Netpro2vec is to transform
networks into documents. The process is carried out in 3 steps: 1) building the prob-
ability distributions representing each graph, 2) extracting tokens from probability
distributions, and 3) building the graph embedding using token extraction. The graph
is then represented as a word document (a set tokens), and the Doc2vec (document
embedding) technique is applied to obtain the graph embedding [93]. The proposal
was compared with other techniques of whole-graph embeddings to solve classifica-
tion tasks in gene networks. The results were evaluated based on accuracy, precision,
recall, F-measure, and Matthews correlation coefficient (MCC) metrics.

Pathway2vec [33] incorporates multiple random walk-based techniques, Node-
2vec [17], Metapath2vec, Metapath2vec++ [18], JUST [94], and RUST [33],
to represent learning by automatically generating features of metabolic pathways. It
consists of three layers that interact: compounds, enzymes, and pathways. This inter-
action between layers results in a heterogeneous network of multi-layer information,
and each layer has associated nodes. The layered architecture captures meaningful
relationships to learn a low-dimensional space based on neural embeddings of meta-
bolic features. Finally, applying the skip-gram [13] model, the embeddings for each
node are extracted. Pathway2vec was applied for node clustering, embedding visu-
alization, and pathway prediction tasks. Evaluation of the results was performed using
MetaCyc software and F1-micro metric.

Graph Factorization (GF) [43]: GF is a factorization technique based on partition-
ing a graph to minimize the number of neighboring vertices instead of edges between
partitions. GF begins from the assumption that the information regarding the pres-
ence of an edge (i, /) with a weight Y;; can be captured by the inner product between
vertices with attributes (Z;, Z;). Finally, the value of the vector Z is determined by the
following objective function:

) .
FQZ) =5 3 W= 2 )+ ) DIz 3)

(ij)eE

where 4 is the regularization parameters, E is the list of edges. To validate their proposal,
the authors applied GF on a graph of 200 million vertices and 10 billion edges. In order
to evaluate convergence and execution time, they used 3 architectures: a single machine,
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a synchronous parallel implementation and an asynchronous parallel implementation.
The results showed that asynchronous parallel implementation is very beneficial for
scalability.

GraRep [44]: GrapRep is a model for learning node representation. This model cap-
tures the relational information of different k-steps with different values of k between
vertices of the graph, directly manipulating different global transition matrices defined
on the graph without slow and complex sampling processes. GraRep defines different
loss functions and optimizes each model with matrix factorization techniques, con-
structing global representations of each node by combining the different model repre-
sentations. Experiments were run to solve the node clustering and node classification
tasks on linguistic networks and social networks, respectively. In both tasks, GraRep
showed an empirical efficiency of the learned representations compared to the LINE
and DeepWalk models.

While shallow-embedding algorithm applications focus on solving link prediction,
node classification, and community detection tasks, more complex problems such as
graph matching, subgraph matching, and calculating the maximum common subgraphs
require more complex models. Graph-neural network (GNN) algorithms can address
these problems by combinatorial optimization using graph theory. Furthermore, these
problems are solved through representation learning (deep learning); for example, in
[95] a GNN model is proposed that addresses the subgraph matching problem for molec-
ular fingerprint detection.

Graph Convolutional Network (GCN): Kipf et al. [56] present GCN for semi-super-
vised learning that works directly on graphs. GCN is a variation of convolutional neural
networks. It scales linearly with the number of edges and encodes the local structure of
the graph and features of nodes. The task of node classification is approached on a graph
with partially labeled nodes, using a neural network (X, A) trained in a supervised envi-
ronment with node feature matrix X and adjacency matrix A € RNV*N, For this purpose,

a multilayer GCN is considered with the following layer-wise propagation rule.
HY = gD 24D 2 HOW D) (4)

where A = A + Iy is the adjacency matrix of undirected graph with added loops, Iy
is the identity matrix, D;; = Zi Ai,' and W is a layer-specific trainable weight matrix,
o (.) is an activation function, H®) € RN*P js the matrix of activations in the /% layer
H©® = X. The experiments were run on 4 datasets (Citeseer, Cora, Pubmed, and NELL),
and the results showed that CGN significantly outperforms DeepWalk.

In the case of attribute data—biomedical data based on heterogeneous networks (i.e.,
networks based on more than one biological entity, such as drug—protein target interac-
tions)—the graph embedding algorithms must consider both the node distribution and
the edge information of the graph. Embeddings are generated that encode the proximity
between nodes based on their attributes and connectivity patterns. Graph embeddings
algorithms for attribute data can be divided into semantic matching models (e.g., DDKG,
DistMult, etc.), translational distance models (e.g., Transk, TransR), and meta-
path-based methods (e.g., Metapath2vec).

DDKG: Xiaori et al. [96] used an approach denominated “attention-based knowledge
graph representation learning framework” or DDKG to simultaneously consider drug
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attributes and triple facts in knowledge graphs (KG). A triple fact is the link between one
entity (e.g., metabolite, protein, etc.), usually referred as subject or head, and another
entity referred as object or tail. The relationship between this two entities is referred
as relationship or label. Xiaori et al’s work aimed to use all the information available in
biomedical KGs and improve the results in the link prediction task in drug—drug inter-
action (DDI) networks. The proposal was developed in 4 steps: 1) Building the KG, 2)
Generating the initial embeddings for each drug according to its KG, 3) Generating the
global embeddings of the drugs considering the node-embeddings of their neighbors,
4) finally, DDKG determines the probability of interaction of drugs in pairs with their
respective embeddings through a binary classification. The experiments were conducted
on two biomedical KGs and compared with ten state-of-the-art models, including L INE
and SDNE. Results obtained from DDKGs were evaluated by metrics of accuracy, sensi-
tivity, specificity, AUC, and AUPR, demonstrating that DDKGs outperformed the state-
of-the-art models.

DistMult [67] considered learning entity and relationship representations in knowl-
edge bases (KBs) using the neural-embedding approach. The learning process seeks to
learn entity and relationship representations such that valid triple facts (i.e., known facts)
receive high scores. The triple facts are denoted by (ey, r, e2), where e is the subject, e;
is the object, and r is the relationship between the two. The first layer of the model pro-
jects a pair of entities from the input into low-dimensional vectors, and the second layer
combines these two vectors into a scalar to be compared by a scoring function. Entity

representation learning can be defined as:
Ye :f(wel)’ Yes :f(WXez) (5)

where fcan be a linear/nonlinear function, W is a parameter matrix, W can be initialized
randomly/pre-trained, and X is a one-hot/n-hot vector representing the input entities
e1 and ey. DistMult was empirically evaluated for link prediction tasks on the Free-
base dataset. The results showed that a bilinear model successfully captures the compo-
sitional semantics of the relationships. It is also reported that DistMult outperforms
TransE with a top-10 accuracy of 73.2% versus 54.7%.

TransE: Antoine et al. [80] addressed the problem of embedding different class entities
(e.g., metabolites, proteins, etc.) and relationships of multi-relational data in low-dimen-
sional latent spaces. The primary condition is that all the different entities (e.g., protein,
metabolite, gene, etc.) must be present in a directed graph. In this directed graph, a tri-
ple fact consists of one entity (designated head), which is related to another entity (des-
ignated tail) by an edge (designated label). TransE is an energy-based model that learns
embeddings of low-dimensional entities. For TransE the relationships are represented
as translations in latent space; if a strong relation (edge) exists among two nodes (i.e.,
head and tail), then the embedding of the tail entity must be similar to the embedding of
the head entity plus some vector that satisfies the relationship. For its simplicity, TransE
has a small number of parameters and is scalable. Experiments showed that Transk
performs well and significantly outperforms the RESCAL method in the link prediction
task on two large knowledge base, Firebase and Wordnet.

TransR [82]: In contrast to the TransE model, where entities and relations (edges) are
embedded in the same latent space, in TransR it was proposed to build the embeddings
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of the entities and the edges in separate latent spaces linked by specific relation matri-
ces, yielding one entity space and multiple relation spaces. TransR was based on the
idea that entities that have a relationship of the form (head, label, tail) are first projected
from the entity space into the r-relation space as %, and ¢, with M, operation, and then
hy + r = t,. The relation-specific projection can make the head/tail entities that actu-
ally hold a strong relation (edge) close to each other and also move away those that do
not. In the experiments, Lin et al. [82] evaluated the model with three tasks: link predic-
tion, triple classification, and relational fact extraction using the WordNet and Freebase
datasets. The results showed that TransR obtains significant improvements compared
to Transk. Additionally, they proposed CTransR, a combination of TransR and
Clustering.

