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ABSTRACT

Metabolomics is a systems-wide study of small molecule metabolites. It provides a read-
out of underlying cellular and biochemical events. Liquid Chromatography coupled with
Mass Spectrometry (LC-MS) is one of the most common analytical platforms used to
perform metabolomics studies. The analysis of LC-MS metabolomics data is a complex
multi-step process. It involves data processing, normalization, followed by statistical
analysis and functional interpretation. While several computational tools have been built
to help perform these tasks, a major challenge remains linking alterations in metabolite
levels to specific biological processes. In this dissertation, | develop and apply novel
computational methods for the analysis and interpretation of metabolomics data, to help

build testable hypotheses and derive novel biological insights.

Over the past decade, mapping and visualizing experimentally measured metabolites in
the context of known biochemical pathways has become ubiquitous. However, pathway
mapping is restricted to named metabolites from well-annotated biochemical pathways.
Realizing the limitations of knowledge-based approaches, in Chapter Two, we developed
a bioinformatics tool, Filigree, that provides a data-driven approach by inferring
associations among metabolites directly from experimental measurements to construct
metabolic networks. These associations can be quantified by ‘partial correlations' that
measure the conditional dependence between metabolites, thus eliminating spurious and
non-informative interactions. In a high-dimensional setting (n << p), the partial
correlation network is computed using the l1-regularized graphical lasso method. The
Differential Network Enrichment Analysis (DNEA) algorithm that Filigree implements
computes the network using a joint estimation method (JEM) which allows the use of all
samples in both experimental groups by modifying the graphical lasso penalty term. The
network is then clustered using consensus clustering to identify highly interconnected

subnetworks; and finally, the enrichment of these subnetworks is determined using the

Xiv



NetGSA algorithm. In addition, Fil/igree addresses common challenges that often arise in
the analysis of “real world” metabolomics data like high dimensionality (n << p) and
highly imbalanced experimental groups. To demonstrate Filigree’s applicability, |
analyzed metabolomics datasets from type 1 and type 2 diabetes and lipidomics dataset
from the Michigan Mother-Infant Pairs (MMIP) cohort and were able to identify previously

known and some novel biochemical disruptions leading to an altered metabolic state.

In Chapter Three, | analyzed a COVID-19 metabolomics data to identify metabolic
markers of disease severity. My analysis revealed that the plasma metabolome of COVID-
19 patients and healthy controls is strongly influenced by clinical characteristics as well
as anesthetic administration for intubation. There were distinct differences in the
metabolic profiles of patients with mild and severe COVID-19. These differentiating
metabolites included several acylcarnitines and acylglycerols and were better able to

discriminate mild and severe COVID when compared to clinical risk factors.

In Chapter Four, | assessed the association of data-driven metabolic modules with the
BMI trajectory of ALS (Amyotrophic Lateral Sclerosis) patients over 5- and 10-years
preceding diagnosis. | showed that while individual metabolites do not show a significant
association with BMI trajectory, metabolic modules obtained from partial correlation
networks do, suggesting a nuanced relationship between BMI trajectory and the
metabolome. Additionally, a subset of these metabolites was individually predictive of

ALS survival as well, indicating a metabolic link between loss of BMI and ALS survival.
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CHAPTER |

Introduction to Computational Metabolomics
1.1 Introduction to metabolomics

Metabolites are small (50 to 1500 Da) molecules that comprise the substrates,
products, and intermediates of cellular metabolism. Metabolites play a crucial role in a
variety of physiological processes including signaling®?, immune modulation?, regulation of
gene expression®®, and cofactor activity®. “Metabolomics” is the term given to the
comprehensive and systematic study of the metabolome, with the aim to investigate the
underlying physiological state of the system. The “metabolome” represents the repertoire
of all metabolites in a biospecimen and thus provides a readout of the underlying cellular
and biochemical events that reflect the genetic makeup, epigenetics, the microbiome, and
environmental exposures, including diet. The metabolome can therefore be considered as
a crucial link between the genotype and phenotype (Figure 1.1, obtained from Steur et al
(2019)" and Carneiro et al (2019)8). Dynamic changes in metabolic processes occur on a
timescale of a few seconds. These properties make the metabolome an attractive tool for

the investigation of the system phenotype.
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Figure 1.1: Overview of various omics technologies (left)” and the role of metabolomics in the “omics
pyramid” (right)®.

1.2 Metabolomics in biomarker discovery

Over the last decade, the field of metabolomics has become an integral part of basic,
clinical, and translational research. Metabolomics has played a particularly crucial role in
biomarker discovery in a variety of diseases, including several cancers®*!, cardiovascular
pathology*?*3, renal diseases'*®, lung diseases', and diabetes'’~?°. One of the biggest
advantages of utilizing metabolomics in a clinical setting for biomarker discovery is the
ability to garner significant amount of information from non-invasive and relatively easy to
obtain biological samples such as blood/plasma, urine, feces, saliva, and in some cases,

even hair 2.

Assessing the levels of small molecule metabolites to ascertain the presence of disease is
not a new concept. One of the earliest applications of metabolites as markers of disease
was for diagnosing inborn errors of metabolism (IEM)?2. Another classic example is the
measurement of blood glucose levels to monitor diabetes. Similarly, serum creatinine is a
marker for kidney function?®* while serum bilirubin, alanine aminotransferase (ALT) and

aspartate aminotransferase (AST) are markers of liver function?.

Recent advances in sensitivity and accuracy of metabolomics assays had significant impact

on biomarker discovery. These technologies have made it possible to identify multiple



biomarkers for a disease, enabling better diagnosis. Metabolomics can be utilized to
identify biomarkers of a disease after the disease has manifested itself i.e., metabolic
differences are already apparent. In this case the identified biomarkers can be useful for
diagnosis purposes. For example, sarcosine has been identified as a marker of prostate
cancer progression®* and trimethylamine N-oxide has been reported as a marker of
cardiovascular disease?®®. On the other hand, metabolomics can also be used to identify
predictive biomarkers of a disease before the onset of clinical symptoms. A panel of the
three amino acids - isoleucine, tyrosine and phenylalanine, has been shown to be an
effective marker of future development of type 2 diabetes®®, while the branched chain
amino acids (BCAAs) isoleucine, leucine and valine have been shown to be markers of future
development of pancreatic cancer?. In either scenario, the approach typically follows the
“hypothesis-generating” model wherein the metabolic profiles of healthy and non-healthy
individuals are compared, the most differentiating metabolites are identified leading to

identification of dysregulated metabolic pathways.

The vast majority of biomarker studies rely on non-targeted metabolomics (described in
subsequent sections) wherein the goal is to analyze as many metabolites as possible to
arrive at a single or a panel of the most discriminating metabolites. Alternatively, targeted
metabolomics (elaborated in subsequent sections) aims at identifying and quantifying a
preselected category of metabolites within a sample. Selection criteria can be either based
on a common chemical class (for example, amino acids or lipids) or based on specific
biochemical pathways or a proposed hypothesis. Targeted and untargeted analyses are
complementary and their integrative implementation in biomarker discovery reveals the

true power of the metabolome in understanding complex biochemical pathways.
1.3 Metabolomics instrumentation and assays

Metabolites have highly diverse physical and chemical properties and are therefore
classified into various biochemical classes (lipids, amino acids, peptides, sugars, fatty
acids, organic acids, steroids, etc.). Owing to this chemical and structural diversity, the
instrumentation and technologies applied to measure these metabolites are also varied

and depend on the goal of the analyses.



Metabolomics experiments largely employ either one (or both, depending on the

experiment design) of the two following analytical platforms:

1) Nuclear Magnetic Resonance (NMR) spectroscopy, and 2) Mass Spectrometry (MS),
coupled with a sample separation technique such as Liquid Chromatography (LC-MS), Gas

Chromatography (GC-MS), or Capillary Electrophoresis (CE-MS).

NMR spectroscopy exploits the unique energy signature emitted by a metabolite when
subjected to electromagnetic radiation of a specified frequency in the presence of an
external magnetic field to determine the molecular composition of a sample based on their
chemical shift patterns. NMR spectroscopy is very advantageous in that it is a non-
destructive technique and samples can be re-analyzed as needed. Additionally, NMR is a
highly reproducible technique, requiring minimum effort for sample preparation and is
routinely quantitative?®. However, one of the biggest weaknesses of this technique is its low
sensitivity; the low-throughput coverage of the metabolome also makes NMR less

attractive in comparison to mass spectrometry-based metabolomics.

Mass Spectrometry allows the detection of very low abundant metabolites (picomolar
range), making it an attractive alternative to NMR. A typical mass spectrometer consists
of a sample-introduction system, ionization source, mass analyzer and ion detector.

Molecules are separated and quantified based on their mass/charge (m/z) ratio.

For complex mixtures such as most biofluids, the mass spectrometry analysis is preceded
by a chromatographic separation technique that reduces ion-suppression effects. The most
common separation techniques used are liquid chromatography (LC) and gas
chromatograph (GC), although capillary electrophoresis (CE) is also routinely employed.
LC-MS is the most common technique applied in metabolomics. Liquid Chromatography
consists of a non-polar stationary phase and a polar mobile phase. The analyte moves
through the stationary phase (column) and gets adsorbed based on its physicochemical
properties i.e., compounds with a higher affinity for the stationary phase will be retained in
the column for longer and vice versa. Separation is achieved as compounds with differential

affinity are eluted from the columns at different times. The eluting compounds can be



characterized by their retention times. The most commonly employed LC modes in
metabolomics are reversed-phase (RPLC) and hydrophilic-interaction liquid
chromatography (HILIC). While HILIC is used for more polar compounds, RPLC is useful for
separating less polar compounds. In gas chromatography, separation takes place in a gas
phase. Thermally stable compounds are vaporized by bringing them to their boiling points.
The temperature is gradually increased to vaporize different compounds at different times.
The elution of compounds thus depends on their molecular weights as higher molecular
weight compounds will have a higher boiling point. For non-volatile compounds, a

derivatization step is typically employed to make them amenable to GC separation.

Metabolomics experiments typically involve either one of the following fundamentally
complementary approaches depending on the goal of the study: targeted or untargeted
analysis. Targeted metabolomics is a hypothesis-driven approach wherein the metabolites
to be measured (typically < 200) are defined a priori based on chemical similarity or
biochemical relationships. Because of this, metabolites can be quantified in absolute terms
and with high precision. However, the drawback remains that only a small fraction of the
metabolome is measured thus limiting novel findings. Recently, a targeted approach was
employed to identify two panels of metabolic biomarkers of COVID-19. The first panel
included the kynurenine/tryptophan ratio, lysoPC 26:0, and pyruvic acid discriminated
controls from COVID-19 patients, while the second panel included C10:2, butyric acid, and

pyruvic acid discriminated hospitalized and non-hospitalized COVID-19 patients %.

Untargeted metabolomics aims to measure the “universe” of metabolites in the specimen.
This is a hypothesis-generating approach that provides a holistic view of all the small
molecules in the sample and has the potential to reveal novel and unanticipated
perturbations. Untargeted data has a wealth of information that can be mined and has
been used for biomarker discovery 32, However, the data are very complex with the
presence of a high proportion of unknown metabolites and ionization fragments and
adducts (“metabolic features”). Compound identification typically requires tandem MS
(MS/MS) analysis and can be cost and labor intensive. Further, simultaneous measurement

of all metabolite classes is still challenging as several factors affect metabolite recovery,



depending on the functional group of the metabolite *. Given the highly complex and
redundant nature of untargeted metabolomics data, sophisticated computational tools are
required for the analysis and interpretation. Some of the main considerations from a
computational standpoint are big data processing, metabolite identification, statistical

analyses, and biological/functional interpretation.
1.4 Description of metabolomics experiment workflow

A typical metabolomics experiment consists of the following steps: (i) experimental design
and sample collection, (ii) sample preparation, (iii) data acquisition, (iv) data processing,
(v) statistical analysis, and (vi) biological interpretation (Figure 1.2). These are detailed in

the following sections.

v Problem Formulation and experimental design
o Animal models, human subjects

¥" Data acquisition
o LC-MS, GC-MS, NMR

v" Data pre-processing
o Peakalignment, adduct removal

v Statistical Analysis
o Univariate and multivariate analyses

¥ Functional Interpretation
o Pathway analysis
o Data-driven networks

Figure 1.2: Typical Metabolomics experiment workflow

1.4.1 Experimental design

Experimental design is a crucial first step for a researcher about to embark upon a
metabolomics study. A key consideration for experimental design includes the goal of the
study, which can typically be comparing the metabolomes of the phenotypes of interest
with that of controls, getting mechanistic insights into metabolic dysregulation, or

characterizing the metabolome of a new specimen. This will then dictate what the source



of the samples should be i.e., human or animal samples or models. The next decision to be
made is whether the samples will be obtained from tissues, cells, biofluids, or cell cultures.
Storage and stability of samples becomes crucial here as some variability in metabolite
levels can be introduced based on whether freshly collected samples are used or freeze-
thawed samples. Importantly, the number of samples and/or size of the experimental
groups must be determined depending on the biological variability in the system. For
example, samples harvested from controlled laboratory cell cultures will have far less
variability when compared to human tissue samples obtained from a large epidemiological
study. The latter will require higher number of samples for greater statistical power. Since
the growth of cells in culture can be carefully controlled, a sample size of 3-5 per group can
provide useful preliminary data, while epidemiological studies can require patient numbers
in the thousands. Given the highly dynamic nature of the metabolome, the timing of sample
collection is also a crucial consideration 3%, Typically, fasting samples are collected to
minimize biases. Care needs to be taken to account for diurnal variability as well.
Controlling for the effects of diet or the time of day of sample collection can also help to
minimize variability that may otherwise confound true biological variations. Controlling for
technical variations such as the containers utilized for storing samples, the anti-coagulant
(in the case of plasma samples) used, and storage conditions can also help mitigate
confounding effects. The next consideration is the choice of sample preparation and
analytical platform. Finally, appropriate statistical and computational tools have to be
selected based on the study objectives and the biological questions raised.

1.4.2 Sample preparation

The choice of sample preparation strategy will greatly contribute to the success of a
metabolomics experiment as it influences not only the observed metabolite profile but also
the quality of the data, which can in turn affect the biological interpretation . An ideal
sample preparation strategy will therefore involve maximizing the correlation between the
observed and the true metabolome. Depending on the biospecimen being analyzed, sample
preparation can involve several steps that include, but are not limited to, metabolite
extraction, protein removal by precipitation, derivatization, evaporation, reconstitution, or

dilution.



A well-designed experiment will also include quality control (QC) samples, the data from
which are primarily utilized for normalization. QC samples can include pooled aliquots of
all experimental samples and negative controls in the form of “blanks” that contain only
the extraction solvent used. These QC samples are run intermittently along with
experimental samples to avoid systemic biases in the measurements. Additionally,
biological samples may be mixed with purified compounds (internal standards) to further
reduce instrument driven technical artifacts.

1.4.3 Data acquisition

Two main platforms exist for measuring the levels of metabolites in the sample: mass
spectrometry (MS) and nuclear magnetic resonance (NMR) spectroscopy. In order to
effectively reduce the complexity of the biological sample and quantify sets of metabolites
separately and sequentially, MS-based methods are usually preceded by a
chromatographic separation step. The two commonly employed separation methods are
High Performance Liquid Chromatography (HPLC) and Gas Chromatography (GC). HPLC-
MS is preferred while analyzing more polar metabolites like amino acids, nucleotides,
polyamines, etc while GC-MS is favored for analyzing non-polar compounds like lipids,
eicosanoids, esters, etc. The latter requires some form of derivatization to make the sample
amenable to analysis®®. The focus of this dissertation will be on data obtained from HPLC-
MS. The order of elution of analytes (represented by their “retention time”) from a HPLC
column is largely dependent on their physiochemical properties. Upon elution, the
separated analytes are directly injected into the mass spectrometer, where they are
instantly ionized to generate charged particles. Some commonly employed ionization
methods include chemical ionization (Cl), electrospray ionization (ESI), and Matrix-assisted
laser desorption ionization (MALDI). ESI is one of the most widely used ionization technique
in untargeted metabolomics studies, largely due to its applicability to a wide range of
metabolites. In the next step, the charges particles migrate to the mass analyzer under high
vacuum. Two main types of mass analyzers are commonly used: Time-Of-Flight (TOF) and
Orbitrap. In TOF-MS, the mass of the charged ions is measured based on the time they take
to traverse through a flight tube in an electric field. lons with lower mass and higher charge

tend to travel faster through the flight tube. On the other hand, in an Orbitrap, the mass of



ions is calculated based on their oscillation frequencies when they are suspended in an
electric field. Both QTOF and Orbitrap instruments are routinely used for untargeted
metabolomics analysis. The mass spectral data information emerging from these
instruments are then subjected to downstream processing.

1.4.4 Data preprocessing

LC-MS instruments generate large amounts of complex data on metabolic signals that
require specialized tools and software for processing. Data preprocessing for MS typically
includes noise reduction, baseline/retention time correction, normalization, peak alignment,
peak detection and integration, peak quantification, and spectral deconvolution. Some of
the commonly used open source software for data preprocessing include XCMS¥,
MZmine3%*, MetaboAnalyst 5.0%, MS-DIAL 4%, and MAVEN*.. Various commercial software
also exist for preprocessing data from specific vendors; Agilent’s MassHunter™, Thermo
Fisher’s Compound Discoverer™, and Bruker’s MetaboScape®. Certain software addresses
a specific step in the data preprocessing workflow, while others cover several or all the
steps. For example, MZmize3 is designed to perform all of the preprocessing steps including
noise filtering, peak detection, peak alignment, deisotoping, gap filling, normalization, and
visualization, whereas XCMS, MAVEN and MetabolAnalyst do not perform deisotoping or
allow the user to process the samples in batch mode. The choice of software largely
depends on the specific application (eg.: targeted or untargeted data) and can have a
significant impact on the results from downstream analysis. For example, the peak
detection methods employed by XCMS and MZmine2 (centWave) have been shown to
generate many false positive and false negative peaks, resulting in a higher initial feature
count compared to other software*. Interpretation of the metabolomics data in a biological
context must therefore be carefully considered based on the preprocessing software
employed.

1.4.5 Statistical analysis

Statistical analyses of metabolomics data typically involve univariate and multivariate
approaches.
The goal of univariate analyses is to identify individual metabolites that are most

differentially abundant between the phenotypes of interest. For two-group data (both



unpaired and paired), Student’s t-tests and fold-change analysis are typically performed,
while for multi-group data, one-way analysis of variance (ANOVA) and post hoc analysis
are performed. The p-values obtained from these tests need to be corrected for multiple
testing, given that a large number of metabolites are usually measured in a metabolomics
experiment and statistical tests are performed for each metabolite. Commonly employed
multiple testing correction methodologies include the Bonferroni correction and the
Benjamin-Hochberg correction, also known as the false discovery rate (FDR) *.
Additionally, one can also test the association of individual metabolites with phenotypes
of interest in these statistical models. Here, the response variable is each metabolite’s
expression, and the predictors are the phenotypes (eg: age, BMI, gender). Such models can
help in identifying potential confounders in the data and enable the researcher to correct
for them by using the residuals from these models for downstream analyses.

Multivariate methodologies are particularly useful for exploratory data analysis as they
assess the change in groups of metabolites simultaneously. Multivariate analysis can either
be unsupervised or supervised. Unsupervised methods include principal component analysis
(PCA) and cluster analysis (hierarchical, K-means clustering) and are helpful in deducing
trends or patterns in the data and identify outliers. Supervised methods include partial least
squares discriminant analysis (PLS-DA), Support Vector Machine

(SVM), Random Forest, k-nearest neighbor (KNN), and logistic regression (Figure 1.3,
obtained from Bujak et al (2015)**). These are often useful in classification problems and

aid in biomarker discovery*®.
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Unsupervised methods Supervised methods

Principal Component Analysis (PCA) Partial Least Squares Discriminant
Cluster Analysis (CA) Analysis (PLS-DA)
Hierarchical Cluster Analysis (HCA) Support Vector Machine (SVM)
k-Nearest Neighbors Algorithm (k-NN)
’ Logistic Regression

* Patterns
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» Outlier detection « Classification

* Potential biomarkers

* Multiple treatments

Figure 1.3: Supervised and Unsupervised multivariate analysis methods used in metabolomics*,

1.4.5.1 Unsupervised methods
Principal Component Analysis (PCA)
PCA is a dimensionality-reduction method that transforms a large set of variables into a
smaller set while retaining as much information as possible“®. This is done by identifying a
set of combinations of the variables that explain most of the variance in the data. PCA
performs an orthogonal linear transformation that transforms the data to a new coordinate
system such that the greatest variance comes to lie of the first coordinate (first principal
component), the second greatest variance on the second coordinate, and so on. For a given
dataset with n observations and p variables, the mathematical representation of PCA is as
follows:

T =XP
where X;, ,,, denotes the original dataset that has been standardized (mean 0 and unit
variance), T, x, denotes the PC scores for all the subjects, and B, ., denotes the weights
(i.e., loadings). For metabolomics data, observations refer to samples, and variables to
metabolite abundance. In order to assess the contribution of a PC to the total sample
variance, percentage of variance explained by the PC is calculated. This is done by dividing

the eigenvalue of the corresponding PC by the sum of all the eigenvalues. The scree plot*’
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shows the eigenvalues of the PCs and is useful in deciding how many PCs should be
retained. The typical rule-of-thumb is to retain the PCs to the left of the “elbow” point in
the curve of the scree plot after which the eigenvalues appear to level off.

PCA is arguably the most widely used exploratory analysis method to summarize complex
metabolomics data. It has been extensively utilized for data reduction and to identify trends
and patterns in the data that may correlate with other biological factors. PCA is also very
useful in assessing data quality by identifying outlier samples and technical variation in the
data. One of the biggest advantages of PCA is that it is not prone to over-fitting, however
certain non-linear trends in the data are likely to be missed.

Hierarchical clustering

Hierarchical Clustering (HC)*® partitions the dataset into a tree structure by building a
hierarchy. Initially, all variables are treated as separate clusters and are merged using some
similarity metric between pairs of variables. Euclidean distance is often used as a measure
of dissimilarity for clustering. Other commonly used distance metrics include the Manhattan
distance, Mahalanobis distance and maximum distance. The partitioning is represented as
a dendogram and one can either decide how many clusters they desire and cut the tree
accordingly or set a similarity cut-off and obtain the clusters. The main advantage of
hierarchical clustering is that it does not require one to set the number of clusters a priori.
This allows us to explore the structure of the data better and pick the appropriate number
of clusters. However, HC is relatively sensitive to outliers in the data.

Hierarchical clustering, coupled with heatmaps, is immensely useful in visualizing and
discovering the real structure of the metabolomics data. As with other unsupervised
methods, the HC dendrograms provide a useful way to unearth trends in the data that may
warrant further exploration.

K-means clustering

K-means clustering® is a centroid-based clustering method with the aim of partitioning n
observations into k non-overlapping clusters. Unlike hierarchical clustering, the number of
clusters k must be decided by the user. The method initiates k clusters in the space
spanning the variables by randomly assigning k data points to each cluster (centroids). The

algorithm then finds the best centroids by alternating between (1) assigning data points to
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clusters based on the current centroids (2) choosing centroids based on the current
assignment of data points to clusters. An extension of K-means is Fuzzy C-means
clustering®, where variables can be assigned to more than one cluster i.e., overlapping
clusters.

K-means clustering is also a great tool for visualizing metabolomics datasets. Given that
the number of clusters is predetermined, it is very helpful in gauging how the samples in
the dataset cluster relative to the experimental group assignment. This can help in

identifying possible biases in the data or some novel trends that can be further investigated.

1.4.5.2 Supervised methods

Partial least squares discriminant analysis (PLS-DA)

PLS-DA® can be thought of as the supervised version of PCA that provides a visual
interpretation of complex datasets in a low-dimensional setting. The method aims to
optimize the separation between groups of variables by maximizing the covariance
between the data and the group membership by finding a linear subspace of the
explanatory variables®?. This new subspace permits the prediction of the grouping variable
based on a reduced number of factors (PLS components, or latent variables). PLS-DA is
fairly robust to highly collinear and noisy data®. It also provides variable importance scores
(VIP scores) that can be used to rank variables based on their contribution to the
classification®*. However, PLS-DA is prone to over-fitting and the visual representation of
the data must be interpreted with caution.

Support Vector Machine (SVM)

SVM is a popular machine learning algorithm used for both classification and regression®®.
In classification, the data is mapped onto a high-dimensional space to separate the two
groups of samples into distinctive regions. The algorithm then identifies a n-dimensional
hyperplane that distinctly classifies the data points by maximizing the distance between
data points of both groups. Data points close to the separating hyperplane are termed
‘support vectors’ and they influence the position and orientation of the hyperplane. In order
to avoid over-fitting of the model, oftentimes a small fraction of the training samples is

allowed to be misclassified - this is referred to as soft margin SVM. The main advantage

13



of SVM is that the kernel function can be chosen for both linear and non-linear separation.
A ‘kernel trick’®® is applied for non-linear classification that transforms the input space into
a high-dimensional feature space where the groups are linearly separable.

Random Forest (RF)

Random Forest®’ is another supervised classification algorithm. It consists of an ensemble
of decision trees constructed by randomly sampling the input variables. It uses bootstrap
sampling to create sets of randomly sampled variables and builds decision trees where
each node’s decision is based on a random set of features®. The final decision is based on
majority voting after combining the decisions of all the trees. Random Forest has several
advantages including its ability to work well with large datasets, provide feature
importance score (mean decrease in accuracy), and handling missing values. Moreover, this
method is fairly robust to overfitting and outliers as well.

