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ABSTRACT

The main objective of this thesis was to develop statistical and analytical methods for untargeted
analyses of complex environmental matrices like soil and sediment. Untargeted analyses are notoriously
difficult to perform in matrices like soil and sediment because of the complexity of organic matter
composition within these matrices. This thesis aimed to (1) Develop and compare extraction methods
for untargeted analyses of soil and sediment while also developing data handling and quality control
protocols; (2) Investigate novel applications of untargeted analyses for environmental classification and
monitoring; and (3) Investigate the experimental factors that can influence the organic matter
composition of untargeted extractions. CHAPTER TWO is a literature review of metabolomics protocols,
and these protocols were incorporated into a proposed workflow for performing untargeted analysis in
oil, soil, and sediment. This thesis contains the first application of untargeted analysis to freshwater lake
sediment organic matter (i.e. sedimentomics) in CHAPTER THREE, and this has implications for
discovering new biomarkers for paleolimnology (APPENDIX ONE). | demonstrated successful extraction
methods for both sedimentomics and soil metabolomics studies in CHAPTER THREE and CHAPTER FIVE,
respectively, using the proposed workflow from CHAPTER TWO. | also applied sedimentomics to the
classification of lake sediments using machine learning and geostatistics based on sediment organic
matter compositions in CHAPTER FOUR; this was a novel application of sedimentomics that could have
implications for ecosystem classifications and advance our knowledge of organic matter cycling in lake
sediments. Lastly, in CHAPTER FIVE | determined microbial activity, extraction method, and soil type can
all influence the composition of soil organic matter extracts in soil metabolomics experiments. | also
developed novel quality controls and quantitative methods that can help control these influences in

CHAPTER FIVE and APPENDIX THREE. APPENDIX TWO was written in collaboration with multiple



researchers and is a review of all “omics” types of analyses that can be performed on soil or sediment,
and how methods like the untargeted analysis of soil and sediment organic matter can be linked with
metagenomics, metatranscriptomics, and metaproteomics for a comprehensive metaphenomics
analysis of soil and sediment ecosystems. In CHAPTER SIX the conclusions and implications for each
chapter and overall for this thesis are detailed and | describe future directions for the field. In the end
the overall conclusions of this thesis were: 1) Quality controls are necessary for sedimentomics and soil
metabolomics studies, 2) Sedimentomics is a valid technique to highlight changes in sediment organic
matter, 3) Soil metabolomics and sedimentomics yield more information about carbon cycling than
traditional measurements, and 4) Soil metabolomics organic matter extractions are more variable and

require more quality controls.
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PREFACE

The thesis is a collection of manuscripts formatted in accordance with the guidelines provided by
the University of Ottawa’s Faculty of Graduate and Postdoctoral Studies. CHAPTER ONE is a general
introduction to the objectives and background of the thesis. CHAPTERS TWO, THREE, and FOUR were
formatted for and published in Science of the Total Environment. CHAPTER FIVE is formatted for Soil
Biology and Biochemistry. The final chapter, CHAPTER SIX, will contain the conclusions from each chapter

and the overall conclusions of the thesis.
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CHAPTER 1: General Introduction

1. BRIEF OVERVIEW OF THE CARBON CYCLE

Carbon (C) is essential for life and is contained in four major global compartments 1)
atmosphere, lithosphere, hydrosphere, and biosphere (Ussiri and Lal, 2017a). C cycling is the process of
C exchanging between the different compartments. In order to be exchanged through these
compartments, Cis transformed; C alternates between inorganic forms (i.e. carbonates, CO», CHg, etc.)
and organic forms through biotic and abiotic interactions within the compartments. The flux of C
between the compartments can be fast (i.e. years — millennia) or slow (1,000,000+ years). Specifically,
the fast C cycle is considered the biological C cycle because C flux is catalyzed by biological activity (Ussiri
and Lal, 2017b).

C cycling between these surficial earth compartments is controlled by a number of different
abiotic and biotic processes. Abiotic processes include weathering, degassing, adsorption/desorption
equilibriums, redox reactions, volcanic eruptions, climate, burial, etc.; while biotic processes include
photosynthesis, C transformations mediated by microbial activity, and the growth of biomass (i.e. living
organisms). Anthropogenic factors (i.e. fossil fuel emissions, land use changes, etc.) have also disturbed
the steady-state equilibrium of the pre-industrial C cycle leading to climate change (Friedlingstein et al.,
2019). The interaction of these processes is complex, and requires very detailed and extensive models
to predict fluxes between compartments (Dwivedi et al., 2019; Luo et al., 2016; Runge et al., 2019).

The C cycle is critical to understand because the impact human industrialization has had on the C
cycle has led to global repercussions like climate change (Lal, 2019). Climate change in turn threatens to
further amplify C cycle perturbations through positive feedback mechanisms like climate forcing,

permafrost thawing, treeline migration, etc. (Foster et al., 2017; Pearson et al., 2013; Schuur et al.,



2015). There are solutions proposed to reduce the impact humans have had on the C cycle such as:
improving global energy efficiency, carbon sequestration, solar radiation management, atmospheric CO;
removal methods, etc. (Ussiri and Lal, 2017c). However, these methods are theoretical and/or difficult
to scale to the global problem that is climate change. Regardless, a stronger understanding of the
processes inherent in the C cycle will potentially lead to better solutions to mitigate climate change in

the future.

2. BIOLOGICAL CARBON CYCLE
2.1. Processes of the biological carbon cycle

The biological C cycle, or the fast C cycle, is of specific interest to this thesis. The biological C
cycle occurs on a decadal scale, as opposed, to the millennial scale of the slow geological C cycle. The
biological C cycle involves fewer compartments than the slow C cycle and is limited to Earth’s surficial
(or near surficial) compartments (i.e. atmosphere, biosphere, and hydrosphere — mainly oceans)). It is
estimated the atmosphere contains ~849 Pg C (Ussiri and Lal, 2017d), the terrestrial biosphere contains
450-700 Pg C (Prentice et al., 2001), soils contain 1500-2400 Pg C (Jobbagy and Jackson, 2000), and the
oceans contain 39,000 Pg C (Ussiri and Lal, 2017d).

The main driver of the biological C cycle is biological activity. Photosynthesis absorbs CO; from
the atmosphere for plant and microbial growth; their growth converts inorganic C to organic C that is
consumed by other organisms to fuel their growth, or the organic C is deposited and buried in soils
and/or sediment. During deposition and burial organic C is modified further by microbes or it is
stabilized via soil/sediment geochemical properties (i.e. adsorption, aggregation, etc.). The process

where microbes transform organic C is called diagenesis, and it results in stabilized organic C that, if it is



stabilized long enough, undergoes additional diagenesis and eventual catagenesis leading to oil/coal
formation (Killops and Killops, 2013a). Diagenesis can also result in mineralization of the organic C where
it is degassed from soil-air and water-air interfaces as inorganic C (i.e. CO,, CHa, etc.).

Thus, soil and sediment are critical matrices for the biological C cycle. They are complex matrices
that vary chemically, physically, and biologically across space, in depth, and over time (Masoom et al.,
2016). Alone, soil organic C, or soil organic matter (SOM), contains more C than plant biomass and the
atmosphere (Jackson et al., 2017; Schlesinger, 1990); a fraction of SOM also enters freshwater and
marine waters to get buried into the sediments as sediment organic matter (sedOM; Figure 1.1). While
freshwater sedOM is considered a minor pool of organic C, marine sedOM is large C reservoir for both
slow and fast C cycles (Killops and Killops, 2013b; Ussiri and Lal, 2017d).

SOM and freshwater sedOM are of specific interest to this thesis. SOM and sedOM are similar in
theory, but with a few important differences. SOM is the result of organic C input from terrestrial
biomass (i.e. agriculture, and terrestrial plants, animals, and fires) and subterranean biomass (i.e.
microbes, roots systems, animals; Figure 1.1), where most of the organic C is contained within the first
metre, and < 840 Pg Cis located in the second and third metres combined (Batjes, 1996; Jobbagy and
Jackson, 2000). Freshwater sedOM has more diverse inputs than SOM, but is less important to the
biological C cycle in terms of scale (Killops and Killops, 2013b). Freshwater sedOM inputs include
terrestrial biomass and subterranean biomass directly and from soil erosion into freshwater systems
(Figure 1.1); any terrestrial organic Cis modified before it is buried in freshwater lake sediments
(Meyers and Ishiwatari, 1993). SedOM also contains organic C from aquatic (i.e. algae, fish, aquatic
plants, microbes etc.) and benthic biomass (i.e. microbes, invertebrates, animals, etc.). Another critical

difference between SOM and sedOM is the rate of C cycling and flux to the atmosphere. The mean



residence time of organic C in SOM is 25 years although this varies depending on the composition of
SOM, the microbiota present, climate conditions, and the depth of the organic C (Killops and Killops,
2013b). Thus, organic C is efficiently recycled in soil and organic C sequestration and preservation is
largely limited to peat formation in bogs and wetlands (Killops and Killops, 2013b). Rates of organic C
burial and residence times in sedOM are less well studied, but freshwater sedOM is theorized to be a
significant global long-term C sink because of cool temperatures and anoxic conditions within the
sediments (Dean and Gorham, 1998; Mendonca et al., 2017; Sobek et al., 2009). In summary, SOM is

abundant and dynamic, while sedOM is diverse and better preserved.

Figure 1.1: Generalized diagram of C cycling for SOM and SedOM. Dotted green lines represent the
deposition and burial of organic C from biomass, black lines indicate abiotic and biotic C cycling (mostly
microbial) in situ, and white arrows indicate mineralization.