Metapath2vec [18]: Unlike DeepWalk [16] and Node2vec [17], Metapath-
2vec, guides and generates paths using random walks through meta-path schemes. It
captures the structural and semantic relationships between different types of nodes in
heterogeneous networks. Formally, a meta-path is defined as a path P represented by,
P Ry Vs Ry LV X Vigl... g V), where R=RjoRyo0---0R;_; defines
complex relationships between node types V; and V). The skip-gram architecture is
also used by Metapath2vec to determine embeddings. Dong et, al. [18] evaluated
their proposal on heterogeneous graphs for solving multi-classification nodes, node
clustering, and similarity search problems. The results were evaluated using the F1-score

metric.

Applications of graph embeddings in mass spectrometry-

and sequencing-based biomedical data

Applications of graph embedding techniques for mass spectrometry- and sequencing-
based data covered in this review are summarized in Table 2 [26, 31, 33, 92, 97, 98]. By
their nature, certain—OMICs data can be stored in a graph data structure. For example,
gene—gene, protein—protein, and metabolite-metabolite interactions can be stored in
homogeneous graphs. In contrast, heterogeneous graphs can contain multiple species,
e.g., drug—protein, gene—protein interactions, etc. and analyzing these graphs can con-
tribute to biological knowledge. However, computational tools to study graph data struc-
tures in biological graphs can suffer from high computational and space costs, especially
in large-scale information containing graphs [28]. Graph embedding algorithms can then
be used to identify interactions between heterogeneous nodes such as: drug—target [26,
99-101], miRNA-disease [30, 31], miRNA-target [32], miRNA-gene [32], microbe-drug
[102], gene—disease [31, 103], gene—pathway [31], cell-gene [104], chemical-disease
[31]. On the other hand, the interaction between homogeneous nodes may be protein—
protein [26-29], drug—drug [34, 100, 102], microbe-microbe [102], gene—gene [104].

As an example, Su et al. [28] applied graph embedding to improve the identifica-
tion of protein—protein interactions. To avoid the high computational cost of identi-
fying the possible protein—protein interactions based on previous graph embedding
techniques, the authors studied different approaches (algorithms) to accelerate graph
embedding and improve its accuracy. The authors’ contribution was 2-fold. Firstly,
their approach denominated LPPI integrated protein attributes into the graph embed-
ding task. This way, multi-view information was used, improving the accuracy of the
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Table 2 Summary of graph embedding on biomedical data

Techniques

Dataset

Applications

Evaluation Metrics

Combined DeepWalk,
LINE, Node2vec, and
SDNE [26]

HeteWalk [115]
Cascade model [97]
[29]

HNERMDA [102]
PmDNE [30]

HO-VGAE [27]

HMNE [105]

TriModel [99]
FactorHNE [103]

[100]

Hybrid model GVS [31]

DeepWalk and Node2vec

[98]

Netpro2vec [92]

BILSTM [101]

scLINE [104]

PRD [34]
ACNE and ACNE-ST [116]

Pathway2vec [33]

LPPI[28]

MRMTI [32]

CANE[117]

MATADOR, PubTator, and
BioGRID

HPRD, MISIM, MimMiner,
DisGeNET, and miRTarBase

BioChem, Drug Bank, and
PubChem

Krogan, Dip, and BioGRID

MDAD and aBiofilm
HMDD3.0

HI-II-14, HI-III, Lit-BM-13,
BioGRID, and Bioplex

Lazega, CKM, DBLP,
C.elegans, H.genetic, PPI,
and Twitter

DrugBank_FDA, KEGG_
MED, and Yamanishi_08

DisGeNet, HPO and
Orphanet, STRING 10

DrugBank_FDA, UNIPROT

GO, HPRD, CTD, HMDD
and MATADOR

DrugBank, Bio2RDF,
human disease net-
work, SIDER, KEGG, and
PharmGKB

LFR, MREG, Kidney
RNASeq, Brain fMRI
COBRE, Breast RNAseq,
Breast Microarray, MUTAG

Human, DUD-E, and
ChEMBL

Usoskin, Li, Pollen, Patel,
Darmanis, Camp, Muraro,
and Petropoulos
Bio2RDF, and DDI Corpus

Cora, Citeseer, Wiki, and
DBLP_C4

EcoCyc, HumanCyc, Ara-
Cyc, YeastCyc, LeishCyc,
and TrypanoCyc

PPl network and
GraphSAGE-PPI

miRTarBase, miRBase,
HumanNet, and biomaRt

Disease Encylopedia Sec-
tion of XYWY.com.

Link prediction

Link prediction
Link prediction
Node clustering
Link prediction
Link prediction
Link prediction

Link prediction and node
classification

Link prediction

Link prediction

Link prediction, node
clustering

Link prediction

Link prediction

Node classification

Node classification

Node clustering

Link prediction

Node classification and
node clustering

Link prediction and node
clustering

Link prediction and Node

Classification
Link prediction

Link prediction

AUC, AUPR, MAP, Avg.
R-precision, and Precision@k

AUC
Accuracy, hits@10, and AUC

Precision, recall, F-score,
fraction, geometry accu-
racy,and MMR

Accuracy, AUC, and AUPR

AUC, AUPR, precision, accu-
racy, recall, and F1-score

AUPR, Precision@k

F1-micro, F1-macro, and
AUC

AUC and AUPR

AUPR, AUC, Precision@k,
and Recall@K

Accuracy

Accuracy and F1-score

AUC and AUPR

Accuracy, precision, recall,
F-score, and MCC

AUC, precision, and recall

DBI, NMI, AR, Jaccard and
Purity

AUC, AUPR
F1-micro and F1-macro

F1-micro

Accuracy, sensitivity, preci-
sion, MCC, and AUC

AUC, AUPR, precision, recall,
F1-score, and balanced
accuracy

Precision@k and recall@k

AUPR area under precision-recall curve, ROC receiver operating characteristics, AUC area under the curve ROC, MCC

Matthews correlation coeffici  t, DBI Davies-Bouldin index, NMI normalized mutual information, AR/ adjusted rand index,
MMR maximum matching ratio, MAP mean average precision
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graph embedding process. Secondly, the graph was reconstructed using the Graph-
Zoom algorithm to reduce the graph’s size. Therefore, the authors could acceler-
ate the efficiency of the embedding algorithms. Combining the above two aspects,
the authors’ algorithm, LPPI, saves execution time without losing accuracy (AUC
0.99996) in identifying protein—protein interactions in a large dataset.

Despite representing a major advance in the use of graph embedding, Su et al. [28]
only used a homogeneous dataset from protein data. However, biological information
from systems biology studies is typically derived from multi-omics datasets and con-
tain heterogeneous information (DNA, RNA, protein, and metabolite information).
Furthermore, as the network of interactions is time or condition-sensitive, multilayer
networks must be considered [4].

Gong et al. [105] proposed the use of a multilayer network embedding to handle
data sets with multiple types of nodes and edges found in heterogeneous graphs. This
approach becomes extremely useful for evaluating the performance of node embed-
ding in link prediction, which tries to predict edges that most likely will appear in the-
oretical networks (not experimentally measured data); this is similar to the approach
performed by bioinformatics in in-silico studies. As some tested datasets are very
large and complex, it is hard to predict links on the whole node sets. Hence, Gong
et al. [105] suggested first extracting a core set of nodes of each dataset and conduct-
ing link prediction in these core sets. Hence, many authors similar to Gong et al. are
encouraging the use of more complex graph-embedding algorithms that are based on
combinations of the above-mentioned ones. These combinations of graph-embedding
algorithms are known as encores or graph neural networks.

For example, Ray et al. [106] used a combination of graph-embedding algorithms as
proposed by Gong et al. to generate a graph embedding encore algorithm approach
to identify potential drugs that could affect the protein—protein interaction (PPI)
between the SARS-CoV-2 virus and its human target proteins. The SARS-CoV-2 viral
protein and human interaction datasets (i.e., protein interaction graph) were based on
the experimental data obtained by Gordon et al. [107] by means of affinity-purifica-
tion mass spectrometry (AP-MS) screening and on the theoretical data by Dick et al.
[108].