K -nearest neighbor (KNN)

KNN®? is another commonly used non-parametric, supervised classifier that assigns groups
labels to a data point based on the group labels of the closest data points. Group labels
are thus assigned based on majority vote. Euclidean distance is a commonly used distance
metric for classification, but other metrics such as Manhattan distance, Minkowski
distance, and Hamming distance can also be used. The value of K defines how many
neighbors will be checked to determine the classification of a specific data point. Smaller
values of K may have high variance, but low bias, while larger values of K may lead to high
bias and lower variance. Cross-validation is typically applied to select an optimal value of
K. KNN is a relatively easy algorithm to implement and has only a few hyperparameters to
tune (value of K and distance metric). However, the method is prone to overfitting and does
not work very well with high-dimensional data (p > n).

Logistic regression

A logistic regression model predicts the probabilities of a sample belonging to either of two
groups for a set of metabolite peak intensities. If P(A|X) and P(B|X) are the probabilities

of given sample belonging to group A and B respectively for an input data matrix X, then,
P(A|X)

"B

Bo + B1X1+ - BpXp
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The response variable Y; of the i-th sample is binary (0 or 1), corresponding to the two
groups. Logistic regression also does not work well in a high-dimensional setting and
typically requires a variable selection step preceding model fitting. A solution to this is a
penalized logistic regression model®, that has a built-in stepwise variable selection

process. The tuning parameter is such a model it typically selected via cross-validation.

1.4.6 Biological interpretation

Statistical analysis of metabolomics data as described in the previous section result in a
set of metabolites that are strongly associated with the disease or phenotype under study.
The next step in the analysis pipeline is linking alterations in the levels of these metabolites
to specific biological processes. This can be achieved by mapping and visualizing
metabolites in the context of known biochemical pathways. Many bioinformatics tools exist
that enable these analyses® %%, several of which utilize the Functional Enrichment Testing
(FET) approach, originally developed for gene expression data®-%. This helps to reduce
data involving hundreds of altered genes or metabolites to smaller and more interpretable
sets of altered biological ‘concepts’, helping generate testable hypotheses.

Functional Enrichment Testing can be broadly classified into two main types: (i) Over-
representation Analysis (ORA), and (ii) Functional Class Scoring (FCS). Both these
approaches have been directly borrowed from gene pathway analysis and are widely
applied for metabolomics data.

1.4.6.1 Over-representation Analysis (ORA)

The goal of ORA is to gain insight into the underlying biological mechanisms and functional
implications of a given set of metabolites. ORA performs a statistical test to assess whether
the metabolite set is “enriched” with a specific annotation (e.g.: biological pathway)
against a background set®. Briefly, the steps involved are as follows: (1) obtain a list of
metabolites based on a separate statistical analysis (e.g.: t-test), (2) for each pathway,
count the number of input metabolites that are part of that pathway, (3) repeat step 2 for
a background set of metabolites (e.g.: all molecules which can be detected in the

experiment), (4) assess when a pathway is over- or under-represented in the input set of
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metabolites®. The probability of observing at least k metabolites of interest in a pathway
by chance is given by:
_1 (M\(N-M
k=1 (D0
, N
=0 (n)

where N is the size of background set, n denotes the number of metabolites of interest, M

P(X zk)=1—z

is the number of metabolites in the background set mapping to the i-th pathway, and k is
the number of metabolites of interest which map to the i-th pathway™.

Several statistical tests can be used to perform the analysis including chi-square, Fisher’s
exact test, binomial probability and hypergeometric distribution™. Pathways sets can be
obtained from databases such as the Kyoto Encyclopaedia of Genes and Genomes (KEGG)™,
BioCyc™, Reactome™, The Small Molecule Pathway Database (SMPDB)™.

Despite its widespread application, ORA has certain limitations. First, because ORA does
not consider any information regarding the extent of regulation of the input metabolites
(e.g.: statistical significance, fold-change), it treats all metabolites equally, which is not
always accurate. Second, ORA only considers significant metabolites that meet a certain
threshold (e.g.: p-value < 0.05) and oftentimes, metabolites that are marginally less
significant are missed, resulting in information loss. Third, ORA assumes that each
metabolite is independent of the other. This is not always accurate and interactions among
metabolites within and across pathways can manifest as change in expression levels.
Similarly, ORA also assumes that pathways are independent of each other, which is
inaccurate. Metabolic pathways are highly interconnected, and most metabolites are part
of multiple pathways. The fact that these assumptions are not met leads to ORA often
missing crucial topological differences of biological relevance.

1.4.6.2 Functional Class Scoring (FCS)

FCS, also known as Set Enrichment Analysis (SEA), hypothesizes that not just large changes
in individual metabolite levels, but weaker coordinated changes in functionally related
metabolites i.e., pathways, can also play an important role in biological mechanisms. First,
a feature-level statistic (e.g.: t-test, ANOVA, correlation with phenotype) is computed for
each metabolite. Unlike in ORA, all metabolites are taken into consideration without

filtering them by a ‘cut-off’ Second, the feature-level statistic for all metabolites in a
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pathway is aggregated to compute a single pathway-level statistic. Examples of pathway-
level statistics include the Kolmogorov-Smirnov statistic’, the Wilcoxon rank sum™, the
maxmean statistic’®, or the sum, mean, or median of gene-level statistic™. Finally, the
statistical significance of the pathway-level statistic is computed. FCS overcomes several
limitations of ORA; however, it does still treat each pathway independently, which is rather
inaccurate. Metabolites can be part of multiple pathways and there are clearly overlaps
between pathways.

The concept of FCS has been routinely applied to gene expression data in the form of Gene
Set Enrichment Analysis (GSEA)™. In its application to metabolomics data, it takes into
consideration a quantitative measure associated with each metabolite (e.g., concentration,
peak intensities). Metabolites are sorted by this quantitative measure and the consistency
of each annotation/pathway is assessed in the top and bottom of the ranked link, compared
to a background distribution.

Several computational tools exist that perform either ORA or FCS or both. These include,
but are not limited to, Metabolite Set Enrichment Analysis (MSEA)®, Metabolites Biological
Role (MBRole)®, Metabolite Pathway Enrichment Analysis (MPEA)®, and Integrated
Molecular Pathway Level Analysis (IMPaLA)g3,

1.4.6.3 Pathway Mapping and Visualization

One of the most intuitive approaches to interpreting metabolomics data is mapping the
identified metabolites in the context of metabolic pathways or networks, usually obtained
from reference metabolic pathway databases such as KEGG™ or MetaCyc®. Such
visualizations allow us to quickly explore the data in a biological context provided input
metabolites are known. A myriad of software tools is available for pathway visualization
that include various options for data input as well as statistical tests used for the
comparison. These include MetaboAnalyst®, 30mics®, Paintomics®®, PAPi®®, MetScape®,

MPEA®2, IMPaLa®, PathVisio®, MetaMapp?®, and MetExplore®®.
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1.5 Network analysis of metabolomics data

Untargeted metabolomics offers an exciting avenue for detecting thousands of metabolic
features simultaneously and identifying and characterizing novel metabolites. However, the
large and complex nature of these datasets makes the biological interpretation challenging.
Visualizing metabolites as connected entities is one approach to address these challenges.
The connections between metabolites can be represented by informative relationships such
as correlations, biochemical relatedness, or structural/chemical similarity. These
connections can be formalized as networks where the nodes represent metabolic features,
and the edges represent the context-dependent relationships between them.

Network analysis in metabolomics can be broadly classified into two main categories:

knowledge-based and data-driven (Figure 1.4, obtained from Amara et al (2022)%).

Experimental Network Knowledge Network

Intensity

ufr: Databases
Mass-spectrometry \A \
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i
2| i
£ |j_=l—.
m/z -_: ——
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mass-spectrometry Experimental Publication(s) Knowledge
networks networks

Figure 1.4: Two major types of networks generated and interpreted from metabolomics data.

Knowledge-based networks are generated based on prior knowledge of biological or
biochemical relationships among the metabolites. Data-driven networks are generated
directly from the experimental measurements based on relationships between metabolites
in the data.

1.5.1 Knowledge-based networks

These networks provide a biological context to the interpretation and analysis of

metabolomics data. A popular example of knowledge-based networks is Genome-Scale
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Metabolic Networks (GSMNs). They utilize the existing knowledge of the metabolism of a
particular organism captured in genome annotations and reaction databases. These
networks are further refined by manual curation and exhaustive literature review. GSMNs
encode information that map metabolites to reactions and the reactions to the
corresponding genes and enzymes. For example, the human metabolic network Human 1
contains 13,417 reactions mapping to 4,164 metabolites®. GSMNs are very helpful in
deriving directed and undirected graph representations of the system. Compound graphs
(metabolites that are part of the same biochemical transformation are connected by an
edge) and reaction graphs (a pair of reactions are connect if the product of one is the
substrate of the other) are commonly generated graphs from GSMNs®. Graph
representations of GSMNs make them amenable to graph-based analysis methods. For
example, path searches have been used to infer metabolic pathways connecting
metabolites of interest and for clustering and visualization of metabolomics data®*93,
Additionally, centrality analysis has been applied to GSMNs as well to identify hub/driver
metabolites in the network®-%. One of the biggest limitations to GSMNs is that they are
heavily biased towards available genome annotations and knowledge of enzymatic
reactions, making them relatively incomplete. While there have been several approaches
developed to fill in these gaps in GSMNs®"*8, they are unlikely to capture all the metabolites
identified in a metabolomics experiment.

Another example of knowledge-based networks are Chemical Ontology networks. These
networks describe the structure of relationships among chemical compounds and thus
provide a structured and formalized representation of chemical concepts. Here, connections
between compounds do not represent a metabolic or biochemical relationship. Rather, they
represent the relationship between compounds and broader chemical classes (eg: “fatty
acids”, “organic acids”). Chemical Ontology networks are therefore directed acyclic graphs
due their hierarchical construction. Experimentally measured compounds typically
constitute terminal nodes while the remaining nodes represent chemical classes, getting
broader in scope as you go higher up the tree. These networks are also constructed via
manual or semi-automated curation by domain experts. Such ontology networks are most

useful in quantifying the relatedness between pairs of compounds based on their belonging
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to a shared chemical class. The ChEBI ontology®® (60,329 compounds as of December 2022)
and Gene Ontology (GO)** are commonly used ontology networks.

1.5.2 Data-driven networks

Data-driven networks are derived directly from the experimental measurements in an
untargeted metabolomics data. Broadly, there can be different types of data-driven
networks depending on the type of data used i.e., MS?, MS?, or MS" and each of these deals
with a different aspect of metabolic relationships. For example, in mass difference
networks, the nodes represent metabolic features (m/z values), and edges represent mass
differences that match a pre-defined biotransformation. These biotransformations can
come from metabolic reaction databases such as KEGG™, MetExplore®, etc. and aim to
identify potential biochemical reactions explaining the difference between m/z values.
Similarly, adducts and feature networks capture mass differences between pairs of features
that arise due to physicochemical transformations in the mass spectrometer i.e., non-
biological mass differences. Spectral similarity networks depict the relationship between
the MS? spectra of features based on certain spectral similarity measure such as cosine or
modified cosine similarities'®. Some of the most prominent tools for constructing spectra-
based molecular networks include the Global Natural Product Social Molecular Networking

(GNPS; http://gnps.ucsd.edu) community’®?, the t-distributed stochastic neighbor

embedding (t-SNE) algorithm-based software, MetGem!®, and the Python package
Spec2Vec'®,

And finally, correlation networks represent the orchestrated or co-dependent changes in
the abundance of metabolites i.e., metabolites that are associated within metabolic
pathways tend to be correlated. All pairwise correlations between metabolites are encoded
in a symmetric adjacency matrix. The adjacency matrix can be weighted (denoting the
actual correlation coefficient values) or unweighted/binary, where two metabolites are
linked only if their correlation value is higher than a particular threshold. The most
computed correlation is Pearson’s correlation coefficient. However, Pearson’s correlation
captures both direct and indirect associations between metabolites and the resulting
networks are very dense, making them hard to analyze and interpret. Gaussian graphical

models (GGMs) circumvent indirect associations by using partial correlations instead that
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capture only conditional dependencies, thereby resulting in more biologically meaningful
networks!®®. However, computing a full partial correlation network requires that the sample
size be at least as large as the number of features, which is rarely the case in untargeted
metabolomics data. This limitation can be overcome by performing regularized estimation
of the partial correlation networks?°®. Graphical lasso (Glasso)'*” and nodewise regression®
are popularly used for performing regularized estimation. The Debiased Sparse Partial
Correlation algorithm (DSPC)*® builds partial correlation networks under the assumption
that the number of true connections among the metabolites is much smaller than the
available sample size, i.e., the true network is sparse. This allows the construction of partial
correlation networks among a large number of metabolic features using fewer samples. The
resulting network is thus a weighted one where nodes represent metabolites and edges
represent partial correlation coefficients or the associated P-values®®®.

Another popularly used tool for constructing correlation networks is the WGCNA (Weighted
Gene Co-expression Network Analysis) R package!'®!'*, WGCNA builds correlation networks
based on the assumption that the underlying network has a scale-free topology. This is
achieved by weighing the correlation coefficients by an exponent such that the degree
distribution of the network follows a power-law. The final network is represented by the
Topological Overlap Matrix (TOM) that represents the similarity between a pair of nodes
based on number of shared neighbors by incorporating both direct and indirect
relationships. The network is then clustered via hierarchical clustering to obtain modules.
These modules can then be utilized to identify “hub”/driver genes within each module
(“module eigengene”), perform association analysis with other clinical traits of interest, or
perform pathway enrichment analysis of the genes in a specific module. While WGCNA was
originally developed for transcriptomics data, it is being increasingly applied to study
correlation networks from metabolomics data**?-,

Data-driven correlation networks are therefore extremely useful in identifying novel
perturbations in the system without the reliance on a priori knowledge of the relationships
between the metabolites or pathway information, thus circumventing a multitude of

challenges posed by knowledge-driven data analysis methodologies in metabolomics.
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1.6 Dissertation outline

The metabolome provides a readout of the cellular and biochemical events that reflect the
genetic and epigenetic makeup of an organism, as well as the microbiome and
environmental exposures. One of the most common experimental designs in metabolomics
aims to assess the differences in the metabolic repertoire under different conditions or
disease states. Conventional data analysis approaches for these types of experiments
involve some form of univariate analysis, followed by mapping of differentially abundant
metabolites to the known biochemical pathways. However, univariate analysis methods
ignore the interactions and associations between metabolites that may be characteristic of
the phenotype(s) of interest, while mapping differentiating metabolites onto known
pathways does not provide the ability to identify novel rewiring of pathways leading to
metabolic dysregulation. Moreover, certain classes of compounds (eg: lipids) tend to be
poorly represented in pathway databases, which limits the scope of application of this
approach.

The goal of this dissertation is to begin addressing some of these limitations of knowledge-
based enrichment analysis by employing data-driven network analysis approaches for
metabolomics data. In Chapter Two, we introduce a Java-based bioinformatics tool,
Filigree, that implements and extends the Differential Network Enrichment Analysis (DNEA)
algorithm. Filigree recovers robust partial correlation networks from the input data even
with limited sample size and highly imbalanced experimental group design. We tested
Filigree with three metabolomics datasets pertaining to metabolic disorders/conditions and
identified metabolic modules relevant to the condition(s) and associated with external
traits. Such hypothesis-generating analyses can therefore aid in gaining deeper
biochemical understanding from the data. In Chapter Three, | compared the plasma
metabolome of COVID-19 patients with either mild or severe disease to that of healthy
controls. My analysis revealed a strong association between the metabolic profiles and
clinical traits. | identified metabolites that differentiated healthy controls and COVID-19
patients. | also identified several metabolites that differentiated mild and severe COVID-
19. These metabolites performed much better than clinical characteristics (“risk factors”)

in discriminating mild and severed COVID-19 groups. In Chapter Four, | assessed the
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association of data-driven metabolic modules with change in BMI over 5- and 10-years
preceding diagnosis in ALS (Amyotrophic Lateral Sclerosis) patients. | identified eight
metabolic modules (152 metabolites in total) that showed a strong association with BMI
trajectory. A subset of these metabolites was also individually associated with ALS survival,
suggesting a possible metabolic link between change in BMI over time and survival in ALS

patients.

23



CHAPTERI I

Application of Differential Network Enrichment Analysis for
Deciphering Metabolic Alterations

This chapter has been published as: lyer, G. R., Wigginton, J., Duren, W., LaBarre, J. L.,
Brandenburg, M., Burant, C., Michailidis G. & Karnovsky, A. (2020). “Application of
Differential Network Enrichment Analysis for Deciphering Metabolic Alterations.”
Metabolites. This chapter also includes the description of the DNEA R package and
details my contributions into this work.

2.1 Introduction

The metabolome provides a readout of the underlying cellular and biochemical events that
reflect individual genetic makeup''’, epigenetics®'®, the microbiome*®, and environmental
exposures, including diet*%'#, Metabolic profiling has been successfully applied to
biomarker discovery and the assessment of disease risk and progression in cancer?'??
cardiovascular®'?® and renal diseases'*®, and type 1 (T1D)*"*® and type 2 diabetes

(T2D) e,

Metabolism is interconnected through several major metabolic hubs, e.g., glucose-6-
phosphate, pyruvate, acetyl-CoA, and malonyl-CoA. Beyond these central nodes, metabolic
pathways have secondary rate-limiting steps that are often controlled by metabolites
affecting multiple pathways (such as AMP, citrate, NAD, etc.), as well as by post-
translational modifications of proteins regulating the pathway. Evaluating changes in the
connectivity of the metabolome could help to understand how these pathways are affected

in physiological and disease states.
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Experimental design in metabolomics commonly involves assessment of metabolite levels
in two or more disease conditions or experimental groups. Metabolomics data acquired
from such experiments are amenable to univariate analysis, followed by pathway mapping
and enrichment analysis. Enrichment analysis, originally developed for gene expression
data, reduces data involving hundreds of altered genes or metabolites to smaller and more
interpretable sets of altered biological ‘concepts’, helping generate testable hypotheses.
The most common types of enrichment analysis are variants of over-representation
analysis (ORA) or set enrichment analysis (SEA)™. In both cases, statistical tests are
performed to assess the enrichment or depletion of a set of metabolites in a specific

pathway against a background or reference set®°.

Several bioinformatics tools implementing the above data analysis workflow for
metabolomics have been developed®®*?*, While overall this approach has proven to be
extremely useful, each of the individual methods involved has limitations. First, univariate
analysis considers only individual metabolites and does not account for the interactions
between them. Indeed, biological constraints on metabolism result in many metabolites
being highly correlated in biological samples (for instance, branched chain amino acids).
Second, the application of metabolite pathway mapping and enrichment analysis is
hampered by the low coverage of experimentally determined metabolites in biological
pathway databases??®. This is particularly true for lipids and secondary metabolites. The
low coverage can in part be explained by the differences between chemistry-centric
metabolomics experiments and genome-centric pathway databases. This problem is
further compounded by the relatively small number of known metabolites measured in most

experiments which limits both the statistical significance and overall reliability of analyses.

We present a user-friendly tool, Filigree, that overcomes many of the limitations of existing
methods. Filigree implements our recently published differential network enrichment
analysis (DNEA) method'?®. DNEA provides an alternative to traditional pathway-centric
approaches by leveraging the underlying structure of the data and inferring associations
among metabolites directly from experimental measurements. These associations can be

quantified by partial correlations that measure the conditional dependence between

25



metabolites, thus allowing elimination of spurious, non-informative associations. In lieu of
predefined pathways, DNEA generates stable subnetworks comprised of biochemically and
structurally related metabolites. It accounts for both changes in network structure and the
differential abundance of metabolites when assessing significance of subnetworks, thus
providing a systems level view of the data. To demonstrate the utility of Filigree, we applied
it to previously published studies assessing the metabolome in the context of metabolic
disorders (T1D and T2D) and the maternal and infant lipidome during pregnancy. Filigree

is freely available at http://metscape.ncibi.org/Filigree.html.
2.2 Methods
2.2.1 Filigree application

The input to the tool is a plain text file containing per-sample unadjusted intensity values
and group information. The output consists of three. csv files: (1) an ‘edgelist’ containing
metabolite pairs and partial correlation values between them; (2) a ‘nodelist’ containing
information about the differential status of each metabolite, along with its statistical
significance and subnetwork membership, and (3) a NetGSA results file containing
information about subnetworks, including number of edges/nodes and statistical
significance of each subnetwork. These files can be easily imported into network
visualization software such as Cytoscape for further exploration®?’. Additionally, the user

can browse the interactive HTML files automatically generated by Filigree.
2.2.2 Extensions of DNEA Methodology

The DNEA method works particularly well both theoretically*?® and empirically*?® when
group sizes are fairly balanced, and the number of metabolites is a low multiple of the
sample size. However, in many applications the two groups under consideration may be
grossly imbalanced or the number of samples severely limited. To that end, we developed
several extensions to the DNEA methodology (described below) that improve its versatility,
including (i) feature aggregation and (ii) group subsampling to attain more balanced

sample sizes across groups.
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2.2.2.1 Feature aggregation

Since network density and stability are strongly dependent on the ratio of features
(metabolites and/or lipids) to samples’?®, a preprocessing step to aggregate highly similar
or redundant features may be appropriate. This step helps reduce the dimensionality of the
data to promote the retrieval of more interpretable PCNs and is therefore highly
recommended for datasets where the number of features is a high multiple of the number

of samples.

We implemented an optional data preprocessing step for aggregation of highly similar or
redundant features in the dataset in order to recover more stable PCNs. Feature
aggregation performs optimally when data are log-transformed, but not auto-scaled.
Several types of aggregation are possible: (1) a purely data-driven approach that collapses
features with highly similar (Pearson) correlation profiles into singular features, (2) a purely
knowledge-driven method that collapses chemically similar metabolites/lipids, or (3) a
hybrid feature aggregation that collapses only features identified as chemically similar that
also share a highly similar Pearson correlation profile. For options (2) or (3), the user may
provide their own knowledge-based feature grouping file or can utilize the grouping file
based on chemical similarities found in KEGG™, HMDB*# or LipidBlast**. For options (1) or
(3), the user has the choice to view the features-to-sample-size ratio at various feature-
aggregation tolerance values based on the correlation structure of the data. The user can
then decide the extent of feature aggregation they wish to perform or can proceed with the
recommended values. The output of this stage is a new data matrix where
metabolites/lipids belonging to the same feature group are represented as singular features
by computing their median intensity across all samples. The format of the new data matrix

will be identical to that of the original input matrix.

2.2.2.2 Group subsampling

Highly imbalanced sample group sizes can result in PCNs where the smaller group is much
sparser than the larger group, thus hindering interpretability of results. To address this

issue, we modified the algorithm by using subsampling to create more balanced sample
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groups, leading to more stable and interpretable PCNs. The modified procedure is

comprised of the following steps:

1) Determine size of smaller group (ny,in);
2) At every iteration of the stability selection (default value set to 500 iterations),
create new data matrices for the two groups as follows:

a) For the larger group, randomly sample a X n,;, samples without
replacement.

b) For the smaller group, randomly sample [ X n;,, samples without
replacement. Additionally, in order to maintain some degree of randomness
in the smaller group, (1 — B) X Ny, samples are randomly chosen from this
and added back.

3) Fit the training model for the new subsamples of the data at every iteration;

4) Obtain edge selection probabilities and retain edges with a selection probability of
>T;

5) Use the selection probabilities as weights when estimating the partial correlation
networks. Based on extensive experimentation, we recommend « = 1.3, § = 0.9 and

T = 0.9, but the practitioner can also experiment with other values.
2.2.3 Datasets

2.2.3.1 Mouse Model of T1D

Previous studies'®!3? have generated and examined GC-MS metabolomics data from non-
obese diabetic (NOD) mice, some of which progressed to overt T1D (chronic hyperglycemia)
while others avoided progression (normoglycemia). Metabolomics data containing 163
named metabolites from 71 mice (30 diabetic and 41 non-diabetic) were downloaded from
the Metabolomics Workbench (Study STO00057). Age- and sex-adjusted data*? were log-

transformed and autoscaled to have zero mean and unit variance.

2.2.3.2 Framingham Heart Study (FHS) Offspring Cohort

The FHS Offspring Cohort is a longitudinal, community-based cohort that includes 3799

participants, aged 40-65 years, at the fifth quadrennial examination cycle 1991-1995
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(baseline for our purposes)'*. We downloaded plasma metabolite profiles (LC-MS/MS) for
956 subjects at baseline from the dbGaP database (https://www.ncbi.nlm.nih.gov/gap/).
Approximately 10 years after the metabolomics analyses (2001-2005), subjects were re-
recruited to be assessed for development of T2D, determined based on the following
criteria: (1) fasting glucose > 7 mmol/L, (2) 2-h glucose > 11 mmol/L, and (3) consumption
of oral hypoglycemics or insulin®®*. 674 subjects remained healthy while 100 subjects
developed T2D (182 subjects had missing data in at least one of the variables). Age- and
sex-adjusted data were log-transformed and autoscaled to have zero mean and unit

variance.