2.2. Knowledge gaps in the biological C cycle

While knowledge of the biological C cycle has grown in leaps in bounds during the last few
decades there are still knowledge gaps because soil and sediment matrices and the processes acting on
them are complex. Organic C composition is also notoriously difficult to study (Masoom et al., 2016;
Young and Crawford, 2004). Recently, new research suggests organic C processes are controlled by
microbial activity and mineral-matrix interactions (Lehmann and Kleber, 2015; Schmidt et al., 2011), as
opposed to decades old theory of humus formation, based on chemical recalcitrance (i.e. molecules
resistant to biotic and abiotic degradation), controlling organic C cycling. Recent research also postulates
that microbially derived organic C and necromass are the main components of stable organic C (Kindler
et al., 2006; Schweigert et al., 2015; Simpson et al., 2007). However, the interactions between biotic and
abiotic processes regulating the biological C cycle in soil and sediment are still poorly constrained
(Jackson et al., 2017). Also, the structure-function relationship between soil processes and individual
molecules is the subject of future research. These knowledge gaps mean that soil organic matter (SOM)
and sediment organic matter (sedOM) C fluxes are poorly represented in global and/or ecosystem scale
system models, which are critical for predicting C cycle turnover in a changing climate (Dwivedi et al.,
2019; Todd-Brown et al., 2013; Wieder et al., 2018, 2013). While this thesis does not directly address
these knowledge gaps in sediment and soil C cycling, it does contribute work toward developing,
improving, and critically examining the “Omics” methods that will be used to address these knowledge

gaps in future studies.



3. “OMICS”
3.1. Overview of “Omics” methods

“-Omics” is an untargeted approach to studying complex biological systems. The term “-omics” is
likely derived from the Sanskrit “OM” meaning completeness (Yadav, 2007), and when combined with
the discipling of interest, it implies “all metabolites” for metabolomics, “all genes” for genomics, “all
proteins” for proteomics, etc. “Omics” was started in the 80’s relating to genomics (Robertson, 2005;
Yadav, 2007), and by the late 90’s the sister fields of metabolomics (Fiehn, 2001), and proteomics
(Yadav, 2007) emerged. This approach incorporates many different disciplines including field-specific
knowledge (i.e. cell biology or biochemistry or soil science), analytical chemistry, data mining and
management, and statistical modelling and multivariate analyses.

The advantage of using “omics” methods is the depth and breadth of the knowledge generated.
“Omics” investigations use untargeted analyses to look at the distributions of many different analytes
and thus generate a “global” view of the system. This global perspective allows the assessment of gross
patterns, and successive data mining can lead to the identification of potential biomarkers (i.e. variables
that drive pattern formation in the system under study). Untargeted “omics” is often used for
hypothesis generation, and after “omics” studies the new hypotheses are explored using semi-targeted
and targeted analyses to validate the hypothesis and develop them further.

The process of “Omics” studies, specifically regarding small organic molecules, is expounded in
CHAPTER TWO of this thesis, but in summary, there are 5 main method components: 1) Sampling, 2)
Extraction, 3) Sample analysis, 4) Chemometrics, and 5) Hypothesis validation (Figure 1.2). Sampling
refers to the experiment design. “Omics” studies require well defined experiment designs to constrain

the inherent variability in untargeted assessments. Experimental questions should be concise and



compare well-defined groups, sampling replication should be large, and attention should be paid to
sample collection procedures to minimize contamination and the introduction of artifacts. The
extraction methods are typically simple and produce crude extracts. Crude extracts themselves can
introduce artifacts, which is a problem that can be controlled with the introduction of appropriate
quality controls. Sample analysis for untargeted analyses typically requires nuclear magnetic resonance
(NMR) or high resolution mass spectrometry (HRMS); HRMS is used in this thesis. HRMS instruments are
ideal for untargeted analyses of complex matrices because of their resolving power. HRMS produces
highly accurate and precise mass information relating to different molecules, which is later used as a
variable in chemometrics and annotation. Chemometrics is the processing and analysis of the copious
amounts of data produced by HRMS analysis. The processing of HRMS data is extensive, and the results
can be subjective based on the software used and the methods used to clean and align the data. A
variety of statistical analyses can be used to analyze the processed data and the types of analyses used
depends on the original research question. Lastly, “Omics” analyses require hypothesis validation, and
while this is not typically considered part of the “Omics” method, it is critical to take the hypotheses
revealed from the statistical analyses and validate them using more specific and targeted methods. For
instance, biomarkers need to be annotated, mechanisms of action and robustness need to be

determined before they can be applied as biomarkers in diagnostic tools.
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Figure 1.2: Generalized process for soil metabolomics and sedimentomics. Figure modified from
graphical abstract to Bell and Blais (2019).

3.2. High resolution mass spectrometry

HRMS instruments are critically important for untargeted analyses because they allow for the
separation of many different signals (Resolution > 10,000 full width half maximum) within the
instrument with a high degree of accuracy (+0.001 Da) and sensitivity (Hollender et al., 2017; Krauss et
al., 2010). HRMS is often combined with soft ionization techniques (i.e. electrospray ionization (ESI),
atmospheric pressure photoionization (APPI), or atmospheric pressure chemical ionization (APCI)) so
that when the ions enter the detector they will not be extensively fragmented and this often allows for
the determination of the parent ion. The parent ion provides key information for structural annotation
because the mass of the compound can be derived from m/z of the parent ion, and structural

annotation is critical for untargeted analyses and hypothesis validation.



Resolution is a critical parameter of HRMS instruments. Resolution is the mass of the ion (m)
divided by Am (Hernandez et al., 2012). However, different methods for determining Am exist, which
has led to some ambiguity in the industry. For instance, Am can be defined using the full width half
maximum (FWHM) or the percent valley method, and this can produce very different resolution and/or
resolving power results (Murray et al., 2013; Urban et al., 2014); thus, it is important to define which
method was used to calculate the instrumental resolution. Using FWHM, the minimum resolution for an
HRMS instrument is 10,000 and mass analyzers in this class include: magnetic sector (10,000-80,000
resolution), time of flight (TOF; 20,000-80,000 resolution), orbitrap (up to 500,000 resolution at 200
m/z), and Fourier-transform ion cyclotron resonance (FT-ICR; up to 1,000,000 resolution) (Hernandez et
al., 2012; Krauss et al., 2010; Spanik and Machynakova, 2018). Specifically, for this thesis, TOF and
orbitrap instruments were used.

TOF and orbitrap HRMS instruments can be used for untargeted analyses of complex matrices;
however, they are fundamentally different mass spectrometers. TOF mass analyzers simultaneously
accelerate multiple ions after ionization. The ions enter a field free region (also known as the flight tube)
and the velocity of the ion in the free field depends on the m/z of the ion, whereby smaller ions hit the
detector first (Fjeldsted, 2016). The original TOF instruments had linear flight tubes and resolution was
poor because resolution is a function of flight tube length. Modern TOF instruments have an orthogonal
flight tube with a reflectron to extend the flight tube length and improve resolution (Watson and
Sparkman, 2008). Quadrupoles can be added before the TOF mass analyzer, the so called QTOF, to add
mass filtering and/or add collision capabilities to fragment ions for annotation (Allen and McWhinney,
2019). The advantages of the QTOF include its theoretically unlimited mass range, simplicity, and

ruggedness (Skoog et al., 2016). Orbitaps are essentially ion traps, where the injected ions are injected



between two electrodes (i.e. the outer barrel electrode and the inner spindle electrode) in a static
electric potential (Skoog et al., 2016; Watson and Sparkman, 2008). In this system the electric field is
inhomogeneous with nonparallel vectors, which causes mass dependent oscillations around the spindle
electrode (Watson and Sparkman, 2008). The frequency of this mass dependent oscillation are
transformed in mass spectra using fast Fourier transform (Martins et al., 2016; Watson and Sparkman,
2008). Orbitraps can also be paired with quadrupoles before the mass analyzer. An LTQ Orbitrap XL has
a collision cell, and the Q Exactive Orbitrap has a mass filter quadrupole and an octapole which
drastically increased the mass range of the instrument (Martins et al., 2016). The advantages of
orbitraps are their much higher resolution, greater accuracy, and wider linear dynamic range than the

TOF family of mass analyzers (Aydogan, 2020; Skoog et al., 2016).

4. OMICS APPLICATIONS TO ADDRESS KNOWLEDGE GAPS IN SOM AND SedOM C CYCLING
4.1. Soil metabolomics applications

Soil metabolomics is the study of SOM using “Omics” methods. SOM C cycling occurs faster than
in sedOM so often the focus of soil metabolomics studies is on the microbially accessible fraction of
SOM. The microbially accessible fraction is considered to be the water extractable fraction (WEOM) also
known as dissolved organic matter (DOM). The applications of studying the WEOM fraction are myriad
in climate change research and in agricultural research. The biggest mystery is the composition of SOM,
SOM is very difficult to study and there are many gaps in our theories on the rate of SOM decomposition
and how SOM composition (also known as litter quality) affects the mineralization — stabilization
equilibrium in SOM. Further, we have even less understanding how changes in climate (i.e. warming

weather, land use changes, thawing permafrost, etc.) or agricultural practices (i.e. tilling, farming
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intensification, nutrient addition, etc.) affect SOM composition, and then ultimately what impact these
changes in SOM composition have on the global biological C cycle. Soil is a major terrestrial source of
global C and many initiatives are in place to increase C sequestration in soil. For instance, the “4 per
mille” project includes 100+ nations who have committed to increasing the quantity of C sequestered in
the soil by 4%o in order to halt the annual increase in atmospheric CO, (Minasny et al., 2017). Whether
this initiative is feasible remains under debate (Amundson and Biardeau, 2019, 2018; Loisel et al., 2019;
Minasny et al., 2017); however, the development of soil metabolomics and its insight into C cycling in
the soil may help facilitate this initiative by building a better understanding of how more C can be

sequestered in the soil to help fight climate change.

