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Abstract
Many inborn errors of metabolism (IEMs) are amenable to treatment, therefore
early diagnosis and treatment is imperative. Despite recent advances, the genetic
basis of many metabolic phenotypes remains unknown. For discovery purposes,
Whole Exome Sequencing (WES) variant prioritization coupled with clinical and
bioinformatics expertise is currently the primary method used to identify novel
disease-causing variants; however, causation is often difficult to establish due to
the number of plausible variants. Integrated analysis of untargeted metabolomics
(UM) and WES or Whole Genome Sequencing (WGS) data is a promising systematic approach for prioritizing causal variants from a list of candidates. In this thesis,
we present an automated network-based bioinformatics approach to the integration
of WES with UM data from 13 neurometabolic patients with known IEMs and 25
controls. We perform label propagation on the STRING network initialized using
an integrated genomic and metabolomic score, and use the results to rank candidate genes in order of their likely relevance to the disease. Integrated genomic and
metabolomic evidence was able to prioritize the causative gene in the top 20th percentile of candidate genes for 61.5% (8 of 13) of patients, 75% of which achieved
a percentile prioritization score at least one standard deviation above a permuted
percentile. Combining genomic and metabolomic evidence resulted in the prioritization of the causative gene in 30.7% more patients than was possible with genomic
evidence alone. The results of this study indicate that for diagnostic and gene discovery purposes, metabolomics can lend support to WES gene discovery methods.
This is the first method that uses UM and WES data to rank candidate variants in
order of their biological relevance. To improve this method, expansion of genemetabolite annotations and metabolomic feature-to-metabolite mapping methods
iii

are needed.
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Lay Summary
Recent technological advances have made it possible to profile an individual’s genetic code and metabolic processes with increasing ease and precision. These improvements have allowed scientists to probe an individual’s biology, enabling the
identification of the cause of previously undiagnosable rare diseases. Individually, personalized genetic and metabolic profiles have been used to successfully
identify the cause of inborn errors of metabolism (IEM)–a group of rare pediatric
diseases that affect metabolism. If left untreated, IEMs can result in severe damage
to organs, including the brain, therefore early treatment is imperative. Each IEM
patient’s disease is caused by a different genetic “mistake”; identifying the location
of this “mistake”, or mutation, is challenging. Metabolic data represents a snapshot of our body’s biological reactions, and can therefore help distinguish between
the “quirks” in our genome–DNA changes that make each person unique–and the
mutations that can have damaging consequences to our metabolism. In this thesis,
a method that combines genetic and metabolic evidence to help physicians identify
the location of the mutation causing a patient’s disease was developed. Its merits
and shortcomings highlight how genomic and metabolic profiling technologies can
be utilized and improved for use in the clinic.

v

Preface
The introduction of this thesis–with the exception of the section on label
propagation–as well as some parts of the discussion, are largely reproduced from
a review I wrote on the genomics and metabolomics field (Graham et al. [2018]).
The WES variant filtering pipeline introduced was created and maintained by the
Wasserman lab at BC Children’s Hospital Research Institute, specifically Maja
Tarailo-Graovac, Allison Matthews, Jessica Lee and Phillip Richmond. Their contributions included all WES data generation, variant filtering and candidate variant
list creation. The raw LC-MS metabolomic data was generated by the lab of Ron
Wevers at Radboud University in Nijmegen, Netherlands, specifically Udo Engelke
and Leo Kluiijtmans. I completed all other analysis performed in this thesis.
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Chapter 1

Introduction
To define a person0 s medical essence, we have to look at more than
just their sequence — Eric Toppel (2017)

1.1

Introduction to this chapter

In this chapter, we will review the acquisition, processing and diagnostic utility
of genomic and metabolomic data and explore how these data types can be integrated to prioritize candidate genes and improve the diagnosis of rare monogenic metabolic diseases. Specifically, we will provide an overview of whole exome sequencing (WES) variant filtering and liquid chromatography coupled mass
spectrometry (LC-MS) metabolomic processing and feature selection pipelines.
We will then discuss previous approaches to the integration of genomic and
metabolomic data for the generation of relevant biological insights and review candidate gene prioritization strategies, with a focus on those using network-based
methods. Finally, we will introduce several relevant components of our integration
method, namely functional linkage networks and the network-based method label
propagation. All of this chapter, with the exception of Section 1.6-1.8, is included
in Graham et al. [2018], with a few minor modifications.
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1.2

Inborn Errors of Metabolism

Inborn errors of metabolism (IEMs) are the largest group of genetic diseases
amenable to causal therapy, and are caused by genetic variants that disrupt the
function of enzymes or other proteins involved in cellular metabolism, leading to
energy deficit and/or accumulation of toxins (Van Bokhoven [2011]). Early detection, enabled by newborn metabolic screening programs and genetics profiling, is
pivotal so that treatment can be initiated before the onset of irreversible progressive
damage to the central nervous system, which in some cases can result in intellectual
disability disorder (IDD) and damage to additional organ systems.
There are currently more than 100 treatable IEMs, but for many phenotypes
the genetic basis remains to be discovered (Van Karnebeek and Stockler [2012]).
Cases for which the causal gene was identified have in turn provided insights and
opportunities for interventions targeting their downstream molecular or cellular
abnormalities (Collins et al. [2010], Horvath et al. [2016], Karnebeek et al. [2016]).
These efforts have been catalogued in the online resource IEMbase, which provides
further information on the etiologies and treatment of over 500 IEM disorders (B.
et al. [2014]).
WES is the primary tool for discovery of the genetic basis of IEMs, and thus
establishment of a genetic-based diagnosis that, in some cases, can lead to improved outcomes through targeted interventions. The promise of this approach
was illustrated by a recent neurometabolic gene discovery study (Tarailo-Graovac
et al. [2016]), in which deep phenotyping and WES achieved a diagnostic yield
of 68% in patients with unexplained phenotypes, identified novel human disease
genes and most importantly enabled targeted intervention for improved outcomes
in 44% of patients. Overall, published studies applying WES coupled with variant
prioritization in patients with unexplained phenotypes are successful in identifying
the underlying cause in 16-68% of patients (Tarailo-Graovac et al. [2016]).
However, with our current limited understanding of variant pathogenicity and
the biological impact of rare variants, variant prioritization algorithms that aim to
completely automate the process of prioritization fail to identify the causal variant
in a substantial number of patients. Further, variants that are identified as plausible often have a low level of supporting evidence, and are thus not adequate to
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establish a genetic-based diagnosis. Using multiple types of personalized “-omic”
data is a promising approach to address the evidence gap in support of an IEM
diagnosis. The integration of metabolomics data with WES/WGS data to identify
genes causing IEM is a prime example of this approach. For example, a diagnosis of maple syrup urine disease can be supported by 1) pathogenic variants in
either DBT, BCKDHB or BCKDHA, 2) high levels of amino acids such as alloisoleucine, isoleucine, leucine and valine, and 3) branched-chain oxoacids (Strauss
et al. [2013]). These biochemical biomarkers can be detected individually (targeted metabolomics), or as part of a broader characterization of the metabolome
(untargeted metabolomics). Recently, the unbiased approach afforded by untargeted metabolomics has increased in popularity due to decreasing costs, lack of
required parameter tuning, and opportunities for pathway analysis (Johnson et al.
[2016]).

1.3

1.3.1

Whole exome sequencing for the identification of rare
disease variants
Canonical approach to identifying the causative gene

Genomic sequencing-driven variant prioritization involves multiple filtering steps
that incorporate prior knowledge about allele population frequency and predicted
pathogenicity. Databases such as ExAC, dbSNP and gnomAD provide information about allele frequencies seen in the general population, and are then used to
filter out common and likely non-pathogenic variants in the patient (Exome Aggregate Consortium [2016], Smigielski et al. [2000], Lek et al. [2016]). Once identified as pathogenic through use of in silico pathogenicity prediction tools (such as
Polyphen-2 and SIFT), genomic data from an individual’s parents is then used to
filter variants according to Mendelian models of inheritance, treating the parents of
the individual as “controls”(Ng and Henikoff [2003], Adzhubei et al. [2013]). This
allows for both the isolation of pathogenic variants, and the assignment of mode
of inheritance. However, it should be noted that some studies have questioned
whether genomic databases may in fact contain individuals with disease-associated
genotypes but no clinical presentation of the underlying disease at the time of the
3

inclusion, as more than 2.8% of the ExAC population was found to carry likely/pathogenic genotypes reported in ClinVar (Tarailo-Graovac et al. [2017]). Continued expansion of variant databases and variant filtering methods will play an
important role in identifying pathogenic variants.
A sample WES variant filtering pipeline used in Tarailo-Graovac et al. [2016]
is detailed in Figure 1.1. In the case of WES, in which around 20,000 to 50,000
variants are observed in protein coding regions per individual, standard filtering
steps typically enable researchers to reduce the number of variants to 10 to 200
candidate variants depending on the WES study design (e.g., access to trio data and
pedigree structure) (Yang et al. [2013], Belkadi et al. [2015]). For the challenging
task of identifying the needle in the haystack, i.e., the single causative variant,
clinical input and extensive discussion among physicians, genetic counselors and
bioinformaticians is typically needed; for genes previously unreported to cause
human disease, identification of other families with similar phenotypes and other
variants in the same gene as well as in vitro functional studies are required as
evidence for validation of etiology (Tarailo-Graovac et al. [2016]).
The reliance on clinical expertise throughout the variant filtering process results
in long processing times, especially if trio data is not available. Further, causality
is difficult to establish–especially for variants previously unreported in human disease, of poor sequencing quality or unknown significance (Bertier et al. [2016]).
Integrating multiple types of “-omic” data is a promising approach to help address
this challenge.

1.4

Metabolomic profiling

Since IEMs result from a malfunction of protein-coding genes, many of which control the concentration of a variety of metabolites, biochemical tests of known IEMrelated metabolites have long been performed for IEM diagnosis. The simultaneous assay of many IEM biomarkers through the use of untargeted metabolomics is
an active research area. In this section, we provide an overview of metabolomic
profiling methods and review existing approaches for the processing and analysis
of untargeted LC-MS metabolomics data for IEM diagnosis and discovery. This
includes four critical components: 1) generation of LC-MS data, 2) identification
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Figure 1.1: WES rare variant analysis pipeline. This pipeline was used
in Tarailo-Graovac et al. [2016]. Raw reads are aligned to the human
genome. Variants are annotated using SnpEff as well as custom Perl
and Python scripts. Variants that do not map to protein-coding regions,
have MAF > 0.01 in several variant databases or that do not pass QC
steps are removed. Variants that do not agree with multiple inheritance
models and that would not agree with the observed phenotypic effect
are also removed.

Raw data
(mzData format)

Peak picking:
Feature table
~ 10000 to 20000
features

Biological
interpretation
E.g. pathway
analysis

Adduct and
isotope
annotation:
Annotated feature
table

Assess
differential
abundance:
list of features
X features

Normalization
and
transformation
Normalized
feature table

Peak filtering
Feature table with base peaks
annotated in metabolomic
database
~ 5000 to 10000 features

Legend
Input
Process:
Output
Size of dataset

Figure 1.2: Sample LC-MS metabolomics analysis pipeline. Briefly, raw
metabolomics data can be processed using freely available processing
software (e.g. XCMS), annotated (e.g. CAMERA), normalized (e.g.
through use of internal standards) and filtered. Differentially abundant
metabolites can be isolated using univariate or multivariate tests. Biological interpretation such as pathway analysis can be performed using
published metabolomic databases (e.g. HMDB, BioCyc, METLIN).
of units of analysis (“features”) and normalization, 3) identification of significant
features, and 4) association of significant features with known metabolites. An
overview of a hypothetical untargeted LC-MS pipeline is provided in Figure 1.2.