2.2.3.3 Michigan Mother-Infant Pairs (MMIP) Cohort

The Michigan Mother-Infant Pairs (MMIP) cohort®*® evaluated the plasma lipidome in 106
pregnant women during the first trimester (M1), at the time of delivery (M3), and within
infant umbilical cord blood (CB). Comprehensive lipidomics profiling identified 670 lipid
species from 17 different classes. Filigree was used to perform pairwise analyses between:
(i) M1 vs. M3; (ii) M1 vs. CB, and (iii) M3 vs. CB, classifying differences in the connectivity
of subnetworks between time points. We used the feature aggregation functionality of
Filigree to collapse highly correlated and chemically similar lipids into singular features,

making the feature space comparable to the sample size.
2.2.4 Group Lasso Regression

Filigree subnetworks generated from pairwise comparisons (M1 vs. CB, M3 vs. CB and M1
vs. M3) were tested for their association with infant birth weight (BW) at individual time
points (M1, M3 and CB) in a group lasso regression®* model using the R package gglasso®.
Group lasso is an extension of the traditional lasso regression methodology®® that
incorporates prior information about the grouping of variables. In contrast to lasso
regression, variable selection is performed on an entire set of variables (or predictors)
instead of individual variables. Let y be a vector of length N and X be an N X p matrix of

features. Let the p features (or predictors) be divided into L groups such that there are p;,
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predictors in group . The matrix X; therefore represents predictors from the group with

a coefficient vector f5;. f estimates are obtained by solving the optimization problem,

L
y - ZXZ.BZ
=1

Here, |||, denotes the Euclidean norm and A is the tuning parameter that controls the

2
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L
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sparsity of the coefficients at the group level. It should be noted that this computation does
not provide within-group sparsity, i.e., the coefficients of all the predictors in a group are
either zero or non-zero. A range of 100 linearly increasing A values is used (default),
generated as a fraction of A,,,,, the smallest A value for which all the coefficients are zero.
The strength of association between a group of predictors and the response variable is
determined by the A value corresponding to the entry of that group into the regression
equation, with higher A value corresponding to a stronger association. The group lasso
model was run for 500 iterations (stability selection) for robustness. The statistical
significance of subnetworks obtained from NetGSA was not taken into account while

performing group lasso regression.
2.2.5 Data and Resource Availability

Mouse T1D metabolomics data analyzed during the current study are available in the
Metabolomics Workbench repository (Study ST000057). Metabolomics data from the
Framingham Heart Study Offspring Cohort analyzed during the current study are available

on dbGaP (https://www.ncbi.nlm.nih.gov/gap/) with the study accession number

phs000007.v29.p10 and dataset phenotypic  identifiers ‘pht002234.v5.p10:’
(Metabolomics-HILIC), ‘pht002894.v1.p10:’ (Central Metabolomics-HILIC),
‘oht002343.v4.p10:’ (Metabolomics-Lipid Platform). Lipidomics data from the Michigan
Mother-Infant Pairs Cohort (MMIP) analyzed during the current study are available in the

Metabolomics Workbench repository (Project ID PR0O00386). Filigree is freely available at

http://metscape.ncibi.org/Filigree.html. Scripts associated with the current analyses are

available at https://github.com/griyer/Diabetes_manuscript_code.git.
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2.3 Results and Discussion

The DNEA method?® implemented in Filigree includes three main steps: (1) joint estimation
of the partial correlation network (PCN) across two groups of samples, (2) unsupervised
clustering of the resulting PCN using consensus clustering to obtain densely connected
subnetworks, and 3) testing the subnetworks for enrichment using the NetGSA
algorithm**%%°, As mentioned in'*, the groups can correspond to treatment-control
conditions, disease subtypes, etc. Further details of the DNEA algorithm are described in
Supplementary Methods. Figure 2.1 depicts our analysis pipeline and describes the

Filigree/DNEA workflow.
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Figure 2.1: Schematic representation the data analysis pipeline.

2.3.1 DNEA Analysis Reveals Dysregulation of Metabolite Networks in T1D vs. Non-Diabetic
Mice

We utilized Filigree to perform DNEA analysis of the metabolomics data from NOD mice
that either progressed or did not progress to overt T1D**"'32, Plasma metabolites from T1D
and non-diabetic NOD mice produced a PCN with stronger connectivity in the non-diabetic

mice (Figure 2.2A). The subsequent analysis steps identified twelve stable subnetworks
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within the resulting PCN (Figure 2.3). Nine of the these were significantly differential

between T1D and non-diabetic mice (FDR < 0.05) (Figure 2.2B, 2.2C).
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Figure 2.2: (A) Overview of T1D mouse model Filigree network showing associations between all the
subnetworks. Each node represents a subnetwork with the overlaying pie charts showing the distribution
of the intra-subnetwork edges. Inter-subnetwork edges are weighted by the total number of edges. Nodes
with black outline are significantly differential by NetGSA (B) NetGSA output from Filigree showing
subnetwork information and statistics. (C) Significantly differential subnetworks. Nodes are colored based

on fold change (T1D over non-T1D).
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Figure 2.3: Filigree Partial Correlation Networks from T1D mouse model data highlighting all
subnetworks.

Seven out of nine differential subnetworks contained edges present in non-diabetic mice
that were disrupted in diabetic animals. Four out of these, S2, S3, S4, and S6, are highly
interconnected. These subnetworks contain nucleobases, ribose and its reduction products,
nucleic acids, amino acids, and also several sugars and sugar-related metabolites. (Table
2.1). We note that several edges connecting metabolites in these subnetworks represent
oxidation/reduction reactions. For instance, galactinol, a sugar alcohol, is the reduction
product of galactose and ribitol is a reduction product of ribose. This suggests that the
connectivity between metabolites in these subnetworks is disrupted due to changes in
redox potential that accompany the progression to T1D. Thus, a general decrease in the
redox state of cells may contribute to the changes in the connectivity of metabolites seen

in the plasma in T1D.
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Table 2.1: Pathway information for the subnetworks in the T1D mouse model metabolomics data

Subnetwork

Pathway

Subnetwork 1

cholesterol | Steroid biosynthesis; Primary bile acid biosynthesis
creatinine | Arginine and proline metabolism
cysteine | Cysteine and methionine metabolism; Glutathione
metabolism; Aminoacyl-tRNA biosynthesis
xylitol | Pentose and glucuronate interconversions

Subnetwork 2

2-hydroxyvaleric acid

Fatty acid degradation

cholic acid

Primary bile acid biosynthesis

sulfuric acid

Sulfur metabolism

thymine, uridine, sulfuric acid

Nucleotide metabolism

glycolic acid

Glyoxylate and dicarboxylate metabolism

hydroxylamine

Nitrogen metabolism

maltose

Carbohydrate metabolism

Stigmasterol

Steroid biosynthesis

Subnetwork 3

2-hydroxyglutaric acid

Butanoate metabolism

arabitol, ribitol

Pentose and glucuronate interconversions

benzoic acid

Benzoate degradation

galactinol | Galactose metabolism/Carbohydrate metabolism
isothreonic acid | Ascorbate and aldarate metabolism
ribose | Pentose phosphate pathway
Subnetwork 4
phenylethylamine | Phenylalanine metabolism
raffinose | Galactose metabolism/Carbohydrate metabolism
adipic acid | Caprolactam degradation

4-hydroxybenzoate

Benzoate degradation

delta-4-cholestenone

Steroid degradation

xanthosine, beta alanine

Nucleotide metabolism

levoglucosan

Carbohydrate metabolism (?)

Subnetwork 5

citric acid, isocitric acid

Citrate cycle (TCA cycle); Glyoxylate and
dicarboxylate metabolism

hypoxanthine, inosine, pseudouridine

Nucleotide metabolism

indole-3-lactate

Tryptophan metabolism

Subnetwork 6

alpha ketoglutaric acid, fumaric acid, malic acid,
succinic acid

Citrate cycle (TCA cycle)

cytidine-5-diphosphate, orotic acid, uric acid

Nucleotide metabolism

aspartic acid, citrulline, glutamic acid, putrescine

Arginine biosynthesis/Arginine Proline metabolism

fructose-6-phosphate, galactonic acid, lactic
acid

Carbohydrate metabolism

2-aminoadipic acid

Lysine metabolism

nicotinamide, pantothenic acid

Vitamin metabolism

methionine sulfoxide

Cysteine and methionine metabolism

Subnetwork 7

shikimic acid

Phenylalanine, tyrosine and tryptophan biosynthesis

trans-4-hydroxyproline

Arginine and proline metabolism
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aspargine, pyruvic acid

Alanine, aspartate and glutamate metabolism

Subnetwork 8

4-hydroxyproline

Arginine and proline metabolism

lauric acid

Fatty acid biosynthesis

N-acetyl D-tryptophan

Tryptophan metabolism

pipecolic acid

Lysine metabolism

2-ketoisocaproic acid

Valine, leucine and isoleucine metabolism

Subnetwork 9

glycerol-alpha-phosphate

Glycerolipid metabolism

allantoic acid

Purine metabolism

fucose rhamnose

Fructose and mannose metabolism

xylose

Pentose and glucuronate interconversions

myo-inositol

Galactose metabolism; Ascorbate and aldarate

metabolism; Inositol phosphate metabolism

Subnetwork 10
serine; homoserine

Glycine, serine and threonine metabolism; Cysteine
and methionine metabolism

Fatty acid biosynthesis

Butanoate metabolism

Fatty acid degradation

capric acid
4-hydroxybutyric acid
glutaric acid

Subnetwork 11
alanine; cystine; glutamine; lysine; methionine;
ornithine; oxoproline; proline; threonine;
tryptophan; tyrosine
fructose

Amino acid(s) metabolism

Carbohydrate metabolism

Subnetwork 12
palmitic acid; stearic acid; arachidonic acid;
myristic acid; methylhexadecanoic acid
glycerol
trehalose; tagatose

Fatty acid metabolism

Glycerolipid metabolism
Carbohydrate metabolism

The association between the cellular redox state and the metabolome is further supported
by S1 and S9, which contain predominantly diabetic edges (Figure 2.2C). In both
subnetworks, the enrichment is driven primarily by the differential edges, while most
metabolites (nodes) are not significantly differentially expressed and therefore would not

be prioritized by univariate analysis (Figure 2.2B).

S1 consists of metabolites either directly or indirectly related to increased oxidative stress.
Oxidative stress is a widely accepted complication accompanying the pathogenesis of
diabetes by way of increased free radical (ROS) concentrations caused by hyperglycemia
as well as decreased levels of major antioxidants such as glutathione'*, leading to
significant damage to pancreatic islet beta cells responsible for insulin secretion*.
Glutathione (gamma-glutamyl-cysteinyl-glycine) is a highly abundant tripeptide in the
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human body known to play a vital role in defense against oxidative stress as a free radical
scavenger*®, The bulk of the blood glutathione is found within erythrocytes (millimolar
concentrations) while levels in the plasma tend to be in the micromolar range. Diminished
levels of blood glutathione have been implicated both in T1D and in T2D****, While
glutathione was not measured in this experiment, we speculate that reduced level of this
metabolite can influence the levels of several S1 metabolites, including cysteine,
cholesterol, creatinine, and xylitol. Cysteine, one of the three amino acid constituents of
glutathione, is present in this subnetwork with lower levels in diabetic mice. It has been
postulated that reduced levels of glutathione in type 1 diabetes is a consequence of
increased utilization rather than decreased synthesis, thus resulting in reduced levels of
cysteine®. A hub node of S1 is cholesterol. Counterintuitively, we see decreased levels of
cholesterol in diabetic mice. This is likely due to the inhibitory effect of diminished
glutathione on the enzyme HMG-CoA reductase, the rate-controlling enzyme in the
cholesterol synthesis pathway (Malveonate pathway). Glutathione has been suggested to
be one of the key activators of HMG-CoA reductase by maintaining the enzyme in its active,
reduced sulfahydryl state'*®-*5, Moreover, insulin has also been shown to be an activator of
HMG-CoA reductase in a mechanism similar to glutathione®?. Depleted glutathione also
has an inhibitory effect on the enzyme creatine kinase (CK), responsible for the
phosphorylation of creatine to phoshpocreatine, likely due to thiol oxidation of the
sulfahydryl groups of the enzyme!***%*, A reduction in CK activity leads to a decrease in
phosphocreatine levels which further causes a decrease in creatinine levels, a product of
phosphocreatine utilization. Consequently, we observe creatinine in subnetwork S1 at lower
levels in diabetic mice. Additionally, xylitol, a five-carbon sugar alcohol and widely used
sugar-substitute, has also been shown to serve as a glutathione-reducing compound in
vitro and in vivo®>**¢, While we did not see a significant difference in the levels of xylitol
between diabetic and non-diabetic mice, its potential association with glutathione is a
possible reason for its presence in subnetwork S1. Finally, we see alpha-tocopherol
(Vitamin E) in subnetwork S1. This is not unexpected as alpha tocopherol is a well-known
potent antioxidant, similar to glutathione. It is therefore not surprising that we see lower

levels of alpha-tocopherol in diabetic mice.
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Several S1 metabolites are exogenous compounds often measured in plasma and urine. In
general, these compounds are decreased in T1D mice and also have differential
connectivity, suggesting that their metabolism is disrupted in T1D. Alternatively, exogenous
compounds may not be easily absorbed in the intestine in T1D, potentially due to altered
intestinal permeability. In T1D, there are marked changes in the intestinal morphology and
expression of transporters®’ and increased intestinal permeability*®®, altering the entry of
exogenous substances with additional effects on cellular metabolism. These findings also
support previously described disruptions in metabolism associated with T1D, including
alterations in mitochondrial metabolism, increased oxidative stress, and changes in redox
state®®. Indeed, Fahrmann et al.**' previously reported increased levels of sugar-related
metabolites, branched chain amino acids, gluconic acid and nitric oxide-derived saccharic
acid markers of oxidative stress in T1D mice. Our network-based approach confirms and
extends the understanding of alteration in metabolism that occurs in T1D, including
changes in the metabolism of nucleotides (S2-S5). Because these alterations are found in
plasma, the tissue-specific origins of disruption in metabolism cannot be precisely

localized.

2.3.2 Connectivity of Metabolite Networks Differs between Non-Diabetics and Individuals

Who Later Developed T2D from the Framingham Heart Study (FHS) Offspring Cohort

The FHS Offspring Cohort has been studied extensively and biomarkers for risk of
cardiovascular disease and T2D have been identified’®**°. We used DNEA to examine
metabolomics data from 100 FHS subjects who developed T2D over the course of the
subsequent twenty years (T2D-prone) and 674 subjects who remained non-diabetic (T2D-
free). This highly imbalanced group distribution makes it difficult to recover robust and
stable PCNs'?. Statistical theory®* suggests that subsampling approaches can reduce the
bias towards the group with higher number of samples. We created a subsampling
approach that allows a stable network topology to be obtained and reduces the number of
edges in the non-diabetic group (described in Methods). The number of edges recovered

with and without subsampling, within each group, is reported in Table 2.2.
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Table 2.2: Number of edges discovered with and without subsampling the Framingham Heart Study
Offspring Cohort T2D data

Number of Edges

Non-diabetic Diabetic Common
Without subsampling 784 73 250
With subsampling 281 36 223

Our analysis identified substantial network differences between T2D-prone and T2D-free
groups (Figure 2.4A). The algorithm identified twelve stable subnetworks (Figure 2.5) within
the resulting PCN, with six subnetworks significantly differing between T2D-prone and T2D-
free groups (FDR < 0.05) (Figure 2.4B, 2.4C). Similar to our findings in T1D, there were fewer
edges in T2D-prone compared to T2D-free networks. This tendency is especially apparent

in subnetworks S1, S3, and S6 (Figure 2.4B).
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Figure 2.4: (A) Overview of the Framingham Heart Study Offspring Cohort T2D network showing
associations between all the subnetworks. Each node represents a subnetwork with the overlaying pie
charts showing the distribution of the intra-subnetwork edges. Inter-subnetwork edges are weighted by
the total number of edges. Nodes with black outline are significantly differential by NetGSA. (B) NetGSA
output showing subnetwork information and statistics. (C) Significantly differential subnetworks. Nodes
are colored based on fold change (T2D-prone over T2D-free). Nodes marked with red asterisk (*) have
been reported as T2D predictors by Merino and colleagues (2018).
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Figure 2.5: Filigree Partial Correlation Networks from Framingham Heart Study Offspring Cohort T2D
data highlighting all subnetworks.

The most significant subnetwork (S1) includes intermediates of tryptophan, cysteine, lysine,
tyrosine, and phenylalanine metabolism (Table 2.2; Figure 2.6). Dysregulation of
tryptophan metabolism®%% and elevated level of 2-amnionadipic acid have been
associated with the development of T2D%*. Previous studies in the FHS Offspring Cohort
found that branched chain and aromatic amino acids were positively associated with the
risk of developing T2D?*°. The subnetwork containing branched chain amino acids (S11) is
not significantly differential between groups (Figure 2.7), consistent with the findings of
Merino and colleagues®** who found that branched chain amino acids (BCAAs) were not
predictive of T2D in this sample cohort, perhaps due to the relatively small differences in
insulin resistance between the T2D-prone and T2D-free individuals in these data.
Subnetwork S1 also includes several intermediates of purine metabolism (Figure 2.6).
Increased levels of uric acid, the end-product of purine metabolism, is a common finding in

obese T2D patients and has been implicated in the pathogenesis of metabolic syndrome
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disorders65166,

mitochondrial oxidative stress. While uric acid was not measured in the FHS Offspring
Cohort study, increases in GMP and hypoxanthine may reflect the upstream hyperuricemia
in the T2D-prone subjects. Additionally, subnetwork S1 includes the TCA cycle metabolites

malate, isocitrate and aconitate, which are all increased in T2D-prone subjects, suggesting

alterations in mitochondrial metabolism.

These latter studies suggest the role of hyperuricemia in increased

Table 2.3: Pathway information for the subnetworks in the FHS Offspring Cohort metabolomics data

Subnetwork Pathway
Subnetwork 1
Isocitrate, Malate, Aconitate | Citrate cycle (TCA cycle); Glyoxylate and

dicarboxylate metabolism

Lactate, Malate

Pyruvate metabolism

GMP, Hyproxanthine, Inosine

Purine metabolism

Glucuronate

Ascorbate and aldarate metabolism; Pentose and
glucuronate interconversions

2-Hydroxyphenylacetate

Phenylalanine metabolism

Quinolinate

Nicotinate and nicotinamide metabolism

2-Aminoadipate

Lysine degradation

Cystathionine

Glycine, serine and threonine metabolism; Cysteine
and methionine metabolism

Kynurenine

Tryptophan metabolism

Subnetwork 2

DG 34:1, DG 34:2, DG 36:1, DG 36:2

Diglycerides

TG 44:1, TG 46:1, TG 46:2, TG 48:0, TG 48:1,
TG 48:2, TG 48:3, TG 48:4, TG 50:2, TG 50:3,
TG:4, TG 50:5, TG 52:1, TG 52:2, TG 52:3, TG
52:4, TG 52:5, TG 52:6, TG 54:2, TG 54:3, TG
54:4, TG 54:5, TG 54:6, TG 54:7, TG 54:8, TG

56:3

Triglycerides

Subnetwork 3

UDP-galactose, UDP-glucose, Sucrose,
Lactose, Glucose-1-phosphate, Glucose-6-
phosphate, Fructose-1-phosphate, Fructose-
6-phosphate

Sugar metabolism

cyclic adenosine monophosphate, adenosine
monophosphate, adenosine diphophate,
guanosine diphosphate, uridine diphosphate

Nucleotide metabolism

ribose phosphate, ribulose phosphate

Pentose phosphate pathway

Nicotinamide

Nicotinate and nicotinamide metabolism

alpha-glycerophosphate

Glycerolipid metabolism

Asparagine

Alanine, aspartate and glutamate metabolism

Serotonin

Tryptophan metabolism
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Subnetwork 4

TG 46:0, TG 50:1, TG 54:1, TG 54:9, TG 56:2,
TG 58:6, TG 58:7

Triglycerides

Subnetwork 5

glycocholate, taurocholate

Primary bile acids

deoxycholate, taurodeoxycholate,
glycodeoxycholate

Secondary bile acids

Subnetwork 6

TG 56:9, TG 56:10, TG 58:10, TG 58:11, TG
58:12, TG 60:12

Triglycerides

Glutamate, Arginine, Argininosuccinate,
Aspartate, Glutamine, alpha-ketoglutarate,
Aminoisobutyric acid, Pyruvate, Glycine,
Serine, Carnosine, S-Adenosylhomocysteine,
5-Hydroxyindoleacetic acid, 3-
Hydroxyanthranilic acid, anthranilic acid

Amino acid metabolism

Triiodothyronine, Thyroxine, Pyruvate

Tyrosine metabolism

Pyruvate, alpha-ketoglutarate

TCA cycle

Pantothenate, N-carbamoyl-beta-alanine,
Pyridoxate

Vitamin metabolism

Subnetwork 7

LPC 14:0, LPC 16:0, LPC 18:0, LPC 18:1, LPC
18:2, LPC 20:3, LPC 20:4, LPC 30:5, LPC 22:6

Lysophosphatidylcholines

LPE 16:0, LPE 18:0, LPE 18:1, LPE 18:2, LPE
20:4, LPE 22:6

Lysophosphatidylethanolamines

alpha-glycerophosphocholine, PC 32:1, PC
32:2, PC 34:1, PC 34:2, PC 34:3, PC 34:4, PC
36:1, PC 36:2, PC 36:3, PC 36:4, PC 38:4, PC

Phosphatidylcholines

38:5, PC 40:6
Subnetwork 8
Hippurate | NA
Gentisate | Benzoate degradation

Indole propionate

Tryptophan metabolism

Fumarate + maleate + valerate

Tyrosine metabolism

Salicylurate

NA

Subnetwork 9

TG 56:4, TG 56:5, TG 56:6, TG 56:7, TG 56:8,
TG 58:8, TG 58:9

Triglycerides

PC 38:6

Phosphatidylcholines

Subnetwork 10

CE 14:0, CE 16:0, CE 16:1, CE 18:0, CE 18:1,
CE 18:2, CE 18:3, CE 20:3, CE 20:4, CE 20:5,
CE 22:6

Cholesteryl Esters

Subnetwork 11

Histidine, Phenylalanine, Methionine, Valine,
Alanine, Lysine, Isoleucine, Leucine,
Threonine, Tryptophan, Tyrosine, Proline

Amino acid
biosynthesis

metabolism; Aminoacyl-tRNA

Choline, Betaine, Threonine, NMMA

Glycine, serine and threonine metabolism

Hydroxyproline, Proline, Ornithine, Citrulline

Arginine and proline metabolism

Taurine

Taurine and hypotaurine metabolism

Xanthine, Xanthosine

Purine metabolism
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Subnetwork 12

SM 14:0, SM 16:0, SM 16:1, SM 18:0, SM
18:1, SM 22:0, SM 22:1, SM 24:0, SM 24:1

Sphingomyelins

PC 32:0, PC 38:2, PC 38:3

Phosphatidylcholines

Lysine metabolism

Cysteine metabolism

ETryptophan metabolism

: Phenylalanine metabolism

: Purine metabolism

TCA cycle intermediates

0.84 Foldchange 1.16

Edges in T2D-free group

~—— Edges in T2D-prone group

Edges in both groups

Figure 2.6: Subnetwork S1 in the Framingham Heart Study Offspring Cohort T2D data highlighting

intermediates of various amino acids’ metabolism and the TCA cycle

084 Foldchange 1.16

Edges in T2D-free group

——— Edges in T2D-prone group
Edges in both groups

Figure 2.7: Branched chain amino acids-containing subnetwork (S11) in the Framingham Heart Study

Offspring Cohort T2D data
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Subnetwork S3 contains a higher proportion of edges in the non-diabetic group and is
populated by sugars and sugar phosphates in the glycolysis and pentose shunt pathways,
nucleotides, and sugar nucleotides. T2D-prone subjects have higher plasma levels of these
sugars and sugar-derivatives than non-diabetic subjects. Taken together, the metabolite
alterations seen in subnetworks S1 and S3 are indicative of widespread changes in the
orderly flux of metabolites through mitochondria in diabetes-prone individuals. While not
a new concept (reviewed in *7), our results demonstrate the utility of the DNEA approach

to provide insights into altered whole body metabolism using plasma metabolomics.

Subnetworks S2 and S4 were statistically significant in our analysis, even though the
majority of edges are non-differential. These subnetworks are primarily made up of long-
chain (C44-C58) polyunsaturated triglycerides (PUFA-TGs) with the additional inclusion of
four diglyceride (DG) species (DG 34:1, DG 34:2, DG 36:1, DG 36:2), two saturated
triglycerides (TG 46:0 and TG 48:0) and six monounsaturated triglycerides (TG 44:1, TG
46:1, TG 48:1, TG 50:1, TG 52:1, and TG 54:1). Most TG lipids, except TG 46:0, TG 50:1, TG
58:6, and TG 58:7, are present at higher levels in T2D-prone subjects. Overall, the
enrichment of these two subnetworks is primarily driven by differential expression of the
nodes. Increased plasma triglycerides have been reported as an independent predictor of
T2D in several prospective cohort studies'®®®°, Additionally, triglycerides tend to be highly
correlated with each other and typically form densely connected clusters in correlation
networks??, The presence of a separate smaller triglyceride subnetwork (S4) may be due

to the absence in the dataset of key triglyceride species that could link these subnetworks.