The graph embedding-based algorithm proposed by Ray et al. [106] to repurpose
drugs against COVID-19 considered that the available data was heterogeneous. They
suggested to combine three different data sets: (i) SARS-CoV-2—host protein interac-
tions, (ii) human protein—protein interactions, and (iii) drug—human protein interac-
tions to predict possible novel treatments to interfere with infection. As described by
Gong et al. [105], these three datasets were very large and complex; hence, Ray et al.
[106] had to reduce the dataset complexity by performing the data reduction step,
i.e., a first graph embedding based on the Nod2vec algorithm to obtain the feature
matrix (X). In the second step, the novel graph embedding algorithm denominated
variational graph autoencoder (VGAE) was used for link prediction tasks. As input,
VGAE receives the adjacency matrix (A) and the feature matrix (X) from the original
graph (X replaces the one-hot matrix that the VGAE model uses by default and also
helps improve prediction precision). The encoder of VGAE converts the input data
to lower-dimensional representation (Z) and the decoder takes Z to reconstruct the
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original input in (A), where A is similar to 2, and in A new connections between the
different types of nodes can be discovered.

The results of Ray et al. [106] were compatible with those observed by other authors.
For example, Ray et al. [106] identified the angiotensin-converting enzyme-2 (ACE-2)
as a potential drug target against SARS-CoV-2 [109, 110]. Interestingly, the authors also
found that drugs used to prevent Malaria and pneumocystis pneumonia (PCP) relapses,
such as Primaquine, have therapeutic potential against SARS-CoV-2 based on the inter-
action of Primaquine with the TIM complex, consisting of TIMM29 and ALG11.

Similarly, Zitnik et al. [111] used a graph convolutional network, a combination
of graph-embedding algorithms with a convolutional neural network that can work
directly on graphs, to predict clinical side effects in patients taking multiple drugs
simultaneously.

As in the case of Ray et al. [106], Zitnik et al. [111] combined multimodal graphs of
protein—protein interactions, drug—protein target interactions, and known clinical drug
side effects. Their new graph embedding algorithm, named Decagon, could accurately
predict drug side effects in patients with complex diseases or co-existing conditions
necessitating simultaneous medication for their treatment.

The use of shallow embeddings, such as (Nod2vec) is limited as shallow embeddings
do not share information between the nodes and do not take advantage of the charac-
teristics of the nodes in the coding process. To mitigate these limitations, graph neural
networks (GNN) have more sophisticated encoders that take advantage of the structure,
features, and attributes of graphs [112].

Su et al. [113] proposed constrained multi-view nonnegative matrix factorization
(CMNMEF), a model based on GNN, to determine the similarity between drugs and
viruses within their space of characteristics (latent space). Therefore, CMNMF is ori-
ented towards preserving drug and virus similarity information as much as possible.
Then, they apply a graph convolutional network (GCN) with attention-based neighbor
sampling to optimize the vectorial representation of drugs and viruses in virus-drug
associations (VDA) networks, whereas VDA networks are considered heterogeneous
graphs. The experiments were executed on three VDA datasets to identify possible drugs
against SARS-CoV-2. The embedding algorithm from Su et al. outperformed other mod-
els and was evaluated with the accuracy, F1, AUC, and AUPR metrics.

Decagon, a DeepWalk neural graph embedding, outperformed baseline algorithms by
up to 69% (accuracy). Specifically, Decagon could automatically predict side effects with
a known strong molecular basis with high precision, but still performed well on predict-
ing side effects with a non-molecular basis due to its effective sharing of model param-
eters across edge types.

Finally, Nelson et al. [114] mentioned the advantages of graph embedding tech-
niques compared to other techniques that operate directly on biological/biomedical
networks. One advantage is a more rapid analysis of the learnt embedding. Unlike the
tasks mentioned in the other works (link prediction, node classification, and node clus-
tering), Nelson et al. [114] demonstrated the usefulness of graph embeddings for more
specific tasks in biology, such as protein network alignment, protein module detec-
tion, and protein function prediction. Taken together, these examples establish the
high value of graph embedding techniques for the analysis of mass spectrometry—and
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sequencing-based—OMICs datasets. Several other applications have been published,
which could not be discussed in greater detail, but have been showcased in Table 2 and
classified for the use for (i) link prediction, (ii) node classification, and (iii) node cluster-
ing tasks.

Although Table 2 shows how graph embedding algorithms have become popular for
representing biomedical data, several major limitations are apparent that limit the gen-
eral applicability of graph embedding to life sciences:

+ Most graph embedding algorithms have been developed to accomplish a specific task
on a specific dataset, with no standards or even flexibility for incorporating other
datasets. For using the same graph embedding algorithm to solve a different task, the
new data set must be rewritten, thus limiting the application for other researchers.

+ Shallow-embedding algorithm applications are limited in their applications, such as
link prediction, node classification, and community detection tasks. More complex
problems such as graph matching, subgraph matching, and calculating the maximum
common subgraphs require more complex models requiring combinatorial optimi-
zation (graph theory). Furthermore, these problems are solved through representa-
tion learning (deep learning). However, most deep-learning graph embedding tech-
niques are not deterministic because they use probabilities to perform their tasks,
yielding similar, but not identical results for different runs.

+ Loss of structural information: graph embedding methods typically aim to preserve
the proximity of nodes based on their graph structure. However, they may lose cer-
tain structural information during the embedding process. For instance, (i) higher-
order relationships within the graph may not be accurately captured. Furthermore,
(ii) graph embeddings may not effectively leverage node attributes or features.
Node attributes (metadata) can provide valuable information in life sciences, such
as measurement conditions. It may be computationally expensive to maintain graph
embeddings for (iii) dynamic data sets where nodes and edges are frequently added,
removed, or modified (due to experimental conditions).

+ Interpretability: The interpretability of graph embeddings can be more challenging
compared to other clustering techniques, as it is often difficult to interpret the spe-

cific features or relationships each dimension captures.

Addressing these limitations is an active area of research, and researchers continue to
develop new techniques and algorithms to enhance the performance and versatility
of graph embedding methods to make them more applicable to life-science research
questions.

Conclusion

As can be easily appreciated from the by far not exhaustive list of discussed algorithms
for graph embedding in this review, there is currently not yet a gold standard for graph
embedding for biological data emerging that can provide reliable data for biologists and
serve as a reference point for future developments of in the field. So far, the presented
applications for graph embedding on biological data have all been developed for the spe-
cific data sets at hand. All these studies have thus mainly remained theoretical, focusing
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on the development of computational techniques rather than taking the interpretation of
the data to the identification of novel biology or drug developments. Yet, with the ever-
growing datasets available to life science researchers, the community needs novel tools
to understand better the underlying biological processes. Given their nature of reducing
the dimensionality of complex data, graph embedding algorithms are an exciting and
novel tool for extracting novel insight from large biological datasets (Table 2). We envi-
sion that graph embedding will become an essential tool aiding hypothesis generation
leading to novel biological discoveries.

Specifically, graph embedding techniques hold significant potential in various biologi-
cal and biomedical research fields. In the context of the drug—disease association (DDA),
disease-gene association (DGA), drug—target interaction (DTI), protein—protein inter-
action (PPI), and drug—drug interaction (DDI) (Table 2), graph embedding methods can
provide valuable insights and aid in understanding complex relationships. By represent-
ing drugs, diseases, genes, targets, and proteins as nodes in a graph and capturing their
interactions as edges, graph embedding algorithms can (i) infer novel insight into a bio-
logical system based on information about its elements (i.e., link prediction), (ii) classify
the relevance of biological elements (e.g., proteins, metabolites, etc.) and their interac-
tions within a system (i.e., node classification), and (iii) identify a phenotype or physiol-
ogy of interest based on the networks formed by their elements (i.e., node clustering).

Furthermore, with the help of low-dimensional representations obtained using graph-
neural networks (GNN) algorithms, it is possible to encode the underlying relationships
and functional associations to find similarities between individuals sharing the same
condition (e.g., graph matching or subgraph matching). These low-dimensional embed-
dings can then be leveraged to gain an understanding of the underlying molecular events
occurring within the biological system (i.e., molecular phenotype characterization).

Hence, the ability to integrate multiple data sources, such as genomic, transcrip-
tomic, proteomic, metabolomic, and clinical data, further enhances the predictive
power and potential impact of graph embedding techniques, mainly in the field of
personalized medicine, paving the way for improved disease management, identify-
ing potential therapeutic targets, elucidating underlying molecular mechanisms, and
exploring drug synergy or adverse interactions.