1.4.1

Generating Liquid Chromatography coupled Mass
Spectrometry data

In general, metabolomics quantifies a subset of small molecules (metabolites) in a
tissue or body fluid using either nuclear magnetic resonance (NMR) spectroscopy
or MS (Johnson et al. [2016]). NMR spectroscopy quantifies solution-state molecular structures based on atom-centered nuclear interactions. NMR spectroscopy is
inexpensive, capable of high throughput analysis and highly reproducible; however, it lacks sensitivity and is generally only able to quantify metabolites of
medium to high abundance. For this reason, MS based quantification has primarily
6

been used in the context of IEM diagnosis and discovery.
In mass-spectrometry (MS) based quantification, metabolites are first chromatographically separated and quantified in a semi-quantitative manner using
high resolution mass spectrometers in detection modes that measure both positive
and negatively charged ions produced through electrospray ionization (ESI). MS
separation techniques include liquid chromatography, capillary electrophoresis,
gas chromatography and ultra-performance liquid chromatography (Zhang et al.
[2012]). No single chromatographic separation protocol can quantify all metabolites in a sample. Therefore, to completely capture all metabolites, multiple chromatographic methods must be used. For example, reverse-phase LC quantifies nonpolar to slightly polar molecules, while hydrophilic interaction LC detects strongly
polar to slightly polar molecules (Bajad et al. [2006], Roberts et al. [2012]). This
review will focus on liquid chromatography coupled MS (LC-MS), as it quantifies
the largest range of metabolite polarity, and is widely used. When coupled with
LC, the most common means of separation are reverse phase liquid chromatography (RPLC) for separation of hydrophobic metabolites, and hydrophilic interaction
chromatography (HILIC) for the separation of hydrophilic metabolites (Zhou and
Yin [2016]). MS platforms commonly used for untargeted metabolomics studies
include low resolution techniques such as triple quadrupole (QQQ), quadrupoleion trap (QIT) and high resolution techniques such as quadrupole-time of flight
(Q-TOF), quadrupole Orbitrap (Q-Orbitrap) and Fourier transform ion cyclotron
resonance mass spectrometry (FTICR-MS).

1.4.2

Processing LC-MS data

An overview of the manual and automatic components of the LC-MS preprocessing pipeline are detailed in Figure 1.3. The first step is to convert an LCMS-produced dataset for a single individual into a list of “features” (defined as the
combination of mass to charge (m/z) ratio and retention time) and their intensities.
A variety of software packages designed to process metabolomic data have been
developed for this purpose, of which XCMS, Mzmine2 and MAVEN are among the
most popular (Katajamaa et al. [2006], Tautenhahn et al. [2008], Melamud et al.
[2010]). Each pipeline involves three steps: 1) “peak selection”, in which features
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are identified and quantified, 2) retention time alignment, whereby intensity profiles of consecutive samples are aligned to allow maximal feature overlap and 3)
adduct and isotope annotation. The most prominent difference between existing
packages involves their approach towards assessing peak quality during the peak
selection step. Both XCMS and Mzmine2 define low quality peaks according to
a user-defined signal-to-noise ratio cutoff threshold; in contrast, MAVEN uses a
machine-learning (neural network) approach. Because an independent comparison
of MAVEN, Mzmine2 and XCMS has not yet been completed, one recommendation is to analyze metabolomics data using several packages and remove peaks that
are not robustly identified by multiple algorithms (Tautenhahn et al. [2008]). This
is one of several methods that aims to minimize false positives, as it has been shown
that up to 90% of features in an LC-MS experiment are non-biological noise or degenerate in a typical LC-MS experiment (Mahieu and Patti [2017]). Other methods
include curating databases of confirmed features identified using different separation techniques, and removing features not profiled in the corresponding database
(Mahieu and Patti [2017]). An additional approach is to confirm the presence of
the feature in a technical replicate. In practice, it is difficult to identify the same
metabolites across replicates, as retention times may differ, and is therefore most
often done in targeted metabolomics, in which only a small subset of features are
quantified (Crews et al. [2009]). In addition to the above, another method for identifying robust features involves removing features that are not detected in a set of
quality control (QC) samples consisting of either a set number of defined metabolites, or a combination of all tested samples (pooled sample) (Brodsky et al. [2010],
Godzien et al. [2015]).

1.4.3

Normalizing LC-MS data

To be biologically informative, raw intensities need to be corrected for a) batch
effects, b) missing values, and c) inter-sample variation. This section describes
standard approaches used for such normalizations.
As a first step, raw intensities of each feature produced from data processing
packages typically need to be corrected for systematic variation due to batch effects. In metabolomics data, a common type of batch effect is “chemical drift”.
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Figure 1.3: Automated and manual steps in untargeted metabolomics
pre-processing pipeline. The algorithms listed are only examples of
tools that could be used in each step.
This drift–caused by changes in signal that occur as metabolites interact with each
other while waiting to be analyzed–can be corrected if QC samples are analyzed
in between experimental samples (Vaikenborg et al. [2009], Shen et al. [2016]).
While these corrections are not always performed, they have been shown to minimize inter-batch variation (Godzien et al. [2015]). Inter-batch variation and chemical drift can be visualized using dimensionality reduction approaches such as PCA
and t-SNE (De Livera et al. [2015]).
Missing values can result from a variety of processes, and thus require a nuanced approach. Specifically, a missing value, which is an intensity of zero or
infinity, can be created from a metabolite existing in one sample but 1) not existing
in another, 2) existing at a concentration below an instrument’s power of detection
or 3) existing at a concentration above an instrument’s power of detection. The
problem of missing values can best be improved by increasing the sensitivity of
detection of the MS platform. Numerous strategies have been developed to reduce
missing values through a group of analytic techniques called missing value imputation (MVI). The utility of these techniques has empirically been found to depend
on whether univariate or multivariate techniques are used to detect differentially
abundant features (Karpievitch et al. [2012]).
Subsequently to above, both sample-wise and feature-wise normalization
methods that concurrently consider multiple samples are typically applied to adjust for technical and biological variation. Sample-wise normalization methods
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include quantile, linear baseline, total ion count (TIC) and LOESS normalization
(Wu and Li [2015]). These methods adjust for technical factors that may have affected the entire sample. Feature-wise normalization methods involve constructing
scaling factors for each feature, and include centering, scaling and transformations
(Bolstad et al. [2003], van den Berg et al. [2006]). These approaches minimize the
intensity differences between metabolites with low or high abundance, allowing
relative perturbations of each metabolite to be compared. Usually, both samplewise and feature-wise normalization methods are applied during pre-processing.
However, because the type of normalization required is dependent on the separation technique and mass spectrometer used, no gold standard approach exists.

1.4.4

Testing for significant features in IEM studies

In a typical experimental design relevant to IEMs, one typically measures
metabolomics data for a set of patients only or a set of patients and some controls
(i.e., case/control design). Because each case is likely unique (i.e., may represent
a unique disease caused by a rare genetic variant), data is usually analyzed for
one patient at a time and compared against a) controls or b) other patients. Both
parametric (e.g. t-test, ANOVA) and non-parametric (e.g. Mann-Whitney U-test,
Wilcoxon-signed rank and Kruskal-Wallis) tests can be used to identify differentially abundant features in a given patient sample. When pursuing parametric tests,
which typically have more statistical power compared to non-parametric tests, care
must be taken to transform data so that it is distributed according to the expectation of the test (e.g., Gaussian for t-test). Correction for multiple testing is usually
not performed due to lack of statistical power. When studying the genetic causes
of rare diseases, in contrast to studies of common disease, one seeks to identify
“outlier” features, as they represent abnormal metabolites that may be pathogenic.
Availability of biological and technical replicates is important in confirming that a
given metabolite value is a “biological” outlier, rather than an artifact of technical
variation.
In metabolomic studies, selection of “control” samples (or comparators) that
are as similar as possible to the patient being studied is paramount to reducing
noise. This is difficult due to the numerous factors that influence the metabolome
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(e.g age, sex, ethnicity, food consumption and time of day). Selection of controls
often depends on patient availability, and the type of bio-fluid analyzed; finding
suitable controls is much easier for analysis of urine samples, and much more difficult for plasma and CSF samples, due to the relative ease at which these samples
can be provided. Estimations of the genetic component of metabolite variance vary
between approximately 10 and 60%, with the largest determining factor being the
the type of metabolite (Shah and Newgard [2015], Rhee et al. [2013]). Because
of this moderate heritability, the trio structure has been suggested as a possible
replacement for the classic case-control design, as it may enable the removal of
metabolomic features attributable to non-disease related heritable phenotypes. For
example, parents would likely show an abnormal profile for metabolites related to
a heterozygous variant, which would be magnified in the bi-allelic patient (Long
et al. [2017]). However, due to inherent uncertainty in quantification, the significant impact of age, gender and diet, and varying heritability of each metabolite,
the human metabolome needs to be explored further before the trio structure can
be robustly used in this manner. Overall, like any other -omics study of dynamic
molecular traits, experimental designs that enable robust statistical adjustments for
the effect of demographical and environmental factors are of key importance in
identifying meaningful disease-associated metabolites. At the least, care should be
taken to utilize metabolomic controls that share as many characteristics as possible
with the population being studied.

1.4.5

Annotating features: adducts, isotopes, and metabolites

Once features have been identified, they can be annotated as an adduct or isotope
of a particular metabolite. An adduct is an ionized metabolite that has become associated with another ion through electrospray ionization (ESI), most commonly
H+, Na+, K+ and H20. An isotope is a metabolite that is composed of elements
that are not in their most abundant form. A metabolite’s most abundant isotopic
form generally corresponds to its most abundant features. The most readily quantifiable adduct depends on the chromatographic separation performed (Keller et al.
[2008]). Annotation of isotopes and adducts corresponding to a particular metabolite reduces the multiple testing burden by enabling the removal of features be-
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longing to the same metabolite. Removal of redundant features is performed at the
discretion of the researcher, as no standard filtering approach exists. In Mzmine2
and MAVEN packages, adduct and isotope annotation is performed automatically,
whereas processing with XCMS requires use of an external package such as CAMERA to make these annotations (Kuhl et al. [2012]).
The putative metabolite mass annotated in the peak-annotation step described
earlier is used to map a specific feature to known metabolite(s). Databases that
include mass, adduct, spectra and structure data are then used to match metabolite
masses to known metabolites that fall within the specific mass accuracy of the mass
spectrometer used. Several such databases exist, such as the Human Metabolome
Database (HMDB), Recon2, BioCyc and METLIN (Petri and Schmidt-Dannert
[2004], Smith et al. [2005], Wishart et al. [2007], Thiele et al. [2013]). The
HMDB in particular contains information on endogenous, food-based and drugrelated metabolites found in human urine, CSF and plasma of humans. The humanspecificity of this databases makes it particularly useful for mapping features identified through untargeted metabolomic methods, as the entire database can be utilized without a priori knowledge of each metabolite’s origin. At the time of writing,
it contains over 114,100 metabolites annotated with structure and chemical properties, a portion of which are also associated with specific genes (n = 5701). Of these
metabolites, 19.5% have been detected in a bio-fluid, and 81.5% are predicted or
expected. Its sister database, the Small Molecule Pathway Database (SMPDB),
annotates a portion of genes and metabolites to specific small molecule pathways.
Together, the HMDB and SMPDB facilitate biological interpretation at the gene
and pathway level. Limitations of these databases include the relatively small number of detected and quantified metabolites, as well as the relevant paucity of genes
annotated to both HMDB and SMPDB.
Identifying the “true” identity of a specific feature is challenging because each
neutral mass can be annotated to multiple metabolites, so called isobaric compounds (i.e., their chemical properties result in them having the same mass and
retention time upon ionization). Narrowing down the identity of a given feature is
currently an active area of research (Li et al. [2013], Pirhaji et al. [2016]). Public
databases that contain metabolite masses and MS/MS spectra can assist in confirming metabolite identities, in cases where mass spectra are available (Wishart et al.
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[2007]). Additionally, “internal standards”, or radiolabeled compounds that can be
easily identified through isotopic analysis, can be used for targeted metabolomics
as well as untargeted lipidomics (detection of all lipids in the metabolome), as
they allow researchers to benchmark when certain ions elute over time (i.e. their
retention time), knowledge which can then be used to guide the interpretation
of unknown features (Sysi-Aho et al. [2007], Ejigu et al. [2013], Weindl et al.
[2015]). Validation of mapping between a feature and its assigned metabolite can
be achieved by analyzing a purchased chemical standard through identical processing techniques, and comparing its m/z ratio, ion-source fragments and retention
time to that of an experimentally-derived feature.