Subnetwork S5 exclusively contains bile acids with non-differential edges, suggesting that
the differences between T2D-prone and T2D-free subjects in this case are driven by
differential expression of the metabolites. Bile acids are the primary route of cholesterol
catabolism and are synthesized by the oxidation of the latter by the action of the rate-
limiting enzyme cholesterol 7 alpha-hydroxylase. Alterations in bile acid metabolism have
been associated with T2D*"-*7*, Additionally, obese T2D individuals have increased fasting
and post-prandial total bile acid concentrations, due to increased enterohepatic

circulation'™.
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Subnetwork S6 contains several amino acids and their derivatives, TCA cycle intermediates,
vitamin B metabolites and thyroid hormones (Table 2.2). In general, network connectivity
was higher in the T2D-free group compared to the T2D-prone group. The levels of the
individual amino acids and primary metabolites in this subnetwork are generally lower in
T2D-prone group. Reductions in glycine and glutamine-to-glutamate ratio have been found
in T2D subjects and in T2D-prone individuals™. The basis for the changes in arginine and
aspartate levels, which are reduced in concert with other amino acids (save glutamate) in
this network are less clear. We did not observe differential connectivity among the
polyunsaturated fatty acid-containing triglycerides (PUFA-TGs). However, their levels were
increased in the T2D-prone group, consistent with the overall increase in the TGs in the

T2D-prone population.

Our analysis of the FHS Offspring Cohort metabolomics data supports many of the previous
findings elucidating the role of changes in amino acid metabolism and increased oxidative
stress in the prediction of T2D onset. Additionally, of the nineteen metabolites prioritized
by Merino and colleagues (from the same dataset) that significantly improved T2D
prediction in a model including traditional T2D risk factors®®*, ten were part of our
significantly differential subnetworks S1-S6 (Table 2.3). With these previously observed
metabolite relationships as a foundation, our subnetworks can provide further biochemical
context and help build on the understanding of metabolic changes that eventually lead to

disease.

Table 2.4: Subnetwork assignments of the top 19 T2D predictors reported by Merino et al (2018). Predictors
that are present in significant subnetworks (S1-S6) are highlighted in green.

Predictors Subnetwork
S1
S1
S2
S2
S2
S2
S2
S6
S6
S6
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PC C36:4 S7
LPC C18:2 S7
LPC C18:1 S7
CE C20:3 S10
L-Phenylalanine S11
Taurine S11
SM C24:0 S12
3-Methyladipic acid NA
D-Glucose NA

2.3.3 Subnetworks of Lipids Relate to Infant Birth Weight in the Michigan Mother-Infant

Pairs (MMIP) Cohort

We used Filigree to analyze the MMIP dataset™®, comparing the lipidomes of women at
different stages of pregnancy and their offspring (Figure 2.8). Capitalizing on the method’s
ability to identify functionally related metabolic modules, we sought to explore the
association of subnetworks with infant birth weight (BW). Accordingly, we performed three
pairwise comparisons (M1 vs. M3, M1 vs. CB, and M3 vs. CB). Since the dataset contained
670 lipids and 106 samples, we used the feature aggregation functionality of the tool
(described in Methods) to reduce the dimensionality of the data. Table 2.4 gives the
reduced feature count for each of the comparisons and the percent of feature reduction.
Overall, a 55-60% reduction was chosen, yielding feature counts comparable to the sample
size. Most of the identified subnetworks were significantly enriched in each of the pairwise
comparisons: 14/19 in M1, 19/20 in M3, and 9/12 in CB (Table 2.4). Consistent with our
previous observations'?, lipids from the same or highly related classes were often found
within the same subnetworks, such as diglycerides (DG) and triglycerides (TG),
phosphatidylcholines (PC) and phosphatidylethanolamines (PE), and
lysophosphatidylcholines (LPC) and lysophasphatidylethanolamines (LPE). Most
subnetworks included differential edges at each time point, indicating changes in the

connectivity of the lipidome during pregnancy.
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Figure 2.8: Michigan Mother-Infant Pairs (MMIP) study design. 106 pregnant women were monitored
through the course of their pregnancy. Maternal plasma samples were collected at the first trimester (M1)
and at time of delivery (M3), along with Cord Blood (CB). Data from subsequent lipidomics experiments
was analyzed in a pairwise manner using Filigree and resulting subnetworks were tested for their
association with infant birth weight in a group lasso regression model.

Table 2.5: Summary of the node-aggregation and identified subnetworks in each pairwise comparison of
the MMIP lipidomics data

Effective . N.um.b.er of Total number of
. % reduction in significant
Comparison number of . subnetworks
feature space subnetworks (adj . eps
features identified
p-val < 0.05)

M1 - M3 298 55.45 14 19

M1 - CB 298 55.45 19 20

M3 - CB 286 57.25 9 12

Next, we assessed whether any of the identified subnetworks were associated with infant
BW, which is of particular interest due to its relationship with future weight gain and risk
for metabolic disease'””. We used group lasso regression® (described in Methods) to model
our Filigree subnetworks as predictors and Fenton BW!"® (BW normalized for gestation
period and sex) as the outcome variable. In the M1 vs. CB comparison, two subnetworks
containing LPC-LPE-PlasmenylPC (S18) and PC-TG (S12) components displayed strong
association with BW (Figure 2.9). The LPC-LPE-PlasmenylPC subnetwork, composed of
lipids with saturated, monounsaturated, and polyunsaturated fatty acid tails, showed a

stronger association with BW in CB. Previous work has emphasized the relationship
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between CB LPCs and BW?*3'" but no previous studies have reported an association with
PlasmenylPCs. Plasmalogen formation is primarily regulated by peroxisomes and it has
been proposed that plasmologens are related to inflammation and oxidative stress'®,
potentially explaining their association with BW. The PC-TG subnetwork displayed a
stronger association with BW in M1. This network is composed of lipids that contain
saturated fatty acid tails with 12-16 carbons. Our results expand on the previous analysis®*
that found minimal associations between the M1 lipidome and BW, emphasizing the
advantage of our network-based approach. We hypothesize that lipids with saturated fatty
acids play a role in establishing BW in the first trimester of pregnancy (8-14 weeks),
highlighting the plasticity of the developing fetus in early gestation, responding potentially
through epigenetic modifications®. Interestingly, the edges within the subnetwork diminish
in CB, suggesting different connectivity between these saturated lipids at each time point,

potentially due to changes in insulin sensitivity during pregnancy®é.
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Figure 2.9: Top two M1 vs. CB subnetworks strongly associated with infant birth weight. LPC-LPE-
PlasmenylPC subnetwork in infant Cord Blood and PC-TG subnetwork during the first trimester of the
mother are strongly associated with infant birth weight. Large square nodes containing smaller nodes
within them represent ‘aggregated’ nodes with their individual lipid species.
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In the M3 vs. CB comparison, two subnetworks containing LPC-LPE (S6) and PC-
PlasmenylIPC-PlasmenylPE-DG-TG (S10) components displayed strong associations with
BW (Figure 2.10). These subnetworks were associated with BW specifically in the CB, rather
than maternal plasma (M3). The LPC-LPE subnetwork only includes one PlasmenylPC
(PlasmenylPC 26:0), suggesting that plasmalogens are less strongly correlated with
lysophospholipids in this comparison. Almost a complete overlap of lysophospholipids was
observed between M1-CB S18 and M3-CB S6. The PC-PlasmenylPC-PlasmenylPE-DG-TG
subnetwork contains lipids with long-chain and very long-chain polyunsaturated fatty acid
tails. Previous work®?® has suggested the association between BW and CB polyunsaturated
TGs and DGs. However, our approach additionally shows the interconnectivity between
multiple lipid classes. Since polyunsaturated fatty acids are preferentially transferred from
maternal to fetal circulation®®?, our results may suggest a mechanism that modifies fetal
growth and BW for optimal development. Previous studies using polyunsaturated fatty acid

supplementation during pregnancy have yielded mixed results'®, warranting further

analyses of the interconnectivity of these lipid classes and their relationship to BW.
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Figure 2.10: Top two M3 vs CB subnetworks strongly associated with infant birthweight. LPC-LPE and
CE-PC-PlasmenylPC-PlasmenylPE-DG-TG subnetworks in infant Cord Blood are strongly associated with
infant birthweight. Large square nodes containing smaller nodes within them represent ‘aggregated’
nodes with their individual lipid species.
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Finally, in the M1 vs. M3 comparison, two subnetworks containing DG-TG (S7) and LPC-
LPE (S14) components displayed strong associations with infant BW, led by maternal blood
(M3) (Figure 2.11). The LPC-LPE subnetwork contains the same lysophospholipids as M1-
CB S18 and M3-CB S6. These results suggest that maternal late gestation lysophospholipids
are related to BW, potentially due to the active transport of lysophospholipids from
maternal plasma to the CB by the major facilitator superfamily domain containing 2a
(MFSD2a) protein®®®, Thus, enriched subnetworks obtained from the Filigree have
meaningful biological significance and can be utilized to advance lipidomics data analysis

by looking at their association with other phenotypes of interest.
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Figure 2.11: Top two M1 vs M3 subnetworks strongly associated with infant birthweight. DG-TG and
LPC-LPE subnetworks during the third trimester of the mother are strongly associated with infant
birthweight. Large square nodes containing smaller nodes within them represent ‘aggregated’ nodes with
their individual lipid species. Triangular nodes represent a small group of triglycerides (2-3) with the same
chain length and sequential unsaturation units.

In conclusion, we presented a novel bicinformatics approach for gaining new insights into
high dimensional metabolomics data as implemented in our tool, Filigree. Our method helps
overcome common challenges of pathway-based enrichment testing approaches, providing
robust results even with limited sample sizes and highly imbalanced experimental group

designs.
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Currently, to the best of our knowledge, there is no other tool with comparable analysis
pipeline. While partial correlation networks can be built with existing methodologies®,
Filigree provided a clear advantage in network estimation. In the T1D dataset, the number
of metabolites far exceeded the number of samples, considerably restricting the number of
statistically significant edges that could be recovered by other existing methods!®. Our
analysis also demonstrated that topology-based enrichment method implemented in
Filigree is more powerful than traditional enrichment testing because it has the ability to

provide information about changes in topology across the biological conditions.

In re-analyzing several existing datasets with Filigree, we observed a strong differential
connectivity in metabolite networks in T1D and T2D and were also able to demonstrate
various associations with infant BW in the lipidomes of pregnant women. Filigree is
particularly useful as a hypothesis-generating tool. The results presented here suggest
potential follow-up studies that could shed light on additional metabolic factors

contributing to T1D and T2D and on potential lipidomic influences on BW during pregnancy.

2.4 DNEA: An R package for Data-Driven Network Enrichment Analysis of Metabolomics

Data

While Filigree provides a user-friendly option for a casual user, the increasing size of
metabolomics datasets involving larger number of compounds due to increased instrument
resolution and larger number of samples, calls for more powerful computational solutions.
To address this need, we developed an R package that implements the DNEA algorithm. In
addition to being more computationally efficient, the DNEA R package includes the same
features as Filigree, thus making it a powerful tool for the analysis of untargeted
metabolomics and lipidomics data. The overall workflow of the package and functions is
outlined in Figure 2.12A. Briefly, the createDNEAobject() function creates an R object
from the input data (plain text file containing per-sample unadjusted intensity values and
group information). This function also runs some diagnostics on the data to inform the user

if feature reduction should be performed before continuing the analysis. The BICtune()
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function determines the optimal lambda parameter for glasso by computing the Bayesian
information criterion (BIC) and liklihood for a range of lambda values, while the
stabilitySelection() function performs stability selection using the optimal lambda
value. getNetworks() then computes the final network based on the selection
probabilities from the previous step, and runConsensusCluster() and runNetGSA()

perform consensus clustering and differential analysis respectively.

The feature reduction (reduceFeatures()) and stability selection coupled with additional

subsampling functions are detailed below.
2.4.1 reduceFeatures()

There are three options available to perform feature reduction: (i) correlation-based
(Figure 2.12B), (ii) knowledge-based, and (iii) correlation- and knowledge-based (hybrid).
They are indicated as arguments to the reduceFeatures() function. In every case, each
collapsed feature is represented by the average intensity of its constituent metabolites. The
function returns a new data matrix with the collapsed features and a two-column matrix

with the feature group membership of all the input metabolites.

Correlation-based feature reduction: In this method (Figure 2.12B), the user supplies a

correlation coefficient threshold (corr_threshold; default value is 0.9) above which
metabolites should be merged into “collapsed features”. The metabolites must be
correlated with each other above this threshold in both experimental groups. The input to
the function is a matrix of metabolic expression values. Each row corresponds to an
individual sample. The first column corresponds to sample ID while the second column
corresponds to condition/group. First, a Pearson’s correlation matrix is computed for each
condition separately. The correlation matrices are then clustered using hierarchical
clustering (using dissimilarity measure) and the dendrograms are cut at a height of (1 —
corr_threshold). This generates two sets of clusters (or feature groups), one for each
experimental condition. The intersection of these sets of feature groups is performed by
generating a consensus matrix (block diagonal matrix) encoding the final collapsed

features. Further, the consensus matrix is converted to a graph object using the igraph R
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package'®® and connected components are identified. These connected components

represent the final set of collapsed features.

Knowledge-based feature reduction: In this method, the user supplies a two-column

feature grouping file as an input to the function. The function returns the ‘collapsed’ data

matrix accordingly. No correlations are computed with this method.

Correlation- and knowledge-based (hybrid) feature reduction: This method combines the

correlation and knowledge-based feature reduction strategies. Here, the user provides a
two-column feature grouping file as well as a correlation coefficient threshold
(corr_threshold; default value is 0.9). The function then computes collapsed features
based on correlation coefficients (as described above) within each of the user-defined
feature groups i.e., only metabolites that are correlated with each other greater than
corr_threshold and belong to the same feature group as defined by the user will get

collapsed.
2.4.2 Stability selection with additional subsampling

This method (Figure 2.12C) can be used when the sample groups in the data are highly
unbalanced. As detailed in Filigree’s description, having highly unbalanced groups can lead
to unstable partial correlation networks and heavy bias towards the group with greater
number of samples. This can mask any potentially interesting biological differences
between the groups. In order to circumvent this issue, we implemented a modified stability
selection procedure for network estimation. While stability selection®®® itself performs
subsampling to recover robust edges in the network, the modified version performs an
additional downsampling in the larger group to reduce bias. This modification is indicated
by a flag (subSample = TRUE) in the stabilitySelection() function. It is comprised of

the following steps:

i. Determine size of smaller group (Nyin);
ii. At every iteration of the stability selection (default value set to 500 iterations),

create new data matrices for the two groups as follows:

54



a. For the larger group, randomly sample (a X n,i,) samples without
replacement.

b. For the smaller group, randomly sample (f X nyi,) samples without
replacement. Additionally, in order to maintain some degree of
randomness in the smaller group, (1 — ) X n,,;, samples are randomly
chosen from this and added back.

iii.  Fit the training model for the new subsamples of the data at every iteration;

iv.  Obtain edge selection probabilities and retain edges with a selection probability
of > 1;

v. Use the selection probabilities as weights when estimating the partial correlation

networks.

Based on extensive experimentation, the following parameter values were chosen:

i a=1.3,
ii. =09, and
iii. 1v=0.9.
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createDNEAobject() No BICtune() No getNetworks() No runNetGSA() No

Perform feature Stability selection SRS Visualize networks
reduction (with additional subsampling) consensus clustering

[ Function Optional? } [ Function Optional? } [ Function Optional? } [ Function Optional? }

reduceFeatures() Yes stabilitySelection()  No(Yes) runConsensusCluster() No getNetworkFiles() No

SN
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)
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Figure 2.12: (A) Overall workflow of the DNEA R package. (B) Workflow of correlation-based feature
reduction. (C) Workflow of the stability selection coupled with additional subsampling (for highly
imbalanced sample groups) function.
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CHAPTER IlI

Identification of Metabolic Markers of COVID-19 Severity

A manuscript covering this work is in preparation, with myself as the first author.

3.1 Introduction

Since the SARS CoV-2 2019 (COVID-19) virus was first identified, it has produced a global
pandemic responsible for hundreds of millions of cases and millions of deaths. While most
infected patients recover without requiring hospitalization, some develop severe disease
that can lead to respiratory failure, multiple organ failure, and death. The importance of
metabolic diseases such as hypertension, diabetes, and obesity on the risk of developing
severe disease was recognized early®-1%°, Several hypotheses for this association have
been suggested, including a high baseline inflammatory milieu which leads to an increased
‘cytokine storm’ associated with COVID-19 infections?, hypertension and potential
interaction with angiotensin converting enzyme 2 receptors (ACE2R)®?, mechanical
compression of lungs due to intraabdominal fat, and underlying metabolic dysfunction in
tissues exacerbated by the enhanced metabolic dysfunction induced by cytokines®®.
However, the connection between the triumvirate - hypertension, obesity, and diabetes

with COVID-19 is still being investigated and is a rapidly evolving area of research.

Metabolomics has shown promise as a tool to understand the development of organ failure
in COVID-19 and other acute illnesses by uncovering prognostic biomarkers and identifying
metabolic alterations that may contribute to worse outcomes?®*. Multiple studies of the

metabolome of human serum or plasma have demonstrated abnormalities of metabolism
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in patients with more severe disease. Other studies have shown differences in blood
metabolite concentrations between those with mild and severe disease'®®. In patients who
do survive COVID-19, those with metabolic abnormalities are at increased risk for

developing chronic problems®s197,

The goal of this study was to use broad spectrum untargeted metabolic profiling of blood
plasma to differentiate healthy controls and patients with mild and severe COVID-19
disease. Patients who had type 2 diabetes (T2D) and higher BMI tended to have more
severe disease. We performed differential analysis to identify a pool of potential metabolic
markers of disease severity and tested their predictive power using parsimonious random
forest models. We found that metabolite-based models performed better than similar
models based on known COVID-19 risk factors such as age, BMI, race, gender, and diabetic

status metabolite, indicating their potential value for predicting COVID severity.

3.2 Methods

3.2.1 Study Population & Sample Selection

This study was approved by the Institutional Review Board (IRBMED) at the University of
Michigan, Ann Arbor, MI, USA. During the initial surge (April 2020) of COVID-19 admissions
at a single tertiary care medical center, excess clinical specimens were collected from
hospitalized patients. We selected patients who had available plasma samples collected
on two different days. In general, the first and last samples available during hospitalization
were used (referred to as timepoint 1 and timepoint 2 respectively). COVID-19 patients
were separated into mild (n=73) or severe (n=132) groups. The mild group was defined as
those individuals who were discharged from the hospital and never required intubation for
mechanical ventilation. The severe group was defined as either those who required
intubation and mechanical ventilation as part of their care and/or those who died during
the hospitalization. In addition, 136 healthy controls were selected from the MGI-MEND

(Michigan Genomics Initiative - Metabolism, Endocrinology & Diabetes) and IWMC
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(Investigational Weight Management Clinic) cohorts, who were appropriately matched with

the COVID-19 patients for age, gender, and race.

Samples were processed and sent to the University of Michigan Central Biorepository for
storage. All patients greater than 18 years old at the time of sample collection and had
plasma samples from multiple days available for analysis were eligible for inclusion.
Patients with any limitations on medical therapy when the samples were collected were

excluded.
3.2.2 Sample preparation

Untargeted metabolomics profiling was completed by the Michigan Regional

Comprehensive Metabolomics Resource Core (MRC)? (www.mrc2.umich.edu), which has

extensive experience in production and analysis of metabolomics data. Samples were
arranged in a semi-randomized fashion so that control/COVID cases and COVID severity
(mild/severe) were evenly distributed across batches. Samples were aliquoted for the
untargeted metabolomics assays at the start of the project and pools (batch and global)
were created from the individual plasma samples and treated identically to the samples in
all subsequent steps. For a single sample batch (approx. 80-96 samples), samples were
removed from -80 °C storage and maintained on wet ice throughout the processing steps.
To each 50 pyL sample, 200 pL of extraction solvent (1:1:1 Methanol:Acetonitrile:Acetone)
containing internal standards was added. Samples were vortexed then allowed to incubate
overnight at -20°C. Post incubation, the vortex step was repeated, and samples were
centrifuged for 10 minutes at 14,000 RPM in 4° C to precipitate protein. 200 pL of
supernatant was transferred to an autosampler vial and brought to complete dryness using
a nitrogen blower in ambient conditions. Samples and controls were reconstituted with 100

uL of water: methanol (8:2 by volume).
3.2.3 Optimized LC-MS methods

For RPLC-MS, samples were analyzed on an Agilent 1290 Infinity Il / 6545 qTOF MS system
with the JetStream lonization (ESI) source (Agilent Technologies, Inc., Santa Clara, CA USA)

using the Waters Acquity HSS T3 1.8 p 50 mM column (Waters Corporation, Milford, MA).
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Each sample was analyzed twice, once in positive and once in negative ion mode. Mobile
phase A was 100% water with 0.1% formic acid and mobile phase B was 100% methanol with
0.1% formic acid. The gradient for both positive and negative ion modes was as follows: 2%
B (0 min), 75% B (20 min), 98%B (22 min), 98%B (30 min), 2% B (30.1 min) was used. The
column was then reconditioned for 7 min with 2%B before moving to the next injection The
flow rate was 0.46 mL/min and the column temperature was 40°C. The injection volume for
positive and negative mode was 5 pyL and 8 pL, respectively. Source parameters were:
drying gas temperature 350°C, drying gas flow rate 10 L/min, nebulizer pressure 30 psig,
sheath gas temp 350°C and flow 11 I/min, and capillary voltage 3500V, with internal

reference mass correction.
3.2.4 Metabolite Analysis

Semi-quantitative data for known compounds is obtained by manually integration using
Profinder v8.00 (Agilent Technologies, Santa Clara, CA.) Metabolites were identified by
matching the retention time (+/- 0.1 min), mass (+/- 10 ppm) and isotope profile (peak

height and spacing) to authentic standards.
3.2.5 Statistical and Bioinformatics Data Analysis

All data analyses were performed in R (v 4.1.1) statistical programming language and

environment (https://www.R-project.org/).

Multiple linear regression (MLR) was performed on base 10 log-transformed measurements
to describe differences in metabolite abundances due to selected covariates (age, gender,
race, BMI, and T2D) i.e., number of regression models constructed was based on the number
of metabolites tested. The direction of association was determined based on the sign of the
regression coefficient. The residuals from the MLR models were taken as metabolite levels
that are adjusted for the selected covariates and were used to test for differences between

healthy controls and patients with COVID-19 (mild and severe) disease.

Analysis of Variance (ANOVA) and pairwise Student’s t-tests were performed to identify

differential metabolites between healthy controls and mild and severe COVID-19 patients.
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The significance levels (p values) were adjusted for multiple hypothesis testing according

to Benjamini and Hochberg® at a false discovery rate (FDR) of 5%.

Metabolites selected from differential analysis were utilized to build random forest
classification models to compare their capability in classifying COVID-19 severity with that
of clinical factors like age, gender, race, BMI, and diabetic status. The samples were split
into 70% training (n = 145) and 30% test (n = 60) sets. The training data was used to
construct the model and final model performance was validated using the test data (OOB
error). Final model classification performance was validated through prediction of class
labels for the test set and are reported as the area under the receiver operator characteristic

curve.

Partial correlation networks were constructed for 294 metabolites from the healthy controls
(n = 136), patients with mild COVID-19 (n = 73), and patients with severe COVID-19 (n =
132) using the Debiased Sparse Partial Correlation (DSPC) algorithm implemented in
CorrelationCalculator'®. DSPC is especially useful to estimate partial correlations in a high-
dimensional setting (n << p), under the assumption that the true connectivity among the
metabolites is much smaller than the sample size i.e., sparse. Significance of the partial
correlation between a pair of metabolites i.e., edges in the partial correlation network was

defined as an FDR-adjusted p-value < 0.1.

3.3 Results
3.3.1 Study Design and Patient Demographics

Samples were collected from patients admitted to Michigan Medicine during the initial
surge of COVID-19. We selected 205 patients who had available plasma samples from at
least two different days during hospitalization. The first and last samples available during
the hospitalization were used for this analysis. COVID-19 patients were separated into mild
or severe. Mild group (n = 73) was defined as those individuals who were discharged from
the hospital and never required intubation for mechanical ventilation. Severe group (n =

132) was defined as either those who did require intubation and mechanical ventilation as
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part of their care and/or those who died during the hospitalization. The study also included

136 control individuals with similar characteristics to the COVID-19 cohort.

Compared to those with mild disease, patients with severe COVID-19 were more likely to
have a higher BMI (37.0 £ 21.7 vs. 30.1 + 9.0, p=0.002) and T2D (47.7% vs. 31.5%, p=0.021)
(Table 3.1). Patients with severe disease were younger (56 vs. 63 years, p=0.011), and had
a greater proportion of male gender (64 vs. 40%, p=0.003). Race did not differ significantly

between groups.

While effort was made to select a control cohort with characteristics similar to the COVID-
19 cohort, several significant differences were found between controls and each of the
COVID-19 severities, potentially due to differences between the mild and severe COVID-19
groups (Table 3.1). Compared to controls, those with mild COVID-19 were older (62.6 vs.
56.9 years, p=0.019), had a lower BMI (30.1 vs 32.9 kg/m2, p=0.028), and were more likely
to be diabetic (68.5% vs. 45.6%, 0=0.002). Comparing the severe COVID-19 cohort with
controls only showed a difference in BMI, with the severe COVID-19 cohort tending to have

a higher BMI compared to controls (37.0 vs. 32.9 kg/m2, p=0.042).