4.2. Sedimentomics applications

Sedimentomics is the study of SedOM using “Omics” methods. SedOM is a critically
understudied component of the biological C cycle. Recent research has indicated that freshwater
sedOM is a large C sink and the composition of sedOM and the biotic and abiotic processes influencing
sedOM are understudied when compared to SOM. Sedimentomics can be used to address knowledge
gaps in sedOM biological C cycling. In addition, the ability of most freshwater lake sediment to store C
has another application, the preservation of paleolimnological biomarkers. Paleolimnology is the study
of old organic matter that has been stratified into the sediments of lakes. By taking lake sediment cores,
the cores can be separated into intervals that can be radioisotopically dated, and specific compounds
from the sedOM, also known as biomarkers, can be extracted and quantified to see how they changed
over time. These biomarkers can be paleoecological (i.e. track changes in plant productivity over time),

paleoclimatogical (i.e. track changes in regional temperatures over time), paleofire, or even
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archeological (i.e. track sewage input into lakes over time) proxies. The advantage of this application is
to reconstruct the past and to establish baselines of what past environments were like before human
influence. This information also provides critical reality checks against simulated models for global and
ecosystem scale models (Dwivedi et al., 2019; Heiri et al., 2006; Schworer et al., 2014; Todd-Brown et
al., 2013; Wieder et al., 2018, 2013). Sedimentomics is useful to systematically discover new biomarkers
preserved in the sedOM for paleolimnological applications. Thus, sedimentomics is a tool to investigate

knowledge gaps in historical and contemporary sedOM C cycling.

4.3. Systematics

The future of “Omics” in soil and sediment lies in systematics. Currently, different “Omics” (i.e.
metabolomics, genomics, metatranscriptomics, etc.) studies are performed separately; but to fully
address knowledge gaps in soil and sediment C cycling a systems biology approach is required where
these methods are integrated together. A systems biology approach, or systematics, focuses in the
interaction between SOM/sedOM, microbes, and their surrounding environments (Jansson and
Hofmockel, 2018; Schmidt et al., 2011). It integrates this information to investigate how changes in the
environment affects soil/sediment microbial communities (i.e. metagenomics), functionality (i.e.
metatranscriptomics and metaproteomics), and C cycling dynamics (i.e. soil metabolomics and
sedimentomics). However, there are current methodological problems with applying a systematics
approach. Integrating the data from multiple “Omics” experiments is computationally expensive and few
truly integrative analyses and visualizations have been developed for systematics. In addition, soil
“Omics” and sediment “Omics” studies are still young and employ state-of-the-art technology, thus

further methodological advances are needed to standardize these methods. This thesis focuses on
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improving sedimentomics and soil metabolomics methods so that they can be used in sediment and soil

systematics studies in the future.

5. IN SUMMARY

The purpose of this work was to develop statistical and analytical methods for untargeted
analysis (i.e. sedimentomics and soil metabolomics) of complex environmental matrices. Specific
objectives included: (1) Develop new extraction methods for untargeted analyses for soil metabolomics
and sedimentomics that include appropriate data handling and quality control measures; (2) Investigate
novel applications of untargeted analyses for environmental classification and monitoring; (3)
Investigate the parameters influencing soil metabolomics extractions.

This thesis is a collection of manuscripts. CHAPTER TWO is a comprehensive review and a proposed
workflow for future soil metabolomics and sedimentomics studies published in Science of the Total
Environment. The objective of this review was to present the application of “Omics” to soil scientists,
paleolimnologists, etc. with a detailed guide on how to design and implement soil metabolomics and
sedimentomics studies. CHAPTER THREE is about the application of sedimentomics to systematically
discover new biomarkers for Arctic paleoecology, and it was published in Science of the Total Environment.
The objective of this research was to test the viability of sedimentomics as a systematic biomarker
discovery method, and to discover discriminant biomarkers between boreal and tundra regions. CHAPTER
FOUR was published in Science of the Total Environment and describes the spatial variation in freshwater
sedOM composition and the potential application of sedimentomics to environmental monitoring. |
wanted to determine if sedOM composition is a spatially dependent and if this concept can be used to

draw ecologically relevant boundaries. CHAPTER FIVE is submitted to Soil Biology and Biochemistry. It
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describes method development and the novel quality control procedures for soil metabolomics. The
objective of CHAPTER FIVE was to explore factors influencing soil metabolomics extractions and establish
quality control procedures to control extraction variability and improve data quality. The final chapter,
CHAPTER SIX, will contain the conclusions from each chapter and the overall conclusions of the thesis.

In summary, | demonstrated that sedimentomics and soil metabolomics are valid research
methods that can be used in the future to address knowledge gaps in the biological C cycle. This work
discusses and presents novel quality control methods and applies statistical methods in new ways to soil

metabolomics and sedimentomics.
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ABSTRACT

“-Omics” is a powerful screening method with applications in molecular biology, toxicology,
wildlife biology, natural product discovery, and many other fields. Genomics, proteomics, metabolomics,
and lipidomics are common examples included under the “-omics” umbrella. This screening method
uses combinations of untargeted, semi-targeted, and targeted analyses paired with data mining to
facilitate researchers' understanding of the genome, proteins, and small organic molecules in biological
systems. Recently, however, the use of “-omics” has expanded into the fields of geology, specifically
petrology, and paleolimnology. Specifically, untargeted analyses stand to transform these fields as
petroleomics, and sediment-“omics” become more prevalent. “-Omics” facilitates the visualization of
small molecule profiles from environmental matrices (i.e. oil and sediment). Small molecule profiles can
provide improved understanding of small molecules distributions throughout the environment, and how
those compositions can change depending on conditions (i.e. climate change, weathering, etc.). “-
Omics” also facilities discovery of next-generation biomarkers that can be used for oil source
identification and as proxies for reconstructing past environmental changes. Untargeted analyses paired
with data mining and multivariate statistical analyses represents a powerful suite of tools for hypothesis

generation, and new method development

1. INTRODUCTION
1.1. “-Omics”

The field of “~-omics” research is relatively young, starting in the 80's with genomics (Robertson,
2005; Yadav, 2007). The origin of the term “- omics” may originate from the Sanskrit “OM” meaning

completeness (Yadav, 2007). Thus, when combined with the targets under study, it implies “all genes”

20



for genomics, or “all lipids” for lipidomics. Currently, the field of “-omics” is extensive and includes:
genomics, transcriptomics, proteomics, metabolomics, lipidomics, metallomics, and environment-omics
applied to environmental samples. The focus of this review is on environmental “-~omics”, and how to
apply “-omics” techniques to environmental matrices like sediment, soil, peat, oil, etc. “-Omics” is a
holistic approach to studying biological systems and refers to an interdisciplinary methodology that
incorporates analytical chemistry, statistical modelling and multivariate analyses, and knowledge of the
systems under survey. The advantage of using “-omics” is the generation of novel hypotheses. “-Omics”

|II

investigations use untargeted analyses to generate a “broad compositional” or “global” view of the
system. This untargeted global survey of the targeted molecules (i.e. commonly DNA, proteins, or small
molecules) allows for the assessment of broad patterns based on compositional changes. Successive
data mining of these patterns can pinpoint where these compositional changes are, which can lead to
the identification of potential biomarkers. Biomarkers are organic molecules that are significantly
different in either abundance or presence between the sampled groups. Thus, the utility of an

|H

untargeted “-omics” approach is to generate new hypotheses regarding these “global” patterns and
potential biomarkers. Semi-targeted and targeted analyses explore the new hypotheses to determine if
they can stand up to rigorous scientific validation. For instance, a targeted analysis of a potential
biomarker would answer more specific questions like: Does this biomarker only appear in oil from this
region? Or does this biomarker preserve over time in sediment samples? Ideally, follow-up targeted
analyses validate the hypotheses generated with the untargeted “global” analysis. The “-omics”

framework of untargeted “global” analyses followed by semi-targeted and targeted analysis is widely

applicable to many fields.
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1.2. Current applications of “-omics” in environmental sciences

Currently, the use of “-omics” in environmental fields is burgeoning. There are four main areas in
which this methodology has been applied to sediment, soil, and oil matrices: (1) Untargeted screening
for environmental contaminants; (2) Investigation of soil and sediment bacterial community metabolites
and carbon cycling; (3) Untargeted screening of organic matter (OM) composition leading to novel
biomarkers for paleolimnological applications; and (4) petroleomics or oil fingerprinting.

Semi-targeted and untargeted screening approaches have been used on sediment or soil
samples for pollutants analysis. There are many studies documenting the screening of sediment for
flame retardants (Gustavsson et al., 2018), sediment-bound and unbound xenobiotics (Kronimus and
Schwarzbauer, 2007), and anthropogenic contaminants in wastewater, sludge and sediment
(Grigoriadou and Schwarzbauer, 2011; Rostkowski et al., 2013; Veenaas and Haglund, 2017). Many of
these untargeted methods are not considered “-omics” methods, because they do not incorporate
discriminant statistical analyses into their studies and are not focussed on hypothesis generation, but
rather the confirmation pollutants are present. However, current untargeted and semi-targeted
pollutant screening methodologies paired with “-omics” statistical analyses (see Section 4.3.) may
facilitate pollutant discovery and source identifications with the appropriate study design and extraction
techniques to compensate for complex matrices and trace levels of pollutants.

Soil and sediment microbial communities and metabolites can also be investigated with “-
omics”. Beale et al. (2017) demonstrated a multi-“omics” approach combining genomics and sediment-
“omics” to assess the impact of environmental toxicants on bacterial colonies. A later publication
compared the effect of changes in nutrients, OM, light and pollutants on bacterial populations, and

found precipitation had a major influence on bacterial community structure and linked OM composition
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to bacterial metabolic pathways (Beale et al., 2018). Swenson et al. (2018) also linked the impact of
wetting events on soil microbial community structures with changes in water extractable metabolites.
Furthermore, “-omics” can be paired with stable isotope labelling to investigate microbial carbon cycling
(Swenson et al., 2015). They were able to differentiate the isotope-labelled microbially-derived
metabolites from endogenous soil OM and determine the extent of microbial activity (Swenson et al.,
2015).

Other OM components, aside from microbial metabolites and contaminants, have undergone “-
omics”. For instance, an untargeted approach was used to investigate changes in soil OM composition
after fire-exposures and they were able to isolate the fire affected organic molecules in different particle
size fractions (Jiménez-Morillo et al., 2018). Similar methods have also been applied to soil OM
(Kujawinski, 2011; X.M. Li et al., 2018; Z. Li et al., 2018; Ward and Cory, 2015). Sedimentary OM have
had environmental changes assessed in sediments using “-omics”. Untargeted “-omics” led to the
discovery of novel proxies for climate reconstructions. Farrés et al. (2015a) used an “-omics” method on
marine sediment where they correlated long chain n-alkanes, long and short chain n-alkan-1-ols,
alkenols, cholesterol, and squalene with down-core sea surface temperatures.