1.4.6

Identifying IEMs through untargeted metabolomic analysis

The creation of processing tools and metabolomic databases has greatly facilitated the use of untargeted metabolomics in diagnosing IEMs. As opposed to
the narrow m/z range of targeted methods, untargeted methods aim to characterize a metabolome without any pre-conceived limitations on the m/z range under
study. Both univariate and multivariate tests have been used to identify biomarkers
of IEMs through untargeted metabolomics (Wikoff et al. [2007], Dercksen et al.
[2013], Venter et al. [2014], Najdekr et al. [2015], L. et al. [2016], Kennedy et al.
[2017], Pappan et al. [2017]). Recently, untargeted metabolomics was able to identify 20 of 21 IEMs, demonstrating its utility as a replacement for traditional newborn dry blood spot screenings (Miller et al. [2015]). Another more recent study
found that untargeted metabolomics enabled the diagnosis of 42 of 46 IEMs (Coene et al. [2018]). Challenges with this method include separating noise (unrelated
food and environmental influences) from disease signal, identifying isobaric compounds and attaining adequate quantification of polar and non-polar metabolites.
Because of these challenges, untargeted metabolomics alone is unlikely to usurp
traditional genomics-based methods that identify causative genes for novel IEMs
(Tarailo-Graovac et al. [2016]). The benefits and drawbacks of integrating genetic
and metabolomic data for the purpose of identifying both known and unknown
IEMs are addressed in the subsequent section.
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1.5

Integrating genomic and metabolomic data

Integration of genomic and metabolomic data has been performed for two primary purposes: to identify 1) metabolically active loci and 2) genes relevant to
a metabolic disease phenotype. Most existing methods for combining genomic
and metabolomic data conceptually follow from the former purpose.

1.5.1

Identification of metabolically active loci

Identification of metabolically active loci involves identifying variants that affect a
metabolite’s abundance. Population-based studies have combined genotyping microarray data (Gieger et al. [2008], Hicks et al. [2009], Illig et al. [2010], Suhre
et al. [2011], Demirkan et al. [2012], Tukiainen et al. [2012], Kettunen et al.
[2012], Shin et al. [2014], Draisma et al. [2015], Rhee et al. [2016], Long et al.
[2017]) or WES/WGS data (Guo et al. [2015], Yazdani et al. [2016], Yu et al.
[2016]) with metabolomic data through quantitative trait loci (QTL) analysis, in
order to identify metabolically active genetic loci and to characterize the impact of
common genetic variation on metabolite abundance (also known as heritability).
In so-called metabolite QTL (mQTL) analysis, linear regression is used to associate genetic variants with individual metabolite intensities (or metabolite ratios),
and significant variants are deemed metabolically active loci. To reduce spurious
associations, most studies analyze between 2000 and 8000 subjects, and restrict
their analysis to common SNVs (e.g. MAF ≥ 5%) or to pairs of variants and
metabolic loci that are located nearby each other (i.e., “cis” association analysis)
(Tukiainen et al. [2012]). mQTL analyses have identified disease biomarkers by associating variants in known disease-causing genes with metabolites (Yazdani et al.
[2016], Gauba et al. [2012]. In these previous studies, loci strongly associated with
metabolite intensities or ratios–termed “metabotypes”–have predominantly been
found to map close to or in genes associated with enzymes, transporters and regulators of metabolism, facilitating biological interpretation (Shin et al. [2014]).
Consistent with transcriptomic-based QTL studies (e.g., eQTL studies), it has
been reported that, on average, genetic variation is a stronger predictor of metabolite variance across individuals than demographic and symptom-based clinical covariates (Rhee et al. [2013], Shin et al. [2014]). Heritability estimates have varied
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across classes of metabolites; Shin et al. found the heritability of amino acids
(e.g. carnosine, h2 = 0.86, P = 6.8 × 10−4 ) to be higher than lipids (e.g. lysophosphatidylcholine, h2 = 0.46, P = 2.0×10−7 ), and that of essential amino acids (mean
h2 = 0.29) to be lower than non-essential amino acids (mean h2 = 0.53), suggesting
that some metabolites are more influenced by genomic variation than others, as one
might expect (Shin et al. [2014]).
Rare SNVs (0.5% ≤ Minor Allele Frequency (MAF) ≤ 5%) have been found
to have a larger effect size than common SNVs (MAF > 5% (Long et al. [2017]).
However, because association analysis (e.g., mQTL analysis) is statistically challenging and underpowered in the rare variant setting, the effects of rare variants
have primarily been studied on a case-by-case basis. Long et al. identified the
effect of seventeen rare coding variants (SnpEff annotations such as “stop”, “missense” or “frame”) by first manually identifying an outlier metabolite that based on
known biochemical reactions could be affected by the variant, and then confirming the presence of this putative rare variant and outlier metabolite combination
in at least one other sample (Long et al. [2017]). Guo et al. examined the effect
of rare coding variants by assessing the overlap of genes in perturbed metabolic
pathways (i.e biochemical pathways with at least one outlier metabolite) with rare
exonic variants (Guo et al. [2015]). These studies indeed show that rare variants
can have a large effect on metabolic variation; however, the small number of rare
variant-metabolite relationships yet identified suggest that clarifying their role in a
systematic manner will likely require a more nuanced approach.

1.5.2

Gathering evidence for metabolic perturbation on a
gene-by-gene basis

Studies aiming to explore rare disease using smaller sample sizes have used
metabolomics in conjunction with curated biochemical knowledge to derive
disease-specific biological insights. In a “pathway based approach”, genes in enriched metabolic pathways were found to harbor variants that explained the patient’s biochemical phenotype (Guo et al. [2015]). Several studies also reported
how untargeted metabolomics could be used to quantify gene-associated metabolites to provide evidence a variant is disease-causing (Gauba et al. [2012], L.
et al. [2016], Pappan et al. [2017]). An example of this approach is a study
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that used untargeted metabolomics to demonstrate that a bi-allelic variant in Nacetylneuraminic acid synthase (NANS) in patients with infantile-onset severe
developmental delay and skeletal dysplasia was reflected in high levels of Nacetylneuraminic acid (Karnebeek et al. [2016]). Confirmation of high levels of
this enzymatic substrate of NANS suggested that the clinical phenotype was likely
caused by an enzymatic deficiency in NANS. Normalization of skeletal dysplasia
in a zebrafish model with knocked-out nansa and nansb (zebrafish orthologs for
human NANS) occurred after supplementation with sialic acid, shedding light on
a possible treatment. These findings support the idea than an integrated approach
involving both genomics (i.e mircorarrays/WES/WGS) and metabolomics can be
used to facilitate variant filtering and improve diagnosis and IEM discovery. As of
yet, genome-wide integration has mainly been performed for exploratory purposes.
Integrating genomic and metabolomic data in a systematic manner is challenging because there is not a one-to-one mapping of genes to metabolites. Rather,
some genes, such as enzymes involved in beta oxidation, will have many annotated
metabolites, and other enzymatic genes will uniquely associate with only a handful of relevant metabolites. This dynamic makes it difficult to directly integrate
genomic and metabolomic data at the variant and feature level, respectively.

1.6

Treatable Intellectual Disability Endeavour (TIDE)
Exome Sequencing project

The TIDE study was conducted at BC Children’s Hospital from 2015 until 2017
(UBC IRB approval H12-00067). The project aimed to identify the genetic cause
of intellectual disability in patients with a neurometabolic phenotype. Patient inclusion criteria consisted of 1) a confirmed or potential neurodevelopmental disorder
and 2) a metabolic phenotype, which could be a pattern of abnormal metabolites
in urine, blood and CSF, abnormal results on biochemical functional studies or
abnormalities in clinical history. Details of the WES bioinformatic pipeline and
variant interpretation protocol have previously been published in Tarailo-Graovac
et al. [2016] as well as in separate case reports (Collins et al. [2010], Horvath et al.
[2016], Karnebeek et al. [2016]).
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1.7

Strategies for disease gene prioritization

The ultimate goal of the TIDEX project was to identify the causative gene for
each patient using a combination of WES and clinical expertise. Here, we do this
through integrated use of personalized genomic and metabolomic data, with two
assumptions:
1. Genomic data is static and metabolomic data is dynamic
• A genetic mutation only perturbs the function of the gene in which it
resides
• In contrast, metabolites that differ between a single patient and all controls can reflect perturbations of the causative gene in addition to all
genes with which it interacts
2. Genomic and metabolomic data are incomplete: each imperfectly captures
one axis of an individual’s biological processes
Given these assumptions, utilizing networks that depict functional and regulatory
interactions between genes could help prioritize the causative variant by identifying
subnetworks of disease-relevant regulation that could include the causative gene
and its interaction partners. Networks could also mitigate the incompleteness of
both genetic and metabolomic data by implicating genes closely connected to genes
supported by patient-specific evidence.
The overall goal of this approach is to leverage interaction networks to identify
genes that are likely related to an individual’s disease given experimental evidence.
Conceptually, this approach is similar to that taken by a class of algorithms known
as “gene recommendation” algorithms, which identify new disease genes based
on their relatedness to a set of “seed” genes already implicated in the disease. In
our case, however, the overall goal is not to identify new disease genes, but to
identify the relevance of each patient’s “seed” gene to their disease based on the
physical evidence supporting that gene and its proximity to other “seed” genes in
an interaction network. Here, we will review the gene recommendation literature
and discuss label propagation, a network-based computational algorithm that we
use to perform gene recommendation in this thesis.
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1.7.1