Table 3. 1: Control and COVID-19 Population Demographics

Control (N=136) Mild (N=73) Severe (N=132) p-value

Age (years)
Mean (SD) 56.8 (14.5) 62.6 (17.9) 56.2 (15.9) 0.0127
Median [Min, Max] 60.0 [23.0, 88.0] 64.0 [23.0, 89.0] 58.0 [20.0, 89.0]
BMI
Mean (SD) 32.9 (7.82) 30.1 (9.03) 37.0 (21.7) 0.0068
Median [Min, Max] 32.55[18.8, 53.8] 27.7 [16.9, 58.0] 33.4 [18.6, 21.8]
Gender
Female 66 (48.5%) 44 (60.3%) 49 (37.1%) 0.0049
Male 70 (51.5%) 29 (39.7%) 83 (62.9%) )
Race
African American 50 (36.8%) 26 (35.6%) 56 (42.4%) G,
Non-African American 86 (63.2%) 47 (64.4%) 76 (57.6%) )
Diabetic status
Diabetes 74 (54.4%) 23 (31.5%) 63 (47.7%)

N 0.0093
No diabetes 62 (45.6%) 50 (68.5%) 69 (52.3%)

*p-values for continuous and categorical variables correspond to ANOVA and Chi-squared tests,
respectively
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3.3.2 Metabolomics Analysis

Untargeted metabolomics profiling generated a dataset that contained 8599 and 4714
features in the positive and negative ionizations modes respectively. After data reduction
using Binner'®®, there were 5298 and 3273 features in the positive and negative modes

respectively. 294 putatively annotated metabolites were included in the analysis.

3.3.2.1 Effect of clinical covariates on metabolome

Since the metabolome is known to be strongly influenced by various clinical factors, we
looked at the association of these metabolites with age, gender, BMI, race, and diabetic
status in multiple linear regression models. At p-value < 0.05, 87 metabolites were
associated with age, 55 with gender, 23 with BMI, 78 with race and 61 with diabetic status

(Supplementary Table 3.1; Figure 3.1). Majority of these metabolites were lipids that

belonged to the following classes: fatty acyls, glycerophospholipids, sphingolipids, and
sterol lipids. Other classes of compounds included organic acids and derivatives, organo-

heterocyclic compounds, benzenoids, and nucleic acids.

Additionally, we examined the effect of a commonly used anesthetic substance, propofol
on plasma metabolome. In COVID patients, propofol was administered prior to intubation.
It must be noted that all patients who received propofol were from the severe group (n=
63). We found that 201 metabolites were associated with propofol administration (p-value

< 0.05) (Supplementary Table 3.1; Figure 3.1). The majority of these were lipids, including

sterols, sphingolipids, glycerolipids, glycerophospholipids and fatty acyls.

To eliminate the influence of age, gender, race, BMI, T2D, and propofol administration, we
constructed a linear regression model with these covariates and disease status (Control,
mild COVID, and severe COVID). We found that there were 196 significant metabolites (p <
0.05) between control and mild COVID groups, 234 significant metabolites (p < 0.05)
between control and severe COVID groups, and 167 significant metabolites (p < 0.05)

between mild and severe COVID groups.

To build partial correlation networks, we constructed a linear regression model with age,

gender, race, BMI, T2D, and propofol administration (excluding disease status) and used
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the residuals from the model in subsequent analyses. We performed differential analysis on
the same adjusted data and visualized the differential metabolites in the resulting

networks.

64



= oo
T
B
» ey

.
RG]
K
s
> .o
o

"'3!
il

3
47e

.............ﬂhﬁhﬂ%%ﬂ
f1Ent syid w/n
{ _ﬁrﬁ/

65



Figure 3.1: Chord diagrams illustrating the association of age (A), gender (B), race (C), BMI (D), diabetes
(E), and propofol administration (F) with the metabolome in the controls and COVID-19 patients.
Metabolites associated with propofol administration (F) are grouped into chemical classes for ease of

visualization.

3.3.2.2 Differential analysis

We performed a one-way ANOVA, followed by Tukey's HSD post-hoc test to compare the
metabolomes of the controls, mild COVID, and severe COVID populations using the first
collected blood sample (timepoint 1). We identified 244 significant (FDR < 0.05)
metabolites, suggesting that the difference in the levels of these metabolites was due to
disease status without any confounding variable (Table 3.2). These were primarily fatty
acyls (75), organic acids and derivatives (43), glycerophospholipids (33), organo-

heterocyclic compounds (23), sterol lipids (15), and benzenoids (15) (Figure 3.2).

Fatty acyls - o
Organic acids and derivatives - L]
Glycerophospholipids - [ ]
Organoheterocyclic compounds = o
Sterol Lipids - L ]
Benzenoids - L ]
Nucleic acids - L ]
Sphingolipids - ®
Glycerolipids - { ]
Organic nitrogen compounds - L]
Organic oxygen compounds -
Prenol Lipids -
Carbohydrates -
Alkaloids and derivatives =
éD AID ESID
Number of metabolites

o
o0 0,

Figure 3.2: Lollipop plot of classes of metabolites that are significantly differential between controls and
COVID-19 patients.
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Table 3.2: Significantly differential metabolites between controls and COVID-19 patients

Metabolite
Pyroglutamic acid
Sphingosine
Tetracosenoic acid
Maleic acid
CAR(18:1)

CAR(18:2)
Sphinganine

Piperine
Docosatrienoic acid
Protocatechuic acid
MG(18:1)

Eicosenoic acid
Arachidic acid
3-Methylxanthine
CAR(16:1)
3-Indolepropionic acid
Docosenoic acid
Retinoic acid

Azelaic acid

DG(34:1)
Theophylline

Phe-Trp

CAR(16:0)

Caffeine

lle-Val

Palmitoleic acid
Theobromine

Ser-Leu
Octadecatrienoic acid
N(2)-Acetyllysine
Nonadecenoic acid
1,3-Dimethyluric acid
Octadecadienoic acid
Undecanedioic acid
Eicosadienoic acid
Paraxanthine
Margaric acid
DG(34:2)

Myristic acid
Pentadecylic acid
DG(32:0)

Behenic acid

Ala-Leu
2-Aminooctanoic acid

N-Acetyl-D-tryptophan

CAR(4:0(0H))

gamma-Glutamylmethionine

DG(18:1_18:1)

F-statistic
125.43
124.88
116.96
110.66
97.675
96.56
96.081
95.706
80.197
73.555
72.275
71.322
66.83
65.368
62.281
60.527
58.809
58.327
57.048
56.655
55.838
55.082
54.841
54.539
54.13
53.837
52.962
52.869
51.796
50.822
50.803
49.977
49.42
48.152
47.025
46.772
45.601
45.093
45.012
43.7
42.829
41.939
41.176
38.856
37.802
37.293
36.048
36.034

p-value

1.58E-41
2.17E-41
2.22E-39
9.70E-38
3.04E-34
6.18E-34
8.39E-34
1.07E-33
2.94E-29
2.85E-27
6.98E-27
1.36E-26
3.33E-25
9.53E-25
8.99E-24
3.26E-23
1.16E-22
1.67E-22
4.33E-22
5.81E-22
1.07E-21
1.90E-21
2.28E-21
2.86E-21
3.90E-21
4.87E-21
9.49E-21
1.02E-20
2.31E-20
4.89E-20
4.96E-20
9.38E-20
1.44E-19
3.87E-19
9.32E-19
1.14E-18
2.86E-18
4.26E-18
4.55E-18
1.29E-17
2.58E-17
5.25E-17
9.70E-17
6.34E-16
1.50E-15
2.28E-15
6.33E-15
6.41E-15

FDR

3.20E-39
3.20E-39
2.17E-37
7.13E-36
1.79E-32
3.03E-32
3.53E-32
3.92E-32
9.60E-28
8.38E-26
1.87E-25
3.34E-25
7.52E-24
2.00E-23
1.76E-22
5.99E-22
2.01E-21
2.72E-21
6.70E-21
8.54E-21
1.50E-20
2.54E-20
2.91E-20
3.51E-20
4.59E-20
5.51E-20
1.03E-19
1.07E-19
2.34E-19
4.71E-19
4.71E-19
8.62E-19
1.29E-18
3.34E-18
7.83E-18
9.29E-18
2.27E-17
3.30E-17
3.43E-17
9.46E-17
1.85E-16
3.68E-16
6.63E-16
4.24E-15
9.79E-15
1.45E-14
3.93E-14
3.93E-14
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Hydroxydecanoic acid
Octadecatetraenoic acid
Leu-Pro

GMP

N-Acetylglutamic acid
PC(34:4)

lle-Pro
1-Methylxanthine
Glutamine
3-Hydroxybutyric acid
5-Hydroxy-tryptophan
CAR(14:0)
Tetradecadienoic acid
CAR(18:0)
Hyodeoxycholic acid
N2,N2-Dimethylguanosine
CAR(5:0(0H))
Docosatetraenoic acid
Niacinamide
Sphingosine 1-phosphate
DG(36:3)

CAR(9:0)
Docosapentaenoic acid
Acetaminophen

Stearic acid

Myristoleic acid
Deoxyguanosine
CAR(2:0)

Phenyllactic acid

Lauric acid

35.846
35.824
35.749
35.631
35.507
35.438
34.87

34.692
32.899
32.047
31.659
31.491
31.473
30.929
30.853
30.702
30.59

30.326
29.473
29.332
29.319
29.019
28.758
28.486
28.37

28.319
28.054
27.904
27.779
27.707

7.49E-15
7.62E-15
8.11E-15
8.94E-15
9.90E-15
1.05E-14
1.68E-14
1.95E-14
8.68E-14
1.78E-13
2.46E-13
2.84E-13
2.88E-13
4.56E-13
4.86E-13
5.53E-13
6.08E-13
7.61E-13
1.57E-12
1.77E-12
1.79E-12
2.31E-12
2.89E-12
3.65E-12
4.03E-12
4.21E-12
5.29E-12
6.01E-12
6.69E-12
7.12E-12

4.48E-14
4.48E-14
4.68E-14
5.06E-14
5.49E-14
5.71E-14
8.97E-14
1.02E-13
4.48E-13
9.00E-13
1.23E-12
1.39E-12
1.39E-12
2.16E-12
2.27E-12
2.54E-12
2.75E-12
3.39E-12
6.89E-12
7.63E-12
7.63E-12
9.71E-12
1.20E-11
1.49E-11
1.62E-11
1.67E-11
2.07E-11
2.33E-11
2.56E-11
2.69E-11
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Next, we explored the differences between the control group and patients with mild and

severe COVID at timepoint 1 using pairwise Student’s t-tests and fold change analysis. We

found that there were 73 significantly (FDR < 0.05) differential metabolites between mild

and severe COVID groups, 192 differential metabolites between controls and mild COVID,

and 222 differential metabolites between controls and severe COVID (Supplementary Table

3.2, Figure 3.3 A-C). Notably, levels of several fatty acyls were higher in COVID patients,

with severe COVID patients having higher levels of these than mild COVID patients.

Similarly, levels of organic acids and derivatives are also higher in COVID patients. These

results were consistent with the linear regression model that included disease status along

with clinical covariates.
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A. Mild vs. Severe COVID B. Controls vs. mild COVID C. Controls vs. severe COVID

Figure 3.3: Chord diagrams illustrating the differential status of the classes of metabolites based on t-
tests performed in mild vs. severe COVID (A), controls vs. mild COVID (B) and controls vs. severe COVID
(C). The thickness of connections and sectors is proportional to the number of metabolites. Pink color
indicates increased levels while green color indicates decreased levels of metabolites in COVID (mild or
severe) patients. Gray color indicates metabolites that are not significantly differential.

3.3.2.3 Network Analysis of Metabolomics Data

To examine the relationships among differentiating metabolites and to visualize the
metabolic changes we used a data-driven approach that uses partial correlations. The
Debiased Sparse Partial Correlation (DSPC) algorithm implemented in the
CorrelationCalculator®®® program allows the estimation of partial correlations in a high-
dimensional setting (n << p) under the assumption that the true connectivity among the
metabolites is much smaller than the sample size i.e., sparse. Under this assumption, DSPC
reconstructs a graphical model and provides partial correlation coefficients and P-values
for every pair of metabolic features in the dataset. Thus, DSPC allows discovering

connectivity among large numbers of metabolites using fewer samples.

We constructed a partial correlation network for 294 metabolites based on metabolomics
measurements for the control as well as mild and severe COVID groups at timepoint 1.
(Figure 3.4). The resulting partial correlation network contained 282 metabolites and 422
edges with an FDR-adjusted p-value < 0.05. Two metabolites were excluded due to low

correlation with other metabolites in the dataset.
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Partial correlation networks have been shown to recapitulate known relationships between
metabolites, i.e., biochemically and structurally related metabolites tend to cluster
together. In order to visualize the resulting networks we imported them into Cytoscape®?.
Cytoscape allows to create custom visualizations displaying experimental changes in the
network context. The levels of fatty acids and DAGs were increased in both mild and severe
COVID. The LPEs and carnitines were increased in the severe group. The levels of several

purines and bile acids were lower in COVID patients.

Mild vs. Control Severe vs. Control Severe vs. Mild

ines

s Bileacidg/L
/\ Carnitines .f' ﬁ'
< bAG . ¢ FIE 5 L W)
[ Fatty acids W k} s ‘
O pe/lPE o RN IE3E . f 3444
O pc t-statistic t-statistic t-statistic
Vv Dipeptides -14 15 -14 15 -14 15

Figure 3.4: Partial correlation network of the plasma metabolome. The nodes in the networks are colored
based on the value of the t-statistic in the respective pairwise Student’s t-test. Nodes with a bold border
represent significantly differential metabolites (FDR < 0.05). The thickness of the edges is based on the
adjusted p-value of the partial correlation. Thicker edges represent greater statistical significance.

3.3.2.4 Identification of metabolic markers of COVID severity

To determine the ability of metabolomics to identify patients with severe disease, we
constructed parsimonious random forest models to predict severe COVID-19. In order to
avoid any potential confounding, we excluded patients who received propofol, leaving 144
patients who were included into this analysis. We compared the predictive performance of
traditional COVID-19 risk factors such as age, BMI, race, gender, and diabetic status to the
73 differentially expressed metabolites in discriminating mild and severe COVID at
timepoint 1. The samples were divided into training (70%) and test (30%) sets and random

forest classifier was trained on the training data and its performance was measured on the
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test data as the area under the receiver-operator curve (ROC-AUC). We found that the
model built with the differential metabolites has a much better performance (AUC-ROC =
0.885 + 0.054) than the model built with clinical COVID risk factors (0.677 + 0.084) (Figure
3.5A). The top 20 most important variables primarily included short-chain carnitines (C3-
C5), long-chain diglycerides, phosphatidylcholines, and lysophosphatidylethanolamines.
Interestingly, the dipeptide Phe-Phe also featured in the top 20 metabolites despite having

a strong association with propofol administration (Table 3.3; Figure 3.5B).

£ Preditors
T COVID risk factors
— Differential metabolites

Metabolite

1+ spacificity Importance

Figure 3.5: Predictive performance of differentially expressed metabolites and clinical COVID risk factors.
(A) ROC of the random forest models. The orange curve represents the model constructed with COVID risk
factors while the blue curve represents the model constructed with the differential metabolites. The area
under the receiver-operator curve (AUC-ROC) is given as AUC + SD. (B) Top 20 metabolites ranked by
their contribution to classification accuracy, given by the mean decrease in the Gini index.

Table 3.3: Top 20 important metabolites in the Random Forest model ranked by the mean decrease in the
Gini index.

Metabolite MeanDecreaseGini MeanDecreaseAccuracy

CAR 5:1 2.586 6.661

CAR 5:1 OH 2.332 8.651
MG 18:1 2.239 6.601

DG 18:1/18:1 2.16 6.987
DG 36:3 2.101 6.168

CAR 3:0 2.014 6.69
3-Methyxanthine 1.876 6.185
CAR 4:0 3me 1.301 5.251
CAR 4:0 1.231 4.623
Phe-Phe 1.165 3.563

PC 34:3 1.163 5.73
Arachidic acid 1.084 4,192
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CAR 3:0 2me 0.982 2.658

LPE 18:2 (A) 0.955 3.884
5-Methylthioadenosine 0.89 3.918
PC 36:3 0.853 0.783

CAR 5:0 isomers 0.851 3.417

LPE 18:2 (B) 0.805 2.877

Retinoic acid 0.796 1.719

Behenic acid 0.751 3.65

3.3.2.5 Assessing metabolic difference associated with disease progression

We compared the metabolomes of COVID patients between the two timepoints. While there
were only 2 significantly differential (FDR < 0.05) metabolites between timepoint 1 and 2
in patients with mild COVID, there were 44 differential metabolites across the two
timepoints in patients with severe COVID (Table 3.4). The levels of 42 out of the 44

metabolites decreased at timepoint 2.

Table 3.4: Differential metabolites (FDR < 0.05) timepoints 1 and 2
among patients with severe COVID-19.

Metabolite t-statistic p-value  FDR

Phenyllactic acid 5.7147 2.96E-08 8.71E-06
Phenylacetic acid 5.1043 6.36E-07 9.34E-05
Phe-Phe 49689 1.21E-06 0.000119
Kynurenine 4.662 4.98E-06 0.000366
CAR(4:0(3Me)) 4.511 9.72E-06 0.000571
Hydroxyphenyllactic acid 4.3905 1.64E-05 0.000602
Aminobutyric acid 4.4128 1.49E-05 0.000602
3-Hydroxybutyric acid 4.4489 1.27E-05 0.000602
Guanine 4.2461 3.02E-05 0.000985
CAR(5:0) isomers 4.1912 3.79E-05 0.001114
Arachidic acid 4.0549 6.61E-05 0.001766
Behenic acid 3.9754 9.08E-05 0.002224
CAR(5:1) 3.9084 0.000118 0.002672
LPE(18:2)_rp_a 3.7552 0.000213 0.004475
Lenticin 3.6755 0.000287 0.004972
CAR(5:0) 3.6756 0.000287 0.004972
Pyridoxamine 3.6902 0.000272 0.004972
Niacinamide -3.6278 0.000343 0.005604
LPE(18:2)_rp_a_b 3.5115 0.000524 0.006417
bis(2-Ethylhexyl)phthalic acid 3.5132 0.000521 0.006417
Octadecadienoic acid 3.5207 0.000507 0.006417
Lignoceric acid 3.5259 0.000498 0.006417
Indoleacrylic acid 3.542 0.000469 0.006417
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MG(18:1) 3.5699 0.000424 0.006417

Tetradecadienoic acid 3.4366 0.000684 0.008045
gamma-Glutamylmethionine 3.3916 0.000801 0.008726
LPE(18:2)_rp_b 3.399 0.000781 0.008726
Eicosenoic acid 3.2824 0.001168 0.011841
DHA 3.2864 0.001152 0.011841
Mesobilirubinogen 3.1945 0.001571 0.015395
L-Urobilin 3.1311 0.001937 0.017259
LPC(18:2)_rp_a 3.1316 0.001934 0.017259
Docosenoic acid 3.1368 0.001901 0.017259
Hydroxykynurenine 3.1174 0.002026 0.017522
Tyrosine 3.0708 0.002358 0.019804
Taurolithocholic acid 3.0223 0.002755 0.0225
lle-Val 3.0134 0.002835 0.022526
Leucine/lsoleucine 2.9718 0.003233 0.025016
Hyocholic acid 2.9348 0.003631 0.027375
Isoleucine 2.9191 0.003813 0.028024
Lysine 2.8344 0.004946 0.033815
PC(35:2) 2.8367 0.004912 0.033815
LPC(20:3)_rp_a 2.8488 0.004734 0.033815
2-Deoxy-glucose 2.8042 0.005419 0.036207
Thyroxine -2.7043 0.007289 0.038012
Hippuric acid 2.7006 0.00737 0.038012
DG(36:3) 2.7007 0.007367 0.038012
Cytidine 2.7027 0.007324 0.038012
Eicosadienoic acid 2.706 0.007253 0.038012
Margaric acid 2.712 0.007128 0.038012
LPC(18:2)_rp_a_b 2.7129 0.007109 0.038012
5-Hydroxy-tryptophan 2.7333 0.006694 0.038012
LPC(16:0)_rp_a 2.7404 0.006555 0.038012
Docosapentaenoic acid 2.7419 0.006526 0.038012
Nonadecenoic acid 2.7431 0.006502 0.038012
Sphingosine 2.7455 0.006456 0.038012
SM(d32:1) 2.7612 0.006164 0.038012
Pyroglutamic acid 2.6496 0.008544 0.043309
2-Hydroxy-3-methylbutyric acid 2.605 0.009707 0.048372
DG(18:1_18:1) 2.5922 0.010067 0.049327

3.4 Discussion

This study investigated changes of plasma metabolome of patients with mild and severe
COVID-19, compared to healthy controls. In our patient population the incidence of type 2
diabetes was higher in the severe group compared to the group who had mild COVID-19.
Patients with severe COVID-19 had higher BMI. It has been shown that certain chronic

comorbidities, such as hypertension, cardiovascular disease, obesity, diabetes, and kidney
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disease, are highly prevalent in people with COVID-19. While these comorbidities do not
appear to increase the risk of developing COVID-19, they are associated with an increased
risk of a more severe case of the condition as well as mortality!®®. To account for the
influence of age, race, gender, BMI, T2D and propofol administration, we built a multiple
linear regression model. We found that 160 metabolites were significantly associated with
one or more covariate. We also found that the administration of propofol induces profound
metabolic changes especially affecting lipid metabolism (201 out of 292 metabolites were
associated with propofol with p-value < 0.05). Adjusting the data for these factors allowed

us to focus on metabolic changes associated with disease severity.

We found that several classes of lipids, including fatty acids and acylcarnitines were
increased in COVID patients, especially in the severe group. This is consistent with previous
findings by Thomas et al. who also found that these were elevated in patients with COVID-
19. Further, these elevations were often more pronounced in older patients and those with
higher levels of IL-6%°. Several other studies have made similar observations with regard
to acylcarnitines and fatty acid levels with COVID-19%°*2%2, These observations may reflect
an inability of these patients to mount an adequate metabolic response?®. Carnitine is vital
for moving long-chain fatty acids into the mitochondria to undergo beta-oxidation and
dysregulation of this process could cause an increase in the plasma concentrations of these
compounds?®*. When acylcarnitines cannot be oxidized in the mitochondria they can be
exported from the cell into the circulation®®. In contrast to acylcarnitines we found that the

level of L-carnitine was lower in both COVID groups.

The majority of plasma bile acids were lower in COVID patients than in controls. This could
be seen at odds with the common observation that bile acids and other products normally
excreted by the liver tend to accumulate in critically ill patients?®®. However, adjusted levels
of taurolithocholic acid were elevated in our study and this compound was the only primary
bile acid that was associated with COVID-19 severity. The other bile acids that were
decreased in both mild and severe patients were secondary bile acids, meaning they were
all dehydroxylated by gut bacteria and subsequently resorbed into the blood via the

enterohepatic circulation. A similar pattern was recently noted in patients with acute
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respiratory response distress syndrome in which primary bile acids increased early in the
course of the disease but secondary bile acids levels in the serum remain unchanged?””.
Also, plasma concentrations of secondary bile acids may have a direct role in the outcome
of patients with COVID-19 since it has been postulated that secondary bile acids, such as
chenodeoxycholic and ursodeoxycholic acid, may bind SARS-CoV-2 to angiotensin-

converting enzyme 2, preventing it from infecting cells?°%-21°,

Tetracosenoic acid, also known as nervonic acid, was one of the top 5 differential
metabolites both in mild and severe COVID groups. Previous studies have shown
tetracosenoic acid to have a protective effect for patients with metabolic disorders?*.
Thyroxine was also lower in both disease groups in our study. This is consistent with other
studies, including a metanalysis, which found that low thyroxine levels were associated

with hospital mortality?*2.

Next, we tested the ability of metabolites to identify patients with more severe disease. We
found that the metabolites were much better than patient characteristics at identifying
individuals with more severe disease with the performance of the random forest model
having an AUC of 0.885. This suggests that metabolic alterations play a significant role in
the early response to COVID-19 and support the use of metabolomics to uncover the
mechanisms of these diseases. This is in line with other studies that have shown that the
metabolome of patients with COVID-19 to be strongly predictively of disease severity*®.
While not addressed in this study, others have also demonstrated that metabolomic profiles
may be able to identify patients at risk for developing severe disease when measured prior

to infection?®3.

Several limitations of this study should be considered when interpreting the results. First,
the onset of disease was unknown for this study population. Some patients may have had
symptoms for days before being admitted to the hospital while others may have
experienced a rapid progression of their symptoms that necessitated hospitalization. This
is a common problem in the study of acute infections and related sequelae such as sepsis
and septic shock. The inclusion of two timepoints for each COVID-19 subjects allows some

identification and features that are important early or late in disease. However, no baseline
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exists for subjects and the exact date of infection with SARS-CoV-2 or the timing of
symptoms is not available for the study population. Second, as is true with any
retrospective study, a lack of randomization means that results could be biased by any
unmeasured confounds. Third, these subjects were recruited during the early stages of the
COVID-19 outbreak. Therefore, vaccines and treatments that are currently in common use

were being used. This limits applicability of findings to current patients.