Lastly, “-omics” has been applied to oil. Petroleomics is useful for both identifying biomarkers
specific to an oil deposit, and also for determining sources of oil spills (Wang et al., 2006). Thus far,
untargeted “-omics” techniques have differentiated Brazilian crude oils (Kiepper et al., 2014; Laakia et
al., 2017; Prata et al., 2016), Columbian oils (Silva et al., 2011), Alberta oil sands (Yang et al., 2011),
Jianghan basin, and Nanyan basin oils (Zhang et al., 2015). It can also be applied to oil weathering

processes. Hall et al. (2013) used two-dimensional gas chromatography (GCxGC) mass spectrometry to
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differentiate Deepwater Horizon oil post- and pre-weathering. They were able to identify the precursors

of some of the oxygenated weathering products using partial least squares regression (Hall et al., 2013).
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Figure 2.1: A generalized workflow for small molecule untargeted “omics” strategies.
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1.3. Purpose

Currently, “~-omics” is widely applied in many fields, but we emphasize methodologies for small
organic molecules (< 1000 kDa) located in environmental matrices (i.e. soil, sediment, and oil). The
purpose of this review is to provide an “~-omics” workflow for paleolimnological and geological research.
We will highlight important considerations at each step in the “~omics” workflow (Figure 2.1) including
sample preparation, chemical analysis, data mining and structure identification. We emphasize the
quality control steps required to produce reliable and statistically powerful data. In addition, each
section cites more specific reviews for interested readers. The overarching objective is to elaborate on
the potential of “-omics” research, and to establish practical protocols for future “-omics” studies on

paleolimnological and geological samples.

2. SAMPLE PREPARATION
2.1. Experimental design
2.1.1. Source of experimental variation

“-Omics” can be susceptible to variability at all stages of the workflow (Dudzik et al., 2018;
Martins et al., 2018; Szczepanska et al., 2018). Good experimental design requires the consideration of
all stages of the workflow (Figure 2.1) before experimentation begins. This review emphasizes each
stage of the workflow with the aim to reduce experimental variability.

There are five major types of variation for “~-omics” in environmental matrices: (1) Sample
variation — is due to samples' spatial relatedness (e.g. distances between sites or within cores),

weathering, diagenesis, time between sample collections, environmental conditions during sample
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collection and sample collection techniques. (2) Pre-analytical variation —is caused by inconsistent or ill-
considered sample extraction procedures, chemical modifications during extraction, pre-extraction
sample storage and post-extraction degradation during storage. (3) Analytical variation —is caused by
the presence of plasticizers, instrumental variation, batch effects, matrix effects causing ion suppression
or enhancement and carryover effects from one sample to the next. (4) Post-analytical variation —
includes data handling errors, false discoveries, mis-annotation of compounds, and data preprocessing
errors. Lastly, (5) Stochastic variation — variation due to random chance. Untargeted “-omics”
techniques are sensitive to many of these errors due to the nature of trying to “see” as much as possible

in one sample, so experimental design is critical to minimize variation.

2.1.2. Untargeted, semi-targeted and targeted analytical strategies

There are three types of analysis strategies: (1) untargeted; (2) semi-targeted; and (3) targeted (Figure
2.2). Untargeted strategies, also known as profiling, fingerprinting, or global assessments, are qualitative
assessments of the molecular composition. The focus of an untargeted analysis is to see as many
compounds as possible in an extract. Data mining identifies similarities and differences among the
samples. Examples of relevant untargeted analyses include the work done by Farrés et al. (2015a,
2015b) on the discovery of climate biomarkers, and Alizadeh et al. (2017) who demonstrated a
fractionated untargeted analysis of petroleum. This type of analysis is crucial for hypothesis generation
and the discovery of potential biomarkers. Afterward, semi-targeted and targeted strategies validate the

new hypotheses and biomarkers.

26



Unknown Structural

Untargeted Compounds Elucidation
If possible
Sampl Semi-targeted Database Standard Biomarker
pe eri-targete Identification Confirmation Discovery
itati After Targeted Re-extraction
Targeted Quantlta.tlve It g
Analysis

Figure 2.2: Comparison workflow for targeted, semi-targeted, and untargeted strategies.

Semi-targeted strategies can be quantitative, or at least semiquantitative. This strategy requires
more sample preparation than untargeted approaches but has fewer analytical artifacts such as matrix
effects, carryover, and coelution. In a semi-targeted analysis, the focus is on multiple known
compounds, potentially from different compound classes. Examples of semi-targeted strategies include
publications on the metabolomics profiles of polar bears (Morris et al., 2018) and screening organic
contaminants (Bu et al., 2014; Gustavsson et al., 2018). The advantages of semi-targeted approaches are
increased sensitivity, resolution, and quantification. The main disadvantage, when compared to an
untargeted strategy, is the absence of novel compound discovery outside of the classes of interest.

Known molecular compounds undergo targeted analyses. Often there are multiple stages of
sample clean-up, which will further reduce matrix effects, carryover, and coelution issues. Targeted

analyses are quantitative with sensitive, precise, and accurate detection and quantification. These

27



targeted studies validate biomarkers for future studies. The disadvantage of targeted analyses is that
new biomarker discovery does not occur, and they require labour intensive extractions, which increases
time to analysis. This review focuses on untargeted strategies, but there are detailed reviews for semi-

targeted and targeted workflows specifically (Cajka and Fiehn, 2016; Gorrochategui et al., 2016).

2.1.3. Sample collection

Sample collection is an important consideration of experimental design for untargeted “-omics”.
A clear question is necessary before sampling. If the question is relevant to the molecular fingerprinting
of different samples (see Section 4.3.1.), then contrast between the sampled groups does not need to
be as defined (i.e. sampling a gradient of impact). If the question is relevant to biomarker discovery,
then maximizing the differences between “Group 1” and “Group 2” (i.e. impacted versus unimpacted)
during sample collection is necessary. High sampling contrast also optimizes the ability of discriminant
statistical analyses (see Section 4.3.3.) to isolate potential biomarkers from the large amounts of data
collected.

For sediment studies, there are additional considerations for sample collection. Sediment OM
undergoes diagenesis at the sediment surface, so the OM in the surface layer of a sediment core will not
be the same as a layer within the anoxic layer after diagenesis (Meyers and Ishiwatari, 1993). There is
also a temporal component as the sediment ages downcore; a single core can represent many years of
sediment deposition. Thus, paleolimnologists must consider spatial sampling, but also temporal
sampling as well. For example, if the research question addresses spatial changes, then temporal
variation needs to be controlled by sampling layers in similar time frames. A proposed solution would be

to use a top-bottom approach to account for diagenesis and environmental changes over time where a
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surface sediment sample and a down-core sediment sample are simultaneously analyzed. If the research
question relates to temporal changes over time (i.e. oil weathering over some duration or OM changes
during diagenesis) then the spatial variation needs to be minimized like in any time series or repeated
measure experiments (Berk et al., 2011). Farrés et al. (2015a) provides an example of monitoring
climatic signals over time, but limited in space, to correlate biomarkers with sea surface temperatures.

In addition, the number of samples requires careful consideration. It is prudent to perform a
statistical power analysis before the start of the study. Greater sample sizes result in a reduced standard
error and better precision in the results (Dudzik et al., 2018; Krzywinski and Altman, 2013). Of course,
practical, budgetary, and resource constraints need consideration, but a statistical power analysis can
help balance ideal sample size and prudence. The result should be a statistical power of 0.8, which is
where, if the experiment is repeated multiple times, then there will be a significant difference between
the two groups 80% of the time (Xia and Wishart, 2016). There are different tools and tests that can be
used to perform power analysis for “~-omics” studies and for more information see Xia and Wishart

(2016), Blaise et al. (2016) and Dudzik et al. (2018).

2.2. Extractions
2.2.1. Non-polar extractions

The choice of extraction method is important, but it is always a compromise. No single extraction
will extract all compounds. This section explores non-polar (i.e. lipid, organic contaminants, large
terpenes) and polar (i.e. amino acids, small terpenes, carbohydrates) compound extraction methods.

Table 2.1 contains examples of extraction methods for “~-omics” on environmental matrices.
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A non-polar extraction method may be more relevant for paleolimnological and geological
biomarkers. Non-polar compounds preserve better in the sediment, especially saturated and aromatic
compounds (Meyers and Ishiwatari, 1993) and oil samples largely contain very non-polar compounds. To
demonstrate this, the majority of current biomarkers for paleolimnology can be seen in Figure 2.3 in the

context of their relative polarity and the solvent likely to extract them.
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Figure 2.3: Solvent and common biomarkers chart. Each family of compounds is represented by a range
of XLogP3 (calculated octanol/water coefficients where <0 is more polar and >0 is more non-polar)
values found in the PubMed Database (Kim et al., 2016). The families do not contain all molecules within
the family but rather a subsample chosen by relevance and different polarities to maximize range. Below
the plot are the common solvents for “-omics” studies, and their approximate range of extractable
metabolites. If the solvents overlap, then they are miscible. @Compound shortforms are:
oligosaccharides (OS), amino acids (AA), pyrimidines (PY), purines (PU), lignin phenols (LP), flavonoids
(FL), phthalates (PH), hormones (H), chlorins (CH), bile acids (BA), polybrominated diphenyl ethers
(PBDE), polyaromatic hydrocarbons (PAH), polyfluorinated compounds (PFC), fatty acids (FA),
diterpenoids (DT), bacteriohopanepolyols (BHP), triterpenoids (TT), sterols (ST), squalene-derivatives
(SQ), saturated hopanes (HP), saturated alkanes (ALK), triacylglycerides (TG), and glycerol dialkyl glycerol
tetraethers (TE).



Table 2.1: Examples of extraction and analysis protocols for non-polar compounds and polar compounds.