Gene Recommendation

Initial approaches performed gene recommendation based on similarity of genomic
features. These features included those related to sequence (Marcotte et al. [1999],
Adie et al. [2005], Aerts et al. [2006]), expression patterns (Marcotte et al. [1999],
van Driel et al. [2003], Aerts et al. [2006], De Bie et al. [2007], Oti et al. [2008], Ala
et al. [2008]), functional annotations (Freudenberg and Propping [2002], PerezIratxeta et al. [2002], Turner et al. [2003], Aerts et al. [2006], Li and Patra [2010a]),
physical interactions (Aerts et al. [2006], Oti and Brunner [2007], Fraser and
Plotkin [2007]) and literature descriptions (van Driel et al. [2003], Aerts et al.
[2006], Li et al. [2006], Gaulton et al. [2007]). These initial approaches were moderately successful in prioritizing genes based on heterogeneous lines of evidence.
With the growth of ontologies defining gene function and streamlined access
to large databases, integration of multiple types of evidence into functional linkage
networks (FLN) became more feasible. Functional linkage networks (FLN) are
the backbone of many network-based algorithms, as they model the interactions
between genes through the incorporation of data from studies of coexpression, genetic interaction, protein interaction, coinheritance, colocalization, or shared domain composition. Many authors have noted the improvement in gene function
prediction and prioritization when FLNs are used in this manner (Myers et al.
[2005], Mostafavi et al. [2008], Tsuda et al. [2005], Deng et al. [2004], Mostafavi
and Morris [2010], Lanckriet et al. [2004], Peña-Castillo et al. [2008], Pavlidis
et al. [2002], Lancour et al. [2018]). Proximal genes in an FLN have a higher
likelihood of performing similar biological functions and of belonging to similar
disease pathways, making them ideal resources for gene recommendation/prioritization algorithms (Sharan et al. [2007], Oti and Brunner [2007]).
The first network-based algorithms to utilize FLNs were successful, encouraging more instances of their use (Weston et al. [2004], Xu and Li [2006]). Franke
et al. integrated genomic features and coexpression data into a Bayesian network
and used the distance between known disease genes and candidate genes for prioritization (Franke et al. [2006]). Information about disease-gene relationships was
used to prioritize candidate genes (Lage et al. [2007], Wu et al. [2008]). Lage et al.
scored each candidate in a PPI network based on its direct neighbors’ associations
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with diseases similar to the disease of interest. A more recent approach, termed
CIPHER, assigned each candidate gene a score based on the correlation between
a query phenotype’s similarity with every other phenotype in a human phenotype
network and a candidate gene’s topological similarity to genes annotated to that
phenotype in a protein-protein interaction network (Wu et al. [2008]). These efforts
as well as others (e.g. bioPixie, STRING and HumanNet) demonstrated the utility
of integrating heterogeneous sources of evidence in a network structure to prioritize relevant genes from a list of candidates (Myers et al. [2005], Peña-Castillo
et al. [2008], von Mering et al. [2007], Lee et al. [2011]).
Several methods built highly specific networks to answer particular research
questions (Itan et al. [2013], Greene et al. [2015]. Greene et al. enabled tissuespecific disease gene prioritization through use of a classifier on tissue-specific PPI
networks. In another approach, Itan et al. built a condensed network of distances
between a seed gene and candidate genes to enable disease gene prioritization.
Over time, computational disease gene prioritization algorithms became more
efficient, allowing for deployment on web-based servers (Mostafavi et al. [2008],
Linghu et al. [2009], Li and Patra [2010a,b], Itan et al. [2013]). GeneMania used
ridge regression to integrate multiple heterogeneous networks and performed label
propagation (discussed below) on the resulting network to identify genes of similar
function to a query functional annotation. Due to its efficiency, label propagation
(LP), as well as the related guilt by association (GBA), and random walk with
restart (RWR), have been commonly used for function prediction and disease gene
prioritization (Li and Patra [2010b,a], Lee and Lee [2018], Lancour et al. [2018],
Qian et al. [2014]).
In general, gene function prediction and disease-gene prioritization involves
three components:
• Functional linkage network (FLN) that depicts the relationship between
genes using various types of evidence (Section 1.8)
• Genes related to process/disease of interest (i.e “seed” genes)
• Network-based algorithm
“Seed” genes generally have 1) similar function to genes we wish to identify
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or 2) relevance to a disease of interest. They can be given a binary or continuous
initial label score reflecting their relevance to the function/disease being studied.

1.7.2

Label propagation

Intuitively, LP can be thought of as an iterative procedure in which seed genes
(nodes) propagate their initial label scores to their first degree neighbors, and then
to their second and third, etc. Upon convergence of LP, nodes that are closer to
seed genes have a higher score than nodes farther away. Nodes with a higher final
score can be thought of as more relevant to a function/disease associated with seed
genes. In this section, a general theoretical framework for Gaussian field label
propagation will be provided. Previous implementations of label propagation and
its related family of algorithms for the purpose of gene recommendation will then
be reviewed.

1.7.3

Theoretical framework of label propagation

We assume that we are given a network, represented as a symmetric matrix, W . If
there are n nodes (genes) in a network, then W is an n × n matrix. The weighted
edges between node i and j is given the value w, with wi j = w ji >= 0. In a FLN, w
can be binary (0 or 1) or continuous (weighted by the − log(pvalue) of the strength
of evidence associating nodes (genes) i and j). The node labels can be represented
as y ∈ [0, 1]n , with larger scores representing increased importance in the network.
The basic assumption of LP is that a score of node i, f , at iteration r can be
written as a weighted combination of its neighbors so that
(r)

fi

n

=λ

∑ wi j f jr−1 + (1 − λ )yi

j=1

where λ is a constant such that 0 < λ < 1. In this formulation, nodes with high
weighted degree with positive neighbors will have a relatively high impact on their
neighbor’s scores. To reduce the influence of these nodes, it is standard practice to
normalize the matrix W . We choose to symmetrically normalize the matrix so that
S = D−1W D−1
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or equivalently
n

fir = λ

wi j

∑ pdi d j f jr−1 + (1 − λ )yi

j=1

where D is a matrix with diagonal elements, di equal to the degree of node i.
Using the symmetrically normalized matrix, S, the final score vector can be
written as
f = (1 − λ )(I − λW )−1 y
Given a symmetrically normalized network, the final score is dependent on
only the lambda parameter, which controls the relative influence of neighboring
nodes.

1.7.4

Using label propagation algorithms for candidate gene
prioritization

Rather than directly using final scores of each node after convergence of a propagation algorithms to prioritize genes, several groups focused on combining the output
of propagation algorithms with GWAS results to prioritize/recommend genes. Lee
et al. integrated each node’s score after GBA with its GWAS log odds to form
a posterior score, which they then used to prioritize candidate genes (Lee et al.
[2011]). Qian et al. applied LP to the same data sets to determine whether formally adjusting for node degree would uncover more disease-relevant genes, but
found little overlap with Lee et al. (Qian et al. [2014]). Each group performed
their prioritization on different FLNs, suggesting that both choice of FLN and selection of local vs global network propagation methods can have a large impact
on gene prioritization. In a related approach, Lancour et al. combined LP final
scores with gene level p-values from an Alzheimer’s GWAS to identify relevant
Alzheimer’s genes (Lancour et al. [2018]). Ranking each gene by this score was
found to increase the replication rate.

21

1.8

Functional Linkage Networks and the STRING
network

The goal of integrating genomic and metabolomic data is to prioritize a list of candidate variants (and by association, genes) in order of their relevance to a patient’s
disease. As discussed above, using network-based methods on FLNs has been
particularly successful at predicting disease genes as FLNs provide a framework
through which prior knowledge about the relationship between genes and their association with disease can be introduced. In this section, we will introduce the FLN
used in this thesis.

1.8.1

Selection of the STRING network

A recent performance comparison of 21 FLNs was conducted by testing their ability to recover half of a gene set when given the other half as seed genes (Huang
et al. [2018]). Gene sets were constructed from Gene Ontology databases in addition to disease-specific GWAS and high-throughput gene expression assays. After
performing random walk with restart, a form of label propagation, STRING was
found to have the highest percentage recovery in both curated and gene-expression
based networks. STRING’s network also performed the best when evidence from
MEDLINE abstract co-citation were removed, an indication that STRING exhibits
the least amount of literature bias.
The STRING network is constructed from a combination of existing databases,
including MINT, (Licata et al. [2012]), HPRD (Keshava Prasad et al. [2009], BIND
(Alfarano et al. [2005]), DIP (Salwinski [2004]), BioGRID (Chatr-Aryamontri
et al. [2017]), KEGG (Kanehisa et al. [2017]), Reactome (Fabregat et al. [2018]),
IntAct (Kerrien et al. [2007]), EcoCyc (Keseler et al. [2013]), NCI-Nature Pathway
Interaction Database and Gene Ontology (GO) protein complexes (Jensen et al.
[2009]). Evidence of shared functions between genes is augmented with three additional sources of computational data:
• Evidence from evolution
– Physical proximity of two genes (i.e intergenic distance) in prokaryotic
genomes
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– Presence of gene fusions
– Phylogenetic similarity between corresponding gene families. Genes
that originated from a recent ancestor would be likely to share a function
• Evidence from high-throughput datasets
– Similarity of transcriptional regulation profiles (i.e co-expression)
• Evidence from literature
– Co-occurrence of both gene names in abstracts from SGD (Cherry et al.
[1998]), OMIM (Amberger and Hamosh [2017]), The Interactive Fly
(Yan et al. [2010]), and all abstracts from PubMed
In addition to these sources of evidence, knowledge of protein-protein interactions are also transferred between organisms based on their orthological hierarchy.
Phylogenetically more similar organisms undergo stronger transfer. This transfer
of information disproportionately benefits poorly characterized organisms.

1.9

Aims of this thesis

Candidate rare variants potentially causative for neurometabolic disease are commonly identified through the use of WES bioinformatics pipelines. Currently, the
only method for identifying the causative gene from this list of candidate genes is
through manual curation by clinical experts. The primary aim of this thesis is to
develop a computational method for prioritizing the causative gene in a single IEM
patient using evidence from personalized LC-MS and WES data. The sub-aims of
this thesis are to:
• Characterize LC-MS and WES data for IEM patients with neurometabolic disorders.
• Investigate whether LC-MS data can be used to prioritize the causative
gene in a list of candidate genes. Detecting enrichment for causative geneassociated metabolites in a patient’s set of differentially abundant metabolites may provide evidence for the metabolic impact of certain mutations.
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• Determine whether performing label propagation on a functional linkage network initialized with a combined genetic and metabolomic score
can prioritize a patient’s causative gene. As discussed in Section 1.7, assuming that each patient’s causative gene impacts metabolism in some way,
perturbation of metabolic function is more likely to occur in genes located
proximally to the causal gene. Therefore, adding metabolomic evidence to
an FLN could add signal to the causative gene’s local neighborhood and help
prioritize the causative gene.

24

Chapter 2

Methods
The goal of this integrative analysis was to use both WES and LC-MS data to prioritize the gene causative for each patient’s IEM. Analyzing data from patients
with known causative genes enabled us to assess whether and to what extent
metabolomics could assist the prioritization of the causative gene from a list of
10-200 candidate variants. An outline of our method is provided in Figure 2.1.

2.1

Datasets

The 13 IEM patients in this study were genetically diagnosed through the TIDEX
gene discovery project (UBC IRB approval H12-00067). Clinical and genomic
variant information for each patient is available in the Appendix. The causative
variants in four of the IEM patients were previously reported (Tarailo-Graovac
et al. [2016]). Three of these patients were also profiled in separate case reports
(Collins et al. [2010], Horvath et al. [2016], Karnebeek et al. [2016]). The IEM
patients analyzed in this study met the patient inclusion criteria outlined in Section 1.6 and were found to have a validated or putatively causative variant through
the WES variant prioritization pipeline used in this thesis and clinical expertise.
An additional inclusion criteria was that the causative gene was included in the
STRING database, as our method would not be able to prioritize the gene if absent
from the STRING network. The WES and LC-MS methods used are detailed in
the following sections.
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Figure 2.1: Summary of overall method. A) Briefly, raw metabolomics
data was processed using XCMS and CAMERA and subsequently normalized through linear baseline normalization. Differentially abundant
metabolites were isolated based on z-score. Raw genomic sequencing
reads for each patient were processed and SnpEff was used to identify a
list of candidate genomic variants with MAF ≤ 0.01. B) Enrichment for
each of the 5371 HMDB genes in the patient-specific set of DAMs was
assessed using Fisher’s Exact Test, generating a metabolomic score. To
generate the WES (i.e genomic) score, each gene in the STRING network was assigned “1” if also in the patient-specific candidate gene list,
and “0” if not. C) These scores were plotted on an x-y grid, and the
inverse of the distance between (1,1) and the coordinate of each gene,
i, was considered the combined genomic and metabolomic score. Label
propagation was then performed with the combined initial label score.

2.2

WES variant filtering pipeline

The WES data used in this study was from patients and, in some cases, their family members. WES data was generated using the Agilent SureSelect capture kit
and the Illumina HiSeq 2000 sequencer. The obtained WES data was analyzed
using a modified version of the semi-automated bioinformatics pipeline used in
Tarailo-Graovac et al. [2016]. Figure 1.1 provides a visual overview of the pipeline.
Briefly, the pipeline included 1) aligning the sequencing reads to the hg19 human reference genome and 2) annotating variants based on their predicted impact
on protein function, predicted pathogenicity (CADD score), match to clinicianprovided phenotype descriptions, and minor allele frequency (MAF) in dbSNP,
NHLBI Exome Sequencing Project Exome Variant Server (EVS), and Exome Aggregation Consortium (ExAC) (Kircher et al. [2014], Smigielski et al. [2000], Exome Aggregate Consortium [2016], Lek et al. [2016]). Variants with an MAF ≤
0.01 in dbSNP, EVS, or ExAC were removed. Using genetic information from each
trio (mother, father, index), the variants were screened for agreement with multiple
inheritance patterns in order to generate a stringent list of potentially pathogenic
variants for each patient. Recessive mutations were defined as variants in which
one allele was present in both parents and two alleles were present in the index.
De novo variants were defined as variants only occurring in the index. These mutations were identified separately in the autosomal and sex chromosomes. If trio
information was not available, all variants were classified as de novo. The genes
to which each variant mapped were referred to as ”candidate genes” (Figure 2.1,
section A).