In conclusion, the plasma metabolome of patients with COVID-19 can be used to predict
disease severity. Future studies are needed to determine if these relationships hold true
with recently developed antiviral treatments and in other similar situations such as

bacterial and fungal sepsis.
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CHAPTER IV

Body Mass Index Associates with Amyotrophic Lateral Sclerosis
Survival and Metabolomic Profiles

The materials presented in this chapter have been accepted for publication as: Stephen
A Goutman, Jonathan Boss, Gayatri lyer, Hani Habra, Masha G Savelieff, Alla Karnovsky,
Bhramar Mukherjee, Eva L Feldman (2022). “Body mass index associates with
amyotrophic lateral sclerosis survival and metabolomic profiles”. Muscle and Nerve. this
Chapter also includes the unpublished data on the association of BMI-related metabolic
modules with ALS survival.

4.1 Introduction

Amyotrophic lateral sclerosis (ALS) is a very rare and unpredictable neurological disease
that causes progressive loss of muscle function and leads to loss of life. Currently, there are
medications that slow progression but there are no lifesaving therapies. ALSdiagnosis is
preceded by a pre-symptomatic phase, characterized by initiation of the disease process
but lacking pronounced clinical symptoms 2*4-#¢, ALS patients frequently suffer from a rapid
decrease in body mass index (BMI) and the rate of loss early in the disease course is a
strong prognostic factor?’. Therefore, BMI loss may reflect an early and pre-symptomatic
manifestation of disease. Indeed, individuals with ALS develop BMI loss many years before
symptom onset?8, Additionally, lower BMI earlier in life may both increase ALS risk 28222

and decrease ALS survival 218223,

BMI decreases in ALS patients are linked to lower energy intake from dysphagia and higher
energy expenditure?*22® including hypermetabolism, altered glucose and lipid metabolism,

and mitochondrial dysfunction??®. Perturbations in metabolism in ALS are supported by
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correlations in basic lipid profiles with risk and outcomes. Increased low-density lipoprotein
cholesterol (LDL-C) and apolipoprotein B levels years prior raise risk of ALS onset??” or at
diagnosis correlate with longer ALS survival®?®, However, basic lipid profiles do not capture
the full spectrum of metabolic changes that occur in the disease. Rather, the metabolome
and lipidome, the cumulative profile of all metabolites and lipids, may more
comprehensively reflect the metabolic state. Indeed, metabolomics profiles correlate with
BMI?2°-2%1 and disease phenotypes, such as cardiometabolic risk®**%°, Metabolomics
signatures may one day be useful in combination with BMI as predictors of disease

outcomes??®,

However, the correlation of BMI with metabolomics profile and disease outcomes has not
been investigated in ALS. Thus, our goal in this current study was to leverage our
case/control study to examine trends in BMI trajectory in ALS versus control participants

correlated to survival and metabolomics profile.

4.2 Methods
4.2.1 Participants and Samples

Recruitment and data collection procedures are published®3?-23%, Briefly, all patients seen at
the Pranger ALS Clinic at University of Michigan with an ALS diagnosis, age > 18 years, and
ability to consent in English were asked to participate. Neurologically healthy controls,
recruited through population outreach, completed the same procedures. All participants
provided oral and written informed consent and the study was approved by the Institutional
Review Board. Demographic characteristics and available prior heights and weights from
the medical records of the participants were obtained, as were ALS disease characteristics
such as Revised El Escorial criteria (rEEC)%®. Participants were asked to self-report height
in feet and inches and weight in pounds 10 years ago, 5 years ago, and at the present time.
For ALS participants, present weight was typically equivalent to weight at diagnosis since
enrollment occurred shortly after diagnosis. BMI was calculated from height and weight as

follows: weight(kg)/[height(m)]? 2. ALS participants with an interval of more than 5
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years from symptom onset to a diagnosis were not included in the analysis as the goal was
to investigate pre-symptomatic differences in BMI. A subset of participants provided

plasma for metabolomics analysis, as published?3#23°,
4.2.2 Descriptive Analysis

Descriptive statistics were calculated for demographic characteristics including age, sex,
onset segment, and disease duration (time from symptom onset to diagnosis). Study
population differences were compared between BMI groups by analysis of variance tests
and chi-square tests. Lin’s concordance correlation coefficient quantified agreement

between available self-reported and measured BMls.
4.2.3 BMI Progression Analysis and Group Assignment

Generalized estimating equations (GEE) with unstructured correlation structure assessed
differences in BMI changes for ALS and control participants, while accounting for within-
participant correlation between self-reported BMI measurements?*°. The GEE outcome was
self-reported BMI, and the covariates were interaction terms between ALS/control status
and the three time points adjusted for age and sex at study entry. Differences in average
BMI rate of change between ALS and controls were assessed with the Wald test and

performed with the R geepack package?*.

After subtracting self-reported BMI 10 years prior to consent from all timepoints, k-means
clustering for longitudinal data (kml R package?*?) grouped ALS cases based on their self-
reported changes in BMI, for use in ALS survival models. This subtraction step ensured that
the k-means procedure clustered exclusively on BMI changes over time, rather than
differences in baseline BMI. After considering 2-6 clusters, the selected number of clusters
maximized the Calinski and Harabasz criterion?? a measure of between cluster variation
relative to within-cluster variation for longitudinal data?*. The distance metric used for

clustering was Euclidean distance with Gower adjustment?*,
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4.2.4 Survival Analysis

Kaplan Meier plots of survival from diagnosis by cluster were produced. Cox proportional
hazards models determined associations between cluster groups and ALS survival, defined
as the time from diagnosis to death. Associations were adjusted for sex, age, baseline BMI
(i.e., 10 years prior), onset segment, diagnosis rEEC, and time from symptom onset to
diagnosis. Proportional hazards assumptions were checked using global and individual
Schoenfeld tests with graphical assessment of the rescaled Schoenfeld residuals over time.
Due to proportional hazards violations in some models, accelerated failure time (AFT)

models were constructed.
4.2.5 Sensitivity Analyses

Two sensitivity analyses were performed: (i) As some participants did not provide BMI data
during the study period, a sensitivity analysis for missing data was performed with inverse
probability weighting and models were rerun using this weighted dataset; (ii) As BMI is an
ALS prognostic factor, the participant’s reference/baseline BMI (10 years prior to study
entry, i.e., 10-year BMI) and clustering trajectory by groupings was captured. BMI was
divided by tertiles, and clustering provided three trajectories creating a total of 9 groups,

designated as cluster*BMI groups.
4.2.6 Missing Data

To handle missing BMI trajectories, inverse probability weighted complete data analysis
was performed for all models described in the methods, since BMI trajectories for almost
all participants were either fully observed (381 cases, 266 controls) or completely missing
(306 cases, 30 controls). Weights were constructed by modeling the probability of having
an observed BMI trajectory with case and control stratified generalized additive models
using the R mgcv package?®®. Stratification by case or control status was performed so that
Revised El Escorial criteria (rEEC) at study entry, time between symptom onset and
diagnosis, and onset segment could be included as covariates in the generalized additive
model. Both generalized additive models adjusted for age and sex at study entry. The

weights were calculated by inverting the estimated probability of having an observed BMI
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trajectory obtained from the generalized additive models?*®. The proposed weighting
scheme is an alternative strategy to multiple imputation for handling missing data, where
individuals are weighted by how likely they are to have a missing BMI trajectory based on

their age, sex, and ALS clinical characteristics?#.
4.2.7 Metabolomics Data Analysis

Non-fasting plasma samples from ALS participants were analyzed by Metabolon
(Morrisville, NC) and previously published as case-control analyses®%2°, Samples were run
in two separate batches and batch effect was corrected by Z-normalization. Within each
batch, each metabolite's values were mean centered and scaled by the standard deviation
to produce a normal distribution (i.e., autoscaled). Then, datasets were merged by shared

compound IDs, and adjusted by age and sex.

Student’s t-tests were performed to identify differential metabolites between the three BMI
trajectory groups (decreasing, flat, and increasing). Pearson’s correlations were calculated
between metabolites and current BMI. In both tests, the statistical significance was
determined using a false discovery rate (FDR)-adjusted p-value < 0.05. Lasso regression
was performed using the R package glmnet?*’ to select metabolites associated with BMI
trajectory. Lasso'® (least absolute shrinkage and selection operator or Lasso) is a [1-
regularized linear regression model that is used for covariate selection when the number of
covariates (in this case, metabolites) is much larger than the available sample size. The [1-
penalty shrinks the coefficients of uninformative covariates to zero, thereby excluding them.
Ten-fold cross-validation was performed to select the tuning parameter that minimized
cross-validation error. The final model was generated by re-fitting the lasso model with

the selected tuning parameter value.

Next, we constructed partial correlation networks from the metabolic profiles of ALS
participants to infer direct metabolic interactions under disease condition. Partial
correlation is the conditional dependence between a pair of variables, given all the other
variables. This eliminates potentially spurious indirect associations between metabolites.

Prior studies have demonstrated that metabolic modules derived from correlation networks
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contain biochemically and functionally related metabolites??®12624¢  \We utilized the
Debiased Sparse Partial Correlation (DSPC) algorithm implemented in the
CorrelationCalculator’®® program that allows the estimation of partial correlations in a
high-dimensional setting (n < p), as in the case in this study. The assumption made is that
the true connectivity among the metabolites in a biological context is much smaller than
the sample size i.e., the connectivity is sparse. Significance of the partial correlation
between a pair of metabolites i.e., edges in the partial correlation network was defined as

an FDR-adjusted p-value < 0.1.

The partial correlation network was then clustered using a consensus clustering®* approach
to obtain densely connected metabolic modules. Consensus clustering integrates multiple
graph-clustering solutions, thereby generating more robust modules. Consensus clustering
employs the following seven graph clustering algorithms implemented in the igraph R

package (https://igraph.org/): cluster_edge_betweenness(),

cluster_fast_greedy(), cluster_infomap(), cluster_label prop(),
cluster_leading _eigen(), cluster_louvain(), cluster_walktrap(). The final
module assignment is decided based on the consensus of the graph partitions from each of

these algorithms.

Next, we tested the association between the metabolic modules and BMI clusters
(increasing and decreasing BMI) in group-penalized lasso (group lasso) regression models
using the gglasso R package. Group lasso*° is a special case of lasso regression where
covariate-selection is performed on a group-level rather than on individual covariates,
under a sparse setting. Here, the grouping structure information is provided by the
metabolic module assignment of the metabolites. Mathematically, group lasso solves the

following optimization problem:

L
y = szﬁz
=1

Here, y is the response vector (that can be a continuous or binary variable) consisting of N

2

L
+2) ol
2 =1

min
BERP

observations, X is the design matrix with dimensions N x p, where p is the number of
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covariates divided into L groups, p; is the number of covariates in group [, with 8; being the
corresponding vector of beta coefficients. A is the tuning parameter that controls the degree
of sparsity of the beta coefficients. Ten-fold cross-validation was performed to select the
tuning parameter A* that minimizes cross-validation error. The final model was selected by
re-fitting the group lasso model with A*.

All analyses were performed using R statistical software version 4.0.2.

4.3 Results
4.3.1 Participants

For those with observed BMI at all three timepoints, ALS participants represented a typical
patient population, according to onset age, distribution of segment onset, among other
variables. Controls (n=266) were slightly younger than cases (n=381) (61.3 vs. 64.9 years p
< 0.001) (Table 4.1). Two ALS participants with an uncertain onset segment and one control
with a BMI greater than 100 kg/m? labeled as an outlier were removed from subsequent
analysis. Demographics for ALS and control participants with missing data are detailed in
Table 4.2. The analysis results for missing data for BMI trajectories in ALS versus control
participants were similar to the analysis of participants with complete data. The differences
in BMI at -5 years versus 0 years was 1.75 kg/m? for ALS cases (95% Cl: 1.32 kg/m? to 2.19
kg/m?; p = 3x107**) and 0.00 kg/m? for controls (95% Cl: -0.39 kg/m? to 0.38 kg/m?, p = 1)

for the analysis of missing data.

Table 4.1: Participant Demographics

Covariate Overall ALS cases Controls P-Value
(n=647) (n=381) (n=266)

AAge at survey consent 63.3 (56.5-69.9) 64.9 (57.6-71.4)  61.3(55.2-68.2)  <0.001

(years)

Sex 0.143
Female 317 (49.0) 177 (46.5) 140 (52.6)
Male 330 (51.0) 204 (53.5) 126 (47.4)

Last contact event NA
Death 251 (64.9) NA
Censored 130 (34.1) NA

Original and/or Revised NA

El Escorial criteria
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Possible/Suspected 53 (13.9) NA

Probable, LS 104 (27.3) NA
Probable 123 (32.3) NA
Definite 101 (26.5) NA
Onset segment NA
Bulbar 113 (29.7) NA
Cervical 126 (33.1) NA
Lumbar 142 (37.3) NA
Time between symptom
onset and diagnosis 1.01 (0.64-1.66) NA NA
(years)

For continuous variables, median (25" - 75" percentile); for categorical variables, N (%). P-values for
continuous and categorical variables correspond to analysis of variance tests and chi-squared tests,
respectively.

ALS, amyotrophic lateral sclerosis; LS, laboratory supported; NA, not applicable.

Table 4.2: Participant Demographics with Missing BMI Data

Covariate Overall ALS cases Controls P-Value
(n=336) (n=306) (n=30)
Age at entry (years) 61.7 (53.7-69.7) 62.1 (54.3-70.8) 59.4 (51.1-62.6) 0.008
Sex 0.140
Female 164 (48.8) 145 (47.4) 19 (63.3)
Male 172 (51.2) 161 (52.6) 11 (36.7)
Last contact event NA
Death 223 (72.9) NA
Censored 83 (27.1) NA
Revised El Escorial criteria NA
Possible/Suspected 31 (10.1) NA
Probable, LS 69 (22.5) NA
Probable 98 (32.0) NA
Definite 108 (35.3) NA
Onset segment NA
Bulbar 97 (31.7) NA
Cervical 98 (32.0) NA
Lumbar 111 (36.3) NA
Time between symptom onset 0.99 (0.64-1.54) NA NA

and diagnosis (years)
BMI, body mass index; LS, laboratory supported; NA, not applicable.

4.3.2 BMI Trends in Cases Versus Controls

The Lin’s concordance correlation coefficient examined whether self-reported BMI was
similar to measured BMI abstracted from medical records. Abstracted BMI was available
at the -5 and 0 timepoints. The Lin’s concordance correlation coefficient for the self-

reported BMI at -5 years was 0.952 and at enrollment was 0.966, indicating participants
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with previously measured BMIs accurately recalled their weights, therefore minimizing
recall bias. Thus, self-reported weights were used due to availability of a larger sample
size. Lin’s concordance correlation coefficient showed consistency between self-reported
and measured BMI values. The mean BMI (+SD, number of observations (n)) for ALS cases
at -10, -5, and 0 years was: 27.3 kg/ m? (£5.19, n=373), 28.0 kg/m? (+5.35, n=377), and
26.3 kg/m? (£4.84, n=381), respectively. For controls these were 26.5 kg/m? (+4.96, n=265),
27.6 kg/m? (£5.51, n=266), and 27.6 kg/m? (+5.36, n=266), respectively. ALS and control
participants reported BMI increases in the 10- to 5-year period prior to study entry (Figure
4.1A). Unlike controls, however, ALS cases had an overall BMI decrease in the 5-year prior
to study entry time window. The age- and sex-adjusted GEE model showed average ALS
BMI change from -5 to 0 years was 1.75 kg/ m? (95% Cl: 1.35 kg/m? to 2.16 kg/m?; p < 1x10°
17) but was only 0.02 kg/ m? for controls (95% Cl: -0.35 kg/ m? to 0.40 kg/ m?; p = 0.9). Thus,
ALS participants report BMI loss occurring 5 years before diagnosis/study entry, while
control participants had no significant BMI change during the same timeframe. The kml
algorithm applied to the ALS participant BMI trajectories generates 20 random starting
conditions to ensure that the clustering results are robust to various initial algorithmic
configurations. Of the 20 random starting conditions and across the different numbers of
candidate clusters, the maximal value of the Calinski and Harabasz criterion corresponded
to one of the three cluster partitions. Therefore, the analysis proceeded with three clusters.
The three BMI trajectory clusters can be qualitatively described as: participants with an
overall decrease in BMI (decrease group), participants with an overall slight decrease in
BMI (mild decrease group), and participants with an overall increase in BMI (increase

group) (Figure 4.1B, Table 4.3).
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Figure 4.1 (A) BMIs for ALS and Control Participants. Spaghetti plots of BMI calculated from self-
reported height and weight, for ALS and control participants at 10 years prior, 5 years prior, and at study
entry. Blue line indicates the mean BMI. (B) ALS BMI Clusters at -10, -5, and 0 Years. Longitudinal BMI
trajectory cluster for ALS participants shows three groups labeled as “increase” (19.8% of participants,
blue line, C), “mild decrease” (59.5% of participants, red line, A), and “decrease” (20.6% of participants,
green line, B). Individual BMI trajectories are shown by spaghetti plot (black lines). Y-axis shows
difference of BMI at 10 years prior, 5 years prior, and 0 years prior compared to BMI at 10 years prior
(reference).

Table 4.3: Participant Demographics by Cluster

BMI Trajectory

Decrease
(n=77)

Mild decrease
(n=222)

Increase
(n=74)

Age at entry (years)
BMI at entry
BMI 5 years before entry
BMI 10 Years before entry
Follow-up time (years)
Last contact event
Death
Censored
Sex
Female
Male
El Escorial Criteria
Possible/Suspected
Probable
Probable, LS
Definite
Onset segment

67.9 (62.4-71.6)
25.3 (21.6-27.8)
30.3 (26.6-34.5)
31.3 (28.3-36.5)
1.25 (0.75-1.84)

55 (71.4)
22 (28.6)

35 (45.5)
42 (54.5)

14 (18.2)
26 (33.8)
16 (20.8)
21 (27.3)
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65.0 (57.7-72.0)
25.1 (21.9-27.7)
26.2 (23.5-29.1)
25.7 (23.4-28.2)
1.87 (1.06-2.97)

141 (63.5)
81 (36.5)

93 (41.9)
129 (58.1)

31 (14.0)
74 (33.3)
61 (27.5)
56 (25.2)

58.3 (53.1-66.6)
30.7 (27.4-34.0)
28.1 (25.9-32.0)
25.2 (23.0-29.3)
1.62 (1.29-2.67)

49 (66.2)
25 (33.8)

44 (59.5)
30 (40.5)

8 (10.8)
22 (29.7)
25 (33.8)
19 (25.7)



Bulbar 25 (32.5) 67 (30.2) 18 (24.3)

Cervical 26 (33.8) 80 (36.0) 17 (23.0)
Lumbar 26 (33.8) 75 (33.8) 39 (52.7)
Time between symptom onset and 1.03 (0.60-1.75) 1.00 (0.63-1.62) 1.03 (0.73-1.53)
diagnosis (years)
Number of participants with 37 133 37

metabolomics profiles

BMI, body mass index; LS, laboratory supported.

4.3.3 Survival Analysis

Unadjusted Kaplan-Meier survival analysis showed decreased absolute median survival
times for the decrease BMI cluster (Figure 4.2A). Some Cox models violated proportional
hazards by Schoenfeld residuals, so AFT models were constructed. After adjusting for age,
sex, baseline BMI (i.e., 10 years prior), onset segment, rEEC, and time from symptom onset
to diagnosis, participants in the decrease BMI cluster had a 27.1% shorter survival (95% Cl:
-42.6% to -7.3%; p = 0.010) versus the mild decrease group (Figure 4.2B, Table 4.4). Results
were similar in missing BMI data sensitivity analyses with the accelerated failure time (AFT)
models for participants with missing data (Figure 4.3, Table 4.5) showed a 25.4% reduction

in survival for participants in the decrease BMI group (95% Cl: -37.6% to -10.8%, p = 0.001).
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Figure 4.2: (A) Unadjusted Kaplan-Meier Survival Plots for BMI Cluster Groups. Kaplan-Meier survival
plots for the body mass index (BMI) cluster groups. Median survival for the decrease group (red line) is
1.70 years. Median survival for the mild decrease group (green line) is 2.33 years. Median survival for the
increase group (blue line) is 2.16 years. Difference in survival among all groups is significant (p = 0.00012).
Difference in survival between decrease and increase groups is also significant (p = 0.0052). (B)
Accelerated Failure Time Model Plots. Covariate adjusted survival curves corresponding to the
unweighted accelerated failure time model with BMI cluster groups. The estimated median survival time
is 1.7 years for the decrease BMI group, 2.33 years for the mild decrease BMI group, and 2.16 years for
the increase BMI group.

Table 4.4: Accelerated Failure Time Model

Percent Change in Survival | LCL UCL | P-Value
Age at entry (years) -1.0 -1.9 -0.2 0.016
Symptom onset to diagnosis (log years) 17.3 3.3 33.2 0.014
Baseline BMI -1.0 -2.7| 0.8 0.278
Decrease BMI trajectory -27.1 -42.6 -7.3 0.010
Increase BMI trajectory -7.1 -25.2 15.5 0.509
Male 0.1 -16.1 19.4 0.994
Cervical onset 41.0 13.0 76.0 0.002
Lumbar onset 21.3 -1.4 49.3 0.068
rEEC Possible/Suspected 88.3 41.9 | 149.7 0.000
rEEC Probable 23.4 -0.7 53.3 0.058
rEEC Probable, laboratory supported 61.6 28.5 | 103.1 0.000

BMI, body mass index; LCL, lower confidence limit; rEEC, revised El Escorial criteria;
UCL, upper confidence limit.
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Figure 4.3: Accelerated Failure Time Model Plots for Incomplete Data Analysis. Covariate adjusted
survival curves corresponding to the inverse probability weighted accelerated failure time model with the
body mass index (BMI) cluster groups. The estimated median survival time for the decrease BMI group is
1.74 years, 2.16 years for the mild decrease BMI group, and 2.33 years for the increase BMI group.

Table 4.5: Accelerated Failure Time Model Sensitivity Analysis for Missing Data

Percent Change in Survival LCL UCL | P-Value
Age at entry (years) -1.0 -1.5 | -0.4 0.001
Symptom onset to diagnosis (log years) 17.0 6.6 28.4 0.001
Baseline BMI -0.9 -2.2 0.4 0.157
Decrease BMI trajectory -25.4 -37.6 | -10.8 0.001
Increase BMI trajectory -7.3 -20.8 8.6 0.347
Male -2.9 -14.7 | 10.5 0.653
Cervical onset 45.5 23.7 71.0 0.000
Lumbar onset 19.0 2.3 38.5 0.024
rEEC Possible/Suspected 92.1 55.1 | 137.9 0.000
rEEC Probable 23.2 5.6 43.8 0.008
rEEC Probable, laboratory supported 62.3 37.5 91.5 0.000

BMI, body mass index; LCL, lower confidence limit; rEEC, revised El Escorial criteria;
UCL, upper confidence limit.

4.3.4 Metabolic modules associated with BMI trajectories.

Metabolomic differences by BMI cluster (decrease, mild decrease, increase) were
investigated for the 207 participants with available previously published untargeted
metabolomics?*®2%*, The final curated dataset included 640 metabolites from plasma

collected near the time of diagnosis. Differential analysis revealed no significant
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metabolites between decrease vs. mild decrease and increase vs. mild decrease groups.
Only two metabolites (1-(1-enyl-palmitoyl)-2-palmitoyl-GPC (P-16:0/16:0) and behenoyl
dihydrosphingomyelin (d18:0/22:0)) were significantly differential between the decrease
and increase BMI groups. However, lasso regression did select nine metabolites that
associated with the increase (odds ratio > 1) or decrease (odds ratio < 1) BMI trajectory

groups (Table 4.6).

Table 4.6: Metabolites Associated with BMI Trajectory Groups from Lasso Regression Model

Metabolite Odds Ratio BMI Cluster
Behenoyl dihydrosphingomyelin (d18:0/22:0) 1.432 Increase
1-(1-enyl-palmitoyl)-2-palmitoyl-GPC (P-16:0/16:0) 0.719 Decrease
Glycocholate 1.182 Increase
N6-carboxymethyllysine 1.166 Increase
N-acetylglycine 0.891 Decrease
S-methylcysteine sulfoxide 0.949 Decrease
Myristoyl-linoleoyl-glycerol (14:0/18:2) 1.049 Increase
Undecanedioate (C11-DC) 1.035 Increase
Allantoin 1.026 Increase

The partial correlation network was constructed using recently published data from 349
ALS participants®®, of whom 207 were also in this analysis. The utilization of additional
samples generated a more informative network since partial correlation methods are
sensitive to sample size. The resulting partial correlation network contained 600
metabolites connected by 887 edges (FDR-adjusted p < 0.1), of which 31 had a negative
partial correlation coefficient. Consensus clustering identified 26 metabolic modules
spanning 555 highly connected metabolites. The remaining 45 metabolites did not cluster
due to weak correlations leading to poor connectivity. Metabolic module size ranged from

5 to 66 metabolites.