Matrix Molecular Extraction Solvent ° Resuspension Solvent  Analysis© Reference
Classes?®
Non-polar Extractions
Wastewater, oC DCM Direct injection GCxGC-TOF & Rostkowski et al., 2013
sewage, sediment GC-TOF
Sediment SH, CE, OH, SQ DCM,; fractionation Toluene GC-MS Farrés et al., 2015a
Soil 0S, AA, P, SH, Parallel H,O, MeOH, ACN, Varied ESI-FTICR/MS Tfaily et al., 2015
TN, LN, FA hexane
Soil 0S, AA, P, SH, Sequential H,0, MeOH, ACN,  Varied ESI-FTICR/MS Tfaily et al., 2017
TN, LN, FA hexane
Sewage SH, OC, PAH, 4:1 n-hexane:DCM Isooctane GCxGC-TOF Veenaas and Haglund, 2017
PL
Feces GP, FA, SL, GL, 1:4:3 HFIP:MTBE:H,0 (MTBE 65:30:5 ACN:IPA:H,0 LC-Orbitrap Gregory et al.,, 2012
BA, CE, PL fraction)
Tissue CE, GP, GL,SL, 1:1 1-butanol:MeOH Direct injection LC-ESI-MS/MS Alshehry et al., 2015
FA
Tissue AC 8:6:7 MTBE:MeOH:H,0 65:30:5 ACN:IPA:H,0 LC-Orbitrap Chen et al.,, 2013
(MTBE fraction)
Seeds, tissue FA 2:1 DCM:MeOH (DCM Hexane GC-FID Cequier-Sanchez et al., 2008
fraction)
Plant CE 2:2:1.2 CHF:MeOH:H,0 (CHF  CDF NMR Brasili et al., 2014
fraction)
Oil SH, H, ST Hexane; fractionation Isooctane or toluene GC-MS Alizadeh et al.,, 2017
Oil SH, MA, TP, DI Hexane; fractionation DCM GCxGC-TOF Casilliet al., 2014
Oil SH, TP 9:1 DCM:MeOH Direct injection GCxGC-FID Gros et al,, 2014
Oil SH, TP 9:1 DCM:MeOH; DCM/methanol GCxGC-TOF Hall et al., 2013

fractionation
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Oil Heteroatom toluene Direct injection FT-ICR/MS Hur et al., 2018

Polar Extractions
Wastewater, oC 1:1 MeOH:ACN Direct injection LC-TOF Rostkowski et al., 2013
sewage, sediment
Sediment Unknown Cell lysis; cold MeOH Pyridine GC-MS Beale et al., 2017
Dissolved organic LN, OS, TN, SO  MeOH Direct injection FT-ICR/MS D’Andrilli et al., 2013
matter
Dust, Lint PH, AA, OC, FA'  MeOH then ACN 1:1 MeOH:ACN LCxLC-TOF Ouyang et al.,, 2017
Soil 0OS, AA, NT Fumigation, direct CHF- 100 mM NH4HCO; in GC-MS Warren, 2015
K2SO4, cold MeOH:CHF:H,0, 25% ACN
& hot EtOH
Soil 0OS, AA, NT H,0, 10 mM K;SQ4, 10 mM Pyridine GC-MS Swenson et al., 2015
NH4HCOs, IPA:MeOH:H,0, &
10-100% MeOH
Soil biocrust 0OS, AA, NT H,O MeOH LC-Orbitrap & Swenson et al., 2018
LC-QTOF
Soil LN, OS, TN, SO H,0 MeOH FT-ICR/MS Jiménez-Morillo et al., 2018
Tissue FA 8:06:07 MTBE:MeOH:H,0 1:4 MeOH:H,0 LC-QTOF Chen et al., 2013
(MeOH/ H,0 fraction)
Plant AA, OS 2:2:1.2 CHF:MeOH:H,0 1:2 CDs0D:D,0 NMR Brasili et al., 2014

(MeQOH/H20 fraction)

9Classes include: fatty acids (FA), oligosaccharides (0S), glycerophospholipids (GP), glycerolipids (GL), sphingolipids (SL), bile acids (BA), cholesterol-derivatives
(CE), phenol lipids (PL), amino acids (AA), proteins (P), acylcarnitines (AC), organic contaminants (OC), saturated hydrocarbons (SH), monoaromatic steroids (MA),
thiophenes (TP), diamondoids (DI), alcohols (OH), flavonoid (Fl), cyclitol (CY), phenolic acid (PA), hydroxycinnamic acids (HA), polyaromatic hydrocarbons (PAH),
squalene (SQ), biohopanepolyols (BHP), hopanes (H), steranes (ST), chlorins (CHL), nucleotides (NT), tannins (TN), lignin (LN), soot (SO), phthalate (PH)

bSolvents include: dichloromethane (DCM), methyl-tert-buty! ether (MTBE), methanol (MeOH), ethanol (EtOH), acetonitrile (ACN), hexafluoroisopropanol (HFIP),
chloroform (CHF), isopropyalcohol (IPA), water (H20), deuterated methanol (CD30D), deuterated water (D20), deuterated chloroform (CDF)

‘Analytical instrumentation includes: gas chromatography(GC), two-dimensional gas chromatography (GCxGC), liquid chromatography (LC), two-dimensional
liquid chromatography (LCxLC), time of flight mass spectrometer (TOF), quadrupole time of flight mass spectrometer (QTOF), nuclear magnetic resonance
spectroscopy (NMR), mass spectrometer (MS), tandem mass spectrometer (MS"), flame ionization detector (FID), fourier transform ion cyclotron resonance mass
spectrometer (FT-ICR/MS)
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Currently, there is no review of ideal “~-omics” solvent extractions for environmental matrices,
but the most commonly used lipid extraction methods in biological matrices are liquid-liquid extractions
derived from the Folch (Folch et al., 1956), Bligh-Dyer (Bligh and Dyer, 1959), and modified versions of
both (Table 2.1; Alshehry et al., 2015; CequierSanchez et al., 2008; S. Chen et al., 2013; Y. Chen et al.,
2013; Lofgren et al., 2016; Matyash et al., 2008). In addition, dichloromethane or n-hexanes are the
solvents of choice for oil, sewage, sludge, and sediment samples (Table 2.1). In a lipidomics study, Reis
et al. (2013) determined solvent composition had little effect on predominant lipids, but was important
for less abundant lipids. Sediment-“omics” and petroleomics studies may have the same solvent effects.

There are only a few examples of extraction methods for untargeted analyses in environmental
matrices. One example used dichloromethane and fractionation into neutral and acidic groups to
identify novel paleoclimatic biomarkers in marine sediments (Farrés et al., 2015a). Only a few studies
have compared different extraction methods (Gregory et al., 2012; Mopper et al., 2007; Swenson et al.,
2015; Tfaily et al., 2015, 2017; Warren, 2015). Tfaily et al. (2015, 2017) explored parallel and sequential
extraction techniques and found the order of solvent extraction matters. For oil samples, Alizadeh et al.
(2017) classified 27 different oils from the Southern Persian Gulf Basin and were able to separate the
oils into two distinct families after extraction with n-hexanes then fractionation. Nizio et al. (2012)
provided additional extraction strategies for petroleum, and many of the methods presented there may
also be relevant to sediment samples.

Other methods include solid phase extraction (SPE) and solid phase microextraction (SPME;
Cajka and Fiehn, 2016; Jurowski et al., 2017). Semi-targeted and targeted approaches typically use SPE
and SPME for post-extraction clean-up and/or additional fractionation. There are advantages to using

these methods such as reduced ion suppression, removal of interferents, and less solvent. SPME also
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excels in situations where the organic content is low or the sample size is small (Jurowski et al., 2017;
Zhao et al., 2014). The major disadvantage is SPE and SPME can result in the loss of potentially
discriminant compounds through retention and increased sample handling. Fractionation is not typical
for traditional untargeted “-omics” methods; however, oil and sediment matrices are very complex, and
fractionation may be required in order to avoid damaging sensitive instrumentation. Rostkowski et al.
(2013) demonstrated the use of SPE cartridges and dichloromethane to assess different matrices like

sewage, wastewater, sediment and sludge.

2.2.2. Polar extractions

Polar extraction methods extract compounds such as amino acids, flavonoids, hormones, and
some amphoteric lipids, etc. (Figure 2.3). Many metabolomics experiments are also designed to
minimize protein and lipid content (Cajka and Fiehn, 2016; Raterink et al., 2014). However, polar
extraction methods can also be applied to environmental matrices, especially if there is interest in
linking microbial activity to metabolites excreted into the environment. Water and/or methanol
extractable fractions often contain many compounds relevant to microbial communities. Example polar
extractions can be found for sediment (Beale et al., 2017, 2018) and soil (Swenson et al., 2015, 2018;
Warren, 2015). Also, Rostkowski et al. (2013) used a mid-polar approach (methanol:acetonitrile) on

sewage, wastewater, sediment and sludge matrices to find organic contaminants.

2.2.3. Extraction quality control
Quality control (QC) is an important aspect of any untargeted analysis to reduce variability and

noise. In order to reduce experimental variability, there has been a unified movement into established
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good experimental and reporting practices for “-omics”, and there are a number of excellent reviews

(Dudzik et al., 2018; Dunn et al., 2012). Every level of the workflow requires QCs. At the extraction level

it is useful to account for pre-analytical variability due to extraction technique and operator error.

Extraction QC includes:

Standard Operating Procedures (SOPs) ensures future extractions follow the same protocols as
closely as possible. SOPs should contain the information suggested for the minimum reporting
standards (Sumner et al., 2007).

Environmental replicates are parallel measurements from the same area but different locations
(i.e. from the same oil field). These replicates account for random and spatial variation (Dudzik et
al., 2018). Replicates should be in triplicates (n = 3), but if possible, more should be incorporated
(n=5; Sumner et al., 2007). Study failure can result from too few replicates when sample
variance is high; however, these replicates may not always be possible. For instance, sediment
samples from the same lake can vary due to sedimentation rates, and bathymetry.