2.3

Processing and normalization of untargeted LC-MS
metabolomics

In this section we describe the generation and processing of LC-MS data into a list
of differentially abundant features.
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2.3.1

LC-MS data generation

High-resolution untargeted metabolomics analysis of CSF and plasma was performed using UHPLC-QTOF mass spectrometry. Due to sample availability,
plasma was analyzed for five of the IEM patients and 10 of the controls, and CSF
was analyzed for eight of the IEM patients and 15 of the controls. Only samples
profiled in the same bio-fluid were compared. CSF and plasma samples were deprotonated in methanol:ethanol solution (50:50; 100 microlitres of each sample
plus 400 microlitres of methanol:ethanol solution). Samples were profiled in duplicate, however only one of each duplicate pair was analyzed in this study. A
2-microlitre sample was applied to an Acquity HSS T3 reverse-phase column (100
2.1 mm; 100 angstroms, 1.8 micrometers), and an Agilent 6540 UHD accurate
mass UHPLC-QTOF mass spectrometer with acquisition in positive and negative
modes was used. The buffers in positive mode consisted of buffer A (0.1 formic
acid in water) and buffer B (0.1 formic acid in water:methanol solution (1:99)); in
negative mode, the buffers consisted of buffer A (10 mM acetic acid) and buffer B
(10 mM acetic acid in water:methanol solution (1:99)) (Coene et al. [2018]).

2.3.2

LC-MS data normalization and filtering

Once MS data was generated, the centwave and obiwarp methods from the XCMS
package were used for peak detection and retention time correction, respectively,
for both positive and negative electrospray ionization (ESI) detection modes (Tautenhahn et al. [2008]). Data-driven parameters were optimized separately for
plasma and CSF samples using the IPO package (Libiseller et al. [2015]). CAMERA was used to annotate adducts and isotopes (Kuhl et al. [2012]). Linear baseline normalization was applied to each feature (Bolstad et al. [2003]). In linear
baseline normalization, a baseline intensity profile is created from the median intensity of all features across all samples (hereby referred to as the ”baseline”), and
all runs are assumed to be scalar multiples of the baseline intensity profile. For
each metabolite i in sample j:
y0i j = β j yi j
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Where y0i j is the log normalized abundance of a particular feature and yi j is
the log transformed unnormalized abundance. β is the per-sample scaling factor
defined as the mean intensity of the baseline over the mean intensity of the sample
(j):
βj =

ybaseline
y¯j

Two filtering criteria were applied before analysis: removal of 1) features not
annotated to any known metabolites in the HMDB and 2) features annotated as
non-base isotopes (Wishart et al. [2007]). Z-scores based on the mean and standard deviation of a given metabolite across the IEM patient and controls were computed. Features for which the IEM patient had an absolute z-score greater than 2 (2
SD away from the mean) were isolated and called “differentially abundant metabolites” (DAMs). All DAMs found through both positive and negative mode analyses
were annotated with compound identities within 15ppm of the compound mass using HMDB. Results from both positive and negative modes were combined for
subsequent enrichment tests (Figure 2.1, section A).

2.4

Integrative analysis of WES and LC-MS data

Though the steps described above, an LC-MS metabolomics pipeline identified differentially abundant metabolites and a WES pipeline identified a set of candidate
variants/genes (Figure 2.1, section A). The primary goal of subsequent analysis
was to determine whether the output of these respective pipelines could be combined to prioritize the causative variant. To do this, as illustrated in section B and
C of Figure 2.1, a combined metabolomic and genomic per-gene score was generated and propagated across the STRING network using label propagation. The
final score of each candidate gene was used to rank candidate variants in order of
their biological relevance to the network. Genes with higher relevance to the disease were hypothesized to have a higher final score. Our methods for devising a
combined WES and metabolomic score and for performing label propagation are
outlined below.
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2.4.1

Creation of combined WES and metabolomic score

WES score
To generate the WES (i.e genomic) score, each gene in the STRING network was
assigned a ”1” if also in the patient-specific candidate gene list, and a ”0” if not.
Metabolomic score
An enrichment test was performed to determine whether metabolites known to be
associated with candidate genes were overrepresented in the patient-specific set of
differentially abundant metabolites (Figure 2.1, section B). Curated sets of metabolites associated with each putative gene were parsed from files available from the
HMDB web portal (hmdb.ca, Jan 1st 2017) (Wishart et al. [2007]). Enrichment
was calculated using Fisher’s Exact test. P-values were adjusted for multiple testing using the Benjamini-Hochberg procedure, and reported as False Discovery Rate
(FDR). Duplicate HMDB compound IDs were not removed, and it should be noted
that significantly different results were obtained when they were.
The metabolomic score was computed as follows:
fmet = −log(p)
where p is the unadjusted enrichment p-value.
The metabolomic score for each gene was scaled to fall between 0 and 1.
Creation of combined score
The WES and metabolomics score were combined by defining each gene as a point
on an (x,y) plane, where (x,y) = (WES score, metabolomics score), and calculating
the inverse of the Euclidean distance between (1,1) and the coordinates of each
gene.
The final combined score, f, for each gene, i, can be written as:
1
fi = p
(1 − G)2 + (1 − M)2
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where G is the per-gene WES score (binary) and M is the scaled fmet score
defined above. The inverse was taken because points closer to (1,1) should have
higher scores, as their significance is supported by both genomic and metabolomic
evidence.

2.5

Label propagation

Label propagation was performed as stipulated by Zhou et al. (Zhou et al. [2003]).
The per-gene score, fi , of each node at iteration, r, was determined by
(r)

fi

n

=λ

∑ wi j f jr−1 + (1 − λ )yi

j=1

where j is a connected node, λ is a parameter between 0 and 1 that controls the
degree of propagation between a node and its neighbors, wi j , is the symetrically
normalized edge weight between node i and node j and yi is the label of node i.
Initial label values, y, were continuous between 0 and 1. Label propagation
was run 30 times, although LP algorithms have been demonstrated to converge in
less than 20 (Weston et al. [2004]). λ was set at 0.99, as this is the parameter
used in Zhou et al. [2003], and was not optimized for our data set due to limited
sample size. However, the relative ranking of candidate genes were robust to small
changes in this parameter. The final scores of each of the candidate genes were
ranked to generate a prioritized candidate gene list.

2.6

Categorizing polarity of gene-associated metabolites

The utility of LC-MS metabolomic analysis in prioritizing the causative gene is dependent on whether metabolites associated with a particular gene are quantifiable
by the LC-MS system. Reverse phase LC achieves the greatest chromatographic
separation of semi-polar to non-polar metabolites, therefore these metabolites will
be more readily detectable by the MS quantification system. Given these limitations, LC-MS analysis cannot accurately provide evidence for genes with highly
polar metabolites.
Having a qualitative understanding of the polarity of metabolites associated
with the causative gene is important for predicting whether or not LC-MS anal31

ysis can support its candidacy as the causative gene. The metabolites associated
with each causative gene were evaluated for polarity. Briefly, if the majority of
annotated metabolites (≥ 50%) contained a phosphate group, or were ions, the
metabolites were categorized as “very polar”; if the molecules contained saturated
or unsaturated hydrocarbons ten or more carbons in length, the metabolites were
categorized as “non-polar”. All other genes that did not fit into either of these
categories were categorized as “semi-polar”.

2.7

Summary of method

Differentially abundant metabolites were identified through an untargeted LC-MS
processing pipeline. A conservative list of pathogenic candidate variants were selected through a WES processing pipeline. A per-gene metabolic and genomic
score was devised for each gene in the STRING network. Enrichment for HMDB
gene-associated metabolites in the patient-specific set of differentially abundant
metabolites was determined through a Fisher’s Exact Test, and the resulting pvalue was used as the basis for the per-gene metabolomic score. The per-gene
genomic score was binary, with “1” reflecting the presence of that gene in the patient’s candidate gene list. The combined genomic and metabolomic score was
generated by first plotting the metabolomic and genomic scores as points on an (x,
y) grid, with (x, y) = (Genomic score, Metabolomic score), and then taking the
inverse of the Euclidean distance between (1,1) and the gene’s coordinates. Label
propagation was performed on the STRING network, with the per-gene combined
scores as prior labels. The resulting final scores of each node/gene were then used
to rank each candidate gene.
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Chapter 3

Results
3.1

Characterization of WES and LC-MS data

In this chapter, we will first characterize the TIDE WES and LC-MS data used in
this study, then detail the results of two approaches that use LC-MS data to support the prioritization of WES-identified causative genes. The first method uses
metabolic enrichment directly, and the second method propagates a combined genomic and metabolomic score through the STRING network using the label propagation algorithm. Finally, we will characterize the factors that influence the success
of these methods.

3.1.1

WES variants

Candidate WES variants in each patient mapped to an average of 108 genes (Table 3.1). Of these variants, 36.8% were autosomal recessive, 49.6% were autosomal de novo, 1.7% were recessive on sex chromosomes, and 2.4% were de novo on
sex chromosomes. Definitions of these modes of inheritance can be found in Section 2.2. Only 29.9% of candidate genes were profiled in the HMDB, highlighting
the challenges posed by our limited understanding of the metabolic involvement of
all genes.

33

Table 3.1: Summary of WES data. Percentage of each patient’s variants
that fall into one of four modes of inheritance and the average number of
candidate genes to which these variants map.
Variant category

Number

Number of candidate genes

109.6 ± 86.8

% recessive variants

36.8 ± 23.4

% recessive variants, Chr X or Y

1.7 ± 3.2

% de novo variants

49.6 ± 21.0

% de novo variants, Chr X or Y

2.4 ± 1.7

Number of genes annotated in HMDB (% of total implicated genes)

3.1.2

29 (29.9)

Characterization of LC-MS metabolomics features

LC-MS data from a single IEM patient was compared with those of controls in order to identify disease-relevant metabolites. CSF samples were available for eight
individuals and 15 controls, and plasma samples were available for five individuals
and 10 controls. A summary of the number of features identified in each bio-fluid
is included in Table 3.2. On average, more features were detected in the ESI+
mode than in the ESI- mode. Out of all detected features, an average of 21.3% in
the ESI+ mode and 24.7% in the ESI- mode mapped to known metabolite in the
HMDB database. This low rate of mappability highlights a common shortcoming
of existing analysis: a large number of potentially differentially abundant features
are essentially discarded from further investigation. When each IEM patient was
individually compared to controls, the number of features with absolute z-score
greater than 2 in the IEM patient was on average larger when measured in CSF
than in plasma (mean = 128 vs 662 in ESI+, 82 vs 390 in ESI-). This could be due
to greater biological variability in CSF metabolites, or due to the reduced chemical
stability of metabolites in CSF.