In conclusion, this increased predictive power gained by using graph embedding
techniques on biological data will allow life-science researchers to conduct more
targeted experiments by extracting novel unseen links. Developing applications will
require substantial further research on the bioinformatic side to identify the most
promising approaches to be applied to specific types of datasets, as well as thor-
ough experimental validation of the generated outputs. Despite posing a challenging
problem to either field, the rapid rise of Al tools in our everyday life as a researcher
will certainly fuel interest in incorporating novel Al-based analysis methods on high
dimensional biological data. Therefore, we anticipate that graph embedding applica-
tions will soon be invaluable in the broader life science community.
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Chapter 4

Exploratory analysis of metabolic changes
using MS data and graph embeddings

This second manuscript was published in the Scientific Reports journal.

Alvarez-Mamani, E., Buettner, F., Beltran-Castaiién, C.A. et al. Exploratory analysis of
metabolic changes using mass spectrometry data and graph embeddings. Scientific Reports
14, 29570 (2024), https://doi.org/10.1038/s41598-024-80955-5.

In our second manuscript, we experimentally evaluated Graph neural network models for
exploratory analysis of Mass spectrometry data. The exploratory analysis consisted mainly of:
1) filtering the MS data that we previously represented by a network; 2) similarity analysis,
where we compared the metabolomics networks in groups of two phenotypes/genotypes
(control vs. other) to identify the change in correlation between the edges of both networks.
Identifying these changes are important to understand how different metabolites are in-
teracting in the metabolomic networks and how the behavior of one or more metabolites
impacts the behavior of other metabolites. For our experimental study, we use data from an
untargeted metabolomics study, so we apply graph neural network models, proposed to solve
unsupervised learning tasks. In order to properly evaluate the results, we performed repeated
experiments. The collected results demonstrate that our approach is a new strategy for MS
data analysis. Where the four GNN models applied, find similar results, so the selection of
the best models is done based on the results in filtering, similarity analysis and execution
times. Finally, we implemented a web application called GEMNA, to perform the exploratory

analysis in a more friendly and interactive way. The source code is available on GitHub.
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changes using mass spectrometry
data and graph embeddings
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Alfredo J. Ibanez*5™¢

Mass spectrometry (MS)-based metabolomics analysis is a powerful tool, but it comes with its own set
of challenges. The MS workflow involves multiple steps before its interpretation in what is denominate
data mining. Data mining consists of a two-step process. First, the MS data is ordered, arranged, and
presented for filtering before being analyzed. Second, the filtered and reduced data are analyzed
using statistics to remove further variability. This holds true particularly for MS-based untargeted
metabolomics studies, which focused on understanding fold changes in metabolic networks. Since the
task of filtering and identifying changes from a large dataset is challenging, automated techniques

for mining untargeted MS-based metabolomic data are needed. The traditional statistics-based
approach tends to overfilter raw data, which may result in the removal of rel vant data and lead to the
identification of fewer metabolomic changes. This limitation of the traditional approach underscores
the need for a new method. In this work, we present a novel deep learning approach using node
embeddings (powered by GNNs), edge embeddings, and anomaly detection algorithm to analyze the
data generated by mass spectrometry (MS)-based metabolomics called GEMNA (Graph Embedding-
based Metabolomics Network Analysis), for example for an untargeted volatile study on Mentos candy,
the data clusters produced by GEMNA were better than the ones used traditional tools, i.e., GEMNA
has silhouette score = 0.409, vs. the traditional approach has silhouette score = —0.004.

Keywords Mass spectrometry, Metabolomic networks, Graph neural networks, Graph embeddings

Mass spectrometry (MS)-based metabolomics analysis is frequently used due to broad analyte coverage, high
sensitivity, high selectivity, and high performance!. The MS-based metabolomic analytical workfl w involves
multiple steps before its interpretation in what is called data mining. The requirement for data mining is that the
raw data generated by MS techniques requires normalization and noise filtration to obtain more precise results for
data interpretation. Furthermore, when the MS instrument is coupled to other orthogonal analytical techniques
such as Gas chromatography-mass spectrometry (GC-MS) and Liquid chromatography-mass spectrometry (LC-
MS), more complex processes such as peak identifi ation and peak alignment are required.

In more detail, the data mining process aims to deconvolute the relevant data, i.e., the data associated with the
property of interest (i.e., phenotype) from the rest of the data (i.e., noise based are products of electrical noise,
chemical contamination, or any other artifact). Thus, data mining consists of a two-step process. During the
fi st step, the MS data is ordered, arranged, and presented for filtering (data reduction) before being analyzed.
Subsequently; in the second step, the filtered and reduced data are analyzed using descriptive and inferential
statistics to remove further variability. Th s two-step approach facilitates data interpretation®®. Th s holds true
particularly for MS-based untargeted metabolomics studies, which focused on understanding fold changes in
metabolic networks by monitoring the changes in as many individual metabolites as possible. These changes
are studied by comparing at least two types of samples, one denominated baseline and the others in an altered
state. The idea of changes in the metabolic network between metabolites due to a stress or mutation induction
was developed by*®, where the authors proposed monitoring changes in the metabolite network. Since the
task of filtering and identifying changes from a large dataset to determine its quality is unrealistic, automated
techniques for mining untargeted MS-based metabolomic data are needed. The traditional approach based on

*Engineering Department, Pontifici Universidad Catolica del Peru, Lima, Peru. 2Institute for Omics Sciences
and Applied Biotechnology, Pontifi ia Universidad Catolica del Peru, Lima, Peru. 3Goethe University, Frankfurt,
Frankfurt am Main, Germany. “German Cancer Consortium (DKTK), Frankfurt am Main, Germany. >German Cancer
Research Center (DKFZ), Frankfurt am Main, Germany. ®Science Department, Pontificia Universidad Catolica del
Peru, Lima, Peru. “‘email: aibanez@pucp.edu.pe
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statistics (ANOVA, t-Test, coeffici t of variation, etc.)®” filter raw data very strongly, and there is the possibility
of eliminating relevant data, as a result, identify less metabolomic changes.

In a recent review article®, we described the use of graph representation learning on biomedical data (i.e.,
protein-protein interaction networks, and metabolite-metabolite networks). For instance, Shallow embeddings-
based and Autoencoders-based models focus on simpler tasks such as solving link prediction, in terms of biology
tasks to fi d a drug-target prediction. Within Shallow embeddings-based there are DeepWalk’, Node2vec'?,
and Struc2vec!'!; Autoencoders-based: SDNE!2, DNGR!3, etc. More complex problems, such as graph matching,
in biology terms to compare two metabolic phenotypes require more advanced models such as Graph neural
network-based: Variational Graph Autoencoder VGAE!, Deep Graph Infomax DGI'®, Adversarially Regularized
Variational Graph Auto-Encoder ARGVA!® and Linear Graph Variational Autoencoder LGVAEY. The advantage
of GNN-based models over the more straightforward graph embedding models is that they are more robust
because GNNs can share parameters between nodes (through message passing), work directly on the graphs,
and take advantage of the node features and the graph structure!®.

In this work, we present a novel deep learning approach using node embeddings (powered by GNNs), edge
embeddings, and anomaly detection algorithm to analyze the data generated by mass spectrometry (MS)-based
metabolomics called GEMNA, i.e., Graph Embedding-based Metabolomics Network Analysis (Supplementary
Fig. S1 and S2). Although embeddings have been used previously in mass spectrometry, this is the fi st time
they have been used for MS-based data filtration, and later identify changes in the filtered metabolic networks.
Receiving as input the MS data obtained either by an (i) fl w injection MS or chromatography coupled-MS
system, GEMNA identifies the ‘real” signals by using embedding filtration couple with a GNN model; and
generating as output the filtered MS-based signal list and a dashboard with graphs showing the changes between
metabolites among two or more samples.

Our proposal promises to help non-specialized MS researchers in chemistry and biology better understand/
visualize their MS results for decision-making and data interpretation. Moreover, in the case of an unknown
sample or fi st-time measurement, these steps together represent approximately 90% of the time in an analytical
laboratory. Hence, embedding models could accelerate this process, providing life scientists and health
researchers with a new toolbox.

Experiments and results

In this section, we evaluate our proposal, on three real datasets containing metabolomic studies and one
synthetic dataset. The source code was divided in backend and frontend. The backend was implemented in
Django rest framework, with PyTorch Geometric, PyOD libraries, and it is available at https://github.com/w
in7/GEMNA_Backend.git. Meanwhile, the fronted was implemented in Vue.js with Nuxt framework, and it
is available at https://github.com/win7/GEMNA_Frontend.git. The experiments were run on an AMD Ryzen
Th eadripper PRO 5955WX computer with 32 cores, 256 GB of RAM, 2x NVIDIA RTX A6000 with 48 GB of
VRAM. However, the experiments could be run on a computer with 16 GB of RAM and 8 GB of VRAM. For
example, our Mentos dataset took on average 8.45 min to be analyzed using the AMD Ryzen system, while it
took on average 12.66 min on the other.