Sample replicates are from the same sample, but extracted in triplicate (n = 3) and are used to
judge sample extraction consistency (Dudzik et al., 2018). When environmental replicates are
not possible, then sample replicates are strongly encouraged to account for both extraction
consistency and unknown variation.

Method blanks are “blank samples” that undergo the same extraction protocol, but without
sample (Dudzik et al., 2018). They account for contamination incorporated during the extraction
and need to be incorporated into the initial experimental design. As a rule of thumb, the number

of method blanks should be 10% of the total number of samples including replicates.
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e Recovery standards can be used to measure the extraction consistency by adding known
amounts of an artificial (i.e. isotope labelled) compound into the sample before extraction to
determine how much is lost during extraction.

Aside from QC procedures, sample and extract storage are important to consider. Organic
molecules will degrade after sampling due to light, oxygen, and temperature deviations from the
samples' native environment. The use of certain solvents, like methanol, can generate artifacts during
sample extraction and storage (Sauerschnig et al., 2017). Thus, long-term storage of samples and
extracts should not be at room temperature unless freeze-dried or evaporated, and as much as possible,
analyses should proceed immediately after extraction.

It is also important to sample and extract with other interferents in mind. Only use high-grade
solvents for extraction and analysis to avoid the introduction of contaminants. Avoid plastic as much as
possible. Solvents like dichloromethane and chloroform can strip plasticizers from plastic during
extraction, and non-polar compounds have a strong adsorption capacity for plastics. Contamination
from plastic manufacturing can be highly variable, even within plastic consumables from the same lot
(Yao et al., 2016). At a minimum, dichloromethane and/or chloroform resistant plastics should be used,
but the use of glass will increase yields and reduce the interference from plasticizers. If plastic use is
unavoidable, which it so often is, proper method blanks can account for some of the plastic-derivatives,
but not all (Yao et al., 2016). The highly sensitive instrumentation used in untargeted “-omics” studies

can detect trace levels of plastic, which can impact later data analysis.
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3. ANALYSIS
3.1. Detection
3.1.1. High resolution mass spectrometry

High resolution mass spectrometry (HRMS) detection is the work horse of untargeted “-omics”
methods because of its resolving power; but how resolution is defined is important, and it can be
defined in different ways (Herndndez et al., 2012). Here resolution will be defined using full width half
maximum, which is the manufacturing standard (Murray et al., 2013). The minimum resolution for an
HRMS instrument is 10,000. Instruments with this ability include: (1) magnetic sector (10,000—80,000
resolution), (2) time of flight (TOF; 20,000—-80,000 resolution), (3) orbitrap (up to 500,000 resolution at
200 m/z), and (4) Fourier-transform ion cyclotron resonance (FT-ICR; up to 1,000,000 resolution;
Hernandez et al., 2012; Krauss et al., 2010; Spanik and Machyfakovd, 2018). Most HRMS instruments
also have high mass accuracy (+0.001 Da), wide mass ranges (up to 2000 Da), and high sensitivity
(Hollender et al., 2017; Krauss et al., 2010). What this translates to for untargeted “-omics” analysis is:
(1) high resolution allows the MS to separate more compounds from complex matrices, (2) high mass
accuracy allows structural information to be determined, and (3) large mass ranges allows analysis of
larger molecules/polymers. While low resolution mass spectrometers (LRMS) have been used in the
past, next-generation HRMS instruments are preferred and add unparalleled information to “-omics”
studies.

An important consideration of HRMS is the choice of ionization technique. There are several
types of ionization such as: (1) electrospray ionization (ESI), (2) atmospheric pressure photoionization
(APPI), (3) electron impact (El), and (4) atmospheric pressure chemical ionization (APCI). lonization

methods are grouped into hard (El), and soft (ESI, APCI, APPI). Typically, HRMS “-omics” studies use soft
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methods because it provides key information for structural identification if the mass of the entire
compound is known. However, no single ionization technique is good for all compounds in all situations.
Using multiple ionization methods obtains the most comprehensive information, but this is not always
possible due to cost restrictions and instrument compatibilities. The advantages and disadvantages of
the different ionization methods have been previously discussed (Cai and Syage, 2006; Gutiérrez Sama
et al., 2018; Imbert et al., 2012).

A new feature for HRMS instruments is the addition of ion mobility mass spectrometry (IMMS).
Typical HRMS instruments only sort by mass and charge, IMMS separates ions by their size, shape,
charge, and mass. Recently, there have been a number of reviews regarding IMMS and “-omics”
applications (Cajka and Fiehn, 2016; Hinz et al., 2018; Mairinger et al., 2018; Zhang et al., 2018). The
application of IMMS could: (1) reduce background noise, (2) increase selectivity, (3) discriminate
isomeric molecules - molecules with the same chemical formula but different structures, and (4) add
structural identification information (Cajka and Fiehn, 2016; Lanucara et al., 2014). Collision cross-
section (CCS) values are of particular importance. CCS values represent the time the ion requires to
cross the chamber, which is dependent on ion shape (Lanucara et al., 2014). CCS values are unique to
compounds, and have high inter-laboratory reproducibility as setting changes in mass spectrometer or
hyphenated chromatography instruments do not influence the value (Lanucara et al., 2014; Paglia et al.,
2014, 2015). This kind of technology has been applied to complex mixtures such as petroleum samples
(Fernandez-Lima et al., 2009; Gutiérrez Sama et al., 2018), lipidomics (Hinz et al., 2018; Paglia et al.,
2015; Paglia and Astarita, 2017; Poad et al., 2018), and metabolomics (Dwivedi et al., 2010; Paglia et al.,

2014; Paglia and Astarita, 2017).
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3.1.2. Nuclear magnetic resonance

NMR is another routine detection technique for small molecule “- omics” methods. NMR has
several advantages over mass spectrometry: (1) it is non-destructive; (2) reproducible; (3) provides more
structural information; (4) sample preparation is simple; (5) does not produce matrix effects; (6)
discriminates isobaric compounds; and (7) no derivatization is required (Gathungu et al., 2018; Li et al.,
2017). Yet despite its many advantages, NMR is less frequently used than mass spectrometry for several
reasons: (1) less sensitivity; (2) overlapping signals; (3) larger samples needed especially for carbon NMR
(3C NMR); (4) fewer databases for structural annotation; and (5) poor resolution of compounds in the
same class (Li et al., 2017).

However, NMR use is expanding, and new technology is being developed to mitigate its
disadvantages. Spectroscopic analyses like two-dimensional proton-proton homonuclear total
correlation spectroscopy (2D-*H, *H TOCSY) or two-dimensional proton-carbon heteronuclear single
quantum coherence spectroscopy (2D-'H,'3C HSQC) can increase compound resolution (Heude et al.,
2017). In addition, LC hyphenated NMR techniques are in development, which will hopefully lead to
better compound resolution, and spectral decongestion (Gathungu et al., 2018). NMR has been used on
soil samples to assess the effects of environmental gradients (Pisani et al., 2016), soil physical states
(Masoom et al., 2016), plant tissue (Brasili et al., 2014) and soil organic matter turnover (Wang et al.,

2017).
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3.2. Hyphenated techniques
3.2.1. Liquid chromatography mass spectrometry

LCMS is the most commonly used hyphenated chromatography technique. LC separates
compounds before they enter the mass spectrometer. With LC there is better sensitivity, compound
resolution, and reduced ion suppression than direct injection onto the MS alone (Cajka and Fiehn,
2016).

How to separate compounds with LC is an important consideration for method development.
There are several separation techniques for LCMS: (1) reverse phase LCMS, (2) normal phase LCMS, and
(3) hydrophobic interaction liquid chromatography (HILIC) - a variant of normal phase LCMS (Cajka and
Fiehn, 2016). The use of reverse phase LCMS provides separation based on lipophilicity with polar
compounds separating best (Cajka and Fiehn, 2014, 2016). HILIC and normal phase LCMS both separate
compounds based on hydrophilicity. Normal phase LC has been applied to petroleum samples and is
extensively reviewed by Kaminski et al. (2005). HILIC is better known to separate small polar molecules
(Buszewski and Noga, 2012; Novakova and VI¢kovd, 2009). Thus, the choice of extraction method (i.e.
polar or non-polar) will influence the type of LC separation technigue used.

Recently, the use of two-dimensional liquid chromatography (LCxLC) with HRMS has been
increasing. There are two reasons to use LCxLC: (1) Matrices are too complex for one-dimensional liquid
chromatography, and (2) isomeric/isobaric species of interest require increased resolution (Cajka and
Fiehn, 2016; Stoll and Carr, 2017). LCxLC methods have been demonstrated for untargeted analyses of
blood plasma (Holcapek et al., 2015; Wang et al., 2013), dust and dryer lint (OQuyang et al., 2017),

wastewater (Haun et al., 2013; Ouyang et al., 2015), and rice (Navarro-Reig et al., 2018).
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3.2.2. Gas chromatography mass spectrometry

GCMS is another useful hyphenated technique for “-omics” methods. GC paired with HRMS is a
powerful tool in untargeted analyses according to a recent review by Spanik and Machyrdkova (2018).
GCMS is ideal for volatile and semi-volatile compounds, with the option of modifying non-volatile
compounds to increase GCMS compatibility. Thus, GCMS can analyze a wide range of compounds for “-
omics” studies.

A caveat of GCMS is the ionization techniques. Commonly, GCMS is paired with El ionization.
Extensive compound libraries exist for El fragmentation patterns; however, since El is a hard ionization
source, it is rare that the compound mass can be determined. This is a disadvantage when working with
unknown compounds. Thus, for untargeted analysis, having a GCMS that is also capable of using soft
ionization (i.e. chemical ionization, APCI, APPI, etc.) is useful for structural annotation, but soft ion
ionization methods can also be less sensitive (Tranchida et al., 2018). The application of GCMS is
extensive and includes the untargeted analysis of petrochemicals (Gros et al., 2014; Rodgers and
McKenna, 2011), migrating compounds from packaging (Cherta et al., 2015), and environmental
contaminants (Hernandez et al., 2012; Serrano et al., 2011).