3.2

Assessing enrichment for gene-associated metabolites

Enrichment of differentially abundant metabolites (DAMs) for metabolites associated with Human Metabolome Database (HMDB) genes was assessed using a
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Table 3.2: Characterization of LC-MS features.
Summary (Avg.

num-

Plasma (n = 7)

CSF (n = 8)

Features in ESI+ mode

23405 ± 1343

23405 ± 2503

Features in ESI- mode

15720 ± 1377

16232 ± 2032

DAMs in ESI+ mode

128 ± 121

662 ± 268

DAMs in ESI- mode

82 ± 89

390 ± 125

Features that map to

5000 ± 471

11227 ± 1111

4±6

6±8

3884 ± 426

7012 ± 799

4±7

4±7

21795 ± 1979

31488 ± 839

10030 ± 654

12044 ± 199

ber)

HMDB compounds in
ESI+
Compound assignments
for each feature in ESI+
Features that map to
HMDB compounds in
ESICompound assignments
for each feature in ESICompounds assigned to
DAMs in ESI+
Compounds assigned to
DAMs in ESI-

Fisher’s Exact Test. The total number of genes enriched for in each patient, and
whether causative gene-associated metabolites were enriched is provided in Table 3.3 and Table 3.4. Each patient’s DAMs were enriched for between 23 to 261
genes. The high degree of variability in the number of enriched genes reflects
the heterogeneity of the underlying metabolic processes in this patient population.
Two patients had multiple causative genes; for the purpose of analyses, these genes
were considered independently, so that 15 genes were considered causative for 13
patients. For four of 15 causative genes, detection of enrichment in the causative
gene was not possible because metabolite annotations were not available in the
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HMDB. Enrichment was detected in two of the remaining 11 genes. The LC-MS
detection method used is biased towards the detection of semi-polar to non-polar
metabolites; to investigate whether polarity of causative gene-associated metabolites affected their enrichment, the polarity of metabolites associated with each
causative gene was determined. Enrichment was detected in two of six causative
genes associated with semi-polar and non-polar metabolites, but in no genes associated with very polar metabolites.

3.3

Integration of genomic and metabolic data to
prioritize causative genes

To determine whether metabolomic information could help prioritize the causative
gene, each patient’s enriched gene profile was combined with their candidate variants to generate a combined genetic and metabolomic score. This score was then
used as the initial label for label propagation on the STRING network, as outlined
in Section 2.4.
Only a small percentage of nodes/genes were given an initial label. The
initial label for each node/gene could be determined by genomic evidence,
metabolomic evidence, or a combination thereof, depending on the availability
of genomic/metabolomic evidence for that node/gene. Overall, 0.46% ± 0.45%
of nodes were assigned a score based on both genetic and metabolomic evidence,
0.47% ± 0.40% of nodes were assigned a score based on only genetic evidence,
17.2% ± 10.6% of nodes were assigned a score based on only metabolomic evidence, and 82.2% ± 10.5% of nodes were not assigned an initial label.
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Table 3.3: Summary of the causative gene(s) identified for each patient
through the WES variant filtering pipeline. The enrichment of
causative gene-associated metabolites, function of each causative gene
and polarity of gene-associated metabolites are provided.
Patient

Causative gene

number

Causative

Function of gene

Polarity

gene-associated

associated

metabolites

molecules

enriched
1

CPT1A

Yes

Transporter of fatty acids

Non-polar

across the mitochondrial inner membrane
2

NANS

Yes

Generates

phosphorylated

Semi-polar

forms of N-acetylneuraminic
acid
3

SCN2A

No

Functions in the generation

Very polar

and propagation of action
potentials in neurons and
muscle
4

DYRK1A

No

Catalyzes its autophospho-

Very polar

rylation on serine/threonine
and tyrosine residues
5

CACNA1D

No

Mediates the entry of cal-

None

cium ions into cells and is
involved in other calciumdependent processes
6

CNKSR2

Not in HMDB

Encodes a multidomain protein that serves as a scaffold protein to mediate the
mitogen-activated protein kinase pathways downstream
from RAS
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None

of

7

ECI1

No

Involved in beta-oxidation of

Semi-polar

fatty acids through transformation of enoyl-CoA esters
8

IDS

No

Required for the lysosomal

Semi-polar

degradation of heparansulfate and dermatan sulfate
8

HAL

No

Breaks down histidine to

Semi-polar

urocanic acid, which is further broken down in the liver
to glutamic acid
9

CHRNA1

Not in HMDB

Plays a role in acetylcholine

None

binding as a membrane protein
9

DHFR

No

Catalyzes an essential re-

Semi-polar

action for de novo glycine
and purine synthesis, and for
DNA precursor synthesis
10

ATP8A2

No

Transports

aminophospho-

Very polar

lipids from the outer to
the inner leaflet of various
membranes and maintains
asymmetric distribution of
phospholipids, primarily in
secretory vesicles
11

MYO5B

Not in HMDB

May be involved in vesicular

None

trafficking
12

KCNQ2

No

Part of ion channel complex

Very polar

13

VGLL4

Not in HMDB

Regulates alpha1-adrenergic

None

activation of gene expression
in cardiac myocytes
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Table 3.4: Metabolic enrichment profile. Number of genes enriched for in
the set of patient-specific differentially abundant metabolites.

3.3.1

Patient number

Number of enriched genes

1

86

2

88

3

28

4

45

5

84

6

197

7

91

8

107

9

23

10

55

11

143

12

48

13

261

Using label propagation to rank candidate genes

The final score of each node/gene was found using the label propagation algorithm. To simplify the results, the percentile rank of each category was sorted
into two prioritization groups: high evidence (rank in 80th to 100th percentile)
and low evidence (rank below the 80th percentile). The percentile rank of each
causative gene(s) within each patient’s candidate gene list is provided in Table 3.5.
Overall, after LP with initial node labels defined by the combined genomic and
metabolomic score, 8 of 15 (53.3%) causative genes were ranked in the “high” prioritization category. At the patient level, at least one causative gene was found in
the “high” prioritization category for 8 of 13 (61.5%) patients, one of which was
also prioritized using metabolomic enrichment alone (CPT1A).
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Table 3.5: Label propagation results. Prioritization results after LP with
both the combined genomic and metabolomic initial label scores and the
genomic-only initial label scores. The percentile rank of each causative
gene in the list of candidate genes, the number of candidate genes as well
as the change in percentile rank of the causative gene after addition of
metabolomic evidence to the initial label score (DeltaM) is provided, in
addition to each gene’s final genomic-only and combined prioritization
category (PC).
Patient

Causative

Rank

with

number

gene

combined
score

Rank

with

Percentile

Percentile

Percentile PC with

PC with

genomic

with

with

change

ge-

score

bined score

com-

nomic

ge-

com-

(DeltaM) bined

score

nomic

score

score

1

CPT1A

1/29

12/29

100

60

40

High

Low

2

NANS

56/151

91/151

63

40

23

Low

Low

3

SCN2A

5/45

12/45

91

74

17

High

Low

4

DYRK1A

6/68

6/68

94

94

0

High

High

5

CACNA1D

2/8

2/8

88

88

0

High

High

6

CNKSR2

31/53

30/53

42

44

-2

Low

Low

7

ECI1

30/271

63/271

89

77

12

High

Low

8

HAL

9/50

13/50

83

78

5

High

Low

8

IDS

19/50

20/50

63

61

2

Low

Low

9

CHRNA1

111/213

100/213

48

53

-5

Low

Low

9

DHFR

5/213

9/213

98

96

2

High

High

10

ATP8A2

92/167

107/167

45

36

9

Low

Low

11

MYO5B

11/81

11/81

87

87

0

High

High

12

MAST1

132/234

173/234

44

26

18

Low

Low

12

KCNQ2

61/234

89/234

74

62

12

Low

Low

13

VGLL4

50/55

51/55

10

8

2

Low

Low

3.3.2

Assessing the utility of metabolomic evidence

In order to determine whether the addition of metabolomic evidence was useful in
the prioritization of the causative gene, the percentile ranking of the causative gene
after LP with the combined initial score was compared to the percentile ranking after LP with the genomic-only score. The difference between the percentile ranking
with the combined score and the percentile ranking with the genomics-only score
will hereby be referred to as “DeltaM” where
DeltaM = PC − PG
if PC is the percentile ranking with the combined score and PG is the percentile
ranking with the genomics-only score. A higher DeltaM signifies an increase in
percentile ranking upon the addition of metabolomic evidence.
With the addition of metabolomic evidence to the initial score, the prioritization
category changed from “low” to “high” for 3 of 13 patients and stayed the same
for the remainder. In contrast, all genes without associated metabolites remained
in the same prioritization category. Causative genes benefited more from the addition of metabolomic evidence more than non-causative genes (mean DeltaM for
causative genes = 8.2%, mean DeltaM for non-causative genes = -0.11%, p < 0.05,
Figure 3.1). In addition, DeltaM was positive for all causative genes, but not all
non-causative genes, providing further evidence that metabolomics preferentially
benefits the prioritization of causative genes.

3.3.3

Permutation test to generate null model of percentile rank

In order to put these rankings into context, we performed a permutation test to
generate a null distribution of percentile rankings of each candidate gene. To generate this null distribution, the combined genomic and metabolomic labels were
shuffled, and LP was performed. The average percentile ranking of the causative
gene as well as their standard deviation across all permutations was calculated, and
compared to the percentile ranking observed in real data (Table 3.6). Overall, 10
of 15 causative genes received a percentile ranking more than one standard deviation above the mean gene-specific permuted percentile. Six of these genes were
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Figure 3.1: DeltaM of causative vs non-causative genes.
part of the 8 (71.4%) in the “high” prioritization category. Although more patients
are needed to confirm this finding, these results suggest that genes with a high
percentile rank may be less likely to be false positives.

3.3.4

Characterization of factors that effect gene prioritization

We next wanted to examine the influence of four characteristics of the causative
gene on its percentile ranking: its centrality, the types of interactions occurring
between it and its first degree neighbors, the number of its first degree neighbors
profiled in the HMDB and the polarity of its associated metabolites. The significance of these factors in influencing the final prioritization percentile was evaluated
through a linear model, with each of these factors (except polarity of associated
metabolites due to uneven categorical representation) as independent variables and
the percentile ranking as the dependent variable. The lack of association between
centrality and prioritization in our data (p > 0.05) suggests that symmetric normalization effectively adjusts for network topology; however, prior literature has
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Table 3.6: Label propagation results with permuted initial labels. Percentile rank of the causative gene in each patient’s list of candidate genes,
as well as the mean and standard deviation of the permuted (n=500) percentile for each causative gene.
Patient Causative Betweeness

Percentile rank-

Permuted

per-

Standard devia-

num-

ing of causative

centile ranking

tion of permuted

gene with com-

with combined

percentile rank-

bined score

score

ing with com-

gene

centrality

ber

bined score
1

CPT1A

3823

100

61

7.6

2

NANS

3882

63

36.9

5.9

3

SCN2A

17960

91

78.3

6.4

4

DYRK1A 56248

94

94.2

0.7

5

CACNA1D25905

88

75

8.2

6

CNKSR2 4086

42

45

7.3

7

ECI1

10523

89

78

3.8

8

HAL

2865

83

72.1

6.6

8

IDS

6455

63

57

7.9

9

CHRNA1 2759

48

53

5.1

9

DHFR

98

95

1.3

10

ATP8A2 3370

45

35

4.8

11

MYO5B 38544

87

87.8

1.8

12

KCNQ2

7820

74

61.3

5.3

13

VGLL4

184

10

12.1

7.3

32071

shown that the centrality of a node empirically influences its prioritization, therefore further research is needed to confirm this trend (Lee et al. [2011], Qian et al.
[2014]). The STRING database sorts functional interactions (i.e. edges) between
proteins into several categories: “activation”, “binding”, “catalysis”, “expression”,
“inhibition”, “post-translational modifications” and “reactions”. The type and
strength of the functional interactions between a causative gene and its first degree
neighbors was not associated with its percentile ranking (p > 0.05). Similarly,
the number of a causative gene’s first degree neighbors profiled in HMDB had no
effect on its percentile ranking, suggesting that the metabolic activity of a gene’s
neighborhood does not affect its prioritization (p > 0.05). In general, the increasing
polarity of gene-associated metabolites negatively affected its percentile ranking,
although no formal statistical test was performed (Figure 3.2).
To determine whether the above factors influenced the utility of metabolomic
evidence, a linear model was used to test the association between these factors and
DeltaM. Centrality and the number of HMDB-associated genes in the causative
gene’s first-degree neighborhood were not significantly associated with DeltaM.
However, causative genes connected to other genes through the “activation” relationship were more likely to benefit from metabolomic evidence (p < 0.05). Again,
the polarity of causative gene-associated metabolites was found to mildly influence
the utility of metabolomic evidence; causative genes with non-polar metabolites
exhibited a higher DeltaM than semi-polar or polar metabolites (Figure 3.3). Combined, these results suggest that genes associated with non polar metabolites or
those involved in acting as/associating with enzyme activators may benefit preferentially from the addition of metabolomic evidence.