Group lasso selected eight modules containing 152 metabolites, which associated with the
decrease and increase BMI clusters (Figure 4.4, Table 4.7, Table 4.8), with odds ratios (OR)
ranging from 0.92 to 1.1 (Table 4.9). The largest module 1 (47 metabolites) included
ceramides and sphingomyelins, of which 36 had OR > 1, indicating associations with the

increase BMI cluster. The second largest module 2 (30 metabolites) included primary and
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secondary bile acid metabolites, taurine and its derivatives, AMP, ADP, and sterols. Primary
bile acids associated with the increase BMI cluster (OR > 1), while most secondary bile
acids and taurine metabolites associated with the decrease BMI cluster (OR < 1). Module 3
(22 metabolites) primarily contained amino acid and nucleotide metabolites, half of which
associated with the decrease BMI cluster. Module 4 (15 metabolites) was composed of
plasmalogens, lyso-plasmalogens, and phosphatidylcholines, 11 of which associated with
the decrease BMI cluster. Module 5 (13 metabolites) had mostly acyl carnitines, acyl amino
acids, and some other amino acid metabolites, which mostly associated with the decrease
BMI cluster. The remaining smaller module 6 (13 metabolites; sugar and nucleotide
metabolites, xenobiotics, amino-sugar), module 7 and module 8 (6 metabolites each;

xenobiotics, cofactors, vitamins, modified amino acids) contained various metabolites.
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Figure 4.4: Metabolic Modules Associated with BMI Trajectory. Eight metabolic modules containing 152
total metabolites associated with BMI trajectory in group lasso regression models. Node color indicates
odds ratio (OR) from group lasso; OR>1 indicates association with the increase BMI cluster (red node),
OR<1 indicates association with the decrease BMI cluster (blue node). Nodes with a bold border
significantly correlate with current BMI (FDR < 0.05). Node shape indicates the sub-pathway a metabolite
belongs to. Solid edge between metabolites indicates positive partial correlation coefficient, dashed edge
indicates negative partial correlation coefficient.

Table 4.7: Metabolic Modules Associated with BMI Trajectory Groups from Group Lasso Regression Model

Metabolic Number of nodes Number of Average

module (metabolites) edges degree!
1 47 88 3.76

Metabolic pathways

Ceramides, Sphingomyelins

Bile Acid metabolism, Amino Acid and
Purine metabolism

Amino Acid, Nucleotide metabolism
Plasmalogens, Lyso-plasmalogens,
Phosphatidylcholines

Fatty Acid metabolism (Acyl
carnitines, Acyl Amino Acids)
Carbohydrate, Amino Acid, Nucleotide
metabolism

30 41 1.367

2
3 22 23 2.09
4 21

15 2.8

5 13 18 2.77

13 12 1.85
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Vitamin A metabolism, Amino Acid

7 6 6 2 .
metabolism

8 6 6 5 Benzoctt? metabolism, Amino acid
metabolism

IAverage degree represents the average number of connections each node (metabolite) makes within the
module and indicates the network/module density.

Table 4.8: Number of Metabolites in Increase and Decrease BMI Cluster by Module and Pathway

Module Super-pathway Sub-pathway Decrease BMI Increase BMI
Module 1 Lipid Ceramide Pes 1 0
Module 1 Lipid Ceramides 1 4
Module 1 Lipid Dihydroceramides 0 1
Module 1 Lipid Dihydrosphingomyelins 0 5
Module 1 Lipid Hexosylceramides (HCER) 2 3
Module 1 Lipid Lactosylceramides (LCER) 1 0
Module 1 Lipid Sphingomyelins 6 22
Module 1 Lipid Sterol 0 1
Module 2 Amino Acid Metl’Tionine, CysFeine, SAM and 3 1
Taurine Metabolism

Module 2 Energy Oxidative Phosphorylation 1 0

Module 2 Lipid Phospholipid Metabolism 2 0

Module 2 Lipid Primary Bile Acid Metabolism 1 6

Module 2 Lipid Secondary Bile Acid Metabolism 3 6

Module 2 Lipid Sterol 0 2

Module 2 Nucleotide Puring Metabolism, Adenine 0 2
containing

Module 2 Xenobiotics Food Component/Plant 0 3

Module 3 Amino Acid Alanine and Aspartate Metabolism 0 1

Module 3 Amino Acid Histidine Metabolism 1 1

Module 3 Amino Acid Lysine Metabolism 1 1

Module 3 Amino Acid Methionine, Cyst‘eine, SAM and 0 1
Taurine Metabolism

Module 3 Amino Acid Polyamine Metabolism 2 1

Module 3 Amino Acid Tryptophan Metabolism 1 0

Module 3 Amino Acid Urea cyc‘le; Arginine and Proline 1 0
Metabolism

Module 3 Carbohydrate Aminosugar Metabolism 1 0

Module 3 Nucleotide Purinej Metobolism, Adenine 0 3
containing

Module 3 Nucleotide Pyrimidjne Metabolism, Cytidine 0 1
containing

Module 3 Nucleotide Pyrim‘id.ine Metabolism, Thymine 1 o
containing

Module 3 Nucleotide Pyrimidjne Metabolism, Uracil 5 5
containing

Module 3 Xenobiotics Chemical 1 0

Module 4 Lipid Lyso-plasmalogen 1 2

Module 4 Lipid Phosphatidylcholine (PC) 2 0
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Module 4 Lipid Plasmalogen 8 2
Module 5 Amino Acid Alanine and Aspartate Metabolism 0 1
Module 5 Armino Acid Glycine, .Serlne and Threonine 1 o
Metabolism
. Fatty Acid Metaboli Acyl
Module 5 Lipid ° y . “ etabolism (Acy 2 1
Carnitine, Hydroxy)
. Fatty Acid Metabolism (Acyl
Module 5 Lipid .. . . 1 0
oduie 'P! Carnitine, Medium Chain)
. Fatty Acid Metabolism (Acyl
Module 5 Lipid . . 1 0
oaule 'P! Carnitine, Short Chain)
. Fatty Acid Metaboli Acyl
Module 5 Lipid oty f:l etabolism (Acy 1 0
Glutamine)
. Fatty Acid Metabolism (Acyl
Module 5 | Lipid y Acl ism (Acy 1 0
Glycine)
. Fatty Acid Metabolism (also BCAA
Module 5 Lipid y C! ! (also 1 0
Metabolism)
Module 5 Lipid Ketone Bodies 1 0
Partially
Module 5 Characterized Partially Characterized Molecules 2 0
Molecules
Module 6 Armino Acid Guamdm‘o and Acetamido o 1
Metabolism
Module 6 Amino Acid Lysine Metabolism 1 0
Fructose, Mannose and Galactose
Module 6 Carbohydrate . 2 0
Metabolism
Glycolysis, Gluconeogenesis, and
Module 6 Carbohydrate . 1 1
Pyruvate Metabolism
Module 6 Carbohydrate Pentose Metabolism 0 2
Purine M li
Module 6 Nucleotide urine etak?o P . .. 0 2
(Hypo)Xanthine/Inosine containing
Module 6 Xenobiotics Food Component/Plant 1 2
Module 7 Amino Acid Urea cyc‘le; Arginine and Proline 1 0
Metabolism
Module 7 CPfGCt.OrS and Vitamin A Metabolism 4 0
Vitamins
Module 7 Xenobiotics Food Component/Plant 1 0
Module 8 Amino Acid Tryptophan Metabolism 0 1
Module 8 Xenobiotics Benzoate Metabolism 1 3
Module 8 Xenobiotics Food Component/Plant 1 0

Table 4.9: Odds Ratios (OR) from Group Lasso Regression for the Metabolic Modules Associated with

BMI Trajectory

Metabolite Module Group lasso BMI cluster
OR group
glycosyl ceramide (d18:2/24:1; d18:1/24:2) 1 0.9942 decrease
lactosyl-N-palmitoyl-sphingosine (d18:1/16:0) 1 0.9963 decrease
palmitoyl-sphingosine-phosphoethanolamine
1 .
(d18:1/16:0) 0.9966 decrease
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sphingomyelin (d18:1/24:1; d18:2/24:0) 1 0.997 decrease
palmitoyl sphingomyelin (d18:1/16:0) 1 0.9976 decrease
sphingomyelin (d18:2/24:1; d18:1/24:2) 1 0.9982 decrease
hydroxypalmitoyl sphingomyelin (d18:1/16:0(0H)) 1 0.9987 decrease
sphingomyelin (d18:1/17:0; d17:1/18:0; d19:1/16:0) 1 0.9988 decrease
N-palmitoyl-sphingadienine (d18:2/16:0) 1 0.9988 decrease
glycosyl-N-stearoyl-sphingosine (d18:1/18:0) 1 0.999 decrease
sphingomyelin (d18:2/24:2) 1 0.9995 decrease
glycosyl-N-palmitoyl-sphingosine (d18:1/16:0) 1 1.0001 increase
cholesterol 1 1.0002 increase
N-palmitoyl-sphingosine (d18:1/16:0) 1 1.0003 increase
sphingomyelin (d17:1/14:0; d16:1/15:0) 1 1.0003 increase
ceramide (d18:1/14:0; d16:1/16:0) 1 1.0006 increase
glycosyl ceramide (d18:1/20:0; d16:1/22:0) 1 1.0007 increase
palmitoyl dihydrosphingomyelin (d18:0/16:0) 1 1.0008 increase
sphingomyelin (d17:1/16:0; d18:1/15:0; d16:1/17:0) 1 1.0008 increase
N-stearoyl-sphingosine (d18:1/18:0) 1 1.0012 increase
stearoyl sphingomyelin (d18:1/18:0) 1 1.0012 increase
myristoyl dihydrosphingomyelin (d18:0/14:0) 1 1.0013 increase
N-palmitoyl-sphinganine (d18:0/16:0) 1 1.0016 increase
sphingomyelin (d18:2/23:0; d18:1/23:1; d17:1/24:1) 1 1.0023 increase
lignoceroyl sphingomyelin (d18:1/24:0) 1 1.0024 increase
sphingomyelin (d18:2/23:1) 1 1.0025 increase
N-stearoyl-sphingadienine (d18:2/18:0) 1 1.0025 increase
sphingomyelin (d18:1/20:2; d18:2/20:1; d16:1/22:2) 1 1.0027 increase
sphingomyelin (d18:1/14:0; d16:1/16:0) 1 1.0027 increase
sphingomyelin (d18:1/22:2; d18:2/22:1; d16:1/24:2) 1 1.0031 increase
glycosyl-N-behenoyl-sphingadienine (d18:2/22:0) 1 1.0031 increase
sphingomyelin (d18:1/18:1; d18:2/18:0) 1 1.0037 increase
behenoyl sphingomyelin (d18:1/22:0) 1 1.004 increase
sphingomyelin (d18:1/20:0; d16:1/22:0) 1 1.0041 increase
sphingomyelin (d18:1/20:1; d18:2/20:0) 1 1.0042 increase
sphingomyelin (d18:1/19:0; d19:1/18:0) 1 1.0047 increase
sphingomyelin (d18:2/16:0; d18:1/16:1) 1 1.0052 increase
sphingomyelin (d18:1/21:0; d17:1/22:0; d16:1/23:0) 1 1.0052 increase
sphingomyelin (d18:1/22:1; d18:2/22:0; d16:1/24:1) 1 1.0053 increase
tricosanoyl sphingomyelin (d18:1/23:0) 1 1.0057 increase
sphingomyelin (d18:2/18:1) 1 1.0061 increase
sphingomyelin (d18:2/14:0; d18:1/14:1) 1 1.007 increase
sphingomyelin (d17:2/16:0; d18:2/15:0) 1 1.008 increase
sphingomyelin (d18:0/18:0; d19:0/17:0) 1 1.0086 increase
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sphingomyelin (d18:2/21:0; d16:2/23:0) 1 1.01 increase
sphingomyelin (d18:0/20:0; d16:0/22:0) 1 1.0116 increase
behenoyl dihydrosphingomyelin (d18:0/22:0) 1 1.0144 increase
phosphate 2 0.9409 decrease
succinoyltaurine 2 0.9419 decrease
glycocholenate sulfate 2 0.9511 decrease
taurocholenate sulfate 2 0.9681 decrease
deoxycholic acid glucuronide 2 0.9693 decrease
hypotaurine 2 0.9767 decrease
glycodeoxycholate 3-sulfate 2 0.9779 decrease
glycochenodeoxycholate glucuronide (1) 2 0.979 decrease
phosphoethanolamine (PE) 2 0.9804 decrease
taurine 2 0.984 decrease
phosphocholine 2 0.9891 decrease
taurolithocholate 3-sulfate 2 0.9925 decrease
isoursodeoxycholate 2 0.9942 decrease
AMP 2 1.0023 increase
glycolithocholate sulfate 2 1.0033 increase
glycoursodeoxycholate 2 1.0096 increase
N-acetyltaurine 2 1.0126 increase
lithocholate sulfate (1) 2 1.0154 increase
glycochenodeoxycholate 3-sulfate 2 1.0216 increase
glucuronide of piperine metabolite CL7H21NO3 (4) 2 1.0295 increase
glycochenodeoxycholate 2 1.0323 increase
3beta-hydroxy-5-cholestenoate 2 1.0323 increase
ADP 2 1.0343 increase
piperine 2 1.0369 increase
cholate 2 1.0438 increase
taurochenodeoxycholate 2 1.0451 increase
sulfate of piperine metabolite CL6H19NO3 (2) 2 1.0452 increase
7-HOCA 2 1.0663 increase
taurocholate 2 1.0699 increase
glycocholate 2 1.0954 increase
3-aminoisobutyrate 3 0.9848 decrease
6-oxopiperidine-2-carboxylate 3 0.9863 decrease
hydantoin-5-propionate 3 0.9868 decrease
N-acetylneuraminate 3 0.9926 decrease
5-methyluridine (ribothymidine) 3 0.995 decrease
O-sulfo-L-tyrosine 3 0.9954 decrease
(N(1) + N(8))-acetylspermidine 3 0.9961 decrease
3-(3-amino-3-carboxypropyl)uridine 3 0.9971 decrease
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dimethylarginine (ADMA + SDMA) 3 0.9976 decrease
4-acetamidobutanoate 3 0.9979 decrease
C-glycosyltryptophan 3 0.998 decrease
5;6-dihydrouridine 3 1.0011 increase
hydroxyasparagine 3 1.0023 increase
pseudouridine 3 1.0032 increase
N-acetylputrescine 3 1.0032 increase
formiminoglutamate 3 1.0076 increase
2;3-dihydroxy-5-methylthio-4-pentenoate (DMTPA) 3 1.0094 increase
hydroxy-N6;N6;N6-trimethyllysine 3 1.0099 increase
N4-acetylcytidine 3 1.0106 increase
N2;N2-dimethylguanosine 3 1.0106 increase
N6-carbamoylthreonyladenosine 3 1.0149 increase
7-methylguanine 3 1.0167 increase
1-(1-enyl-palmitoyl)-2-oleoyl-GPC (P-16:0/18:1) 4 0.9216 decrease
1-(1-enyl-palmitoyl)-2-palmitoyl-GPC (P-16:0/16:0) 4 0.923 decrease
1-(1-enyl-palmitoyl)-2-linoleoyl-GPC (P-16:0/18:2) 4 0.9565 decrease
1-(1-enyl-palmitoyl)-2-arachidonoyl-GPC (P-16:0/20:4) 4 0.957 decrease
1;2-dipalmitoyl-GPC (16:0/16:0) 4 0.9689 decrease
1-palmitoyl-2-stearoyl-GPC (16:0/18:0) 4 0.9719 decrease
1-(1-enyl-palmitoyl)-2-arachidonoyl-GPE (P-16:0/20:4) 4 0.9779 decrease
1-(1-enyl-palmitoyl)-2-oleoyl-GPE (P-16:0/18:1) 4 0.9872 decrease
1-(1-enyl-palmitoyl)-2-linoleoyl-GPE (P-16:0/18:2) 4 0.991 decrease
1-(1-enyl-stearoyl)-2-arachidonoyl-GPE (P-18:0/20:4) 4 0.9928 decrease
1-(1-enyl-stearoyl)-GPE (P-18:0) 4 0.9979 decrease
1-(1-enyl-palmitoyl)-GPE (P-16:0) 4 1.001 increase
1-(1-enyl-stearoyl)-2-linoleoyl-GPE (P-18:0/18:2) 4 1.0014 increase
1-(1-enyl-oleoyl)-GPE (P-18:1) 4 1.003 increase
1-(1-enyl-stearoyl)-2-oleoyl-GPE (P-18:0/18:1) 4 1.0059 increase
N-acetylglycine 5 0.9827 decrease
hexanoylglutamine 5 0.9888 decrease
3-hydroxybutyrate (BHBA) 5 0.9903 decrease
propionylglycine (C3) 5 0.9912 decrease
glutamine conjugate of C6H1002 (1) 5 0.9932 decrease
glutamine conjugate of C6H1002 (2) 5 0.9956 decrease
acetylcarnitine (C2) 5 0.996 decrease
3-hydroxybutyroylglycine 5 0.9963 decrease
3-hydroxyhexanoylcarnitine (1) 5 0.997 decrease
(R)-3-hydroxybutyrylcarnitine 5 0.9972 decrease
hexanoylcarnitine (C6) 5 0.9981 decrease
(S)-3-hydroxybutyrylcarnitine 5 1.0014 increase
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alanine 5 1.0089 increase
mannose 6 0.9811 decrease
fructose 6 0.9856 decrease
fructosyllysine 6 0.9913 decrease
glucose 6 0.994 decrease
2-keto-3-deoxy-gluconate 6 0.999 decrease
mannonate 6 1.0054 increase
gluconate 6 1.009 increase
ribonate 6 1.0142 increase
1;5-anhydroglucitol (1;5-AG) 6 1.0242 increase
4-guanidinobutanoate 6 1.0257 increase
ribitol 6 1.0283 increase
urate 6 1.035 increase
allantoin 6 1.056 increase
carotene diol (1) 7 0.9936 decrease
carotene diol (3) 7 0.994 decrease
carotene diol (2) 7 0.9946 decrease
beta-cryptoxanthin 7 0.9962 decrease
stachydrine 7 0.9985 decrease
N-methylproline 7 0.9993 decrease
cinnamoylglycine 8 0.9216 decrease
hippurate 8 0.9289 decrease
4-hydroxyhippurate 8 1.0049 increase
indolepropionate 8 1.0121 increase
methyl-4-hydroxybenzoate sulfate 8 1.0283 increase
3-hydroxyhippurate 8 1.0695 Increase
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Next, we looked at the correlation between the 152 metabolites selected by the group lasso
model with BMI at the time of ALS diagnosis (Table 4.10). 65 metabolites were significantly
correlated with BMI (p < 0.05). However, the magnitude of the correlation coefficients was
relatively low (|corr|~ 0.3) (Figure 4.4). We also tested the association of these 152
metabolites with ALS survival in a Cox Proportional Hazards model. 31 metabolites were
found to be significantly associated with ALS survival (p < 0.05) (Figure 4.5, Table 4.11). Of
the 70 metabolites associated with the decrease BMI cluster from the group lasso model, 7
metabolites (N-palmitoyl-sphingadienine (d18:2/16:0), Hippurate, 3-(3-amino-3-
carboxypropyl) uridine, succinoyltaurine, phosphocholine, N-methylproline and
isoursodeoxycholate) were also significantly associated with poorer ALS survival (HR > 1).
Conversely, of the 82 metabolites associated with the increase BMI cluster, 4 metabolites
(1-(1-enyl-stearoyl)-2-oleoyl-GPE ~ (P-18:0/18:1), 1-(1-enyl-oleoyl)-GPE  (P-18:1),
glycoursodeoxycholate and N4-acetylcytidine) were significantly associated with better

ALS survival (HR < 1).

Taken together, these results suggest that the metabolic profiles of ALS patients at the time
of ALS diagnosis are reflective of the change in BMI over a period of 10 years and have

potential to predict survival among ALS patients.

Table 4.10: Correlation of BMI at the time of ALS diagnosis with 152 metabolites associated with BMI

trajectory
Metabolite Correlation p-value
Coefficient

1-(1-enyl-palmitoyl)-2-oleoyl-GPC (P-16:0/18:1)* -0.31879 1.10E-09
urate 0.311685 2.67E-09
N4-acetylcytidine 0.259687 8.72E-07
sphingomyelin (d18:0/18:0, d19:0/17:0)* 0.252995 1.69E-06
glycosyl ceramide (d18:2/24:1, d18:1/24:2)* -0.24827 2.66E-06
glucuronide of piperine metabolite CL7TH21NO3 (4)* 0.238718 6.51E-06
taurocholenate sulfate* -0.23794 7.00E-06
behenoyl dihydrosphingomyelin (d18:0/22:0)* 0.228318 1.65E-05
piperine 0.221056 3.09E-05
glycosyl ceramide (d18:1/20:0, d16:1/22:0)* -0.21462 5.29E-05
ribitol 0.207173 9.67E-05
sphingomyelin (d18:1/24:1, d18:2/24:0)* -0.20665 0.000101
phosphocholine -0.20496 0.000115
taurolithocholate 3-sulfate -0.20378 0.000126
mannose 0.202698 0.000137
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N-acetylglycine

N2,N2-dimethylguanosine
palmitoyl-sphingosine-phosphoethanolamine (d18:1/16:0)
succinoyltaurine

palmitoyl sphingomyelin (d18:1/16:0)

mannonate*

7-HOCA

taurine

2,3-dihydroxy-5-methylthio-4-pentenoate (DMTPA)*
sphingomyelin (d18:0/20:0, d16:0/22:0)*
hydroxyasparagine
hydroxy-N6,N6,N6-trimethyllysine*
N6-carbamoylthreonyladenosine
3beta-hydroxy-5-cholestenoate

phosphate

sulfate of piperine metabolite C16H19NO3 (2)*
glycodeoxycholate 3-sulfate

7-methylguanine

sphingomyelin (d17:2/16:0, d18:2/15:0)*
glycosyl-N-behenoyl-sphingadienine (d18:2/22:0)*
stachydrine

N-stearoyl-sphingadienine (d18:2/18:0)*
N-stearoyl-sphingosine (d18:1/18:0)*
5-methyluridine (ribothymidine)

glycocholate

pseudouridine

sphingomyelin (d18:2/24:1, d18:1/24:2)*
1-(1-enyl-palmitoyl)-2-palmitoyl-GPC (P-16:0/16:0)*
deoxycholic acid glucuronide
glycosyl-N-palmitoyl-sphingosine (d18:1/16:0)
hydroxypalmitoyl sphingomyelin (d18:1/16:0(0H))
sphingomyelin (d18:1/18:1, d18:2/18:0)
sphingomyelin (d18:1/20:2, d18:2/20:1, d16:1/22:2)*
1,2-dipalmitoyl-GPC (16:0/16:0)

propionylglycine (C3)

1-palmitoyl-2-stearoyl-GPC (16:0/18:0)
sphingomyelin (d18:2/14:0, d18:1/14:1)*
sphingomyelin (d18:2/18:1)*

cholate

3-hydroxyhippurate

(R)-3-hydroxybutyrylcarnitine
1-(1-enyl-oleoyl)-GPE (P-18:1)*
N-palmitoyl-sphingadienine (d18:2/16:0)*
6-oxopiperidine-2-carboxylate
lactosyl-N-palmitoyl-sphingosine (d18:1/16:0)
1-(1-enyl-palmitoyl)-2-linoleoyl-GPC (P-16:0/18:2)*
ceramide (d18:1/14:0, d16:1/16:0)*

sphingomyelin (d18:2/21:0, d16:2/23:0)*
glycosyl-N-stearoyl-sphingosine (d18:1/18:0)
glutamine conjugate of C6H1002 (1)*
N-methylproline

phosphoethanolamine (PE)

sphingomyelin (d18:2/16:0, d18:1/16:1)*
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-0.19643
0.191606
-0.18857
-0.1876
-0.18635
0.181915
0.178599
-0.17851
0.177993
0.17501
0.174774
0.172488
0.172126
-0.16742
-0.16462
0.16462
-0.16423
0.159502
0.155557
-0.15539
0.153009
0.152802
0.151331
-0.14561
0.145365
0.144025
-0.14254
-0.14179
0.140525
-0.13759
-0.13596
0.135138
0.133715
-0.13061
-0.12844
-0.12404
0.1213
0.119013
0.11733
0.116567
0.115493
-0.11414
0.112602
-0.11248
-0.11076
-0.10988
0.107616
0.106
-0.10513
0.105007
0.103106
-0.10282
0.102358

0.000222
0.000318
0.000397
0.000426
0.000466
0.000638
0.000804
0.000809
0.000838
0.001027
0.001043
0.001216
0.001246
0.001698
0.002033
0.002033
0.002084
0.002806
0.003575
0.003612
0.004169
0.004221
0.004607
0.006431
0.006521
0.007039
0.007654
0.007985
0.008567
0.010069
0.011
0.0115
0.012409
0.014615
0.016363
0.020452
0.023432
0.026197
0.028407
0.02946
0.031001
0.033041
0.03549
0.035692
0.038623
0.040219
0.044531
0.047847
0.049721
0.049987
0.054304
0.054978
0.056085



alanine

5,6-dihydrouridine

stearoyl sphingomyelin (d18:1/18:0)

hypotaurine
1-(1-enyl-stearoyl)-2-arachidonoyl-GPE (P-18:0/20:4)*
indolepropionate

hexanoylcarnitine (C6)
1-(1-enyl-palmitoyl)-2-arachidonoyl-GPE (P-16:0/20:4)*
glycolithocholate sulfate*

glycochenodeoxycholate

ribonate

N-palmitoyl-sphinganine (d18:0/16:0)
cinnamoylglycine
1-(1-enyl-palmitoyl)-2-oleoyl-GPE (P-16:0/18:1)*
ADP