Recently, the popularity of comprehensive two-dimensional gas chromatography (GCxGC) with
HRMS has grown immensely. A number of reviews have been written about GCxGC (Mondello et al.,
2008), and to describe its applications to petrochemicals (Pollo et al., 2018), environmental analyses
(Pani and Gorecki, 2006), and forensic analyses (Gruber et al., 2018). GCxGC with LRMS can provide
better sensitivity than GC HRMS alone (Fushimi et al., 2012), but it becomes more powerful when the
separation efficiency of GCxGC is combined with HRMS. Parastar et al. (2018) determined that GCxGC-

TOF far surpassed GCMS in resolution and sensitivity. GCxGC-HRMS has been used to screen samples for
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halogenated compounds (leda et al., 2011; Pena-Abaurrea et al., 2014), petrochemicals (Casilli et al.,
2014; Hall et al., 2013; Rodgers and McKenna, 2011; Walters et al., 2018), dust constituents (Hilton et
al., 2010), and sewage sludge (Veenaas and Haglund, 2017). Thus, due to the outstanding capabilities of

GCxGC technology there has been increasing interest in using it for untargeted “-omics” work.

3.3. Analysis quality control

Even with HRMS instruments, analysis quality control (QC) is integral to reducing analytical
variability. The purpose of analysis QC is to reduce the effects of: (1) Batch Effect - shifts in retention
time and intensity between batches of samples analyzed at different times or days leading to data
processing issues (Rusilowicz et al., 2016; Wehrens et al., 2016), (2) Matrix Effect — where co-eluting
compounds, buffer additives, inadequate flow rate, poor solvent purity, and an unclean source can lead
to ion suppression/enhancement, reduced sensitivity, quantification/qualification problems, and non-
detection (Furey et al., 2013; Uclés et al., 2017), (3) Carryover — when analytes from the previous
sample appear in the following sample leading to poor quantification/qualification, and loss of accuracy
(Dudzik et al., 2018). It is necessary to consider these effects as they can seriously impact data analysis
and may prevent the integration of data from multiple batches and/or experiments. Below are the
potential analysis QC's, and which effect they mitigate:

e Pooled QCs are samples containing aliquots from multiple samples pooled together and then
extracted following the same procedure, or post-extraction aliquots pooled together. Pooled
QCs are used to equilibrate the instrument to the sample matrix before running samples and can

correct for batch effect (Dudzik et al., 2018; Dunn et al., 2012).
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Randomization of the analysis order is critical to also reduce bias introduced by batch effect and
carryover (Dudzik et al., 2018; Dunn et al., 2012).

Blanks are mobile phase blanks and sample solvent blanks. Running the same extraction/analysis
solvent allows the removal of compounds originating from the solvents later during data
analysis, and helps monitor for carryover when a set of intermittently placed blanks are
throughout the run (i.e. approximately every 10 samples depending on the sample matrix).
Cleaning Blanks are blanks containing strong solvents (i.e. like isopropyl alcohol) to clean the
system during analysis and reduce carryover effect.

Internal Standard is a compound (often isotopically-labelled) that is spiked into post-extraction
samples and pooled QCs. The internal standard, and recovery standard if used, are also analyzed
without the matrix, but in the same solvent as the samples. The internal standard controls for
variations in solvation and injection volumes between samples. The magnitude of the matrix
effect is determined by comparing the intensity of the spiked samples to just the internal
standard in the sample solvent. Matrix effect is a percentage (intensity of spiked internal
standard in sample/internal standard in blank solvent x 100%). The strength of the matrix effect
can be grouped into three categories: (1) No Matrix Effect (|0|—]20|%), 2) Weak Matrix Effect
(120]—150]%), and 3) Strong Matrix Effect (>|50|%; Uclés et al., 2017).

Technical Replicates are repeated analyses of the same samples and are not to be confused with
environmental or sampling replicates. Each sample should have six replicates which consists of
any combination of environmental, sampling, and technical replicates. The replicates should be

randomized so that they are all not done in the same batch or one after another. A large number
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of replicates mitigates batch effect and carryover influences, which will make data integration

easier, and also lend more statistical power to data analyses (Bader et al., 2016).

4. DATA MINING
4.1. Tools for data mining

Data mining is the process of handling and analyzing data in such a manner as to “mine” the
information buried within. Currently, there is a large push to move data mining in metabolomics and
lipidomics into simple, but flexible, data workflows that increase reproducibility, and are easily
accessible. We also advocate such data workflows for sediment-“omics” and petroleomics. Cambiaghi et
al. (2016), Gorrochategui et al. (2016), Weber et al. (2017), and Yi et al. (2016) have all reviewed data
workflows for “-omics”. It should be noted that, we are focussing on untargeted “-omics” data
workflows.

There are many tools to data mine “-omics” data. Spicer et al. (2017) wrote a comprehensive
review of open-source tools that can be found to process metabolomics data. Websites hosted by
OMICtools (https:// omictools.com) and ms-utils (http://www.ms-utils.org) maintain updated lists of
available tools along with forums and relevant references. Briefly, common commercial tools include: (1)
Progenesis QI (Waters), (2) Compound Discoverer (Thermofisher), (3) XCMSP'“s (ABSciex), (4)
MetaboScape (Bruker), and (5) MassHunter (Agilent). There are also a number of open-source
workflows: (1) Workflow4metabolomics (Giacomoni et al., 2015), (2) Galaxy-M (Davidson et al., 2016),
(3) XCMS (Tautenhahn et al.,, 2012b), (4) MetaboAnalyst 3 (Chong et al., 2018), (5) MAVEN (Melamud et
al., 2010), (6) MAIT (Fernandez-Albert et al., 2014), (7) SECIMTools (Kirpich et al., 2018), and (8)

MZmine2 (Pluskal et al., 2010). A research survey hosted by Weber et al. (2017) determined that most
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LCMS users use open-source software like XCMS and MZmine2. GCMS users were split between
commercial software and open-source. Other useful resources are how-to publications detailing
MZmine2 (Verkh et al., 2018), XCMS (Forsberg et al., 2018), and MetaboAnalyst (Xia and Wishart, 2011,
2016) workflows.

There are many different tools, and it is easy to become paralyzed by the number of options
available. In addition, there are major difficulties with tool compatibility where the output of one tool is
not acceptable to the next tool (Spicer et al., 2017). Thus, there has been a major push to generate
open-source tools that contain the entire workflow, but are also flexible to address different datasets
and transparent to facilitate reproducibility. Thus, learning with an open-source workflow is often a

good place to begin.

4.2. Data preprocessing
4.2.1. File types

The first step in data mining is knowing where your data are coming from, and how your data
were acquired. The user can acquire HRMS data in centroid mode or profile mode. Profile mode looks
like a Gaussian curve across m/z values but varying in intensity. Centroid mode is a compressed profile
mode where only the m/z values associated with the highest intensity are reported. The choice of
acquisition mode influences the resulting data. Centroided data files are smaller than profiled data, but
result in the loss of noise characteristics, ion signal linearity, interfering ions, and informative isotope
features (Wang and Gu, 2010).

Additionally, most of the vendors have proprietary file types. The difficulty with propriety file

types arises when a researcher does not have access to the vendor's commercial software or would like
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to perform a statistical analysis that is beyond the scope of their software. The researcher then has a
difficult to open file. If a researcher is looking to use a specific instrument for “-~omics” analysis, then it is
prudent to also ask the vendor in question how to convert their files to more open-access file types like
mzXML, mxData (Orchard et al., 2007), mzML (Martens et al., 2011), netCDF (Gorrochategui et al.,
2016). There are also available open-source software packages, such as Proteowizard (Holman et al.,

2015) to convert proprietary file types into open-access files.

4.2.2. Spectral processing

The processing of raw HRMS files takes several steps and each software package will have its
own algorithms, or have multiple algorithms to choose from (Gorrochategui et al., 2016). Thus,
reviewing the advantages and disadvantages of each algorithm is useful, but often the data dictate
which algorithms to use. Reviews of this process are available in Gorrochategui et al. (2016), and
Karaman (2017).

Software choice will affect the results (Coble and Fraga, 2014; Gurdeniz et al., 2012). Studies
have compared the resulting biomarkers from different software programs and discovered only two of
fourteen potential biomarkers were common between them (S. Chen et al., 2013; Y. Chen et al., 2013).
A recent paper compared MZmine2 and XCMS and suggested problems within their algorithms (Myers
et al., 2017a); however, in a following paper they implemented an improved algorithm that also
minimizes false discovery rates (Myers et al., 2017b). This is not to say that open-source software is of
lesser quality than commercial software. X.M. Li et al. (2018) and Z. Li et al. (2018) determined MZmine2
outperformed other open-source software and commercial software with the lowest false discovery

rate and highest identification of true positives. It is an advantage for open-access software that the
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research community can assess their accuracy and precision, which ultimately benefits the field as a
whole. Thus, the user should be aware that their choice of commercial or open-source programs will

impact their results, but this is a rapidly developing field and open-source offers transparency.