3.4

Summary

In this thesis, we assembled an untargeted LC-MS metabolomic analysis pipeline
capable of taking in raw LC-MS data as input and returning a list of differentially
abundant metabolites (DAM). Through characterization of processed LC-MS data,
we found that metabolomics suffers from low feature to metabolite mappability.
On average, only approximately one fifth of LC-MS features mapped to known
metabolites in the HMDB database. We assessed enrichment in this list of DAMs
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Figure 3.2: Effect of polarity of gene-associated metabolites on percentile
ranking. “None” indicates that the gene has no associated metabolites
in HMDB.
for gene-associated metabolites and combined this with candidate variant lists from
a WES variant filtering pipeline to create a combined per-node score that was propagated through a FLN using a label propagation algorithm. The final propagated
score of each node was used to rank each candidate gene in order of its relevance
to each patient’s disease. Integrated genomic and metabolomic evidence was able
to prioritize the causative gene in the top 20th percentile of candidate genes for
61.5% (8 of 13) of patients, 75% of which achieved a percentile prioritization score
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Figure 3.3: Utility of metabolomic evidence for causative genes associated
with metabolites of varying polarities. DeltaM of causative genes by
polarity of gene-associated metabolites. “None” indicates that the gene
did not have any associated metabolites in HMDB.

at least one standard deviation above a permuted percentile. Combining genomic
and metabolomic evidence resulted in the prioritization of the causative gene in
30.7% more patients than was possible with genomics evidence alone, and on average improved the percentile rank of the causative gene by 7.9%. Metabolomic
evidence primarily benefited the prioritization of causative genes, although noncausative genes also saw an increase in DeltaM. Metabolomic evidence was particularly helpful for prioritizing genes with non-polar metabolites, eg. CPT1A, with
an increase of 40 percentile points upon addition of metabolomic evidence. In addition, causative genes involved in activating roles with their first degree neighbors
may preferentially benefit from the addition of metabolomic evidence.
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Chapter 4

Disscussion
To the author’s knowledge, the method presented in this thesis is the first to combine genomic and LC-MS data for the purpose of disease gene prioritization, although others have approached the broader problem of genomic/metabolomic data
integration (Krumsiek et al. [2011], Li et al. [2013], Pirhaji et al. [2016]). Our
network-based method enabled the prioritization of the causative gene in approximately 60% of the patients profiled. Polarity had an obvious impact on prioritization, as genes with non-polar metabolites experience a greater boost in prioritization when LC-MS data is used. The combination of multiple chromatography
techniques would address this problem by enabling metabolites of diverse polarities to be profiled. Additionally, genes acting as or associating with enzyme activators benefited more from the addition of metabolomic evidence. Enzyme activators
are often associated with metabolic pathways and processes (e.g. hexokinase-I and
glucokinase), suggesting that a gene that is directly implicated in metabolism will
be more likely t benefit from metabolomic evidence.
Several areas of our method could be further refined. The binary genomic
score failed to reflect relevant characteristics of the variant, namely its frequency,
pathogenicity and relevance to disease. Inclusion of such variables in the generation of label biases would enable a more data-driven approach to prioritization. In
addition, integrating the nature of the genomic controls used (i.e singleton or trio)
into the genomic score may provide additional context for the strength of genomic
evidence.
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The success of the method put forward in this thesis is limited by the precision of LC-MS metabolomic data, as we are unable to conclusively identify each
feature. Challenges to integrating metabolomic data into the variant prioritization process can broadly be divided into those concerning the technical aspects of
metabolite quantification and identification, and those concerning the biological
interpretation of results. On the technical side, it is currently impossible to know
the number of unique metabolites in the typical plasma/CSF/urine metabolome, as
no LC-MS protocol is capable of identifying all metabolites. This means that for
experiments aiming to capture an unbiased snapshot of the metabolome, a combination of chromatography techniques must be used. Comparisons across platforms
are difficult to make, as little is known about how results from different analytic
techniques can be compared, although some efforts have been made (Büscher et al.
[2009], Yet et al. [2016], Leuthold et al. [2017]). Further, only approximately 65%
of metabolites are quantifiable in all three body fluids (plasma, urine and CSF),
indicating that care must also be taken to select the most disease-relevant bio-fluid
(Kennedy et al. [2017]). Additionally, the choice of pre-processing algorithms may
have a large effect on feature detection and adduct annotation. This renders analysis reproducibility difficult. On the biological interpretation side, there is a lack
of established methods for mapping genomic perturbations to their downstream
(directly and indirectly) impacted metabolites in the rare disease context. mQTL
studies are underpowered, particularly for those caused by rare variants, making it
difficult for them to identify novel gene-metabolite associations. Incomplete annotation of gene-metabolite associations in databases such as the HMDB limits our
ability to use this data for patient diagnostics. The lack of methods available to assess the overall characteristics of metabolites, like polarity, challenges large scale
omic studies, as it limits their ability to account for these variables in a quantitative
and reliable manner.
The challenges facing the use of metabolomics in rare metabolic disease diagnostics are best illustrated through the exploration of four cases analyzed in this
study and by Tarailo-Graovac et al., each with known IEM-causing variants in
CPT1A, NANS, DYRK1A and SCN2A, respectively. CPT1A and NANS are enzymes that catalyze highly specific interactions, and do not share many metabolites
with other genes. In contrast, SCN2A, a transmembrane sodium ion transporter,
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interacts with the common metabolites ATP, sodium and water, and DYRK1A,
a phosphotransferase, interacts with ATP and ADP. Metabolites associated with
SCN2A and DYRK1A would be less likely to be identified as differentially abundant, as ATP and ADP are used in multiple metabolic pathways and are under
strong homeostatic control. This is echoed by Nicholson et al, who notes that unlike in eQTL studies, there is not a one-to-one mapping between a metabolite and
a gene (Nicholson et al. [2011]). Because more statistical tests are performed in
mQTL studies, effect sizes must be larger to reach statistical significance. This
suggests that even when a robust snapshot of the metabolome is procured using
multiple chromatography methods, metabolomics may only be useful in confirming perturbations in genes that interact with metabolites under weak homeostatic
control, as they are likely to have larger effect sizes. Metabolomics therefore might
not be of use in the prioritization of SCN2A and DYRK1A. The finding that adding
metabolomic evidence to the initial label bias does not assist the prioritization of
these genes through our method supports this claim. Further work is needed to evaluate the impact of homeostatic control on gene prioritization using metabolomic
data.
In this work, the identify of each differentially abundant feature could only be
narrowed down to on average of 4 metabolites in ESI+ and ESI- modes, reflecting
the high degree of uncertainty associated with the identity of a differentially abundant metabolite. A solution to this would be to restrict metabolite detection to a
list of approximately 300 metabolites known to be detectable by this LC-MS system, as has been done previously (Coene et al. [2018]). However, this would limit
the ability of this approach to characterize the metabolome in an unbiased manner.
Using network structures to refine the true feature to metabolite mapping has been
proposed as a viable approach to reduce uncertainty associated with metabolite
identification, and should be explored further(Pirhaji et al. [2016]).
Given the increased technical reliability of WES as compared to untargeted
LC-MS, methods that could dynamically weight either source of evidence based
on its technical reliability deserve further exploration. Ideally, high confidence
metabolite identifications would be weighed more heavily than low confidence
metabolite identifications, thereby mitigating the effects of noise. Additionally,
mapping all metabolomic features to the gene level in order to perform LP on a
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homogeneous network may have the effect of oversimplifying the interactions between genes and metabolites. For example, some metabolites are known to be
associated with a particular gene with a higher confidence than others. By utilizing an enrichment score, our method effectively considers all metabolites equally,
when in reality some metabolites are more robustly associated. Applying LP to a
heterogeneous network, which would include edges between genes and between
genes and metabolites, may allow propagation to occur while allowing for weighting of specific gene-metabolite associations (Lotfi Shahreza et al. [2017]. Further
quantification of the strength of gene-metabolite associations is needed before this
weighting can occur in a robust manner.

4.1

Future Work

In order for the successful integration of genomics and LC-MS based
metabolomics in the clinical diagnosis of IEMs, two major technical areas of improvement must be addressed. First, existing feature detection and adduct/isotope annotation methods must be refined and benchmarked for use in clinical
metabolomics. Several publicly available databases with known chemical compositions have been generated for this purpose (Kenar et al. [2014]). Second, explorations of gene-metabolite associations through mQTL studies are needed to
expand gene-metabolite annotations.
On the biological interpretation side, understanding the degree to which a particular metabolite is regulated (i.e by which genes) would help identify metabolites
that are under strong homeostatic control, and by association, genes that may not
benefit from metabolomic-guided prioritization. In addition, given that label propagation allows each node to be influenced by its neighbors, the local neighborhood
surrounding a causative gene may be important in determining whether or not prioritization through label propagation will be effective. Preliminary characterization
of the local neighborhood surrounding each causative gene in this thesis suggests
that prioritization is not influenced by just one factor, but rather by a multitude of
factors working in concert. Further investigation into network-based and metabolic
factors that affect prioritization may be informative for future methods.
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Britt I. Drögemöller, Mena Abdelsayed, Majid Alfadhel, Linlea Armstrong,
Matthias R. Baumgartner, Patricie Burda, Mary B. Connolly, Jessie Cameron,
Michelle Demos, Tammie Dewan, Janis Dionne, A. Mark Evans, Jan M.
Friedman, Ian Garber, Suzanne Lewis, Jiqiang Ling, Rupasri Mandal, Andre
Mattman, Margaret McKinnon, Aspasia Michoulas, Daniel Metzger,
Oluseye A. Ogunbayo, Bojana Rakic, Jacob Rozmus, Peter Ruben, Bryan
Sayson, Saikat Santra, Kirk R. Schultz, Kathryn Selby, Paul Shekel, Sandra
Sirrs, Cristina Skrypnyk, Andrea Superti-Furga, Stuart E. Turvey, Margot I. Van
Allen, David Wishart, Jiang Wu, John Wu, Dimitrios Zafeiriou, Leo
Kluijtmans, Ron A. Wevers, Patrice Eydoux, Anna M. Lehman, Hilary
Vallance, Sylvia Stockler-Ipsiroglu, Graham Sinclair, Wyeth W. Wasserman,
and Clara D. van Karnebeek. Exome Sequencing and the Management of
Neurometabolic Disorders. New England Journal of Medicine, page
NEJMoa1515792, 2016. ISSN 0028-4793. doi:10.1056/NEJMoa1515792.
URL http://www.nejm.org/doi/10.1056/NEJMoa1515792. → pages
xii, 2, 4, 5, 13, 16, 25, 27, 49
Hans Van Bokhoven. Genetic and Epigenetic Networks in Intellectual
Disabilities. Annu. Rev. Genet, 45:81–104, 2011. ISSN 1545-2948.
doi:10.1146/annurev-genet-110410-132512. → page 2
Clara D M Van Karnebeek and Sylvia Stockler. Treatable inborn errors of