Dataset
The datasets used to perform the experiments are described below. Additionally, further biological details of the
real raw data are shown in Table 1.

Synthetic dataset

We generated synthetic data using a multivariate normal distribution (Gaussian distribution), the distribution
depends on the mean and the covariance matrix. The mean was in the range of 0 to 100 000 and the covariance
matrix values were based on positive semi-defin te matrices. Two datasets were created, each one representing
a phenotype. The dataset size was 1 000 samples with 200 features. After that, for the experiments, a number of
features were selected to generate groups representing biological and analytical repetitions. Then each phenotype
may have 2, 3, 4 or 5 biological repetitions and 2, 3, 4 or 5 analytical repetitions, where an analytical repetition
is a feature.

Dataset | Metabolites | Phenotypes | Biological rep. | Analytical rep.
WT 5 40, 40, 40, 40, 40
Mutant | § 245 PFK1 2 40, 39
ZWF1 3 40, 40, 40
Control 3 3,3,3
Leaf 943 Treatment 3 3,3,3
Orange 2 3,3
Mentos | ] 782 Red 2 3,3
Yellow 2 3,3

Table 1. Raw data, biological details.
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Mutant dataset

The dataset was generated by Buettner et al.b. In their publication, the data was acquired using an ESI-MS
metabolomics (non-targeted) mass spectrometry-based to study Saccharomyces cerevisiae, auxotrophic,
BY4742 strains. The ZWF1 mutant strain lacks one of the reactions from glycolysis into the PPP and the major
NADPH-producing step; meanwhile, the PFK1 mutant strain lacks one of the Phosphofructokinase enzymes,
hence making the glycolysis pathway less effici t. According to the publication®, cellular extracts of these
phenotypes were analyzed on a fl w injection tandem (quadrupole time-of-fli ht) mass spectrometer (Agilent
6520) operating in negative mode scanning from 50 to 1000 m/z at a frequency of 1.4 full spectra per second.

Leaf dataset

The dataset was generated by Gonzalez-Teuber et al.”. The authors used an ESI-MS metabolomics experiment
(non-targeted) to evaluate the effects of warming on plant (Aristolochia chilensis) performance (growth, leaf
area and chlorophyll) and to estimate the overall changes in leaf metabolites between the ambient control and
when treated with the warming simulation. Aristolochia chilensis’ leaf samples were obtained from both WT
and heat-stress plants in the fi 1d at Praderas de lo Aguirre, Regién Metropolitana, Santiago, Chile (N = 10 plants
per treatment) by Dr. Gonzalez-Teuber’s team. The Dr. Gonzalez-Teuber’s team collected the plant material
following the Pontifi al Catholic University of Chile, Chilean, and international guidelines and legislation.
According to the publication’, leaf samples were shock-frozen in liquid nitrogen immediately after dissection
for transportation, lyophilized, and subsequently stored at —80 °C'. Stock solutions were prepared by grinding
40 mg of leaves under cold conditions. The leaf powder was dissolved in 1 mL of MeOH, vortexed for a period
of 5min, and then filtered with a 0.20 M syringe disk filter. Stock solutions were stored at —20 °C' until
measurement. A dilution solvent, comprising a mixture of MeOH and ddH20O containing 0.5% formic acid (FA;
1:1), was used to dilute stock solutions at a ratio of 1:200. The samples were directly injected into an Orbitrap
Q-Exactive HF mass spectrometer (MS; Thermo Fisher Scientific, United States) at a fl w rate of 20 L /min
. The MS data were acquired at a resolution of 60000 in positive mode data-dependent acquisition (DDA)
with a scan range of 50 — 750 m/z. Raw data from this experiment were fi st extracted using an in-house data
processing tool built in MatLab (vR2022a). Tentative identifi ation was performed using the Metlin'? and the
mzCloud (https://www.mzcloud.org/) repository.

Mentos dataset

The samples were collected by placing 3 g of one flavor (strawberry, orange, or lemon) of Mentos candy in a
20 mL headspace vial (Thermo Scientific, USA). A 50/30 um DVB/CAR/PDMS coated SPME fiber (Supelco-
Aldrich, Bellefonte, PA, USA) was thermally cleaned and desorbed between samples. The fibers were conditioned
for 30 min at 250 °C'. Then, the fibers were introduced inside the headspace vial and incubated at 40 °C for
30 min with agitation. The SPME fiber was placed into the injector port at 250 °C' for 3 min. Helium carrier
gas (99.999%) was set at a constant 1.2mL/min fl w. The oven temperature was programmed from 40 °C
(held for 3min) to 250°C' at 10°C'/min (held for 10 min). A DB-5 column (30 m X 250 pum, 0.25 um
film thickness; Agilent) was used. The Thermo TSQ 9610 was used as a detector, with the MS transfer line
temperature set at 250 °C' and the ion source (electron impact, 70 V') maintained at 250 °C'. The TSQ operated
in full-scan acquisition mode with a mass range of 45 — 1100 m/ z. The raw data, a comprehensive record of our
experiments, were meticulously processed with MS-DIAL, ensuring the accuracy and reliability of our results.

Experiments setup

According to the pipelines, the experiments involve several steps, one of the most relevant steps is the networking
filtering through of the node and edge embeddings. Table 2 shows the possible configur tions, each configur tion
was run 5 times to determine common subnetworks and the runtimes.

Features Values
Node embedding VGAE, LVGAE, ARGVA, DGI

Positional encoding | Laplacian PE, Random Walk PE

Dimensions 2,3,4,8,16, 32,64, 128

Optimizer Adamwith Ir = 1072, weight decay = 10™*
Early stopping Patience = 10

Epochs 100

Edge embedding Weighted-L2

Outliers detection | COPOD with (contamination = 0.1)

Dataset Synthetic, Mutant, Leaf, Mentos

Network variations | None (0:0), one-to-one (1:1), many-to-many (m:m)

Table 2. Experiments setup. Laplacian eigenvector, Random Walk were applied only on VGAE, LVGAE,
ARGVA, DGI
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Results

Th s section is divided into two parts, in the fi st part we show the influence of the number of biological repeats
and analytical repeats on the task of fi ding a subnetwork. In the second part, we show the results for each
proposed pipeline, including the runtimes to generate node embeddings, and edge embeddings.

Influence of raw data

Using our algorithm on our synthetic data set illustrates that the effici cy of network filtering depends on the
number of biological repetitions and analytical repetitions for each sample type (phenotype). Fig. 1 shows the
number of common edges (i.e., pattern) is influenced by the number of biological repetitions (e.g., 2, 3, 4, or 5)
and their respective analytical repetitions (e.g., 2, 3, 4, or 5). While a low number of analytical repetitions show
a better coverage (i.e., sensitivity), a higher number of analytical repetitions increases the variability, and more
common edges are filtrated, i.e., the common subnetworks (i.e., phenotype pattern) contain fewer common
edges (i.e., robustness). Th s result is similar to the one observed in DNA sequencing. The more measurements
one has (depth), the more it is possible to discover single nucleotide polymorphisms. After the experiments
with the synthetic dataset, it was concluded that the minimal data set must consist of 2 biological repetitions
(each of them with two analytical measurements) to generate partial correlations with coeffici ts of —1, 1, or
null. However, for generating correlation coeffici ts with normal distribution, minimum requirements for 6
data points are needed for one phenotype, Fig. 8(b). Ideally, these 6 data points for one phenotype consist of 2
biological repetitions, each with three analytical measurements. Meanwhile, the greedy (filtering) version fi ds
all common edges, including abnormal edges (outliers).

Pipeline results
In this section, we display and describe the results obtained by each pipeline of our proposal.

Network generation Since the signal filtering will happen using embeddings, it is important that the original
networks will be in the same latent space for an optimum comparison. Thus, adding variations to the partial
correlation networks, such as linking one common node among biological repeats or linking each common node
among biological repeats, forces all embeddings will be present in the same dimensional space. The details of
the Synthetic, Leaf, and Mentos networks are shown in Tables 3, 4, and 5, for each biological feature or class (i.e.,
phenotype) and with their respective network variations (none, one-to-one, many-to-many). For each network,
the edge features are partial correlation coeffici ts.