4.2.3. Missing value imputation and data normalization

After spectra processing the dataset then needs to be curated to move forward into the
statistical analysis. The following steps are flexible and can be used in any combination thereof;
however, there is a purpose to each step and the result should be a dataset following a typical Gaussian
distribution. The first technique is missing value imputation. Missing values in a dataset can cause
problems during the statistical analysis (Di Guida et al., 2016), and are usually attributed to non-detects,
peak picking errors during spectral processing or values below the analytical noise threshold. Some
missing values can be addressed by gap filling algorithms to fill in small or missing peaks (Karaman,
2017). Missing value imputation algorithms are applied if missing values persist. Wei et al. (2018)
proposed several methods to address missing values. Simple filtering procedures can be applied where
only bins (i.e. retention time + m/z variables) with >80% detection frequency in any one sample group
are kept (Yang et al., 2015) or removing samples/replicates with a high proportion of missing values
(Armitage et al., 2015). Imputation algorithms can be applied as well, either in lieu of or after filtering,
and studies have compared the impact of the different imputation strategies (Armitage et al., 2015; Di
Guida et al.,, 2016; Gromski et al., 2014b; Wei et al., 2018). The purpose of this strategy is to reduce the
number of “zeros” in the dataset, which improves the performance of many different statistical

analyses.
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After the missing value imputation, row-wise corrections (i.e. within chromatogram corrections),
also called normalization, are performed. The purpose of normalization is to correct for systemic bias in
ion intensities from sample collection, experimental bias, and analytical variations (Gorrochategui et al.,
2016). There are several reviews discussing different normalization strategies (De Livera et al., 2012; Li
et al,, 2016; Chen et al., 2017). Each normalization strategy has its own advantages and disadvantages
(Karaman, 2017). The internal, external, or pooled QC's, and the data structure itself determines the
normalization strategy used. Every dataset is different and will require different techniques as
demonstrated by Wu and Li (2016) who compared the results of different normalization procedures on
two biological matrices. Usually, multiple normalization strategies are compared. The success of the
normalization is judged by a Gaussian distribution of intensities, and reduced distance within sample
groups combined with increased distances between groups on a principal component analysis (PCA) -
described later.

Lastly, data processing requires column-wise corrections (i.e. between chromatograms), which
involves data scaling and transformations. The purpose of scaling is to correct for fold changes that
could mask important lower intensity peaks (Van den Berg et al., 2006). The most commonly used
scaling methods are autoscaling (Kvalhein, 1985), and pareto-scaling (Kasprzak and Lewis, 2001). The
purpose of transformations is to correct for heteroscedasticity (also known as unequal variance due to
noise) and skewness. Many statistical analyses require that analytical noise is homoscedastic (Karaman,
2017). Van den Berg et al. (2006), Di Guida et al. (2016) and Karaman (2017) compare the advantages

and disadvantages of scaling and transformation methods.
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4.3. Statistical analysis

The 2D matrices generated from the spectral processing can be analyzed with many different
statistical analyses. Typical “omics” workflows use discriminatory analyses to generate hypotheses about
which molecular compounds are potential biomarkers. These discriminatory analyses include univariate
and multivariate statistical tests such as ANOVAs with multiple pairwise comparisons, volcano plots,
partial least squares (PLS), random forest (RF), and support vector machines (SVM) to list a few. In
addition, there are many pattern recognition algorithms that provide useful information such as
molecular fingerprinting, unsupervised multivariate analyses, and clustering. A single data set does not
require all of these analyses, and the choice of test is data dependent. Often pattern recognition
algorithms assess data structure and group differences. Discriminatory analyses determine what
molecules are driving variance between groups. Here we present commonly used statistical tests for

“omics” data analysis.

4.3.1. Molecular fingerprinting analysis

Molecular fingerprinting analyses visualize differences in samples. These analyses require the use
of HRMS, typically FT-ICR or Orbitrap. The elemental compositions (i.e. molecular formula) are
estimated based on the accurate mass measurements, isotopic ratios and atomic limitations based on
the type of molecules expected in the sample (Section 5.2; Kind and Fiehn, 2007; Stubbins et al., 2010).
Once the molecular formulas have been estimated, then double bond equivalents (DBE) calculations,
Kendrick mass defect plots, van Krevelen diagrams or multidimensional stoichiometric compound

classifications can be built (Gutiérrez Sama et al., 2018; Rivas-Ubach et al., 2018; van Krevelen, 1950).
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Molecular fingerprinting is commonly used in petroinformatics (Gutiérrez Sama et al., 2018; Hur et al.,

2017, 2018), but has been applied to soils (D'Andrilli et al., 2013; Jiménez-Morillo et al., 2018).

4.3.2. Univariate analysis

Several univariate analyses can be performed on “-omics” data. Univariate analyses consider
only one dependent variable, whereas multivariate considers more than one. Common univariate tests
include: Fold change, t-tests, volcano plots, correlation analysis, analysis of variance (ANOVA), Kruskal-
Wallis and/or multiple comparison. Univariate analyses require establishing whether parametric (e.g.
Pearson correlation, ANOVA, t-tests, Tukey HSD, or Fisher's LSD) or non-parametric (e.g. Mann—-Whitney
U test, Spearman correlation, Kruskal-Wallis, Dunn's test) tests are appropriate. According to Pinto
(2017), non-parametric tests are less powerful, but only when there are normal populations, equal
variances (i.e. homoscedastic) and equal sample sizes. Thus, the choice of parametric or non-parametric
strategies is entirely dependent on the data.

Fold changes indicate absolute value changes between two group means (i.e. whether one group
demonstrates an increase or decrease in magnitude when compared to a base group or control). t-tests
demonstrate whether a variable is significantly different between two groups. Volcano plots compare
two groups using statistical significance (y-axis) and fold change (x-axis). A “volcano” shaped
arrangement of points often appears whereby points further from 0 on the x-axis demonstrate greater
fold change, and points higher on the y-axis are more significant (i.e. on a -log(p-value) scale y-values >
1.3 indicate p-values < 0.05; Hur et al., 2017). The main limitation of fold changes, t-tests, and volcano

plots is that they only compare two groups.
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Multi-group analyses compare more than two groups and include ANOVA, Kruskal-Wallis,
correlation analysis and multiple comparisons. ANOVA (parametric) and Kruskal-Wallis (non-parametric)
compare means between more than two groups. They indicate if there are differences between the
groups and assign p-values. Multiple comparison tests (e.g. Tukey HSD, Fisher's LSD, Dunn's test, etc.)
inform about where the differences lie between the groups. (Pinto, 2017; Xi et al., 2014). Lastly,
correlation analysis can also be used for both two group, and multi-group analyses. Correlation analyses
visualize the degree of association between variables, and can even be combined with molecular
fingerprinting analyses performed above (Asuero et al., 2006; Hur et al., 2017). Multi-group analyses are
well established methods, however for large data sets or when there are many groups, they can be
computationally intensive.

As a side note, it is common in “-omics” for the number of measured variables to be far greater
than the number of samples due to the nature of the data (e.g. there are thousands of organic
molecules in one sample). This imbalance increases the risk of false discoveries and postanalytical
variation because when there are too few samples the variation from the variables is over-emphasized
(Martins et al., 2018). Thus, when using multiple comparisons, (i.e. post-hoc tests) the p-values often
have to be corrected using Bonferroni, Benjamini— Hochberg, or metabolome-wide significance level
corrections (Pinto, 2017; Xi et al., 2014). If corrections cannot be applied then the results should be

interpreted with caution.

4.3.3. Multivariate analysis
Multivariate analyses are used to determine relationships between multiple dependent

variables, and are better at handling batch-to-batch variation and drift (Pinto, 2017). There are two main
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categories: (1) Unsupervised - where no assumptions are drawn from group classifications (i.e. Principal
component analysis (PCA), hierarchical clustering (HCA) and self-organizing map (SOMap)), or (2)
Supervised - where groups and samples are associated together to build the final model (e.g. partial
least squares or projection to latent structures (PLS), random forest (RF), and support vector machines
(SVM)). Unsupervised models identify outliers, and determine which variables are the most influential
without group bias. Often an unsupervised model can determine whether variance from pre-analytical,
analytical, and post-analytical artifacts are overwhelming the desired biological/experimental variance.
Supervised methods are powerful models that integrate groupings (i.e. impacted or unimpacted) into
the generated matrices so that the model correctly associates the research questions with the output
(Goodacre et al., 2004). Supervised models isolate candidate biomarkers from the data in discriminant
analyses, as demonstrated in a S-plot derived from an orthogonal PLS (Figure 2.4C). Usually, variables of
importance (VIP) or selectivity ratios can be displayed to illustrate which compound signals are the most
discriminatory (Farrés et al., 2015b). Below, the analyses are briefly explored.

PCA models explain variance within the data set. A PCA generates a scores plot (Figure 2.4A) —
comparing separation between samples, a loadings plot — expressing direction of variance for each
variable (i.e. detected compounds), and a scree plot — showing the percent variance explained by each
principal component. PCA allows for visual interpretation of the variance. Samples grouped close
together are more similar than those grouped farther apart. The loadings plot is useful in determining
which variables are key to defining the variance in any one principal component. Using a PCA, outliers
can be identified as they often do not cluster with the others, they are outside a 95% confidence
window, using cumulative measures of distance, or by inspecting model residuals (Pinto, 2017). PCA is

the work horse of multivariate data analyses and provides insight into the data structure.
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Figure 2.4: Example outputs of the chemical similarity between lakes based on their molecular
composition. A) Principal Component Analysis two-dimensional scores plot - similar samples are
clustered closer together. Principal component 1 (PC1) explains 41.8% of the total variance and defines
the component where groups of the samples are most dissimilar. PC2 explains 9.5% of the variance.
Overall this model explains 51.3% of the variance in the first two dimensions. B) Hierarchical Clustering
dendrogram based on Euclidean distance and the Ward linkage algorithm. Ideally, the samples classed
together should appear closer together based on the linkages in the dendrogram, which indicates
similarity (highlighted in boxes). C) S-plot is a loadings scatter plot for a discriminant OPLSDA model. The
y-axis represents the correlation where the increasing |+/-| distance from 0 indicates the more likely
the variable (i.e. unique mass + retention time signal) occurs in a class (i.e. either T or B in this case). The
x-axis represents the covariance and indicates the variable’s magnitude of contribution to the model.
Thus, the variables that are the most reliable and contribute the most to the model are at the extremes
of the ideal “S” shape (highlighted in boxes). These variables are discriminatory for each class (i.e. T or
B).
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HCA is an unsupervised method, and it is used to visualize natural clustering in the data with
dendrograms as demonstrated in Figure 2.4B (Ren et al., 2015). Distance measures (e.g. Euclidean
distance, Pearson's correlation, Spearman's rank correlation) and linkage functions (e.g. average linkage,
complete linkage, or Ward's linkage) are chosen to build a dendrogram. Useful reviews for deciding on
the best combination can be found in Hastie et al. (2009), Jain et al. (1999), and Ren et al. (2015). In
addition, there are several papers comparing distance measures, which include me