52

metabolism causing intellectual disability: A systematic literature review, 2012.
ISSN 10967192. → page 2
Sorcha A. Collins, Graham Sinclair, Sarah McIntosh, Fiona Bamforth, Robert
Thompson, Isaac Sobol, Geraldine Osborne, Andre Corriveau, Maria Santos,
Brendan Hanley, Cheryl R. Greenberg, Hilary Vallance, and Laura Arbour.
Carnitine palmitoyltransferase 1A (CPT1A) P479L prevalence in live newborns
in Yukon, Northwest Territories, and Nunavut. Molecular Genetics and
Metabolism, 101(2-3):200–204, 2010. ISSN 10967192.
doi:10.1016/j.ymgme.2010.07.013. → pages 2, 16, 25
Gabriella A. Horvath, Michelle Demos, Casper Shyr, Allison Matthews, Linhua
Zhang, Simone Race, Sylvia Stockler-Ipsiroglu, Margot I. Van Allen, Ogan
Mancarci, Lilah Toker, Paul Pavlidis, Colin J. Ross, Wyeth W. Wasserman,
Natalie Trump, Simon Heales, Simon Pope, J. Helen Cross, and Clara D.M. van
Karnebeek. Secondary neurotransmitter deficiencies in epilepsy caused by
voltage-gated sodium channelopathies: A potential treatment target? Molecular
Genetics and Metabolism, 117(1):42–48, 2016. ISSN 10967206.
doi:10.1016/j.ymgme.2015.11.008. → pages 2, 16, 25
Clara D M Van Karnebeek, Luisa Bonafé, Xiao-yan Wen, Maja Tarailo-graovac,
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Dirk Vaikenborg, Grégoire Thomas, Luc Krois, Koen Kas, and Tomasz
Burzykowski. A strategy for the prior processing of high-resolution mass
56

spectral data obtained from high-dimensional Combined fractional diagonal
chromatography. Journal of Mass Spectrometry, 44(4):516–529, 2009. ISSN
10765174. doi:10.1002/jms.1527. → page 9
Xiaotao Shen, Xiaoyun Gong, Yuping Cai, Yuan Guo, Jia Tu, Hao Li, Tao Zhang,
Jialin Wang, Fuzhong Xue, and Zheng Jiang Zhu. Normalization and
integration of large-scale metabolomics data using support vector regression.
Metabolomics, 12(5):1–12, 2016. ISSN 15733890.
doi:10.1007/s11306-016-1026-5. → page 9
Alysha M. De Livera, Marko Sysi-Aho, Laurent Jacob, Johann A.
Gagnon-Bartsch, Sandra Castillo, Julie A. Simpson, and Terence P. Speed.
Statistical Methods for Handling Unwanted Variation in Metabolomics Data.
Analytical Chemistry, 87(7):3606–3615, 2015. ISSN 15206882.
doi:10.1021/ac502439y. → page 9
Yuliya V Karpievitch, Alan R Dabney, and Richard D Smith. Normalization and
missing value imputation for label-free LC-MS analysis. BMC Bioinformatics,
13(Suppl 16):S5, 2012. ISSN 1471-2105. doi:10.1186/1471-2105-13-S16-S5.
URL http://bmcbioinformatics.biomedcentral.com/articles/10.1186/
1471-2105-13-S16-S5. → page 9
Yiman Wu and Liang Li. Sample normalization methods in quantitative
metabolomics, 2015. ISSN 18733778. → page 10
B M Bolstad, R A Irizarry, M Astrand, and T P Speed. A comparison of
normalization methods for high density oligonucleotide array data based on
variance and bias. BIOINFORMATICS, 19(2):185–193, 2003. ISSN
1367-4803. doi:10.1093/bioinformatics/19.2.185. URL
http://www.stat.berkeley.edu/bolstad/normalize/. → pages 10, 28
Robert a van den Berg, Huub C J Hoefsloot, Johan a Westerhuis, Age K Smilde,
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Angelis, Florian Kronenberg, Thomas Meitinger, Hans Werner Mewes,
H. Erich Wichmann, Klaus M. Weinberger, Jerzy Adamski, Thomas Illig, and
Karsten Suhre. Genetics meets metabolomics: A genome-wide association
study of metabolite profiles in human serum. PLoS Genetics, 4(11), 2008.
ISSN 15537390. doi:10.1371/journal.pgen.1000282. → page 14
Andrew A. Hicks, Peter P. Pramstaller, Åsa Johansson, Veronique Vitart, Igor
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Harmen H. M. Draisma, René Pool, Michael Kobl, Rick Jansen, Ann-Kristin
Petersen, Anika A. M. Vaarhorst, Idil Yet, Toomas Haller, Aye Demirkan, Tõnu
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Appendix A

Supporting Materials
See below table for variant and clinical information for each patient included in
this study.
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Patient

Causative

Mode of in-

Publication

ID

and

Variant information

Clinical description

number

gene

heritance

variant frequency (if

Homozygous PMID: 20696606, Clin-

CPT1A:

Mild hypoglycemia on fasting, osteo-

recessive,

Var: 65644, gnomAD:

g.68548130G>A

genesis imperfecta - like phenotype

missense

3.246 × 10−5

(p.Pro479Leu)

(unexplained), short stature, congen-

available)
1

CPT1A

ital anomalies and dysmorphisms explained by methotrexate exposure
during pregnancy
2

NANS

Compound

PMID:27276562,

NANS:

Skeletal dysplasia,

heterozy-

PMID:27213289, Clin-

g.100843203C>T

and rhixomelia, neurodevelopmen-

gous,

Var: 235191 , gnomAD:

(p.Arg237Cys),

tal

missense

0

g.100840588T>C

encephalopathy,

(p.Tyr188His),

congenital brain abnormalities and

Transcript:

white matter lesions

arrest,

short stature

progressive

epileptic

dysmorphisms,

ENST00000210444
3

SCN2A

de

novo,

PMID:27276562

and

SCN2A:

Global

developmental

splice donor

PMID:26647175, Clin-

g.166188079+1

seizures,

variant

Var: NA, gnomAD:0

G>A,

autism, abnormal CSF mono-amine

Transcript:

ENST00000283256

ataxia,

delay,

microcephaly,

neurometabolite profile
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Mode of in-

Publication

ID

and

Variant information

Clinical description

number

gene

heritance

variant frequency (if
PMID:27276562, Clin-

DYRK1A:

Neurodevelopmental

Var: NA, gnomAD:0

g.38865404C>T

tractable epilepsy, absence seizures,

(p.Ser346Phe),

microcephaly, mild dysmorphisms,

Transcript:

hypoglycorrhagia

available)
4

DYRK1A

de

novo,

missense

delay,

in-

ENST00000398960
5

KIF5C

de

novo,

missense

ClinVar: NA, gnomAD:

KIF5C:

Seizures, behavioral and psychiatric

NA

g.149818513G>A

abnormalities, aggression, low CSF

(p.Val101Met,

MTHF (folate), mild cerebral atro-

p.Val333Met,

phy, mild ataxia, mild dysmorphism

p.Val238Met

,

p.Val50Met), Transcript:
ENST00000435030
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Causative

Mode of in-

Publication

ID

and

Variant information

Clinical description

number

gene

heritance

variant frequency (if

homozygous ClinVar: NA, gnomAD:

CNKSR2:

Autonomic crises in infancy with

from

g.21581499C>T

available)
6

CNKSR2

one

NA

(p.

hypertension, tachycardia, bladder

heterozy-

Phe464Ser), Transcript:

retention, bowel dysmotility, fre-

gous parent,

ENST00000543067

quent infections/sepsis responding to

missense

choline therapy, low acetylcholine
levels, progressive cholinergic failure, alzheimers type memory loss
(on treatment with Donepezil), central apneas and on BiPAP at night

7

ECI1

compound

PMID: 7586637 Clin-

ECI1:

heterozy-

Var:

(p.Thr17Met)

gous,

0.0071

missense

NA, gnomAD:

g.2296927G>A

and

Spasticity and dystonia,
cephaly

g.2290104

and

cataracts,

microelevated

methylmalonic acid, elevated mal-

(p.Thr262Met),

onic

acid,

enlargement

Transcript:

ventricles, MRI signal changes in the

ENST00000566379

basal ganglia and cerebellar atrophy
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of

the

Patient

Causative

Mode of in-

Publication

ID

and

Variant information

Clinical description

number

gene

heritance

variant frequency (if
IDS: ClinVar: NA, gno-

IDS: g. 148571971G>A

Early onset global developmental de-

izygous,

mAD: 0; HAL: ClinVar:

(p.Arg294Trp

lay, short stature, dysmorphisms,

missense;

NA, gnomAD: 0.000599

,p.Arg83Trp),

coarse facial features, severe behav-

HAL:

Transcript:

ioral disturbances, elevated keratan-

compound

ENST00000340855,

sulphate, developmental regression,

heterozy-

HAL: g. 96371767A>G

elevated glycosaminoglycans

gous, splice

(p.Trp537Arg,

donor

p.Trp329Arg,

available)
8

IDS
HAL

and

IDS:

hem-

p.Trp68Arg),
ENST00000261208
and

g.96374333C>T,

Transcript:
ENST00000261208
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Publication

ID

and

number

gene

heritance

variant frequency (if

Variant information

Clinical description

available)
9

CHRNA1

CHRNA1:

CHRNA1: ClinVar: NA,

CHRNA1:

Progressive global developmental de-

and DHFR

de

gnomAD: NA; DHFR:

g.175619063C>T

lay and loss of skills, microcephaly,

missense;

ClinVar: NA, gnomAD:

(p.Ala167Thr/

congenital hypotonia and wheelchair

DHFR:

NA

p.Ala142Thr),

bound, dysmorphic features, severe

Transcript:

feeding difficulties, growth retarda-

ENST00000261007;

tion, demyelination on brain MRI

DHFR:

scan, elevated lactates

de

novo,

novo,

missense

g.79950270C>G
(p.Gln13His),
Transcript:
ENST00000439211
10

ATP8A2

Homozygous NA

ATP8A2:

Hypotonia, ataxia since age 18

recessive,

g.26402265G>A

months

missense

(p.Ala897Thr),
Transcript
ENST00000381655
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Patient

Causative

Mode of in-

Publication

ID

and

number

gene

heritance

variant frequency (if

Variant information

Clinical description

available)
11

MYO5B

Compound

ClinVar: 0.00240, gno-

MYO5B:

Intellectual Disability, hyperkinetic

heterozy-

mAD: 0.001643

g.47506839G>A

movement disorder, sensorineural

gous,

(p.Arg344His),

hearing loss, myopathy, malabsorp-

missense

g.47566678G>C

tion,

(p.Glu49Gln)

urine threonine, serine and lysine,

failure to thrive,

elevated

plasma amino acids suggesting lactic
acidemia, elevated lactate
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Patient

Causative

Mode of in-

Publication

ID

and

number

gene

heritance

variant frequency (if

Variant information

Clinical description

available)
12

MAST1 and

MAST1:

ClinVar: NA; gnomAD:

MAST1:

Global developmental delay, micro-

KCNQ2

de

NA

g.12975745G>A

cephaly, hypotonia, failure to thrive,

missense;

(p.Asp497Asn),

epilepsy and, delayed myelination

KCNQ2:

Transcript:

de

novo,

ENST00000251472;

in

frame

KCNQ2:

novo,

deletion

g.

62038511delGAG

(p.Phe701del,

p.Phe683del,
p.Phe670del,
p.Phe673del,
p.Phe709del),
Transcript:
ENST00000354587
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Patient

Causative

Mode of in-

Publication

ID

and

number

gene

heritance

variant frequency (if

Variant information

Clinical description

available)
13

VGLL4

homozygous ClinVar: NA, gnomAD:

VGLL4:

recessive,

11600101G>T

query seizures,

(p.Arg268Ser,

the neurotransmitters,

p.Arg184Ser

disability, cerebral atrophy, low CSF

,p.Arg209Ser

HVA, 5HIAA, MTHF

missense

0.001073

g.

Progressive

dystonia,

spasticity,

abnormalities of

,p.Arg273Ser,
p.Arg274Ser
,p.Arg188Ser),
Transcript:
ENST00000430365

82

intellectual