Fig. 1. Performance of biological repetitions (Br) and analytical repetitions (Ar). The red dotted line represents
the number of common edges found by a greedy algorithm, which does not eliminate edges considered

as noise (outlier). The solid grey line represents the number of common edges based on the inverse of the
covariance matrix (Precision matrix).
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Phenotype | Variation | Num. nodes | Num. edges | Density | Node feat. (dim.)
200 19 900 1.0 Signal intensity (3)
0:0
200 19 900 1.0 Signal intensity (3)
Phenotypel
1:1 400 39801 0.49 Signal intensity (3)
m:m 400 40 000 0.50 Signal intensity (3)
200 19 900 1.0 Signal intensity (3)
0:0
200 19900 1.0 Signal intensity (3)
Phenotype2
1:1 400 39801 0.49 Signal intensity (3)
m:m 400 40 000 0.50 Signal intensity (3)

Table 3. Synthetic networks details.

Phenotype Variation | Num. nodes | Num. edges | Density | Node feat. (dim.)
890 255 685 0.65 Signal intensity (3)
0:0 826 227 941 0.67 Signal intensity (3)
Control 837 237 457 0.68 Signal intensity (3)
1:1 2553 721085 0.22 Signal intensity (3)
m:m 2553 722709 0.22 Signal intensity (3)
877 249 858 0.65 Signal intensity (3)
0:0 825 228 861 0.67 Signal intensity (3)
Warming-treated 851 235812 0.65 Signal intensity (3)
1:1 2553 714 533 0.22 Signal intensity (3)
m:m 2553 716 144 0.22 Signal intensity (3)

Table 4. Leaf networks details.

Phenotype | Variation | Num. nodes | Num. edges | Density | Node feat. (dim.)
1779 1098 769 0.69 Signal intensity (3)
0:0
%771 1064 854 0.68 Signal intensity (3)
Orange
1:1 3550 2163 624 0.34 Signal intensity (3)
m:m 3550 2165392 0.34 Signal intensity (3)
1777 1066 283 0.68 Signal intensity (3)
0:0
Red 1772 1084732 0.69 Signal intensity (3)
e
1:1 3549 2151016 0.34 Signal intensity (3)
m:m 3549 2152784 0.34 Signal intensity (3)
1780 1060 719 0.67 Signal intensity (3)
0:0
1771 1053119 0.67 Signal intensity (3)
Yellow
1:1 3551 2113839 0.34 Signal intensity (3)
m:m 3551 2115608 0.34 Signal intensity (3)

Table 5. Mentos networks details.

Network filtering  Traditionally, filtering MS data is based on the CV% of a signal or the peak shape. Here, fil-
tering is focused on obtaining a common subnetwork from the metabolic correlation network (corpus networks)
of a phenotype. The filtering process depends essentially on the generation of node embeddings, edge embed-
dings, and anomaly detection. The Supplementary Fig. S3 displays this process of embeddings manipulation.
To evaluate the over-smoothing issue in the generation of the node embeddings, we used the Mean Average
Distance (MAD) metric?, in Fig. 3, we show the behavior of Laplacian PE, and RandonWalk PE, a value close
to 0, represents that the node embeddings are indistinguishable. In the same way, Fig. 2 shows the number
of common edges that could be filtered, according to the features in the Table 2. Thus, from Fig. 2, we can
observe that, the many-to-many network variation fi d more common edges. Moreover, adding Laplacian PE
helps to fi d a more signifi ant number of common edges. Regarding the dimension of embeddings, they are
visualized that the results are similar, however, the runtimes to generate the node embeddings and especially to
generate the edge embeddings grows according to the dimension of embeddings, where the curve looks like an
exponential growth. The plots of the runtimes for the generation of the node embeddings are shown in Fig. 4(a)
and for the case of edge embeddings in Fig. 4(b). To select the best model we performed a ranking (see Table 6)
with the normalized data of Fig. 2 with MinMax scaler, as of result the LVGAE and ARGVA models fi d more
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Fig. 2. Number of common edges in filtering networks.

Fig. 3. MAD values on Mentos dataset.
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Fig. 4. Runtimes to generate embeddings on Synthetic networks.

Num. | GNN GNN + Laplacian PE | GNN + Random Walk PE
1 ARGVA | DGI ARGVA

2 DGI ARGVA DGI

3 VGAE | LVGAE LVGAE

4 LVGAE | VGAE VGAE

Table 6. Ranking of models to fi d common subnetwork.

edges in common. By default, our proposal approximately keeps 90% of common edges (it depends on anomaly
detection algorithm parameters). Therefore, we expect the GNN models to be close to this percentage, and it
keeps a maximum number of common edges.

In summary, to select the best performing configur tion (experiments setup), we consider the configur tion
that filters a larger number of edges (see Fig. 2) in a shorter runtime (see Fig. 4). Based on the results, the best
choices are the LVGAE and ARGVA models, with a network variation of many-to-many, and an embedding
dimension of 3.

Similarity analysis Thsfi alstep of the GEMNA workfl w is associated to the visualization of the data. The ob-
jective of the similarity analysis is to identify the changes between a pair of metabolites in the partial correlation
network. Note that one of the networks must be a control network. In Fig. 5 the signifi ant correlation changes
(metabolomic changes) for Mutant networks are visualized. The software can also generate heatmaps to visualize
changes in terms of the intensity ratio between two metabolites. In Fig. 6 changes in intensity of selected MS
signals exhibiting signifi ant differences (One-way ANOVA) between ambient control (C) and warming-treated
(W) Aristolochia chilensis plants. The Fig. 7 displays that GEMNA identifies more metabolites than standard
approaches based on CV%. We performed a systematic quantitative comparison on the Mentos dataset. Here,
we quantify the quality of clusters using the Silhouette score, and Intra-cluster distance. GEMNA outperforms
traditional methods including, signal intensity, ANOVA, and CV% by a large margin, as reported in Table 7.

Method
The methodology used in network generation, network filtering and similarity analysis (metabolomic changes)
between two or more metabolic networks is presented in this section.
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Fig. 5. Similarity analysis on Mutant network.

Fig. 6. Heatmap on Leaf filter data.

First, we will describe the format of the mass spectrometry data (raw data), and the requirements needed. The
fi st 4 columns of the tables are metadata, while the rest of them are signal intensity (measurements), divided
into biological and analytical repetitions for each phenotype, as shown in Fig. 8(a). We expect the data to have
at least three analytical repetitions for each biological repetition (see Fig. 8b). If there are only two analytical
repetitions, a third column can be added using the bootstrapping technique. Our proposal is described below.

Network generation

The raw data generated after a metabolomics study undergoes preprocessing, where the intensities of the identifi d
compounds are aligned. Then from this, an additional preprocessing is applied to build the metabolomics
networks. The steps of this pipeline 1 are described below.

i Remove not required variables that will not be used in the network filtering, and similarity analysis steps. The
variables we keep are: Alignment ID, Retention time (if given), Isotopic molecular ion (m/z), Metabolite name
(if given) and signal intensity. Figure 8a shows the result.

ii Transform measurements by logio (only if necessary).

iii Calculate the partial correlations on the measurements of analytical repetitions.

iv Build networks, the edge between a pair of nodes (metabolites) (v;, v;) exists if, |correlation(vs, v;)| = 0.5
, this condition involves moderate, strong or very strong correlations between those two metabolites influ-
ence for the rest of metabolites.The output of this pipeline 1 is a set of partial correlation networks for each
phenotype. Figure 9a shows pipeline 1 with the network generation from raw data. Additionally, we add
variations on the original networks (see Fig. 9(b)). The variation called one-to-one (1:1) consists of joining
by an edge to a single node that belongs to the networks of the set of networks. Likewise, the variation called
many-to-many (m:m) consists of joining by an edge all the nodes with the same identifier within the set of
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Fig. 7. PCA on Mentos filter data workfl w.

Filtration (nodes remaining) Intra-cluster distance
Methods MS-Dial features | + ANOVA (> 0.05%) | + CV % (< 40%) | + GNN | Red | Orange | Yellow | Silhouette score | Nodes lost
Baseline 1782 - - 46.32 | 36.33 27.10 0.242 0
ANOVA 1782 622 - - 396 |[5.99 9.59 0.154 1160
ANOVA + CV% | 1782 622 215 - 17.01 | 23.88 32.60 —0.004 1567
GEMNA 1782 - 301 2.60 |1.96 3.69 0.409 1481

Table 7. Comparison between GEMNA vs. Statistics approach.