(S)-3-hydroxybutyrylcarnitine

glucose

allantoin

sphingomyelin (d18:1/22:2, d18:2/22:1, d16:1/24:2)*
1-(1-enyl-stearoyl)-GPE (P-18:0)*

(N(1) + N(8))-acetylspermidine

lignoceroyl sphingomyelin (d18:1/24:0)
beta-cryptoxanthin

fructosyllysine

N-acetylputrescine

palmitoyl dihydrosphingomyelin (d18:0/16:0)*
3-hydroxybutyrate (BHBA)

sphingomyelin (d18:2/23:0, d18:1/23:1, d17:1/24:1)*
3-(3-amino-3-carboxypropyl)uridine*
sphingomyelin (d18:1/19:0, d19:1/18:0)*
isoursodeoxycholate

4-hydroxyhippurate

4-guanidinobutanoate

3-aminoisobutyrate

C-glycosyltryptophan

hexanoylglutamine

1-(1-enyl-palmitoyl)-GPE (P-16:0)*
1-(1-enyl-palmitoyl)-2-arachidonoyl-GPC (P-16:0/20:4)*
taurocholate

sphingomyelin (d17:1/16:0, d18:1/15:0, d16:1/17:0)*
carotene diol (2)

taurochenodeoxycholate

sphingomyelin (d18:1/17:0, d17:1/18:0, d19:1/16:0)
3-hydroxyhexanoylcarnitine (1)

lithocholate sulfate (1)

carotene diol (3)

formiminoglutamate

sphingomyelin (d18:1/22:1, d18:2/22:0, d16:1/24:1)*
3-hydroxybutyroylglycine
2-keto-3-deoxy-gluconate

sphingomyelin (d17:1/14:0, d16:1/15:0)*

fructose

gluconate
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0.098618
0.098054
0.095389
-0.09362
0.092376
-0.09008
0.088642
0.087952
-0.0878
0.087428
0.086694
0.085147
-0.08492
-0.07948
-0.07921
0.078271
0.074395
0.074267
0.073722
-0.07251
-0.06956
-0.0688
-0.06873
0.0677
-0.06692
-0.0652
-0.06457
-0.06354
0.063182
0.06303
0.060565
0.060516
0.060396
-0.05844
0.057148
-0.05524
-0.05423
0.052717
0.050666
-0.04884
-0.04691
0.046029
-0.04545
0.045117
0.044483
0.043217
0.042029
0.041785
-0.04115
0.040143
-0.03944
-0.03923
0.039072

0.065737
0.067303
0.075128
0.080711
0.084849
0.092905
0.098273
0.100929
0.101535
0.102984
0.105919
0.112319
0.113299
0.13839
0.13973
0.144504
0.165521
0.166249
0.169389
0.176535
0.194842
0.199785
0.200215
0.207074
0.21236
0.224351
0.228886
0.236406
0.239084
0.240219
0.259137
0.259529
0.260473
0.276231
0.287034
0.303438
0.312432
0.326107
0.34531
0.363001
0.38229
0.391297
0.397259
0.400765
0.407417
0.420907
0.433801
0.436486
0.443483
0.454731
0.462681
0.465102
0.466864



1-(1-enyl-stearoyl)-2-oleoyl-GPE (P-18:0/18:1)
glutamine conjugate of C6H1002 (2)*
sphingomyelin (d18:2/23:1)*

behenoyl sphingomyelin (d18:1/22:0)*
tricosanoyl sphingomyelin (d18:1/23:0)*
hippurate

1,5-anhydroglucitol (1,5-AG)

dimethylarginine (ADMA + SDMA)

myristoyl dihydrosphingomyelin (d18:0/14:0)*
sphingomyelin (d18:1/21:0, d17:1/22:0, d16:1/23:0)*
glycochenodeoxycholate glucuronide (1)
1-(1-enyl-palmitoyl)-2-linoleoyl-GPE (P-16:0/18:2)*
glycocholenate sulfate*

acetylcarnitine (C2)

sphingomyelin (d18:1/14:0, d16:1/16:0)*
sphingomyelin (d18:1/20:1, d18:2/20:0)*
N-acetyltaurine

sphingomyelin (d18:2/24:2)*

AMP

glycochenodeoxycholate 3-sulfate
hydantoin-5-propionate
N-palmitoyl-sphingosine (d18:1/16:0)
sphingomyelin (d18:1/20:0, d16:1/22:0)*
N-acetylneuraminate

carotene diol (1)

4-acetamidobutanoate
1-(1-enyl-stearoyl)-2-linoleoyl-GPE (P-18:0/18:2)*
glycoursodeoxycholate
methyl-4-hydroxybenzoate sulfate

cholesterol

O-sulfo-L-tyrosine
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-0.03863
0.037194
0.03674
0.035662
0.033714
0.032705
0.032492
-0.03224
-0.03029
0.029253
-0.02575
0.024542
-0.0232
0.021302
0.020148
-0.02013
-0.0201
0.019032
-0.01823
-0.01797
-0.01753
-0.01738
-0.01392
-0.01389
-0.01313
-0.01187
-0.01055
0.009603
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Figure 4.5: Lollipop plot of the metabolites significantly (p < 0.05) correlated with BMI at the time of ALS
diagnosis.

103




Sub-pathway

4-hydroxyhippurate (M8) = T
! Benzoate Metabolism
hippurate (M8)= : e
ceramide (d18:1/14:0, d16:1/16:0)* (M1)= 2]
1
N-palmitoyl-sphingadienine (d18:2/16:0)* (M1)= 1% Ceramides
1
N-stearoyl-sphingadienine (d18:2/18:0)* (M1)= 1
1
hexanoylglutarine (M5)= &1 Fatty Acid Metabolism (Acyl Glutamine)
I
stachydrine (M7) - - Food Component/Plant
1
glycosyl ceramide (d18:2/24:1, d18:1/24:2)" (M1)= i - Hexosyloeramides (HCER)
! .
fructosyllysine (M6)= ) Lysine Metabolism
1
1-(1-enyl-oleoyl)-GPE (P-18:1)* (M4) - ey - Lysoplasmalogen
succinoyltaurine (M2)= : ] Methionine, Cysteine, SAM and Taurine Metabolism
ribitol (M6) = : i~ "= Pentose Metabalism
1,2-dipalmitoyl-GPC (16:0/16:0) (M4)= : Phosphatidylcholine (PC)
phosphocholine (M2) - L 3 i | Phospholipid Metabolism
1
1-(1-enyl-stearoyl)-2-oleoyl-GPE (P-18:0/18:1) (M4) = 2!
! Plasmalogen
1-(1-enyl-palmitoyl)-2-palmitoyl-GPC (P-16:0/16:0)* (M4)= !
1
4-acetamidobutanoate (M3) = 1) i
I Polyamine Metabolism
N-acetylputrescine (M3)= 1
1
N4-acetylcytidine (M3)= w1 Pyrimidine Metabaiism, Cytidine containing
1
3-(3-amino-3-carboxypropyljuridine* (M3) = | # Pyrimidine Metabolism, Uracil containing
1
glycoursodeoxycholate (M2)= 8,
] Secondary Bile Acid Metabolism
isoursodeoxycholate (M2)= T
1
sphingomyelin (d17:1/16:0, d18:1/15:0, d16:1/417:0)* (M1)= -2
1
sphingomyelin (d18:2/24:1, d18:1/24:2)" (M1)= —
|
sphingomyelin (d18:1/19:0, d19:1/18:0)" (M1)= n—&ql
palmitoyl sphingomyelin (d18:1/16:0) (M1) - ._3_.: Sphingomyelins
sphingomyelin (d18:1/17:0, d17:1/18:0, d19:1/16:0) (M1)- i e
1
sphingomyelin (d18:1/14:0, d16:1/16:0)" (M1)= : S~
sphingomyelin (d18:2/23:1)* (M1)- ! =y
1
N-methylproline (M7) = (R 1] Urea cycle; Arginine and Proline Metabolism
i
beta-cryptoxanthin (M7)= 251 S ari AT b
' ! 1 I 1 ' g
0 5 10 15 20 25

Hazard Ratio

Figure 4.6: Hazard Ratios for metabolites significantly associated with ALS survival in Cox proportional
hazards models. Metabolites associated with BMI trajectory were tested for their association with ALS
survival. Module assignment for each metabolite is indicated in parentheses after the metabolite name.
* Significant at p < 0.05; ** significant at p < 0.01; *** significant at p < 0.001.

4.4 Discussion

This study adds to the growing body of evidence that pre-symptomatic BMI loss is linked
to ALS risk and survival. We show that ALS participants are characterized by significant
BMI loss five years, but not 10 years, prior to study entry versus control participants. A
decrease in BMI trajectory was associated with shorter survival in ALS, which also
correlated with a distinct metabolomic profile. Our study also suggests that BMI loss may
occur during the pre-symptomatic phase of ALS leading up to diagnosis. Several other

studies have similarly shown BMI decrease preceding ALS diagnosis, out to 10 years prior
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to onset?® and even within the decades preceding ALS?*??2, Although we found BMI
trajectories differed over the 10-year window, we found that absolute BMI did not vary
between ALS and control participants 10 years before study entry when participants would
have had a mean age of 54.9 (ALS) and 51.3 (controls) years. In contrast, other studies
report that lower mid-to-late life BMI increases ALS risk*%2?2251 glthough one study
reported ALS survival depends on BMI change, not on BMI before or at diagnosis?*’. Another
recent study suggests that BMI in ALS patients diverges from controls 10 years prior to

disease onset?*?,

Next, we found that that ALS participants with a 10-year decrease BMI trend had shorter
survival. Our results are consistent with several studies demonstrating that a drop in BMI
prior to ALS diagnosis correlates with poorer survival?7218222253 1n particular, analysis of the
Piemonte and Valle d’Aosta Register for ALS found that BMI loss at diagnosis was more
prognostic of survival than BMI either before or at diagnosis?’. However, since there is
literature that BMI is an ALS risk factor??:222251 e conducted sensitivity analyses to assess
the interaction of baseline BMI with BMI trajectory. We found that normal baseline BMI
lengthened survival in the decrease BMI trajectory group, whereas obese baseline BMI
shortened survival in the increase BMI trajectory group. Baseline BMI only marginally
influenced survival in the mild decrease BMI trajectory group. Interestingly, the European
Prospective Investigation into Cancer and Nutrition study also showed that obese females
had shorter survival that did not reach significance?3, whereas the Piemonte and Valle

d’Aosta Register found no impact of BMI on survival?*’.

The reasons for survival differences by BMI or BMI change in ALS are not known. However,
the prevailing theories are related to impaired energy homeostasis??*, with lowered energy
intake fighting against higher energy expenditure. Dysphagia is a frequent cause of reduced
energy intake, however in ALS BMI loss also occurs independent of dysphagia®”2%3
indicating the presence of significantly elevated energy expenditure. Indeed,
hypermetabolism is more frequent in ALS versus control participants and correlates
inversely with survival?®. Resting energy expenditure may additionally interact with BMI

and fat mass to influence survival in ALS?%4255,
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In the current study, we employed data driven network analysis to identify highly
interconnected metabolic modules and assessed their correlation with BMI trajectory
groups. The largest of these, module 1, contained ceramides (13 species) and
sphingomyelins (33 species). The latter were primarily associated with the increase BMI
group. We and others previously found that sphingomyelins also differ in analyses of ALS
versus control participant plasma?38239.2%-2%_Fyrther, one recent study reported that higher
sphingomyelin levels may correlate with faster disease progression?®®. Sphingomyelins are
a large class of lipids that have structural roles in cell membranes and lipid rafts, and,
through hydrolysis to ceramides, with signaling activity, e.g., pro-apoptotic, excitotoxic,
neurotoxic?%2%! Impaired sphingomyelin metabolism may be an integral factor in ALS as
supported by investigations of genetic models?2. Of the 47 metabolites in module 1, only
13 significantly correlated with BMI at diagnosis, suggesting associations of the remaining

34 metabolites with BMI trajectory may be related to the ALS disease process.

The second largest module 2 mostly contained primary and secondary bile acids, which
generally associated with the increase BMI trajectory, in addition to metabolites of
methionine, cysteine, S-adenosyl methionine, and taurine metabolism and oxidative
phosphorylation. Nearly half of the metabolites in this module also significantly correlated
with diagnosis BMI (13 species). Bile acids play important roles in nutrient absorption,
regulation of cholesterol metabolism, and systemic energy expenditure?®, so the correlation
with BMI trajectory herein is unsurprising. Interestingly, although not present in the module,
two bile acids ursodeoxycholic and its taurine derivative tauroursodeoxycholic acid

(taurursodiol) have shown some efficacy in ALS clinical trials264-2¢7,

Module 3 contained modified amino acids and nucleotide derivatives spanning 22 species
evenly split between the decrease and increase BMI groups, of which 9 significantly
correlated with diagnosis BMI. Module 4 contained several bioactive lipids, plasmalogens
(10 species), lyso-plasmalogens (3 species), and phosphatidylcholines (2 species), which
mostly associated with the decrease BMI group, i.e., poorer survival. Only two species were

significantly linked to diagnosis BMI. We?*® and others?%2%9268269 hqye previously shown
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phosphatidylcholines differentiate ALS from control participants, in particular,

phosphatidylcholine 36:42%9268,

Modules 5 and 6 comprised candidates related to energy metabolism. Module 5 contained
four short-chain acyl-carnitines, intermediates of, which all save one correlated with the
decrease BMI group. We previously reported acyl-carnitines, along with free fatty acids,
contributed to the discrimination between ALS versus control participants?*¥23, which we
attributed to either dysfunctional or at capacity B-oxidation?”. Modules 6, 7 and 8
contained few metabolites equally divided in their correlation with either the decrease or
increase BMI trajectory group, suggesting ALS status may be a stronger determinant of

these metabolites than BMI trajectory.

Overall, across some modules, e.g., module 5, there were more metabolites from various
biochemical pathways relating to energy utilization (e.g. fatty acid B-oxidation) that are
more discerning of ALS versus control participants than of BMI trajectories. These findings
suggest that ALS status is an important determinant of energy metabolism. One possibility
is that metabolites correlate with fat mass loss in ALS patients®™, an idea supported by
studies where ALS polygenic risk associates with body fat percentage in addition to
BMI272273_ |nterestingly, neither creatine nor creatinine were among the metabolites
correlating with BMI change or diagnosis BMI, indicating weight changes may be more
pronounced for fat mass than muscle mass. However, lacking body composition measures,

we could not evaluate this possibility in this study.

This study had limitations. Participants self-reported weight, potentially incurring recall
bias; however, Lin’s concordance correlation coefficient was high for participants with
available weight, indicating good recall. Our study did not query weight at frequent
intervals, so we cannot determine if BMI loss in ALS participants was linear in the 5 years
prior to study entry or more pronounced closer to diagnosis. It is also possible we failed to
detect an onset in BMI changes between the 10-to-5-year window before diagnosis due to
the lack of granular BMI information. Next, we only asked participants to report current
height, and use this for BMI calculations at all timepoints. However, such changes in height

over the life course are not anticipated to cause bias in statistical models?’*. We also did
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not collect a dietary or physical activity survey for this analysis. Additionally, our
metabolomics analysis was untargeted, and thus did not measure all metabolites in every
relevant biochemical pathway. While BMI analysis was longitudinal, metabolomics analysis
was cross-sectional. Plasma samples for untargeted metabolomics were non-fasted for

ethical reasons, as noted in our prior publications?**2*°,

In summary, we found that ALS participants have distinct BMI trajectories versus controls,
with the most significant BMI drop occurring within 5 years before diagnosis. ALS
participants with normal baseline BMI and decrease BMI trajectory, or baseline obese BMI
and increase BMI trajectory have shorter survival. BMI trajectories correlate with metabolic

changes, especially with sphingomyelins and bile acids.
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CHAPTER YV

Conclusions and Future Perspectives

5.1 General conclusions

Experimental design in metabolomics commonly involves assessing metabolite levels in
two or more disease or experimental conditions. Metabolomics data acquired from such
experiments are amenable to univariate analysis, followed by pathway mapping and
enrichment analysis. While overall this approach has proven to be extremely useful, there
are certain limitations. First, univariate analysis assesses differences in individual
metabolite levels but does not account for the interactions between them. Second,
application of pathway mapping and enrichment analysis is hampered by the low coverage
of metabolites in biological pathway databases. This is particularly true for lipids and
secondary metabolites. The problem is compounded by the relatively small number of
known metabolites measured in most experiments which limits both statistical significance
and overall reliability of the analyses. In this dissertation, | presented computational
approaches to overcome these limitations and gain deeper insights into high dimensional

metabolomics and lipidomics data.

In Chapter 2 of this dissertation, | presented Filigree, a new computational approach and
tool that provides an alternative to traditional pathway-centric approaches. Filigree
constructs partial correlation networks among metabolites directly from experimental
measurements. In lieu of knowledge-based metabolic pathways, Filigree generates
topology-based sets (subnetworks) comprised of biochemically and structurally related
metabolites. Filigree then assesses changes in both the level of these metabolite sets and,
importantly, the degree of interaction among the metabolites and how these interactions

are disrupted by disease, thus providing a systems level view of the data. We made Filigree

109



more robust by developing mathematical approaches to allow for severely limited sample
sizes or grossly imbalanced experimental groups in the data. We analyzed previously
published studies assessing the metabolome in the context of metabolic disorders (type 1
and type 2 diabetes) and the interplay between maternal and infant lipidome during
pregnancy. We observed strong differential connectivity in metabolite networks in T1D and
T2D. We were also able to demonstrate the influence of maternal lipidome on infant
birthweight. With these analyses, we showed that topology-based enrichment methods are
more powerful than traditional enrichment testing. Filigree therefore provides a clear
advantage and is a powerful hypothesis-generating tool. In the final section of this chapter,
| detail my contributions to the development of the DNEA R package. Specifically, |
conceptualized and wrote the functions for feature aggregation and stability selection
coupled with additional subsampling. Feature aggregation is crucial in a high dimensional
setting i.e., when the available sample size is much smaller than the number of measured
metabolic features. By collapsing highly correlated or chemically related metabolites, this
approach effectively reduces the feature space and enables recovering a robust network.
Further, when the number of samples in one experimental group is much larger than those
in the other, the edges in the resulting network are heavily biased towards the larger group.
Stability selection coupled with additional subsampling probes the larger group and allows

us to recover a more balanced set of edges in the network.

In Chapter 3 of this dissertation, | described the changes in the plasma metabolome
associated with COVID-19 disease severity. We established the association of the plasma
metabolome with patient characteristics such as age, gender, race, BMI, and diabetes. As
expected, a substantial portion of the metabolome was influenced by these clinical
variables. In addition, we also found a strong influence of anesthetic administration
(propofol) on the plasma metabolome of COVID-19 patients. Differential analysis revealed
substantial changes between healthy controls and COVID-19 patients with mild and severe
disease. In particular, levels of fatty acids and acylcarnitines were elevated in COVID-19
patients, with patients in the severe group having higher levels than those in the mild group.

Levels of several bile acids as well as the hormone Thyroxine were lowered in COVID-19
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patients. Further, the metabolites performed much better in discriminating disease severity
compared to clinical characteristics that are traditionally used to ascertain disease
predisposition. Several acylcarnitines, diacylglycerols, and phosphocholines contributed the
most to model performance, recapitulating as well as augmenting some of the known
metabolic markers of COVID-19 severity. In conclusion, we demonstrated that the plasma

metabolome can be used to predict COVID-19 severity.

In Chapter 4 of this dissertation, | described the association of data-driven metabolic
modules with BMI trajectory and survival in patients with Amyotrophic Lateral Sclerosis
(ALS). ALS patients showed a significant BMI loss 5 to 10 years prior to diagnosis. This
decrease in BMI over time correlated with poorer survival. We constructed data-driven
partial correlation networks from the metabolic profiles of these patients and clustered
them to obtain interconnected metabolic modules. We found that 8 of these modules
associated with BMI trajectory, primarily those modules containing sphingomyelins and bile
acids. Notably, assessing the associations of individual metabolites with BMI trajectory did
not yield any significant result. However, when we look at modules of chemically and
functionally related metabolites, we discover a lot more associations, demonstrating that
subtle and nuanced associations can be identified when we look at groups of correlated
metabolites as opposed to individual metabolites. Additionally, we found that a subset of

the metabolites associated with BMI trajectory was also associated with ALS survival.

In conclusion, the body of work in this dissertation highlights the importance of data-driven
analysis in the field of metabolomics. Further, this work also underscores the advantages
of building data-driven metabolic networks in lieu of knowledge-based pathways to obtain
biologically relevant information from metabolomics data. This work overcomes challenges
associated with knowledge-based analysis and offers suitable alternatives through the

computational tools developed and employed in analyzing a variety of metabolomics data

types.
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5.2 Future perspectives
5.2.1 Data-driven network analysis

One of the most important considerations in application of data-driven analysis methods
for metabolomics (or any other omics data) is the number of samples vs. the number of
variables. A larger sample size provides higher degrees of freedom that increases the power
of the analysis. One way to boost the power of data-driven network analysis methods is to
incorporate prior knowledge of metabolite relationships (Composite networks). These
relationships can come from pathway databases such as KEGG, BioCyc, MetaCyc, and
Reactome or from chemical ontologies such as ClassyFire?”®. Incorporation of prior
knowledge into data-driven metabolic networks can potentially increase their robustness

and provide additional biological context.

Another potential improvement that could boost that interpretability of data-driven
metabolic modules generated by our method is computing a summary measure for each
module. Borrowing the concept of “module eigengene” from WGCNA method'!, we can
compute a “module eigenmetabolite” and utilize this measure for downstream association
analysis. These module-specific eigenmetabolites can also be used to compare metabolic

modules across datasets i.e., for the meta-analysis of partial correlation networks.

A natural extension to data-driven network analysis of metabolomics data is performing
data-driven multi-omics integration. Exploring relationships between key metabolic
changes and alterations in gene expression, for example, can provide additional levels of
information and help build biological insights from experimental data. A key challenge
remains that the number of features that can be included in data-driven integration tend
to be limited by the number of available samples. Therefore, data reduction (or feature

selection) becomes a crucial step that requires rigorous exploration.

Data-driven networks can be applied to sufficiently large longitudinal metabolomics data
to assess topological changes over time, especially within modules containing metabolites

of interest associated with a specific phenotype. Temporal changes in the relationship
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among metabolites can potentially inform us of the underlying metabolic rewiring taking

place over time and how that could affect their associations with external traits.
5.2.2 Metabolic markers of COVID-19 severity

Our analysis revealed that several lipids (fatty acids, acylcarnitines) had the potential to
discriminate COVID-19 patients based on disease severity. It would therefore be interesting
to explore the plasma lipidome of these patients to elaborate on some of our findings and

identify more nuanced changes in lipid profiles/pathways leading to more severe disease.

Our analysis also focused on a set of 294 putatively annotated metabolites from the
untargeted metabolomics data. It would be worthwhile to investigate the unannotated

portion of the dataset as well, using the same analysis pipeline, to gain deeper insights.

COVID-19 has been studied extensively and it is clear that its etiology is highly complex.
Changes in the metabolome associated with severity of disease is likely a reflection of
orchestrated changes in epigenome, transcriptome and proteome. An integrative approach
is therefore required to get a wholistic understanding of the perturbations and better

rationalize some of our findings.

Finally, while our classification models revealed some interesting lipids are markers of
disease severity, they will need to be validated experimentally in in vitro and in vivo COVID-

19 models, for any translational applications.
5.2.3 Association of BMI trajectory with ALS survival and metabolic modules

The goal of a typical clinical metabolomics study is to identify predictive marker(s) of the
disease under study. While it would be very important and useful to be able to utilize patient
metabolic profiles to predict future ALS before onset, the current study design does not
permit us to explore this avenue. The metabolomics data was collected from ALS patients
at the time of diagnosis, and this remains one of the biggest challenges of this study.
Obtaining samples from patients 5 or 10 years prior to ALS diagnosis is also remarkably

challenging and will require a prospective cohort study design.
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ALS manifests as a complex and heterogeneous disease arising from a combination of
genetic susceptibility, environmental exposures, as well as metabolic events like
hypermetabolism and mitochondrial dysfunction. Therefore, alterations in the metabolome
of ALS patients can likely be a cause or effect. It follows then that the association between
the metabolic modules and BMI trajectory in ALS patients that we observe is likely more
convoluted than a direct association. Teasing out these relationships will require collection
of several other data types like gene expression, protein expression, and environmental

exposures, and integrating them to be able to formulate a disease risk score.

Finally, we can explore ALS patients’ stratification based on their metabolic profiles i.e.,
metabotypes and correlate them with the BMI trajectory stratification to gain a better
understanding of the complex interplay between the change in BMI and metabolome over

time in ALS patients.
5.2.4 Final thoughts

Partial correlation networks offer plenty of advantages for untargeted metabolomics data.
With the development of increasingly sensitive analytical platforms, the proportion of high
confidence annotations in these datasets is also increasing. Incorporation of knowledge-
based metabolic pathways, requiring well-annotated metabolites, into data-driven partial
correlation networks will significantly increase the power and interpretability of these
networks. Likewise, the integration of metabolomics data with gene and protein expression
data, specifically in a data-driven manner, can further augment the biological findings.
Finally, the availability of longitudinal metabolomics data would aid in understanding the
change in cellular mechanisms across time and how this change differs in the disease under

study.
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