Fig. 8. Mass spectrometry data details. (a) Id is Alignment ID, Rt is Retention time, M z is Average Mz, Na
is Metabolite name, B1, Bo, ..., B« are Biological repetitions. In addition, each biological repetition has two
analytical repetitions at least.

networks, also consecutively. These ideas were found from

11,21

respectively. Adding these variations to the

original set of networks helps to bring the node embeddings of each biological repeat to closer latent spaces
and, therefore, to fi d anomalies more properly.

Network filterin
It receives as input two or more metabolomic networks of a similar phenotype C = {B1, By, ..., Bq}, with
some network variations, as shown in Fig. 9b. Pipeline 2 includes the following steps.
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Fig. 9. Pipeline 1: Network generation. Note: none means, network without variation.

i Generate node embeddings Zi, VG, € C, using VGAE!, DGI'>, ARGVA!® or LGVAE!'” models. The ar-
chitecture of VGAE, ARGVA, LGVAE contains encoders and decoders. The encoder of VGAE contains two
Graph Convolutional Network (GCN)?2 layers, the encoder of LGVAE replaces GCN layers with linear mod-
els, the encoder of ARGVA include an adversarial training scheme to regularize the latent space by GCN. On
the other hand, DGI has four components: corruption function, encoder based on maximizing local mutual
information, readout function, and discriminator. Thus, the decoder is trained to reconstruct the original
graph structure. All of them were proposed to unsupervised tasks. Because of, the non-existence of posi-
tional information of the nodes; in the experiments we concatenate the node features with two positional
encodings (PE), Random Walk PE** and Laplacian PE* to generate the node embeddings and leverage the
GNNG. The positional encodings are a strategy that supports the positional and structural representation of
GNNe .

ii Calculate edge embeddings 2k, VG}, € C, using Weighted-L2 operator, defi ed as: |z; — z; |2.

ili Concatenate (only for 0:0 network variation) and detect outliers (anomalous edges), according to edge embed-
dings. Therefore, Zconcat = Z1 ® Z2 ® ... & Zq and inliers(Zeoncat) = Zeoncat — outliers(Zeoncat)s
using Copula-Based Outlier Detection (COPOD) algorithm?*. Formally, a copula is the cumulative distri-
bution function (CDF) of a vector with uniform marginals on the interval [0, 1]. COPOD, includes three
steps, 1) calculate the CDFs of the dataset, 2) use the empirical CDFs to generate the cupula function, 3)
use the empirical copula to approximate the tail probability. The output of this pipeline is a filtered network,
i.e., a common subnetwork for a biological network of one phenotype (sample type). Note: Th s common
phenotype can be built by focusing on sensitivity (optimizing for the maximum number of nodes) or robust-
ness (optimizing for the most stable interactions between nodes), for both cases using the common edges
obtained. Pipeline 2 is shown in Fig. 10.

Similarity analysis
It receives as input two filtered metabolomic networks F1, F» obtained in pipeline 2 and consists of the following
steps, as shown in Fig. 11(a).

i Operations on networks via union of F1 and F? into a single network R,.

ii Determine the change in correlation (metabolomic change) over the network R,, based on a pair of filtered
networks. To determine whether two correlations are signifi antly different; fi st, transform the correlations
into fisher Z-scores; second, calculate the standard error of the difference of the Z-scores, then calculate
the ratio between the difference and the standard error; fi ally, compare this ratio to a standard normal
distribution. The p-values for each change of correlations are obtained after the calculation®®.The output of
this pipeline is a directed network R, with labelled edges with their own correlation changes (metabolomic
changes). The network R, can be divided into two subnetworks, the fi st subnetwork R, with signifi antly
different correlations (p-value < 0.05 or label contains the “?” mark) and the second subnetwork R, with
non-signifi antly different correlations (p-value > 0.05 and labels with identical letters). The labeling of each
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Fig. 10. Pipeline 2: Network filtering. Note: The edges in red color have positive correlation and the edges in
blue color have negative correlation.

Fig. 11. Pipeline 3: Similarity analysis. Note: the “?” mark means that there is no correlation.

edge (vi,v;) € R, is obtained according to a threshold (th) and the weights w1, ; € Fi and w2, ; € F»
. We consider a th = 0.8, then, the high negative correlation (N) is in [—1.0, —th], the moderate negative
correlation (n) is in (—th, —0.5]. In contrast, the moderate positive correlation (p) is in [0.5, th), the high
positive correlation (P) is in [th, 1.0]. For example, given an edge (v1, v2) with weights w1, , = 0.6 and
w2, , = —0.9, then, according to the scale in Fig. 11(b), the label for the edge is pN (v1 255 ).

In summary, all steps are visualized in Fig. 12, from the network generation of the biological repetitions with their
respective analytical repetitions, to obtaining the biological network systems with their respective metabolomic
changes. The toy example in Fig. 12 has three phenotypes, P1, P2, P with P> considered as the control. These
phenotypes pass through the network generation (pipeline 1), after that, they are filtered (pipeline 2) and fi ally,
similarity analysis (pipeline 3) to identify signifi ant changes in the biological networks, it is performed for each
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Fig. 12. Our method with a toy example. Note: Br1, Bra, ..., Br. are Biological repetitions.

phenotype regarding the control, in this case P; with P, and Pz with P». The entire pipeline was implemented
in a web application called GEMNA (Supplementary Fig. SI and S2).

Discussion

Due to the large datasets produced in traditional mass spectrometry-based experiments, specialized software
is always required to identify better and interpret the results. The current metabolomics software uses
normalization tools to eliminate confounding factors, particularly the so-called batch effects. Normalizing
the peaks is usually performed using a regression curve (e.g., LOESS) or Random forest (SERRF) algorithm to
reduce these co-founding factors. These normalization techniques allow for the reduction of batch variations
or amplitude drifts. However, this is not always enough. More advanced software uses coeffici t of variations
between analytical repeats or peak shape profiles. Ths strategy assumes that MS noise is a mixture of “real
(unique)” signals and “not interesting” signals. The latter combines redundant signals (i.e., fragments or clusters
of the unique signals), contaminants, and electronic noise. Therefore, since contaminants and electronic noise
are not strongly correlated to “real (unique)” signals, these signals could be filtered using a combination of
embedding algorithms.

In addition, GEMNA minimizes MS noise by removing those signals whose interaction with the rest
(correlation network) has the most variability. Hence, we are improving the output data quality by zooming in
on the signals with the most robust interactions. Furthermore, GEMNA also facilitates data interpretation for
non-MS experts by introducing a graphic user interface with simple data visualization tools. Hence, once the
most effici t parameters have been identifi d for building the embeddings (pipeline 1), and subsequently, the
network was filtered from the signals with the highest variability (pipeline 2), the software allows the researcher
to visualize the data under different formats.

For example, in the similarity analysis for different phenotypes of S. cerevisiae measured with ESI-MS®, the
differences between the metabolic networks formed by the WT (control) and PFK1 properties can easily be
observed in Fig. 5(a). Here, it is noted that for the WT phenotype, there was a strong negative correlation (N)
between the metabolites Fructose 1; 6-bisphosphate and Phosphoenol pyruvate as it would be expected. Ths
correlation signifi antly differs from the one observed in the PFK1 system, where one PFK enzyme is removed,
while it remains slightly changed in the ZWF1 system, i.e., the algorithm shows that the strong negative
correlation stays, but the magnitude of the correlation is (statistically) signifi antly different. On the Leaf dataset
measured using an ESI-MS instrument’, the Fig. 6 shows ratio of change between warming-treated and WT
plants. The zoom version of the figu e highlights the signals with the highest variation, among them are selected
amino acids as reported in’. In summary, the software is an open-source web application, which is compatible
with any mass spectrometry experiments and can contribute non-specialists to better filtrate their data from MS
noise and visualize the results in a friendly user environment.

Another advantage of GEMNA is its ability to improve clustering-based analysis, such as PCA. Figure
7, and Table 7 showcases the results of GEMNA (silhouette score = 0.409) vs. the traditional approach
(silhouette score = —0.004) for noise filtration after peak normalization in a headspace analysis of Mentos
using a GC-MS instrument. Moreover, after the network filtering pipeline over Mentos, GEMNA on average
obtains 301 nodes (metabolites), while the statistical approach only obtains 215. As in many untargeted
metabolomics systems, PCA is difficult to interpret due to the presence of confounding factors, in particular, the
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so-called batch effects and MS noise. Here, the graph neural network (graph embedding AI) can automatically
choose relevant signals and produce a better PCA to the one obtained by manually choosing the signals of
interest after removing “noisy peaks” based on their CV% and peak shape.

Conclusion

We propose GEMNA, a novel open-source tool for metabolic study based on node embeddings, edge embeddings,
and anomaly detection. GEMNA allows filtering raw data and fi ds signifi ant metabolomic changes between
two or more metabolic networks. Experiments report that in network filtering, on average 90% of edges in
common are kept, the others are removed by the anomaly detection algorithm. The runtime is related to the
dimension of the embeddings, i.e., a smaller dimension needs a shorter runtime.

In conclusion, the most competitive models were LVGAE and ARGVA, the best network variation was many-
to-many, and the dimension of the embeddings was 3. In addition, the minimum requirement for the good
performance of these models is to have two or more phenotypes, which one of them is the control. Furthermore,
each phenotype (and control) consists of at least two biological repetitions, and each with at least 3 measurements.

Data availibility

The MS files for the Mutant and Leaf (Aristolochia chilensis) datasets can be found in their original articles (®7).
The MS files for the Mentos dataset can be downloaded from the following link: https://drive.google.com/drive/
folders/11jFilAxMmjHFPQETvOVLPyEgInVTZVna
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Chapter 5

Conclusions and future works

5.1 Conclusions

In this work, we first review the data generated by the analytical technique of mass spec-
trometry and the traditional algorithms (based on statistics) for the analysis of this type of
data. We noticed the disadvantages of statistical methods and investigated new approaches
based on machine learning for the analysis of mass spectrometry data. As a result of this
first approach, we found models based on graph embeddings. These models capture the
information contained in metabolomic networks (formed by mass spectrometry data) at the
level of nodes, edges, or graph/subgraphs and represent them in a d-dimensional vector
called node-, edge-, or graph/subgraph embeddings respectively. Typically, these models
solve node classification, link prediction and community detection tasks. The latter task was
used as a starting point for the analysis of the mass spectrometry data. Furthermore, in the
state-of-the-art we found that these models are used for different applications, for example in
the field of chemistry and biology, where there are several data sources including genomics,
proteomics, metabolomics.

In the second part, we designed a pipeline for a metabolomic study using node embed-
dings (based on GNN), edge embeddings, and anomaly detection algorithm. The study
consisted of, filters raw data and identifies significant metabolomic changes across multiple
metabolic networks. Our proposal, called GEMNA, is a new approach to the exploratory
analysis of metabolic networks. Experiments show that our approach is an improvement
on traditional statistical-based techniques. For example, for the Mentos candy dataset, the
data clusters produced by GEMNA were better than the ones used in traditional techniques
based on statistics; GEMNA has silhouette score = 0.409, vs the traditional approach has
silhouette score = —(0.004. Finally, we developed an interactive web application to facilitate

metabolomics studies.
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5.2 Future work

5.2 Future work

Mass spectrometry data are known to be very complex data. Because of this, it is important
to continue research on new strategies for the analysis of data generated by untargeted
metabolomics studies. We propose to investigate Geometric Graph Neural Networks (GGNN)
for the analysis of metabolomic networks. Compared to GNNs, GGNNs generate node
embeddings using a feature tensor features, e.g.s the node coordinates in the R space.
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Appendix A

User guide of GEMNA web application

GEMNA, is an open source web application. A user guide is presented below. The user guide
consists of two sections. The first section displays the form wizard to load the raw data, and
choose the parameters to perform the processing and analysis. The second section displays a
visualization panel of the networks, heatmap, in order to observe the metabolomic changes.
In addition, it contains forms for more specific queries on the results.
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1 Introduction

The guide is divided into two parts; the first part (Sec. 2) deals with processing
and analyzing mass spectrometry data, and the second (Sec. 3) deals with
visualizing and finding patterns in the results. For this guide, we use the
Mutant dataset containing three phenotypes: WT, pck1, and zwf1.

The source code was divided in backend y fronted. The backend was imple-
mented in Django rest framework, with PyTorch Geometric, PyOD libraries, and
it is available at https://github.com/win7/GEMNA_Backend.git. On
the other hand, the fronted was implemented in Vue.js with Nuxt framework,
and it is available at https://github.com/win7/GEMNA_Frontend.git.

2 Process and analysis

2.1 Format input

The format of the input file must be in the .csv format, and the “|” character
delimits the columns. The first four columns are the metadata, and the
remaining are the intensity measurements. An example is shown in Figure 1.

Alig"mea; Ave'a?: Averan’;l: Mem:‘:’:: WT333 WT519 WI524 WI528 WI315 WI344 .. pck111.6 pcki229 pcki212 pcki1.43 zwfl1.27 zwf1325 zwf1312 zwf1336 zwfl 142

0 1 0 590049  Unknown 169 286 575 340 939 40 .. 913 640 1078 639 466 s02 184 1008 851

1 2 0 590137 Unknown 4894 60211 195240 148489 81334 54320 .. 69318 162356 135568 118566 51114 84501 66010 99974 129520

2 3 0 590291 Unknown 1553 2288 7911 5562 4064 2006 .. 3124 6693 5744 4682 2067 3571 27%8 4384 5416

3 4 0 590370  Unknown 1 257 1262 1012 1247 186 . 616 1549 1205 961 553 913 448 902 1185

4 5 0 590453  Unknown 1 12 321 1 634 65 .. 27 624 699 399 234 167 212 330 398
6240 6241 0 9965509 Unknown 1745 1280 2179 2526 1805 2533 .. 25% 3262 2728 2512 2103 2031 2844 2479 2639
6241 6242 0 996709  Unknown 1593 361 979 934 1766 1758 .. 2092 1507 2126 25% 2188 3212 3354 4749 2695
6242 6243 0 9975542  Unknown 1724 982 2727 2481 2318 2253 .. 2729 1543 2266 2259 2063 2206 3114 2799 2499
6243 6244 0 9977131 Unknown 1490 7 968 691 1319 1660 .. 1719 216 1971 1449 863 1623 2412 2773 1302
6244 6245 0 9984845 Unknown 2412 856 2737 2287 1875 0 . 3187 3000 3067 2161 1104 2486 2707 1630 2194

Figure 1: Aligned mass spectrometry data format.

2.2 Process mass spectrometry data
2.2.1 Load your data

The form (see Figure 2) requires an e-mail address, to which you will receive
a code to be used later in the visualization section.

2.2.2 Parameters selection

The form (see Figure 3) requires the choice of the following parameters:
the method to generate the node embeddings (the best LVGAE), network



Figure 2: Load your data.

variation (the best many-to-many), dimension of the embeddings (the best 3),
control (for this dataset is WT), the data has no transformation, the correlation
threshold to generate the networks (default 0.5), and the threshold to filter
the significant changes between two metabolomic networks (default 0.05).

Figure 3: Choose your parameters.

2.2.3 Confirm experiment

In this last step, all selected parameters are displayed (see Figure 4). To start
the process, click on the FINISH button. Then, the web application will start
processing and analyzing the data. At the end, the user will receive an email

3



with a code, as shown in Figure 5. Additionally, you will receive .csv files with
the correlation changes between the phenotypes. These files are already
formatted to upload the results to the BioCyc database.

Figure 4: Verify experiment details.

Figure 5: Received e-mail.



3 Visualization

3.1 Load experiment

Type the experiment’s code in the form (see Figure 6), and click the LOAD
button. After that, two summary tables are displayed. There, you can see the
details of the networks and a table with the number of correlation changes,
as shown in Figure 7.

Figure 6: Load experiment form.

Figure 7: Network overview and network labels.

3.2 Analysis of specific result

After the previous step, a form will be displayed to perform a more specific
analysis of the results (see Figure 8). First, you select the groups to compare
(Wt-pck1 or WT-zwf1). Second, you select the metabolites of interest, and the
search can be done using any of the metadata (ID, Retention time, Average
Mz, Metabolite name). Thirdly, the type of visualization selected can be
Correlation nodes, where the network shows only the correlation between the



selected metabolites. In contrast, the Correlation + neighbors nodes option
shows the previous network plus all the neighbors of the selected nodes. To
see the results, click on the FILTER button.

3.3 Similarity analysis and heatmap

Finally, examine the interaction between the metabolites of interest, Figure 9
(left) shows the change in correlation between the metabolites of interest.
On the other hand, Figure 9 (right) shows the heatmap of the correlation
changes.

Figure 8: Analysis form.



Figure 9: Similarity analysis and heatmap.
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